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ABSTRACT 
 

Multivariate statistical techniques, mainly principal component analysis (PCA), cluster analysis (CA) and 
discriminant analysis (DA) were used to evaluate the spatio-temporal variations of water quality and to identify 
probable pollution sources of the Calabar River. Surface water samples were collected bi-monthly for the wet 
and dry seasons for ten months across five stations. A total of 10,800 water samples were collected for ten 
months across five study stations and analyzed for 25 parameters. The PCA extracted eight (dry season) and 
seven (wet season) latent components responsible for the pollution of the Calabar River. The latent components 
explained 94 – 98% of the total variance in the water parameter data set. PCA results further revealed that in the 
dry season, the Calabar River received pollutants from residential and industrial sectors, whereas in the wet 
season, its pollution sources came from non-point sources such as surface runoff from agriculture, industrial and 
residential areas. CA grouped 25 water parameters into two groups of homogenous sources of pollution for each 
season, being agricultural, residential and industrial wastes. DA result significantly reduced the dimensionality 
in the large data set and identified transparency, DO, salinity, calcium, magnesium, sodium and potassium as the 
most significant water parameters responsible for the spatial and temporal variations in water quality of the 
Calabar River with 100% correct assignment. Hence, making inference from DA, industrial and residential 
wastes were largely responsible for the temporal and spatial variation in water quality of the Calabar River. 
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Introduction 
 

The health of biotic organisms depends on the quality of water available. Water quality is essential and has 
become an issue of environmental concern because it performs vital roles in biotic health and overall wellbeing. 
The quality of water is determined by a number of factors. Nouri et al., (2008) and Iwara et al., (2012) noted 
that natural and anthropogenic factors affect the quality of water. The natural forces include precipitation rate, 
weathering process, soil erosion, lithology of the aquifer, the quality of recharge water and the type of 
interaction between water and aquifer, while the anthropogenic forces are urban and agricultural activities such 
as municipal, industrial and agricultural wastes (Pejman et al., 2009). Among these anthropogenic factors, 
sewage and industrial wastes discharged into rivers are the most polluting sources. These sources result in the 
pollution of surface water at different spatial and temporal scales. Also, between the natural and anthropogenic 
factors, anthropogenic discharge of effluent (human factor) constitutes the primary pollutant (Omole and Longe, 
2008; Pejman et al., 2009; Iwara et al., 2012). The composition of effluents from the human factor varies. 
Effluents from industries contain heavy metals, acids, hydrocarbons and atmospheric deposition, whereas, those 
from agricultural runoff contain large amounts of nitrogen compound and phosphorus from fertilizers, 
pesticides, salts, poultry wastes as well as runoff from abattoir (Omole and Longe, 2008).  

These effluents modify the chemistry of the water and increase the level of parameters above the natural 
limits on entering into streams and other surface water. This could have substantial impact on biotic live mostly 
when bioaccumulation occurs (Iwara et al., 2012). The quality status of surface or subsurface water is 
determined by examining various conventional parameters in comparison with some globally approved 
standards. Thus, long-term management of quality of surface water requires an understanding of the hydro-
morphological, chemical and biological characteristics (Shrestha and Kazama, 2007). Water quality measuring 
parameters are multivariate in nature, as such, their proportion in a water source can be analysed via multivariate 
statistical methods. The application of multivariate statistical techniques helps in the interpretation of complex 
data matrices to better understand the water quality and ecological status of the studied systems, allows the 
identification of possible factors sources that influence water systems and offers a valuable tool for reliable 
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management of water resources, as well as rapid solution to pollution problems (Reghunath et al., 2002; Pejman 
et al., 2009). Praus (2007) reported that real hydrological data are mostly not normally distributed and are often 
autocorrelated. This problem of autocorrelation as well as multicollinearity can only be resolved through the 
application of multivariate analytical techniques.  

Multivariate analytical techniques such principal components analysis (PCA), canonical correlation analysis 
(CCA), discriminant analysis (DA), factor analysis (FA), cluster analysis (CA) and canonical correspondence 
analysis (CCA) among others are very useful in the analysis of data corresponding to a large number of 
variables, because analysis via these techniques produces easily interpretable results (Mazlum et al., 1996; Iwara 
et al., 2011). Thus, the problem of autocorrelation in hydrological data is resolved through the application of 
multivariate statistical techniques. These techniques help to make variables uncorrelated through orthogonal 
rotation as well as make it possible to achieve great efficiency of data compression from the original data, and to 
gain useful information in the interpretation of the environmental geochemical origin. Most interesting, these 
techniques, such as PCA is a robust technique which does not require normally distributed and uncorrelated 
variables (Shihab and Abdul Baqi, 2010). 

Several studies have employed multivariate statistics in understanding natural and anthropogenic sources of 
water pollution (Praus, 2007; Boyacioglu and Boyacioglu, 2008; Pejman et al., 2009; Shihab and Abdul Baqi, 
2010; Koklu et al., 2010). However, majority of these studies show ecosystem biases as they were carried out in 
Europe, Asia and some parts in Africa. In Nigeria and Cross River State in particular, few studies employing 
multivariate analytical tools have been used to understand the source of pollution of the Calabar River. The few 
available studies limited their investigation on the Cross River (Ekwere et al., 2011). The Calabar River is the 
major sink of industrial and municipal wastes, but despite its hydrological importance, not much study has been 
carried out to understand the interplay of natural and anthropogenic pollutants affecting its natural quality. It is 
on this premise that this study attempts to study makes attempt to use multivariate statistical techniques notably 
principal component analysis (PCA), cluster analysis and discriminant analysis to identify main source of 
pollutants. The outcome of the study will provide information for effective management of water quality 
through the prevention and control of surface water pollution. 

 
Materials And Methods 

 
Study area: 

 
The Calabar River was the study environment found in Calabar, Cross River State. The river encloses Esuk 

Nsidung Calabar south Adiabo brige in Odukpani Local Government Areas. The Calabar River is a major 
tributary of the Cross River, originates from Oban hills Nigeria and flows through black shale and siltstone, 
clayey, sand and silts deposits, before entering the estuary at  Alligator Island (Etim and Enyenihi, 1991). The 
river system formed by the Cross River, Calabar, Great Kwa and other tributaries forms extensive flood plains 
and wetlands that empty into the Cross River estuary. The system has an estimated area of 54,000 square 
kilometers and stretches about 25km to the south of the river. The Calabar River is hydro-dynamically 
homogenous. The current velocity is measured to the range of 2 to 25cm /sec upstream and 20cm/sec 
downstream at the industrial area (Asuquo, 1998). Its current is higher during ebb tide and decreases during 
flood tide. Dissolved particulate materials are transported by surface current from the estuary into Creeks and 
upper reaches of Calabar River within the industrial area of Esuk Nsidung to Adiabo-Bridge head during semi 
diurnal tide .(Asuquo et al., 1999).  

 
Sampling technique: 

 
Surface water samples were collected bi-monthly for the wet and dry seasons. A total of 10,800 water 

samples were collected for both dry and wet seasons for ten months across five study stations. Samples were 
collected for water quality assessment and bacteriological studies along the industrial area of the Calabar River, 
using a mini research boat (Plankton Fisher). The samples were collected within the industrial distance area of 
16,704.3 meters seaward (author field survey) that is, from Adiabo bridge head to Esuk Nsidung beach. This 
covers five geo-referenced equidistance stations of 3,340.3 metres each. Water samples for physico-chemical 
parameters were collected using 1-liter plastic containers and stored in cool box at approximately 40C; while 
heavy metal and hydro-carbon samples were collected with glass bottles, preserved with metallic acid before 
laboratory analysis. 

 
Analytical methods: 

 
pH, electric conductivity (EC), total dissolved solids (TDS) and dissolved oxygen (DO) were measured 

with a multi-meter, while chemical oxygen demand (COD), sodium, sulphate, nitrate, salinity, calcium, 
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ammonium, phosphate, potassium, and magnesium were determined according to the method by APHA-
AWWA (2005). Biological oxygen demand (BOD) was determined in sample and concentration after 5 days 
incubation in DO bottles at 20o C (APHA, 1998).Hardness was determined by standard EDTA titration methods 
(Fries and Gestrost, 1977; DWAF, 1992). Fecal coliform counts were performed using the standard membrane 
filtration method. The mfc was used for fecal coliform counts, while total hydrocarbon (THC) was determined 
using as spectrophotometer (API-RP-45). 

  
Data analysis: 

 
Water quality parameters were grouped in two different periods (wet and dry season) and the SPSS for 

windows (Version 20.0) was used for multivariate statistical analysis (Principal Component Analysis, Cluster 
Analysis and Discriminant Analysis). Principal Components Analysis (PCA)/Factor analysis was performed to 
reduce the number of water parameters and to identify the main parameter of pollution. The scores of rotated 
component loadings (correlation coefficients) from the PCA output were used to identify the main pollution 
sources. The rotated component loadings for the variables were determined using Varimax rotation; this 
approach makes interpretation and the identification of pollution sources easier. On each extracted principal 
component, only variables with loadings ≥0.70 were identified as significant variables and used for discussion 
(Shihab and Abdul Baqi, 2010). In addition, to determine the number of components to extract, only principal 
components with eigenvalues greater than 1 were selected, components with an eigenvalue of less than 1 
accounted for less variance than did the original variable, and so were of little use, as such were not extracted 
(Gaur and Gaur, 2006).  

 
Discriminant analysis (DA): 

 
Also, discriminant analysis (DA) was carried out on the water data set. DA is a statistical method which is 

used to discriminate variables between two or more naturally occurring groups. DA was therefore used to 
identify water quality variables responsible for spatial and temporal variations in river water quality (Shrestha 
and Kazama 2007).  It calculates mathematical weights for scores on each discriminator variable that reflect the 
degree to which scores on that variable differ among the groups being discriminated. It forms one or more 
weighted linear combinations of discriminator variables called discriminant functions (Koklu et al., 2010). The 
equation or function of DA is defined as follows: 

 
D = a + v1 X1 + v2 X2 + v3 X3 ........vn Xn  

 
Where D = discriminate function or score (z core) 
A = Y-intercept of the regression line 
v = the discriminant coefficient or weight for that variable 
X = score for that variable or discriminator variable raw score 
n = the number of predictor variables 
 
This function is similar to a regression equation or function. The v’s are unstandardized discriminant 

coefficients similar to the b’s in the regression equation. These v’s maximize the distance between the means of 
the criterion (dependent) variable. Standardized discriminant coefficients can also be used like beta weight in 
regression. Good predictors have large weights. The number of discriminant functions obtained from a DA is 
one less the number of groups. Hence, if there are two groups for DA, only one discriminant function will be 
produced and vice versa.  

 
Cluster analysis: 

 
Cluster analysis (CA) was used to develop meaningful aggregations or mutually exclusive groups among 

the water parameters based on the multivariate similarities among entities (McGarial et al., 2000). This 
technique divided the large number of water parameters into smaller number of homogenous groups on the basis 
of their correlation structure (Boyacioglu and Boyacioglu, 2008). Hierarchical cluster analysis was used to 
group each of the water parameters in both seasons. Complete linkage was used depending on Pearson distance 
(Shihab and Abdul Baqi, 2010). 

 
Results And Discussion 

 
PCA for dry season: 
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PCA of the 25 parameters resulted in eight principal components (PCs) explaining 98% of the total variance 
in surface water quality of the Calabar River (Table 1). PC1 had a strong positive loading on COD and negative 
loadings on potassium and Cu. PC1 was responsible for 14.4% of total variance and epitomized organic 
pollution. The parameters on PC1 indicate decrease in rock mineral pollution and an increase in organic 
pollution. On PC2, strong positive loadings were found on BOD, Fc and Na. the parameters on the component 
reveal increase in organic waste and human sewage. This component was responsible for 14.1% of the variance 
in water quality. PC2 could be said to represented human and industrial pollution. PC3 had strong positive 
loading on temperature and pH; and was responsible for 13.6% of total variance. The parameters on this 
component indicate reduction in water flow and increase in organic waste discharge. PC3 typified anthropogenic 
activities on the surrounding area. PC4, which also explained 13.6% of the total variance, had strong positive 
loadings on Zn and THC.  

These parameters indicate increase in metal and oil pollution. Hence, PC4 represented oil pollution. PC5 
exemplified inorganic and organic pollution and explained 12.3% of the total variance. It had a strong positive 
loading on TDS and conductivity. The parameters on this component show increase in dissolved substances 
(household and agricultural wastes). PC6 had strong negative and positive loading on Mn and calcium 
respectively; and was responsible for 11.2% of total variance. This component explained atmospheric and 
industrial pollution. The parameters on this component show increase in metal waste as a result of industrial 
activities. PC7 explained 9.7% of the total variance and had a strong positive loading on DO and a moderate 
negative loading on salinity. The parameter on this factor indicates increase in organic wastes in the within and 
around the River’s catchment. This factor represented sewage and industrial pollution. Furthermore, PC8, which 
explained 9.3% of the total variance, had a strong negative loading on phosphate. This factor represented 
agricultural pollution. The extracted components therefore identify organic pollution, human and industrial 
pollution, anthropogenic activities, oil pollution, inorganic and organic pollution, atmospheric and industrial 
pollution, sewage and industrial pollution and agricultural pollution as principal factors responsible for the 
pollution of the Calabar River in the dry season. 

 
Table 1: PCA rotated water parameters in the dry seasona 

 Principal components

 1 2 3 4 5 6 7 8 

COD  .925 .138 -.213 .126 -.116 .026 -.070 .151

Potassium -.760 -.029 .064 .155 -.297 .322 -.232 -.031

Cu -.759 -.080 -.234 .203 .005 -.093 .329 -.450

BOD  -.017 .899 -.155 .024 .021 .399 -.066 -.041

Focal coliform (Fc)  .329 .854 .126 -.051 -.075 .013 .204 .285

Na -.170 .844 .454 -.015 -.072 -.148 -.083 .115

Hardness  .623 .680 .225 .008 .180 -.025 .055 -.226

Temperature  .139 .163 .922 .252 .012 .041 -.083 .165

pH  -.124 .226 .716 .083 .262 .207 .244 -.462

Ammonium .459 -.088 -.696 .197 .118 .489 -.039 -.016

Mg .293 .477 .504 -.417 .222 .043 .253 .376

Zn .330 .020 .040 .866 .250 .256 .046 -.078

THC  -.154 -.154 .174 .863 -.075 .049 -.321 .258

Pb  -.458 .234 .127 .695 .155 -.181 .390 .148

Fe  .153 .186 -.029 .621 -.338 -.472 .225 -.386

Sulphate  .370 .428 -.104 -.598 .163 .226 .142 .344

TDS -.067 .001 .249 -.008 .961 .069 .016 .071

Conductivity .138 .016 -.166 .120 .934 -.045 .110 .179

Nitrite  -.069 .028 .468 .143 -.606 .309 .499 .089

Mn  .191 .004 .213 .041 .161 -.898 .239 .163

Calcium  .093 .258 .230 .047 .034 .890 .157 .080

DO  -.136 -.007 .120 -.024 -.017 -.167 .911 -.322

Salinity -.236 -.120 .613 .140 -.147 -.124 -.702 -.048

Phosphate  -.200 -.306 .000 -.199 -.285 .008 .241 -.828

Transparency  .197 .014 .181 -.451 .510 -.313 -.136 .581

Eigenvalues 3.598 3.523 3.392 3.391 3.064 2.796 2.425 2.324

% variance 14.390 14.090 13.568 13.563 12.257 11.184 9.700 9.298

Cumulative exp.  14.390 28.481 42.049 55.612 67.869 79.053 88.753 98.050
athe underlined coefficients are considered significant 
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PCA for wet season: 
 
PCA of the 25 parameters resulted in seven principal components (PCs) explaining 94% of the total 

variance in surface water quality of the Calabar River in the wet season (Table 2). On PC1, strong positive and 
negative loadings were found on magnesium and conductivity, while moderate negative loadings were found on 
THC and potassium. PC1 was responsible for 20.6% of total variance and represented runoff from chemical 
weathering. The parameters on this component indicate decrease in hydrocarbon pollution. On PC2, a strong 
positive loading was found on Pb and a moderate positive loading on DO. The parameters on this component 
show increase in industrial and organic waste pollution. This component was responsible for 16.1% of the 
variance in water quality and it explained runoff from industrial waste. PC3 had a strong negative loading on 
nitrite as well as strong positive loadings on salinity and COD; and was responsible for 15.4% of total variance.  

The factors on these components indicate decrease in agricultural pollution and increase in sodium and 
organic waste from industries like Dangote’s salt company. PC3 typified runoff from industrial wastes on the 
surrounding area. PC4 which explained 12.4% of the total variance had a strong positive loading on Zn and a 
moderate positive loading on BOD. These parameters show increase in the discharge of industrial waste. This 
factor represented runoff from industrial waste and steel plants. PC5 stood for runoff from human sewage and 
explained 11.6% of the total variance. It had strong positive and negative loadings on Fc and TDS respectively. 
The parameters in this component show decrease in agricultural and industrial effluents, but an increase in 
human sewage. PC6 had a strong positive loading on Fe and was responsible for 8.9% of total variance. This 
parameter indicates increase mine wastes. This component explained runoff from industrial mines sites.  

 
Table 2: PCA rotated water parameters in the wet seasona 

 Principal components 

 1 2 3 4 5 6 7 

Magnesium  .973 .123 .079 -.108 .034 .021 -.083 

Conductivity -.969 .030 -.159 -.164 -.015 .064 .017 

THC -.793 -.236 .112 .326 .169 -.002 .040 

Potassium .756 -.057 .400 -.361 .097 .035 .350 

Phosphate  .564 .368 .554 .096 .029 .123 .344 

Mn  .516 .491 .105 -.421 -.057 .504 -.020 

Pb  -.070 .932 .139 -.233 -.098 -.047 -.076 

DO .288 .767 -.250 -.228 -.121 .422 .098 

Sodium  .390 .674 .433 -.209 .223 .102 -.316 

Sulphate  .237 -.659 -.144 -.193 .384 .249 .207 

Cu -.384 -.632 -.198 -.214 .190 -.239 -.079 

Nitrite  .034 .188 -.883 .183 .039 -.022 -.252 

Salinity  .079 .201 .854 -.313 -.068 .195 .193 

COD  .208 .329 .833 .061 -.221 .128 -.282 

pH  -.150 -.478 -.633 .050 -.267 .299 .142 

Zn  -.248 .122 -.317 .871 -.085 -.045 .077 

BOD  -.011 -.434 -.197 .793 .242 .093 .046 

Ammonium  .551 .091 -.105 -.562 .530 .210 .102 

TDS  -.040 .152 .099 -.061 -.952 -.089 -.064 

Fc  -.105 -.115 .038 .007 .947 .109 .034 

Fe  .132 -.041 .303 .203 .260 .863 .124 

Temp  .518 -.159 .115 .416 -.198 -.677 .002 

Hardness  -.078 -.137 .333 .363 -.053 -.004 .824 

Calcium  .519 -.266 -.158 -.198 .250 .135 .699 

Transparency .172 -.248 -.038 .411 -.372 -.448 -.598 

Eigenvalues 5.157 4.035 3.859 3.093 2.887 2.226 2.179 

% variance 20.627 16.141 15.437 12.372 11.547 8.906 8.716 

Cumulative exp.  20.627 36.767 52.204 64.576 76.123 85.029 93.745 
athe underlined coefficients are considered significant 

 
PC7 explained 8.7% of the total variance and had a strong positive loading on total hardness. It reveals 

increase inorganic chemicals from industries and runoff from agricultural soil. This factor represented runoff 
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from inorganic chemicals and metallic cations from the surrounding environment. The PCA result therefore 
identify runoff from chemical weathering, runoff from industrial wastes, runoff from industrial waste and steel 
plants, runoff from human sewage, runoff from industrial mines sites and runoff from inorganic chemicals and 
metallic cations as factors responsible for the pollution of the Calabar River during the wet season. 

 
Results of discriminant functions: 

 
The total variance percentage and eigenvalue of the function are given in Table 3. As noted earlier, the 

maximum number of discriminant functions produced is the number of groups minus 1. In this study, there were 
two groups (dry and wet season), so only one function was displayed and it provided an index of overall model 
fit which was interpreted as being the proportion of variance explained (R2). In Table 3, the only displayed 
discriminant function accounted for the overall variance in water quality of the Calabar River in both seasons. 
The function accounted for 100% of the variance in water quality in both season. Therefore, using the only 
displayed function, the parameters which had the highest effect on the grouping could be determined.  

 
Table 3: Eigenvalues and percentage variance of discriminant function 

Function Eigenvalue % of Variance Cumulative % Canonical Correlation 

1 531.427a 100.0 100.0 .999 

 
The result of Wilk’s Lambada shown in Table 4 indicates the significance of the discriminant function. It 

indicates that the only displayed function was highly significant (P <. 000) and revealed that 99.8% of the 
variability in water quality was explained by the function. The unexplained variation was very low (0.2%), 
meaning the function is dependable. 

 
Table 4: Results of Wilks' Lambda test 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 .002 91.023 7 .000 

 
Furthermore, temporal variations in water quality in both seasons were investigated. Temporal DA was 

performed on standardized data by dividing the data set into two period groups (dry and wet season). 
Discriminant functions obtained from stepwise mode of DA are shown in Table 5. Variables were added step by 
step in stepwise mode with the more significant until no significant changes and results were obtained (Koklu et 
al., (2010). Stepwise mode discriminant functions using 25 discriminant variables presented the classification 
matrices separating 100% cases correctly as seen in Table 6. Stepwise DA shows that transparency, DO, 
salinity, calcium, magnesium, sodium and potassium were the most significant parameters to discriminate 
between the two seasons. These parameters were responsible for the temporal variations in water quality of the 
Calabar River in both seasons. 

 
Table 5: Temporal discriminant function coefficients 

 Seasons 

Parameters Dry season Wet season 

Transparency 123.081 86.958 

DO 637.699 450.969 

Salinity 347.602 226.441 

Calcium 844.154 601.052 

Magnesium -4185.535 -2976.891 

Sodium 121.113 86.950 

Potassium. -2729.687 -1886.611 

(Constant) -10974.192 -5512.773 

 
The classification results in Table 6 reveals that 100% of the water parameters were classified correctly into 

‘dry season’ and ‘wet season’ groups. Both seasons were classified with better accuracy (100%).  
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Table 6: Classification resultsb,c 

  

Group 

Predicted Group Membership 

Total   Dry season Wet season 

Original Count Dry season 10 0 10 

Wet season 0 10 10 

% Dry season 100.0 .0 100.0 

Wet season .0 100.0 100.0 

Cross-validateda Count Dry season 10 0 10 

Wet season 0 10 10 

% Dry season 100.0 .0 100.0 

Wet season .0 100.0 100.0 

a. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the functions derived from all 
cases other than that case. 

b. 100.0% of original grouped cases correctly classified. 

c. 100.0% of cross-validated grouped cases correctly classified. 

 

Results of cluster analysis for dry season: 
 
Cluster analysis was used to assemble water quality parameters into homogenous or similar groups. Cluster 

analysis was performed on water parameters for each of the seasons. It yielded a dendrogram (Figure 1), 
grouping all 24 water parameters into two statistically significant clusters. The results separated two different 
groups (clusters) along the Calabar River in the dry season. Group A: This group (cluster) had the high number 
of parameters (salinity, DO, Pb, pH, calcium, temperature and sodium). These parameters showed similarities in 
sources of pollution, which are basically from agricultural and industrial wastes. Group B had low number of 
parameters (TDS, hardness and conductivity). These parameters showed similarities in sources of pollution, in 
terms of inorganic and organic wastes. 

 
 
        0         5        10        15        20        25 
  Label     Num +---------+---------+---------+---------+---------+ 
 
  Fe         19   -+ 
  Zn         20   -+ 
  Phosphate  13   -+ 
  Mn        22   -+ 
  Nitrite    11   -+ 
  Cud        21   -+ 
  COD         8   -+ 
  Ammonium   18   -+ 
  Potassium  17   -+ 
  Magnesium  15   -+ 
  Sulphate   12   -+ 
  Fc         25   -+ 
  BOD         7   -+ 
  Salinity   10   -+-+ 
  DO          5   -+ | 
  Pb         23   -+ | 
  pH          1   -+ +--------------------------A-------------------+ 
  Calcium    14   -+ |                                             | 
  Temp        2   -+ |                                             | 
  Sodium     16   -+-+                                             | 
  THC        24   -+                                               | 
  Transp.     4   -+                                               | 
  TDS         6   -+-----------+                                   | 
  Hardness    9   -+           +----------------B-------------------+ 
  Conduct.    3   -------------+ 

 
Fig. 1: Dendrogram showing clustering of water parameters according to the surface water quality of the  
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            Calabar River 
Results of cluster analysis for wet season: 

 
The result of cluster analysis for wet season water parameters produced two groups or clusters (Figure 2). 

Group A: As usual, this group had the high number of parameters (DO, BOD, sulphate, Fc, temperature, THC, 
sodium, transparency and hardness). These parameters showed similarities in sources of pollution, which are 
basically runoff from household, agricultural and industrial wastes. Group B had only one parameter 
(conductivity). This parameter indicated runoff from organic wastes. These groups show the sources of surface 
water pollution of the Calabar River. 

 
          0         5        10        15        20        25 
  Label     Num  +---------+---------+---------+---------+---------+ 
 
  Fe        19   -+ 
  Mn        22   -+ 
  Zn        20   -+ 
  Magnesium  15   -+ 
  Potassium  17   -+ 
  COD         8   -+ 
  Ammonium  18   -+ 
  Phosphate  13   -+ 
  Cu        21   -+ 
  Nitrite    11   -+ 
  Salinity   10   -+ 
  Pb        23   -+ 
  pH         1   -+ 
  Calcium    14   -+ 
  DO         5   -+---------------+ 
  BOD         7   -+               | 
  Sulphate   12   -+               | 
  Fc        25   -+               | 
  Tempt.      2   -+               +--------------A-----------------+ 
  THC        24   -+               |                               | 
  Sodium     16   -+               |                               | 
  Transp.     4   -+               |                               | 
  Hardness    9   -+---------------+                               | 
  TDS         6   -+                                               | 
  Conduct.    3   --------------------------------B-----------------+ 

 
Fig. 1: Dendrogram showing clustering of water parameters according to the surface water quality of the  
            Calabar River 

 
Conclusion: 

 
Multivariable statistical methods were used to identify the various sources of pollution of the Calabar River. 

The results from these statistical methods show different sources of pollutants affecting the quality of surface 
water. Though, the PCA did not result in a significant data reduction, it helps to extract and identify the various 
sources of pollution responsible for the spatio-temporal variations in water quality of the Calabar River. PCA 
result for the dry season identifies organic pollution, human and industrial pollution, anthropogenic activities, oil 
pollution, inorganic and organic pollution, atmospheric and industrial pollution, sewage and industrial pollution 
and agricultural pollution as principal sources of pollution of the Calabar River. For the wet season, runoff from 
chemical weathering, runoff from industrial wastes, runoff from steel plants, runoff from human sewage, runoff 
from industrial mines sites and runoff from inorganic chemicals and metallic cations are identified as sources of 
pollution of the Calabar River.  Thus, result of PCA shows that in the dry season, the Calabar River is majorly 
polluted from residential and industrial sectors, whereas in the wet season, its pollution sources come from non-
point sources such as surface runoff from agriculture, industrial and residential areas. Indeed, for both seasons, 
the impacts of industrial and residential pollution are clearly visible. Hierarchical cluster analysis grouped 25 
water parameters into two groups of homogenous source of pollution for each season.  

For the dry season, the sources of pollution were from agricultural and industrial wastes as well as inorganic 
and organic wastes from household; while for the wet season, runoff from residential, agricultural and industrial 



3362 
J. Appl. Sci. Res., 9(5): 3354-3363, 2013 

 

wastes as well as runoff from organic waste were the sources of surface water pollution of the Calabar River. 
Discriminant analysis gave the best results both spatially and temporally. It identifies transparency, DO, salinity, 
calcium, magnesium, sodium and potassium as the most significant water parameters responsible for the spatial 
and temporal variations in water quality of the Calabar River with 100% correct assignment. Therefore, making 
inference from DA, residential and industrial wastes are typified as the major sources of pollution and 
accounting for the temporal variability in water quality; as the Calabar River is the major sink of industrial and 
municipal wastes. DA gives a significant reduction in the dimensionality of the large data set, thereby outlining 
a few indicator parameters responsible for large variations in water quality. This study therefore shows the 
effectiveness of multivariate statistical techniques in identifying sources of pollution, interpretation of complex 
data sets and understanding spatio-temporal variations in water quality.  
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