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Water quality of the Indus River around the upper basin and the main river was evaluated with the help of statistical analysis. In
order to analyze the similarities and dissimilarities for identifying the spatial variations in water quality of the Indus River and
sources of contamination, multivariate statistical analysis, i.e., principle component analysis (PCA), cluster analysis, and de-
scriptive analysis, was done. Data of 8 physicochemical quality parameters from 64 sampling stations belonging to 6 regions
(labeled as M1, M2, M3, M4, M5, and M6) were used for analysis. +e parameters used for assessing the water quality were pH,
dissolved oxygen (DO), oxygen reducing potential (ORP), electrical conductivity (EC), total dissolved solids (TDS), salinity (%),
and concentration of arsenic (As) and lead (Pb), respectively. PCA assisted in extracting and recognizing the responsible variation
factors of water quality over the region, and the results showed three underlying factors including anthropogenic source pollution
along with runoff due to rain and soil erosion were responsible for explaining the 93.87% of total variance. +e parameters which
were significantly influenced by anthropogenic impact are DO, EC, TDS (negative), and concentration of Pb (positive), while the
concentration of As, % salinity, and ORP are affected by erosion and runoff due to rain. +e worst pollution situation for regions
M1 and M6 was due to the concentration of As which was approximately 400 μg/l (i.e., 40 times higher than minimum WHO
recommendation). Furthermore, the results also indicated that, in the Indus River, three monitoring stations and five quality
parameters are sufficient to have a reasonable confidence about the quality of water in this most important reserve of Pakistan.

1. Introduction

One of the most influential elements regarding environment
concerns all over the world is the anthropogenic distribu-
tion, e.g., sewage discharge into the river, reclamation
process of the land, and climate change due to atmospheric
deposition effects [1]. In the recent years, much attention is
paid by various researchers in assessing the quality of surface
water because of its direct connection not only with human
beings but also with other species [2]. +e major factors
affecting the quality of river water usually are morphology of
the basin and regional atmosphere along with climate
change, and both natural and anthropogenic effects are
responsible for governing these effects [3]. Wastewater from
human activities like from industries, agriculture, and

natural degradation, e.g., weathering, affects water quality
impede not only for drinking purpose but also not fit for
agriculture and other utilization. Clean water is an imper-
ative part for the affluence of human society, but the major
serious environmental problem of the last century was the
vandalization of the land aquatic system [4]. +e most
harmful pollution to the surface water bodies is due to the
role of increasing contamination from industrial and urban
wastewater along with the runoff from the agricultural land.
+e characteristics of the surface contaminations are con-
sidered as a nonpoint source, while industrial and municipal
discharges are considered as a main point source due to the
influenced responsibilities of water pollution [5–7]. Pre-
cipitations due to the climate change, surface flow, ground
water flow, and the flow due to the pump are the major ones
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responsible for the discharge of the river along with the
pollutant concentration on the surface water [5]. It is
therefore an effective, long lasting monitoring protocol
because the surface water needs an essential knowledge of
hydromorphological, hydrochemical, and hydrobiological
characteristics [8]. +ere are other important variations, e.g.,
spatial and temporal variations. For such kinds of variation
monitoring, there should be some conceptual and essential
estimations of the surface water quality [9], and some
standards, e.g., here in this study, such as FAO-29 guidelines
andWHO recommendations (given in Table 1) were utilized
for assessing the water quality.

Researchers have utilized number of techniques and
methods to unveil the possible hidden sources of pollutions
for various rivers around the world. For example, in another
study, Aalami et al. [10] implemented the structured best
management practices (BMPs) to define quantity-based
sustainability index (SI).+ey had done this to link the water
quality with the outflow of reservoir. Couto et al. [11] figured
out the trace element distribution and their possible sources
while defining the pollution indices, i.e., geoaccumulation
(Igeo) and enrichment factor (EF) during the investigation
for anthropogenic pressure of Ave River Portugal. Rahman
et al. [12] investigated the drinking water sources in the
southwest coastal area of Bangladesh and found that the
availability of trace metals originated both from natural and
anthropogenic sources. Salam et al. [13] utilized inductively
coupled plasma-optical emission spectrometry (ICP-OES)
for estimating the trace elements and found that the con-
centrations of heavy metals at downstream of Perak River
water were higher than the concentrations of upstream at the
Perak River Basin, Malaysia. Barceló et al. [14] investigated
the waters from Uzunçayır Dam (Tunceli), Turkey, and
concluded that the water of this dam is safe for agriculture
and household use. Das Sharma et al. [15] assessed the heavy
metal concentration at Kolleru lake in Andhra Pradesh,
India, with multiple index values and revealed the fact that
the lake was influenced anthropogenic input. Bhuyan et al.
[16] assessed the water quality of the old Brahmaputra River
and figured that hidden sources including industrial efflu-
ents, municipal wastes, and agricultural activities are re-
sponsible for degradation of water quality of the Old
Brahmaputra River. +e Gorganrood River water quality
was also evaluated with new WQI, and it was found that the
parameters that were directly affected due to anthropogenic
impact were givenmore weights to assess the quality of water
[17]. Sediment and suspended particulate matters of the
Tadjan River (southern part of the Caspian Sea) were an-
alyzed, and the major sources of pollution were pulp and
paper mill, dairy factory, and municipal sewage [18].

A few notable studies are also present in the literature
about the water quality and trace elements present in the
Indus River. +ese studies disclosed the fact that the con-
centrations of toxic heavy metals are higher in the Indus
River [19–21]. +e Pakistani environment is badly affected
by geochemical pollution through natural processes, i.e.,
deposition of alluvial material through floods in the Indus
Delta, volcanic eruptions, as well as anthropogenic activities
such as sewage irrigation, animal manure, along with

fertilizers and pesticides. +is contaminated soil can lead to
high levels of various trace elements, including As in the
Indus River [22]. Although aforementioned studies pointed
about the higher concentration of As and other toxic heavy
metals in Indus River water, unfortunately no real effort has
been made for assessing the actual hidden sources of pol-
lution. It is therefore, during this multivariate statistical
technique, utilized to divulge the actual sources of pollution
of the Indus River.

1.1. Background Literature. Multiple multivariate statistical
techniques are used to estimate the different parameters of
surface water quality index with morphological status of
land. +e techniques used are the hierarchy cluster analysis,
principal component analysis, and discriminate analysis,
respectively. +ese statistical techniques allow estimating
multifaceted data matrices for understanding the quality of
surface water quality in a better way and also permit for
distinguishing the possible factors having significant influ-
ence on the water system. Statistical technique also provides
a tool for water flow management system along with the
solution of pollution issues. It has also been used for
characterizing and evaluating the parameters between sur-
face and the fresh quality of water and helpful for exploring
the effect of anthropogenic sources on the spatial and
temporal variations river quality [23–25].

Pejman et al. [26] have used cluster analysis (CA),
principal component analysis (PCA), and factor analysis
(FA) for calculating the seasonal and spatial variations ef-
fects on the water quality of Haraz Basin. During the four
seasons, i.e., summer and autumn of 2007 and winter and
spring of 2008, sets of eight water quality parameters were
collected and analyzed by CA and PCA. According to results,
the parameters, which were significant on one season, may
not be significant on the other season. Mustapha and Abdu
[27] investigated the water quality parameters for the Jakara
River. +ey have used multiple linear regression and prin-
cipal component analysis (PCA) to identify the most in-
fluential parameter responsible for water pollution.
Furthermore, they used PCA to figure out the origin of
quality parameters which serve in identifying the hidden
pollution sources. Bhattacharyya et al. [28] have used
principal component analysis (PCA)/factor analysis (FA)
and cluster analysis (CA) along with correlation analysis
multivariate statistical technique for calculating the water
quality index of the Damodar River in India. +e study
revealed the existence of some harmful chemicals within the
river. PCA/FA interpreted the major responsible factors for
affecting the water quality were geogenic and anthropogenic
factors. Shrestha and Kazama [29] used cluster analysis
(CA), principal component analysis (PCA), factor analysis
(FA), and discriminant analysis (DA) for the evaluation of
spatial/temporal variations and huge complex water quality
index for the Fuji River Basin. Around twelve parameters
were evaluated at thirteen different sites. FA analysis in-
dicated that the major responsible parameters for degrading
the quality of the water system were discharge and organic
pollutions. More recently, Khan et al. and Zafar et al. [30, 31]
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have used the multivariate statistics for assessing the effluent
discharge on the irrigation water and Indus River water
quality in KPK, Pakistan, and found that effluent discharge
results in the sever degradation of water quality for irrigation
purpose. Moreover, using PCA and CA, they conclude that
the Indus River is found strongly affecting city effluent in
KPK Province of Pakistan. In short, multivariate statistics
has been used by number of researchers for analysis of water
quality over the years in order to obtain useful information
about required number of monitoring stations, pollution
sources, and spatial and temporal variations assessment
[32–34].

2. Materials and Methods

2.1. Information about Monitoring Parameters and Stations.
Researchers [35] have discussed the frequently used pa-
rameters for characterizing the quality of water which in-
cludes the important physical and chemical parameters.
Physical parameters are temperature, pH, electrical con-
ductivity (EC), total dissolved solvents (TDSs), and salinity,
while the chemical parameters are dissolved oxygen (DO),
oxygen reducing potential (ORP), COD, BOD, anions (Cl− 1,
Cl− , NO− 3, SO2

− 4, and PO3
− 4), and toxic heavy metals (Cd,

Pb, and As).
+e 8 physicochemical parameters which include pH,

TDS, EC, DO, ORP, salinity, and concentration of As and Pb
were chosen based on the available literature and data [36]
for applying multivariate statistics. +e data of 64 samples

collected from 6 regions of upper Indus Basin and main
Indus River were originally taken by Ahmad et al. +e data
[36] were utilized for the analysis of water quality over the
region and obtaining useful information about the required
number of monitoring stations, pollution sources, and
spatial variations assessment. +e six regions were labeled as
M1 to M6 monitoring stations with the following details:

(i) M1: Gilgit to Khunjerab pass
(ii) M2: Gilgit to Chitral
(iii) M3: Gilgit to Nalter
(iv) M4: Gilgit to Deosai plain
(v) M5: Skardu to Gilgit
(vi) M6: main Indus River

All regions with marked sample collection points are
shown in Figure 1.

3. Statistical Analysis

All the analyses are made while using XSTAT software (trial
version) and Microsoft Excel version 2007.

3.1.HierarchyClusterAnalysis. Cluster analysis is basically a
cluster of multivariate database whose basic operation is to
provide tools for assembling objects based on individual
parametric characteristics. +e primary method for classi-
fying objects in cluster analysis is that every object is similar

Table 1: Irrigation water quality framework guidelines along with WHO recommended concentration of As in μg/l.

Potential water quality problem Units None Degree of restriction on using slight to
moderate Severe

Salinity (affects α on water availability)
Ecw dS/m <0.7 0.7–3.0 >3.0
Or
TDS mg/l <450 450–2000 >2000

Infiltration (affects infiltration rate of water into
the soil and evaluates using Ecw and SAR together)
SAR

� 0–3 and Ecw � >0.7 0.7–0.2 <0.2
� 3–6 >1.2 1.2–0.3 <0.3
� 6–12 >1.9 1.9–0.5 <0.5
� 12–20 >2.9 2.9–1.3 <1.3
� 20–40 >5.0 5.0–2.9 <2.9

Specific ion toxicity (affects sensitive crops)
Sodium (Na+)
Surface irrigation SA <3 3–9 >9
Sprinkler irrigation me/l <3 >3
Chloride (alpha− )
Surface irrigation Me/l <4 4–10 >10
Sprinkler irrigation Me/l <3 >3
Boron (B) Mg/l <0.7 0.7–3.0 >3.0
Trace elements

Miscellaneous effects (affects susceptible crops)
Nitrogen (NO3

2− –N) mg/l <5 5.0–30 >30
(Overhead sprinkling only) pH me/l <1.5 1.5–8.5 >8.5

Normal range
6.5–8.4

As concentration μg/l <10 >50
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comparatively to the other object with respect to predefined
descriptive criteria. +e resulting outcomes of cluster object
correspond to high-internal homogeneity and also very
high-external heterogeneity in order to differentiate between
relevant and irrelevant variables. +erefore, variables in a
cluster analysis must be supported through conceptual
considerations. +e common approach for analyzing simi-
larities relationship between the samples through whole data
set is hierarchical agglomerative clustering and is normally
illustrated by a dendogram. +e main aim of this study is to
calculate a relationship between individual cluster to identify
the similarity and dissimilarity between each samples of
monitoring sites. Dendogram tells the parametric mean
value for every sampling site. +ere are three statistical
groups comprising all the calculating values:

(1) Group A: this cluster could be regarded as generally
less polluted areas. +ere should be low or moderate
industrialization and urbanization. Consequently,
the human effect also should be very low.

(2) Group B: generally, this type of cluster could be
regarded on highly polluted areas such as industrial
sites. Pollutants in the sample from industrial sites
generally are involved from industrial wastewater
treatment plants along with sewage wastewater from
agriculture activities.

(3) Group C: this cluster could be viewed as generally
moderate-contaminated (MC) sites. +ese locales
may get contamination from nonpoint sources

3.2. Principal Component Analysis (PCA). PCA is a linear
combination of factors, which intended to change the first
factors into new, uncorrelated factors (axes), called as

principal components. +e new axis lies along the direction
of themaximum variance. PCA is not only used to normalize
factors for the sack of comparison between the samples but
also to find the factors of pollutants that influence each
sample. In PCA, there is a new cluster of factors called a
rotation of axis involved that is used to divide the original
variables into groups. It is applied to find a compositional
influential factor involved in each sample.

PCA provides certain explanation for the most valuable
factor which depicts the full information set interpretation.
PCA summaries the statistical correlation between the
compositions among the water samples with least reduction
of information.+e following equation is used to express the
principal component analysis:

Zij � ai1x1j + ai2x2 j + · · · + aimxmj, (1)

where Z is the component score, a is the component loading,
x is the measured value of a variable, i is the component
number, j is the sample number, andm is the total number of
variables.

4. Results and Discussion

4.1. Descriptive Measures of River Water Quality Data.
+e XSTAT software (trial version) was employed in this
study for PCA and CA of water quality data after nor-
malizing the data to unit variance and zero mean following
the approach reported in [37]. Due to high-dispersion-
measured quality parameter’s data for all regions (i.e.,
M1–M6), as shown in Figure 2, it is extremely difficult to rely
on either mean value or variance for assessing the water
quality. +erefore, coefficient of variation (CV) of quality
parameters focused in this study is calculated from the ratio

M1

M2

M3

M4

M5

Figure 1: Map showing the six regions of the Indus River with marked samples collection point.
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Figure 2: Descriptive analysis of water quality data.
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of standard deviation to mean calculated. +e range, mean,
median, dispersion, and standard deviation of each quality
parameter is shown in Figure 2 in the form of descriptive
data representation, while CV is given in Table 2.

+emean andmedian values of pH at observation points
ranging from M1 to M5 overlap each other, while there is a
slight difference with median having a higher value than for
the main Indus River (i.e., M6 observation station). +is
suggests that pH do not vary much, and smaller CV values
point to fact that spatial effects on pH are minor on relative
scale. +ese findings are consistent with the findings re-
ported in literature [33, 38]. Heavy rainfall might be re-
sponsible for this consistency because it is the “only”
common factor in abovementioned studies. DO, ORP, EC,
TDS, % salinity, and As and Pb concentration have higher
dispersion of data at all active observations sites/stations/
point as evident from Figure 2(a)–2(f) thus giving high
values of CVs (see Table 2). +e highest CVs of almost all the
aforementioned physicochemical parameters are observed at
M3, while the highest mean and median values of DO and
TDS are observed at M4, and ORP, As, and Pb are observed
at M6. +e mean and median values of As and Pb are also
significant higher at all stations along with the higher values
of CVs. Largest variations in the mean values of “DO” and
“ORP” point to the high level of organic pollutants from
various sources and decomposition [33, 37, 39]. Highest
mean and median values of As from the start of the Indus
River suggest that it is polluted with the traces of As from the
start and increases with flow when it remains in the upper
Indus Basin. However, at the main Indus River, its con-
centration is maximum, but the smallest value of CV is
suggesting that As is coming in the Indus River from ef-
fluents of the upper basin.+e TDSmean andmedian values
at M3 is highest with larger CVs, as evident from Figure 2
and Table 2, which is a confirmation of high inorganic
loading at this station because of soil erosions and agri-
culture activities [39, 40].

4.2. Correlation Matrix. +e results of correlation analysis
are given in Table 3 as a correlation matrix, which is cal-
culated by combining the mean values of quality parameters
of six regions belonging to the upper Indus Basin, i.e., from
M1–M6. It can be seen from the data that most of measured
parameters in the upper Indus region have a positive cor-
relation.+e strong positive correlation of pH, EC, TDS, and
As and Pb concentration with DO is quite evident from the
correlation matrix, and the reason for this correlation is
explained in the section below where PCA of current data set
is performed. In addition, EC is strongly correlated with
TDS and the concentration of Pb. TDS and other inorganic
matters/metals like Pb and As correlates well with EC, as
reported by [35]. It is worth mentioning here that the
concentration of As is positively correlated with all mea-
sured parameters with relatively strong dependence on ORP,
EC, TDS, and salinity.

4.3. Cluster Analysis (CA). On the basis of similarities in
water quality features, various sampling stations of UIB are

grouped into clusters. However, employing this analysis
technique planning for future events with an optimum
number of sampling stations is possible. In addition, this
strategy is also helpful in reducing the monitoring cost with
better understanding of prevailing factors involved in a
system under investigation. Figure 3 shows the dendrogram
obtained from hierarchy cluster analysis which generated
three groups on the basis of similar characteristic features.
Groups 1, 2, and 3 correspond to relatively bad, fair, and
good quality regions of UIB, respectively. In aforementioned
dendrogram shown in Figure 3, M3 and M5 formed one
group, i.e., group 3 consists of comparatively less polluted
site, which is attributed to the fact of almost negligible
human activities at M3 and M5. +e water at M3 and M5
comes from the snow-covered peaks and glaciers, which falls
into main subriver through side nallas, and most of side
nallas are clear and transparent with a little or no domestic
effluent. Group 2 consists of sample points belonging to M2
and M4, and analysis shows that this group has slightly less
quality water as compared to group 3, i.e., it is a moderately
polluted group. +e human excreta effluent discharge points
along with dumping of domestic and commercial waste,
which belongs to the population in these regions, are mainly
responsible for degradation of water quality.

Group 1 which consists of sampling points belonging to
M1, i.e., from Gilgit to Khunjerab pass, andM6 (main Indus
River) outlines the most polluted group of the upper Indus
Basin. +ere are the following reasons for these sampling
sites to be at highest polluted side:

(i) Higher concentration of arsenic and lead
(ii) Higher water turbidity due inclusion of silts and

rocks
(iii) Picking of herbs and shrubs for medical use and

illegal cutting of forest and trees of environmental
importance in an uncontrolled manner

(iv) Higher amount of dissolved oxygen (DO)
(v) Higher amount of oxidation reducing potential

(ORP)
(vi) Higher percentage of salinity
(vii) Human excreta effluent discharge
(viii) Industrial waster along the main Indus River

It is observed from analysis, however, that sampling can
be done for the points/stations with similar quality pa-
rameters and human activities. Also, on the basis of cluster
analysis, the upper Indus Basin can be classified as either less,
moderately, or highly polluted regions. +e regions M1
(from Gilgit to Khunjerab pass which also include the
sampling points of Attabad lake) andM6 (main Indus River)
are the most polluted area because of higher concentration
of Arsenic which is 40 times higher than the WHO rec-
ommended limits, i.e., 10 μg/l. Furthermore, a rapid and
more efficient assessment of upper Indus Basin water quality
is possible while using the spatial cluster analysis of various
regions of the upper Indus Basin. Moreover, this analysis is
also helpful for designing an optimal, more feasible, and
cost-effective monitoring strategy. +e sample collections
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from the upper Indus Basin is extremely difficult due ge-
ography of this region [36, 38, 41], and this study suggests
that number of monitoring stations can be reduced to only
three stations instead of collecting the samples from whole
upper Indus Basin.

4.4. Box Plots of Water Quality Parameters. In order to have
in-depth examination of cluster analysis shown in Figure 3, a
set of box plots of eight physicochemical quality parameters
are shown in Figure 4.+e spread of boxes for all parameters
belonging to group 3 is smaller. +is indicates the fact that
quality parameters are less affected by environment and
human activities, and water quality in this group is good
which is also evident from cluster analysis shown above. +e

concentration of As in samples belonging to this group is
smaller and less dependent on temperature/environmental/
seasonal alterations. Now coming to group 2, pH, TDS, and
As concentrations have box plots with a higher spread (see
Figures 4(a)–4(h)) which suggests the significant influence
of environmental changes in this region. Among the
abovementioned quality parameters, box plots show that pH
of water in this region is more sensitive to seasonal/envi-
ronmental alterations and thus results in degradation of
water quality from group 2.

Group 1 box plots for EC, DO, ORP, salinity, and As
concentration show largest spread of data along with bigger
top and bottom whiskers for abovementioned quality pa-
rameters which is another confirmation of the fact that water
quality parameters for sampling stations belonging to group 1
are more affected due to seasonal/environmental alterations.
Furthermore, larger spread of data as evident from larger top
and bottom whiskers also suggests that concentrations for
aforementioned parameters are highest at group 1, thus
confirming the role of soil erosion in degrading the water
quality. +e dissolved oxygen (DO) suffer more on moving
from group 3 to group 1 (see Figure 4(b)) which is the
confirmation of the fact that, among all three groups, group 1
is the most polluted as far as organic contents are concerned.
+is finding is also consistent with the box spread for salinity
of samples belonging to group 1 (see Figure 4(f)) because DO
and salinity are negatively correlated [38]. +e soil erosion
due to illegal uprooting of herbs and shrubs of medical
importance, land sliding, and domestic/industrial waste are
the main reasons for water pollution (as evident from cluster
analysis) in this group. +e results shown in Figures 3 and 4
are quite similar with the river statistical characteristics re-
ported by number of researchers [32, 33, 38].

Table 2: Coefficient of variation (CV) in water quality parameters of the upper Indus Basin.

Quality parameters M1 M2 M3 M4 M5 M6

pH 0.05862 0.03395 0.03235 0.04454 0.02798 0.10346
Do (mg/L) 0.44337 0.69481 0.90625 0.40862 0.65668 0.37309
Do (%) 0.48706 0.93223 0.93134 0.45269 0.63853 1.53101
ORP 0.32578 0.12623 0.18369 0.2137 0.35976 0.14286
Cond (ms/cm) 0.08591 0.51238 0.6919 0.13514 0.52085 0.6101
TDS (ppm) 0.08877 0.5367 0.74332 0.43104 0.49662 0.67449
Salinity (%) 0.05973 0.6935 0.66504 0.41818 0.61572 1.58771
As (μg/l) 0.01382 0.80201 1.17808 0.82926 1.74784 0.01202
Pb (μg/l) 0.08533 0.95421 0.52915 1.92162 0.64507 1.29853

Table 3: Correlation matrix of water quality parameters.

pH Do ORP EC TDS Salinity As Pb
pH 1
Do 0.6642 1
ORP − 0.5311 − 0.1018 1
EC 0.3056 0.5279 0.1066 1
TDS 0.5924 0.6226 − 0.0676 0.9394 1
Salinity − 0.2175 0.2530 0.8862 0.04051 − 0.0411 1
As 0.0023 0.7085 0.4812 0.5967 0.4762 0.5991 1
Pb − 0.5468 − 0.9222 0.08630 − 0.7916 − 0.8084 − 0.1233 − 0.7643 1
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Figure 3: Dendrogram representing the cluster of monitoring
stations.
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Figure 4: Continued.
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4.5. PrincipalComponentAnalysis (PCA)ofUpper IndusRiver
Data. +e eigenvalues obtained after performing the PCA
of the quality parameters belonging to six regions, i.e., M1
to M6 of the upper Indus Basin, are shown in Table 4. By
retaining the eigenvalues > 1, it is evident from the results
of PCA of current data that over 83% of the information of
original data is explained by first two sets of eigenvalues.
+e variance percentage for first two eigenvalues is 83%
and for the first three Eigen values is 94%. +ese per-
centages are far better than previously reported variance
percentages of the first two and three eigenvalues with a
focus on river quality data [32, 33, 38], thus confirming the
application of PCA to the current set of data with a
reasonable confidence.+e eigenvalues for six regions, i.e.,
M1–M6, are 4.210, 2.462, 0.839, 0.464, 0.024, and <0.024,
respectively. +e higher eigenvalue for M1 suggests the
large dispersion of data for these regions. +e higher
concentration of As for all sampling points and significant
higher dispersion in DO, ORP, salinity, and the con-
centration of As (as evident from the descriptive analysis
and box plots) are reasons for obtaining higher eigenvalue
during the PCA for this particular region. For M2, large
dispersion of pH, TDS, and As concentration data of
samples belonging to this region is responsible for
obtaining the eigenvalue 2.462 (see Table 4). For region
M6, smaller dispersion of data for all quality parameters
give the lowest eigenvalue, i.e., <0.024.

According to PCA theory as explained by [37], pa-
rameter loadings (which are the projections of water quality
parameters on PCs axes) are the correlation coefficients
among variables and coefficients.+e factor loading retained
PCs, as shown in Table 4, and are classified as follows [38]:

(i) Factor loading >0.75 is classified as “strong”
(ii) Factor loading value between 0.75 and 0.50 is

classified as “moderate”

(iii) Factor loading value between 0.50 and 0.30 is
classified as “weak”

+e variance corresponding to PC-1 is 52.63% with a
strong negative factor loading (>0.7) by DO, EC, TDS, As,
and Pb (positive). Parameters indicating the organic pol-
lution are related with anthropogenic pollution sources are
represented by this PC, as reported in the literature [38].+e
consumption of oxygen at a larger extent during the fer-
mentation (anaerobic) process by a higher concentration of
dissolved organic matters results in formation of ammonia
and organic acid which then causes a decrease of water pH
because of hydrolysis.+e negative loading of pH and strong
positive loading of Pb shown in Table 4 are also in favor of
our argument. In addition to this DO and TDS, As with
strong negative loading factors confirms their negative
correlation with anthropogenic pollution sources and agrees
with already reported studies [24, 38]. +e quality param-
eters strongly contributing are % salinity and ORP, while pH
and the concentration of As are the moderate contributor to
PC-2. +is reveals the fact that this PC is the representative
of seasonal variations (flow of solids from elevated

As (mg/L) | 
group 1

As (mg/L) | 
group 2

As (mg/L) | 
group 3

50

100

150

200

250

300

350

400

450

(g)

Pb (mg/L) | 
group 1

Pb (mg/L) | 
group 2

Pb (mg/L) | 
group 3

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

(h)

Figure 4: Box plots of (a) pH, (b) DO, (c) ORP, (d) EC, (e) TDS, (f ) salinity, (g) As, (h) and Pb for different spatial clusters.

Table 4: Factor loadings of quality parameters.

PCA-1 PCA-2 PCA-3
pH − 0.574 − 0.617 − 0.380
Do − 0.894 − 0.057 − 0.426
ORP − 0.036 0.965 0.118
Cond − 0.846 0.001 0.526
TDS − 0.882 − 0.203 0.347
Salinity − 0.221 0.893 − 0.312
As − 0.765 0.552 − 0.051
Pb 0.975 0.072 0.049
Eigenvalue 4.210 2.462 0.839
Variability 52.630 30.772 10.490
Cumulative 52.630 83.402 93.892
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mountains and other sources during rain) and soil erosions
because of illegal cutting of forests and uprooting the herbs
of medical importance [36] at massive scale and agriculture
activities. +e negative loading of pH and strong positive
loading of salinity (see Table 4) are also in favor of our
argument here.

+e plot of quality parameters in the first two PCs space
is shown in Figure 5. From the figure, it is evident that PC-1
has strong negative loading on pH, DO, % salinity, Pb
concentration, strong positive loading on the concentration
of As, and moderate loading on EC and ORP. +is shows
that PC-1 is affected by organic and inorganic pollution due
to soil erosion, interaction of Indus River water with arsenic
rich bedrocks, and flowing of domestic wastewater into the
Indus River through a number of creeks.+e strong negative
loading of PC-1 on DO and pH is quite similar to the
observation reported in the literature. Zafar et al. [31, 38]
confirms the presence of organic acids and DO negative
correlation with organic pollutants [38]. PC-2 which is only
4.39% spread (as compared PC-1 of quality parameters has
strong positive loading) on ORP, strong negative loading on
As concentration, and weak to moderate negative loadings
on TDS, pH, DO, and % salinity, respectively. +is is the
further confirmation of the fact that major source of pol-
lution in the upper Indus region is either because of toxic
heavy metal like As and Pb or anthropogenic pollution
sources. In addition to these, there is some contribution of
agriculture activities which have positive correlation with
rain and flooding.

+e negative correlations of aforementioned parameters
(i.e., pH, DO, Pb, and % salinity) with inorganic/organic
pollution, as shown if Figure 5, is also evident from strong
negative PC-1 loading (see Figure 5) of these parameters.
Both inorganic and organic pollutants mainly affect the TDS,
whereas inorganic pollutants affect EC only. +e moderate
positive PC-1 loading of EC points to the fact that EC is
mainly dependent on the concentration of As and Pb. +e
concentrations of As and Pb have strong positive and
negative loading on PC-1, respectively (see Figure 5), thus
making the loading of EC moderate. TDS has weak positive
loading on PC-1 and weak positive loading on PC-2, sug-
gesting the influence of other parameter loadings with more
dominant PC-1 contributions. Figure 6 represents the
projection of quality parameter on PC space with their
confidence intervals and is the conclusive statement of PCA
of quality parameters because it shows the true pictures
about monitoring the exact number of quality parameters
for water quality assessment in the upper Basin of Indus
River or upper Indus Basin. According to the PCA presented
in Figure 6, four parameters ORP, DO, and the concen-
trations of As and Pb are sufficient to have a reasonable
confidence on the quality of water in the upper Indus Basin.

Figure 7 shows a bipolar plot of the quality parameters at
different stations in the first two PCs space. It is evident from
figure that the six regions of the upper Indus Basin, which
are under investigation, form three groups: (1) M1 and M6,
(2) M1 and M6, and (3) M3 and M5. +e group 3 here has
strong positive loadings on PC-1, which means that 52.63%
of total variance belongs to group 3. With respect to active

parameters,M3 andM5 form a least polluted group with only
Pb as the notable pollutant (see Figure 7). On the contrary,
group 2, which consists of M2 and M4, has strong negative
loadings of active variables on PC-1 and PC-2. However, out
of eight physicochemical parameters EC, DO, TDS, and pH
are the most prominent active variables (see Figure 7) for
this group which make group 2 a moderately polluted group.
M1 active observation site/station (as shown in Figure 6) has
weak positive and negative loadings on PC-1 and PC-2, but
almost all the active parameters are contributing to the net
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Figure 5: PCA-1 and PCA-2 loadings of water quality parameters.
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pollution ofM1, as evident from Figure 7, thus makingM1 as
a member of the worst polluted group, i.e., group 1. +e
concentration of As and Pb, % salinity, and ORP are major
contributors atM6 (see Figure 7), thus making theM6 active
observation/site/station a very strong negative loading on
30.77% of total variance, i.e., PC-2.+e higher concentration
of As (i.e., 399.32 μg/l, which is eight times higher than
national limit and 40 times higher than the World Health
Organization (WHO) permissible limits), significantly in-
creases in % salinity due to agriculture activities along the
passage of the main Indus River, and inclusion of industrial/
domestic wastewater in the main Indus River is responsible
for makingM6 as a member of the worst polluted group, i.e.,
group 1. +e results of PCA shown in the bipolar plot of
Figure 7 are in good agreements with the results of CA (see
Figure 3) and box plots (see Figures 4(a)–4(h)).

In addition to this, Figure 8 which shows the projection
of active observation sites on PC space with their confidence
intervals suggests that, instead of sampling whole upper
Indus Basin and Indus River, only three monitoring stations
are sufficient for stating a conclusive statement about the
quality of water of the upper Indus Basin and main Indus
River.

5. Conclusion

CA reveals that upper Indus Basin monitoring can be done
while dividing the region into three clusters, representing
good quality water (M3 andM5), moderate quality water (M2
and M4), and worst quality water (M1 and M6) cluster,
respectively. +ree latent factors are responsible for
explaining the 93.87% of total variance as confirmed by PCA.
+e parameters, which are significantly influenced by an-
thropogenic impact, seasonal variations, and soil erosion, are
DO, EC, TDS, and concentration of As (μg/l). +e con-
centration of Pb (μg/l) is influenced by anthropogenic
sources only, while the (%) salinity and ORP are influenced
due to agriculture activities and runoff, as confirmed by
PCA. +e box plot results are also supporting the PCA
outcomes. +e highest pollution is observed at M1 and M6
with the concentration of As being the dominant factor in
making this group as the worst polluted group.+e results of
current study could be utilized for designing a compre-
hensive monitoring protocol for monitoring the Indus River,
thus saving this important resource of Pakistan.
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