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Introduction

Valleys (wadis) play an important role in receiving or 
transporting municipal and industrial runoff and runoff from 
agricultural land. Municipal and industrial wastewater emission is 
the main source of pollution, while runoff is a cyclic phenomenon 
that is heavily influenced by the weather conditions in the basin. 
Seasonal variations in precipitation, surface runoff, intermediate 
runoff, groundwater runoff, and pumped inflow and outflow have 
a strong impact on the wadi’s runoff and hence on the pollutant 
concentration in the water of the wadi [1]. Long-term study and 
water quality monitoring programs are an appropriate approach 
to better understanding of river hydrochemistry and pollution, but 
they produce huge data sets that are often tough to interpret [2]. The 
problem of data depletion and interpretation of multicomponent 
chemical and physical measurements can be addressed through 
the application of multivariate statistical analysis [3]. The number 
of articles cited shows the importance of multivariate statistical 
tools in the treatment of analytical and environmental data [4 & 
5]. Principal Component Analysis can be used for dimensionality 
reduction in a data set by retaining those characteristics of the 
data set that contribute most to its variance, by keeping lower-
order principal components and ignoring higher-order ones. It is 
very useful in the analysis of data corresponding to large number  

 
of variables. It has been widely used as they are unbiased methods 
which can indicate associations between samples and variables 
[3]. It is used to reduce the dimensionality of the data set by 
explaining the correlation among a large set of variables in terms 
of a small number of underlying factors or principal components 
without losing much information [6].

In recent years many studies have been done using principal 
component analysis in the interpretation of water quality 
parameters, [7]. PCA has been successfully applied to sort out 
hydrogeological and hydrogeochemical processes from commonly 
collected ground water quality data ([8-11] constructed a 
statistical model which based on the PCA for coastal water 
quality data from the Cochin coast in Southwest India, which 
explain the relationship between the various physicochemical 
variables that have been monitored and environmental condition 
effect on the coastal water quality. The PCA technique has been 
used to estimate spatial and temporal patterns of heavy metal 
contamination [12], investigation of nutrients gradients within 
eutrophic reservoir [13]. Tauler et al. [14] identified the major 
herbicide composition causing the observed data variations 
using PCA. Many researchers are used these techniques to ground 
water quality [15, 16]. In the present study, multivariate statistical 
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techniques (principal component analysis) were applied to 
evaluate the physicochemical variations in water-quality data 
matrix of the Wadi Hanifa, Riyadh, Saudi Arabia, which were 
generated under 1 year monitoring program. The research aims 
at identifying the most informative sampling parameters and 
studying the influence of natural and artificial sources affecting 
the variation of water quality parameters in Wadi Hanifa.

Methodology

Study Area: Wadi Hanifa, Riyadh 

Located in the middle of Najd Plateau, Wadi Hanifah is the 
most significant natural landmark of the region that form with 
its basin and tributaries a unique 120-kilometer-long ecological 
region stretching from Tuwaiq Escarpment to the open desert 
southeast of Riyadh. The depth of valley stream ranges between 
10 and 100 meters, and its width ranges from 100 to 1000 meters 
approximately (Figure 1). Wadi Hanifah represents a natural 
watershed for the floods and rainwater in an area of 4000 m² 

and it has more than 40 tributaries [17]. The most important 
among thevalley’s tributaries are AlObaitah, AlImariyah, Safar, 
AlMahdiyah, Beir, Laban, Namar, AlAwsat and Laha in the west, and 
AlAysan and AlBathaa in the east. The amount of water poured into 
Wadi Hanifah is about 700,000 m³. The wadi is dry almost all year 
round, but it is still fruitful thanks to the aquifers near the surface. 
Riyadh consumes about 1080 million cubic meters of water 
consistent with year [18]. Because of the persistent draw-down 
of the water desk to deal with the city’s ever-growing population, 
Riyadh has needed to locate opportunity reassets of water. Now 
maximum of the city’s (desalinated) water deliver is piped in from 
the coast 350 km away, a totally high-priced and unsustainable 
option [19]. Riyadh consumes about 1080 million cubic meters 
of water consistent with year [18]. Because of the persistent 
draw-down of the water desk to deal with the city’s ever-growing 
population, Riyadh has needed to locate opportunity reassets of 
water. Now maximum of the city’s (desalinated) water deliver is 
piped in from the coast 350 km away, a totally high-priced and 
unsustainable option [19].

Figure 1: Wadi Hanifa Location (Modified from Alhamid et al. [31]).

Monitored Parameters and Analytical Methods

In order to represent the water quality of the Wadi system, 
accounting for stream and inputs from drains that have impact on 
downstream water quality, the monitoring and sampling plan were 
designed to cover a wide range of determinants at specific sites. 
Under the water-quality monitoring plan of Wadi Hanfia, samples 
were collected each month at three points across the Wadi width 
at several sites. Sampling, preservation and transportation of the 

water samples to the laboratory were as per standard methods 
[20]. Eight sites were selected to cover the full length of the wet 
part of Wadi Hanifa as shown in (Figure 2). Their names are SW3C 
(site 1), SW12A (site 2), SW12C (site 3), SW14 (site 4), SW20 
(site 5), SW8G (site 6), SW10B (site 7), and SW16 (site 8). The 
sites location are chosen as four sites before the bioremediation 
facility and four sites after the facility. However, site 5 is before 
the connection between Batha Channel, which carries water from 
Manfoha wastewater treatment plant and the Wadi.
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(a)	 Sampling Locations SW3C (site 1), SW12A (site 2), SW12C (site 3)

(b)	 Sampling Locations SW14 (site 4), SW20 (site 5), SW8G (site 6)
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(c) Sampling Locations SW10B (site 7), and SW16 (site 8).

Figure 2: Wadi Hanifa Water Quality Monitoring Sites.

Data Treatment and Multivariate Statistical Methods

Wadi Hanfia water quality data sets were subjected to one 
multivariate analysis techniques; namely, principal component 
analysis (PCA). PCA was applied on data standardized through 
z-scale transformation to avoid great variability of monitored 
chemical and physical parameters by converting the measured 
values into dimensionless quantities. Standardization also 
increases the effects of parameters with low variance and reduces 
the effects of parameters with high variance [21-22]. PCA was 
carried using SPSS Software.

Principal Component Analysis

The details of PCA are discussed in readily accessible published 
literature. For example, Davis [23], Manly [24], and Shaw [25] 
present very understandable and practical introductions to the 
subject with minimal mathematical details, while Jackson [6], 
Jolliffe [7], Johnson and Wichern [26], and Legendre [27] present 
the mathematical details. Briefly, PCA transforms a dataset 
containing p variables (analytical constituents), interrelated 
or correlated to various degrees, to a new dataset containing 
p new orthogonal, uncorrelated variables called principal 
components (PCs). The PCs are linear functions of the original 
variables such that the sum of their variances is equal to that of 
the original variables. The PCs are ordered from largest variance 
(PC1) to next largest variance (PC2), etc. The variances of the 

PCs are the eigen values and the coefficients or weights are the 
eigenvectors extracted from the covariance or correlation matrix. 
The goal is that the first few or k PCs (k << p) will retain most 
of the information in all of the p original variables, thus reducing 
the practical dimensionality of the dataset. In other words, if the 
correlations are high among many of the original variables, the 
first few PCs will tend to contain (or explain) a large percentage 
of the total variance and may be used to describe multivariate 
patterns or variation in water quality across the watershed, almost 
as well as does the complete set of p original variables. Often these 
patterns are related to specific sources of contamination [1, 28].

Several techniques are used by researchers to select the 
meaningful PCs (i.e., those PCs that account for most of the 
variation within the studied data) [29, 7]. Probably the most 
used technique is the “percent explained variance” where enough 
PCs are used to cover a large fraction of the data total variance. 
Another technique is to use PCs with eigenvalues greater than a 
particular value (usually 1.0.) A third technique is to use the slope 
in the scree plot as a selecting criterion. So, all PCs are used till 
the slope of the scree plot exhibits a significant change. Another 
method that is rarely used [29] is comparing the scree plot against 
a “broken stick” model. This technique –adopted in this paper – 
was introduced for the first time by Frontier. It is claimed that this 
technique is more accurate in selecting the appropriate number 
of PCs than other mentioned techniques [29, 5]. In this technique, 
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it is assumed that the expected distribution of eigenvalues will 
resemble a broken stick model if the total variance is divided 
randomly amongst the various components. The size of random 
eigenvalue for the thk component following the broken stick model
( )*

kI is calculated using Equation 1 [7] (where p is the number of 
variables): p

*
k

j=k

1I =
j∑  (1)

Principle components with eigenvalues greater than or equal 
to the corresponding broken stick random eigenvalue are retained 

and considered as interpretable. In this case study, two groups 
of data both for physical and chemical evaluations have been 
selected and the number of analytical parameters used to assign a 
measure from a monitoring site into a group (monitoring area) has 
been taken as n. Water-quality monitoring of the Wadi Hanfia was 
regularly conducted over a period of one year at eight different 
sites. All the samples were analyzed for various parameters (23 
nos.) and their site wise mean values and standard deviations are 
summarized in (Table 1).

Table 1: The basic statistics of the data set on Wadi water quality.

Parameters
SW3C

Stations

SW12A SW12C SW14 SW20 SW8G SW10B SW16

Temp (°C)
Mean 29.2 26.8 25.72 25.43 25.37 27.34 25.99 24.01

Std. Dev. 1.12 2.3 3.23 3.52 3.56 3.63 4.08 4.56

Cond (µS/cm)
Mean 2284.17 3257.17 3904.75 3837.17 3691.08 2168.08 1891 1911

Std. Dev. 257.73 354.99 541.49 517.58 699.23 324.27 170.08 218.31

Sp Cond (µS/m)
Mean 2132.3 3152.3 3856.1 3786.6 3656.8 2004.3 1858.9 1942.8

Std. Dev. 194.34 250.24 323.85 294.41 584.1 184.13 46.04 152.69

DO (mg/L)
Mean 6.16 6.04 7.52 6.19 6.05 3.09 1.98 0.66

Std. Dev. 0.77 1.33 1.01 1.21 1.53 1.97 1.14 0.46

pH
Mean 8.08 8.04 8.02 7.97 7.97 7.72 7.76 7.72

Std. Dev. 0.12 0.12 0.12 0.09 0.09 0.14 0.13 0.14

TDS (mg/L)
Mean 1399.5 2070.1 2554.3 2488.8 2390.4 1316.4 1208.9 1275.5

Std. Dev. 137.84 167.1 194.28 199.51 412.37 113.02 36.82 96.05

Salinity (%)
Mean 1.07 1.63 2.03 1.98 1.93 1.01 0.94 0.99

Std. Dev. 0.11 0.14 0.18 0.15 0.31 0.1 0.02 0.07

Turbidity (mg/L)
Mean 13.24 37.39 10.47 14.04 10.95 50.97 81.56 11.55

Std. Dev. 11.13 26.92 15.59 6.12 7.66 70.61 49.99 6.94

Suspended Solids (mg/L)
Mean 14.08 38 11.42 14.83 12.25 56.25 86.83 13.42

Std. Dev. 11.43 26.07 15.67 6.16 7.55 71.28 49.1 7.56

COD (mg/L)
Mean 8.98 13.44 11.32 12.27 15.4 46.13 33.69 24.51

Std. Dev. 3.55 5.15 2.94 2.95 10.55 10.28 7.93 6.49

Nitrate-N (mg/L)
Mean 8.34 23.93 22.82 21.57 20.54 3.14 1.62 2.41

Std. Dev. 1.02 1.78 2.43 5.15 8.73 2.03 1.84 2.75

Nitrite-N (mg/L)
Mean 0.02 0.05 0.06 0.1 0.1 0.43 0.3 0.22

Std. Dev. 0.02 0.02 0.02 0.07 0.1 0.33 0.22 0.2

Ammonia-N (mg/L) Nessler
Mean 0.39 2.18 2.55 2.49 2.99 15.05 13.58 12.79

Std. Dev. 0.33 0.93 1.23 1.08 2.84 6.75 6.53 7.82

Ammonia-N (mg/L) HACH
Mean 0.04 0.04 0.03 0.15 0.97 19.5 16.83 15.14

Std. Dev. 0.07 0.04 0.01 0.21 3.16 4.81 4.19 6.96

TKN (mg/L)
Mean 3.32 2.85 4.98 3.45 4.02 22.3 18.14 17.93

Std. Dev. 7.34 0.78 3.98 1.36 3.37 3.66 3.43 7.13

Total Nitrogen (mg/L)
Mean 0.11 0.15 0.22 0.3 0.28 2.32 1.8 2.13

Std. Dev. 0.04 0.05 0.3 0.45 0.49 0.34 0.73 0.6
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Total Phosphorus (mg/L)
Mean 0.07 0.11 0.13 0.17 0.18 2.02 1.5 1.91

Std. Dev. 0.03 0.04 0.15 0.25 0.33 0.42 0.68 0.57

Ortho-P (mg/L)
Mean 0.07 0.11 0.13 0.17 0.18 2.02 1.5 1.91

Standard Dev. 0.03 0.04 0.15 0.25 0.33 0.42 0.68 0.57

Total Organic Carbon (mg/L)
Mean 1.8 3.75 3.09 4.2 4.09 12.25 9.88 7.05

Std. Dev. 1.54 2.03 1.57 1.88 2.12 3.46 2.52 1.96

Alkalinity (mg/L)
Mean 252 220.7 214.47 224.63 217.66 245.73 249.63 245.73

Std. Dev. 40.69 37.12 35.32 40.38 27.85 37.04 35.86 37.64

Biocarbonate (mg/L)
Mean 201.6 176.55 171.57 179.65 174.12 196.58 199.71 196.58

Std. Dev. 32.55 29.71 28.25 32.26 22.28 29.63 28.69 30.11

VSS (mg/L)
Mean 2.65 3.66 2.2 3.06 3.09 11.54 21.58 3.83

Std. Dev. 1.71 2.31 1.76 1.54 1.73 5.02 11.56 0.89

BOD (mg/L)
Mean 3.58 6.13 5.14 5.7 7.28 25.34 17.53 12.28

Std. Dev. 1.87 2.17 1.81 2.11 4.82 6.06 3.67 3.31

Table 2: Physicochemical - Z-scaled means – Varimax.

Component Initial Eigenvalues

Serial Name Total % of Variance Cumulative %

1 Temp 16.402 71.314 71.314

2 Cond 3.748 16.294 87.609

3 Sp_Cond 1.843 8.012 95.621

4 DO 0.701 3.05 98.671

5 pH 0.219 0.953 99.624

6 TDS 0.051 0.222 99.846

7 Salinity 0.035 0.154 100

8 Turbidity 1.01E-13 1.02E-13 100

9 SS 1.00E-13 1.02E-13 100

10 COD 1.00E-13 1.01E-13 100

11 Nitrate_N 1.00E-13 1.01E-13 100

12 Nitrite_N 1.00E-13 1.01E-13 100

13 Ammonia_N_N 1.00E-13 1.01E-13 100

14 Ammonia_N_H 1.00E-13 1.01E-13 100

15 TKN 1.00E-13 1.00E-13 100

16 TN -1.00E-13 -1.00E-13 100

17 TP -1.00E-13 -1.01E-13 100

18 Ortho_P -1.00E-13 -1.01E-13 100

19 TOC -1.00E-13 -1.01E-13 100

20 Alkalinity -1.00E-13 -1.01E-13 100

21 Bicarbonate -1.00E-13 -1.02E-13 100

22 VSS -1.00E-13 -1.02E-13 100

23 BOD -1.01E-13 -1.05E-13 100
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Results and Discussion

Principal Component Analysis

PCA of the 23 physicochemical parameters resulted in 23 
components with eigenvalues variances as shown in (Table 2). 
An eigenvector was calculated for each eigenvalue (Table 3). 
(Figure 3) shows the scree plot of the components with the broke 
stick limiting curve. As explained earlier, only components with 
eigenvalues higher than the broken stick limit will be considered 
as significant. These PCs are the only nontrivial principal 
component in this case. PCA of the data set (Table 2) evolved two 
PCs with eigenvalues equal 16.402, 3.784 explaining about 71.314 
%, 16.294, respectively, of the total variance in the water-quality 
data set. The first two PC component are the only one considered 
because they have eigenvalue higher than the corresponding 
value from the broken stick model as shown in (Figure 3). In 
general, components loadings larger than 0.45 may be taken 

into consideration in the interpretation, in the other words, the 
most significant variables in the components represented by 
high loadings have been taken into consideration in evaluation 
the components [30]. Terms ‘strong’, ‘moderate’ and ‘weak’ is 
applied to factor loading and refer to absolute loading values of 
>0.75, 0.50 – 0.75 and 0.3 – 0.5, respectively [21]. Factor 1, which 
explains 71.314 % of the total variance, has strong absolute 
loadings on Turbidity, SS, COD, Nitrite-N, Ammonia, TKN, TP, 
Ortho-P, TOC, VSS, BOD and negatively correlated with Cond, DO, 
pH, TDS, Salinity, Nitrate-N, which indicates that the temperature 
(season of the year) has great effect on the water quality of Wadi 
Hanifa. Factor 2, which explain 16.294 % of the total variance, has 
strong absolute loadings on TDS, Salinity, Nitrate-N and TN and 
negatively correlated with Alkalinity and bicarbonate [31], which 
indicates that the conductivity is dominant factor since most of the 
water in the wadi is from the discharge of wastewater treatment 
plants in Riyadh, 

Figure 3: The scree plot of the components with the broke stick limiting curve.

Conclusion

The PCA is powerful pattern recognition technique that 
attempts to explain the variance of a large dataset of inter 
correlated variables with a smaller set of independent variables 
Principal Component. The above study identified the principal 

physical, and chemical parameters that are important in 
predicting surface water quality. The first factor is temperature 
(season of the year) which has great effect on the water quality 
of Wadi Hanifa. Factor 2 (conductivity) is dominant factor since 
most of the water in the wadi is from the discharge of wastewater 
treatment plants in Riyadh.
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Table 3: Rotated Component Matrixa

 
Component

1 2

Temp -0.325 -0.559

Cond -0.564 0.81

Sp-Cond -0.548 0.824

DO -0.795 0.42

pH -0.945 0.169

TDS -0.547 0.825

Salinity -0.539 0.83

Turbidity 0.687 -0.201

SS 0.713 -0.209

COD 0.949 -0.163

Nitrate-N -0.654 0.729

Nitrite-N 0.963 -0.144

Ammonia 0.967 -0.216

Ammonia-NH4 0.942 -0.317

TKN 0.938 -0.291

TN 0.221 0.936

TP 0.928 -0.283

Ortho-P 0.916 -0.294

TOC 0.976 -0.105

Alkalinity 0.412 -0.898

Biocarbonate 0.413 -0.899

VSS 0.75 -0.252

BOD 0.945 -0.149

Extraction Method: Principal Component Analysis.  Rotation Method: Varimax with Kaiser Normalization. a. Rotation converged in 3 iterations.
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