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Introduction 

Water is an indispensable and basic element that supports 

life and the natural environment, a prime component for 

industry, a consumer item for human beings and animals, and 

a vector for domestic and industrial pollution. Access to 

adequate water for domestic purposes, irrigation, and 

sanitation are the three basic needs that impact significantly 

on socioeconomic development and the standard of life. In 

general, urbanization, industrialization, agricultural activities, 

and tourism, as well as population growth,-and changes in 

climate and lifestyle, put increasing constraints on water 

resources and ecosystems [1].  

 Ethiopia is endowed with a number of lakes and large 

rivers, which give immense value to the overall economic 

development. For instance, the country has twelve river 

basins, eleven fresh lakes, nine saline lakes, four crater lakes 

and over twelve major swamps/wetlands. The Rift Valley 

Lakes Basin (RVLB) is a hydrologically closed basin, 

characterized by terminal lakes; those with no surface water 

outlet. Four of the seven main lakes of the RVLB are terminal 

in themselves, and those that are not (Ziway, Langano and 

Abaya) flow into terminal lakes and are thus part of a terminal 

lake system. Ethiopian Rift Valley Lakes have significant 

environmental, economic and cultural importance to the 

region [2]. 

Among freshwater resources, Lake Hawassa is one of the 

major Rift Valley lakes in Ethiopia and is used for various 

purposes by semi-urban and urban dwellers [3, 4]. It is 

considered to be the livelihood of all business created along 

the shore and plays a great role in tourism, investment, and 

biodiversity conservation. However, the lake faces a high risk 

of pollution as a result of natural activities, such as erosion 

and heavy rainfall, and anthropogenic activities, such as 

urban0ization, intense agriculture, rapid industrialization, 

growth of population, urban runoff and municipal waste, 

overfishing, grass cutting along the shores, car washing on the 

lakeshore, and horticultural farming on the lakeshore [4-10].
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ABSTRACT 

Multivariate statistics was used to categorize the potential sampling sites of Lake 

Hawassa and identify potential pollution sources by analyzing water quality parameters. 

Water quality parameters, such as total dissolved solids (TDS), pH, temperature, 

conductivity, turbidity, dissolved oxygen (DO), five day biological oxygen demand 

(BOD5), total hardness as CaCO3, total alkalinity as CaCO3, nitrate, sulfate, 

orthophosphate, fluoride, K, Mg, Cu, Cd, Cr, Fe, Mn, Pb, and Zn were determined. The 

results were compared with WHO standards. Principal component analysis (PCA) 

extracted seven principal components. The first principal component (PC1) accounted 

for 22.1% of the total variance, and pH, Mn turbidity, specific conductance (SC) and 

sulfate were strongly loaded on it. Principal component two (PC2) was mainly 

composed of BOD5, total hardness, temperature, iron, DO, and TDS. This component 

accounted for 17.3% of the total variance. The third component (PC3), dominated by 

potassium, TDS, and zinc, explained 12.4% of the total variance. Copper and fluoride 

were associated in the fourth principal component, accounting for 10.5% of the total 

variance. In the fifth component, total alkalinity, phosphate, and zinc were the dominant 

components, which account for 10.2% of the total variance. Nitrate, chromium, and lead 

were isolated in the sixth component (PC6), accounting for 9.4% of the total variance. 

The last component was dominated by magnesium, explaining 7.6% of the total 

variance. Hierarchical cluster analysis (HCA) divided the sampling sites into four 

clusters. Cluster A include five sampling sites and it was highly loaded with PC4 and 

PC6, which showed the presence of a high level of pollution from industrial effluents 

and agricultural runoff. Cluster B and C consisted of three sampling sites and one 

sampling site, respectively, and they were highly loaded with PC3 and PC6, which 

indicated the presence of a high level of pollution from domestic wastewaters, land 

development and urban runoff. Cluster D comprised two sampling sites and was highly 

loaded with all component loadings except for PC7. It was considered a highly polluted 

site from multiple sources of pollution. These results obtained from the multivariate 

analysis can be very useful for the surrounding rural and urban communities for the 

proper and safe use of the lake. In addition, it can reduce the cost associated with 

monitoring the lake by reducing the number of sampling sites.                                                                                  
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Thus, the aim of the study was to assess the current 

pollution status of Lake Hawassa and to obtain suitable 

sampling sites and identify major types of pollution using 

multivariate statistical analysis to carry out appropriate 

measures. 

Materials and Methods 

Description of the Study area 

This study was carried out in Lake Hawassa, one of the 

major Rift Valley lakes with a closed basin feature that 

receives only one perennial river from the eastern escarpment, 

TikurWuha River. It is located between 06°58′ to 07° 14′ 

North latitudes and 38° 22′ to 38° 28′ East longitudes with an 

elevation of 1680 meter above sea level. It has a total surface 

area of 90 km
2 
and a drainage area of 1250 km

2
 [11].  

Sampling, Sample preparation and Analysis 

The sampling sites were selected based on information 

available about the sampling sites. The selected sampling sites 

are shown in Figure 1. 
 

Figure 1. Location map of sampling sites at Lake 

Hawassa. 

A total of twenty two water samples were collected from 

the selected sampling sites during the wet season (July and 

August) in 2018. The samples were collected in one liter 

capacity plastic bottles after they had been thoroughly rinsed 

with the sample and preserved airtight to avoid evaporation. 

Physical parameters such as total dissolved solids (TDS), SC, 

and temperature were determined in situ using a Wagtech 

Conductivity/TDS Meter. Dissolved oxygen was also 

determined in situ using a HANA Model HI 9143 Dissolved 

Oxygen Meter. Turbidity and pH were determined onsite 

using a Wagtech Turbidimeter, and a pH meter, respectively. 

These samples were kept refrigerated prior to the analysis 

of nutrients, major ions and trace metals. Major ions’- such as 

K
+
 and Mg

2+
 and trace metals such as iron were determined 

using Photometer 7100 integrated with the Palintest system of 

water analysis. Nutrients such as NO3
-
, SO4

2-
, PO4

3-
 and F

-
 

were determined using Photometer 7100 integrated with the 

Palintest system of water analysis. Total alkalinity and total 

hardness measurements were carried out by acid titration with 

0.02 N H2SO4 and ethylenediamine tetra acetic acid (EDTA) 

titration, respectively. 

For the analyses of trace metals such as Mn, Cu, Zn, Cr, 

and Pb, 100.0 mL of unfiltered water sample was taken in a 

beaker and heated until the volume of the sample solution 

reached 20.0 mL. Then, the sample solution was cooled and 

acidified with 2.0 mL of concentrated nitric acid and made up 

to the mark with deionized water. Then, the analyses were 

completed using an atomic absorption spectrophotometer 

(Buck Scientific, Model 210 VGP Atomic absorption 

spectrophotometer, USA). 

Statistical analysis 

Descriptive statistics and correlation analysis for the selected 

physic-chemical water quality parameters were carried out. 

Multivariate Statistical Analysis  

Multivariate statistical analysis can help to simplify and 

organize large data sets to provide meaningful insights [12-

16]. In the present study, multivariate statistical analysis such 

as hierarchical cluster analysis (HCA) and principal 

component analysis (PCA) was used to evaluate the water 

quality of the Lake and identify potential sources of pollution. 

HCA was applied with the objective of grouping end-member 

samples according to their chemical similarities. PCA was 

then applied to the same subset to reveal details related to 

end-member physico-chemical characteristics. The statistical 

software package IBM
®
 SPSS statistic 20 [23] was used for 

the multivariate statistical analysis. 

Hierarchical cluster analysis (HCA) 

In [17-19], HCA is described as “an efficient means to 

recognize groups of samples that have similar chemical and 

physical characteristics. HCA is one type of cluster analysis 

that has been used to view water chemistry data for both 

surface water [17] and ground water [20]. In this study, HCA 

on the original data set, using Ward’s method as a linkage rule 

and squared Euclidean distances as a measure of similarities 

[17-19], was used to classify sampling sites. The results of a 

hierarchical clustering procedure can be displayed graphically 

using a dendrogram, which shows all the steps in the 

hierarchical procedure [21, 22, 23]. 

Principal Component Analysis (PCA) 

PCA was used to explain the variances observed in the 

data and understand the relationship between the different 

physic-chemical parameters [22, 24]. It was used to transform 

original water quality parameters into new uncorrelated 

variables called principal components (PCs), which are 

expressed as linear functions of the water quality parameters 

[25,26]. 

PCA was applied on standardized data through Z-scale 

transformation to avoid misclassification due to the wide 

difference in data dimensionality [14, 27, 31, 32]. The PCs 

were extracted on the basis of the Kaiser criterion and using a 

Varimax rotation [28-30]. Before applying PCA to the water 

quality parameter data set, the Kaiser–Meyer–Olkin (KMO) 

measure of sampling adequacy [33] and Bartlett’s tests of 

sphericity [34,35] were performed on the parameter 

correlation matrix to validate the PCA. 

The materials and methods section should contain 

sufficient details so that all procedures can be repeated. It may 

be divided into headed subsections if several methods are 

described. 

Results and Discussion 

Descriptive statistics 

The results of the analyses of the water samples from the 

study area are presented in Table 1. The mean concentrations 

of the different parameters analyzed in the samples were 

compared with the WHO standards. 
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Table 1. Summary of the physico-chemical results of the 

water samples from the study area. All units except for 

temperature (°C), Turbidity (NTUs) and SC (µS/cm) are 

in mg/L. 

 

Correlation analysis 

Pearson's correlation coefficients between the physico-

chemical water quality parameters are summarized in Table 

2. 

Table 2. Pearson correlation coefficient matrix of the 

physico-chemical water quality parameters. 
 

It can be seen that TDS had a significant positive 

correlation with temperature, and DO. In addition, the three 

parameters exhibited negative correlations with BOD5, which 

in turn was negatively correlated with total hardness. 

However, DO had shown a positive correlation with 

phosphate. pH had a significant positive correlation with 

specific conductance, whereas it showed a negative 

correlation with manganese, sulfate , and turbidity. Specific 

conductance exhibited positive correlations with DO, but 

negative correlations with manganese, and sulfate 

Multivariate statistical analysis 

Principal Component Analysis (PCA) 

PCA was conducted on the lake water data to identify the 

probable sources of water pollution. The Kaiser–Meyer–

Olkin (KMO) measure of sampling adequacy (0.612) and 

Bartlett's test of sphericity (2306.145, p is 0.000) showed that 

the water quality parameters were suitable for PCA. The 

results showed that seven PCs were extracted, which could 

account for over 89.5% of the total variation in heavy metal 

concentrations. Table 3 presents the PCs, eigenvalues, and 

cumulative percent of the water quality parameters.  

The first PC (PC1) was strongly and positively loaded with 

Mn, turbidity, and sulfate and strongly and negatively loaded 

with pH and SC with strong loadings  of 0.892, 0.872, and 

0.734, and  -0.917 and -0.871, respectively, which accounts 

for 22.06% of the total variance in the lake water. This factor 

predominantly consisted of domestic wastewaters, land 

development, and urban runoff. 

The second PC (PC2) accounts for 17.26% of the total 

variance. This component is moderately and positively loaded 

with total hardness (0.790), temperature (0.755), iron (0.703), 

DO (0.637), and TDS (0.531) and strongly and negatively 

loaded with BOD5 (-0.866). This factor was primarily 

composed of waste discharge, land development, and urban 

runoff.  

The third component (PC3), explained 12.44% of the total 

variance, and the factor is strongly and positively loaded with 

potassium (0.943), moderately loaded with zinc (0.522), and 

moderately and negatively loaded with TDS (-0.618). This 

component mainly represented influences from residential 

activities, household products, and pharmaceuticals. 

Copper (-0.898) and fluoride (0.737) were strongly and 

moderately loaded in the fourth PC (PC4), accounting for 

10.52% of the total variance. This factor was mainly 

composed of anthropogenic impacts, possibly from waste 

water disposal (human sewage, and industrial waste from 

ceramics, dyes, plastics and food processing industries) and 

overland runoff. 

The fifth component (PC5) was strongly and moderately 

loaded with total alkalinity (-0.914), zinc (-0.570), and 

phosphate (0.637), which accounts for 10.16% of the total 

variance. This factor might be due to the pollution from 

agricultural runoff and solid-waste incinerators.  

Nitrate (0.842), lead (0.556) and chromium (-0.764) were 

strongly and moderately loaded in the six component (PC6), 

accounting for 9.41% of the total variance. This latent factor 

was mostly composed of anthropogenic impacts, possibly 

from agricultural runoff, domestic wastewaters, urban 

stormwater, and land development. 

The seventh component (PC7) was strongly and positively 

loaded with magnesium (0.910), explaining 7.63% of the total 

variance. This factor consisted of the natural dissolution of 

magnesium containing minerals-rocks. 

Table 3. Principal components, eigenvalues, and 

cumulative percent for the determined water quality 

parameters. 
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PC1 and PC2 were assigned as contributions from 

anthropogenic sources such as domestic wastewaters, land 

development, and urban runoff while PC4, PC5 and PC6 

were assigned as contributions from industrial effluents, and 

agricultural runoff. PC3 was assigned as the contribution 

from domestic wastewaters, and PC7 was contributions from 

rock-water interactions. 

Hierarchical Cluster Analysis 

  HCA produced four clusters (Cluster A, Cluster B, 

Cluster C and Cluster D) based on their water quality 

similarities. One way ANOVA analysis has shown that the 

four clusters were statistically significant at the 95% 

confidence interval. The clusters were clearly different from 

each other in a dendrogram, as illustrated in Figure 2. Cluster 

A comprised five sampling sites, SLW5, SLW6, SLW8, 

SLW9, and SLW10, which were near Fikir Haik marsh, Lewi 

resort, Hawassa Referral Hospital, Loke, and Algirima, 

respectively. Cluster B included three sampling sites, SLW 2, 

SLW3, and SLW11, which  were near Tikur Wuha Lake, 

Haile resort, and the airport, respectively. Cluster C consisted 

of only one sampling site SLW1 (Tikur Wuha River) closer to 

the inlet of the river. Cluster D contained two sampling sites 

SLW4 and SLW7 that were near Fikir Haik and Amoragedel, 

respectively. 

These results indicated that HCA offered a reliable 

categorization of the studied water sampling sites of the Lake, 

and this categorization is essential to design a sampling 

strategy that can reduce the number of sampling sites and the 

cost associated with it. 
 

Figure 2. Dendrogram with an added line indicating the 

optimal stopping point of the clustering procedure. 

 Descriptive statistics for the determined physico-chemical 

water quality parameters of the identified clusters are shown 

in Table 4 and their corresponding stacked graphs are shown 

in Figure 3a and 3b.  
 

Table 4. Descriptive statistics for each cluster. 

 

In Cluster A, the highest values of temperature (25.4 °C) 

and chromium (0.54 mg/L) as well as the lowest values of 

turbidity (15.9 NTUs), BOD5 (27.1 mg/L), and sulfate (95.5 

mg/L) were recorded. However, except for the concentration 

of sulfate, the concentrations of the other parameters were 

higher than the limit of the WHO standards [36]. These are 

likely to be linked to waste discharge, failing septic systems, 

urban stormwater, land development, and deposition of 

excessive amounts of organic and inorganic matter. Other 

studies [37, 38, 39] related to these sites also indicated higher 

BOD5 and turbidity. 

 In Cluster B, the highest values of pH (9.15), SC (1983.8 

µS/cm), nitrate (5.16 mg/L), and fluoride (15.5 mg/L), were 

sewage, and industrial waste from ceramics, dyes, plastics 

and food processing industries) or overland runoff. Other 

studies related to these sites [39] also showed that the value 

of fluoride was higher than the WHO standard. 

 

Figure 3a. Mean concentration (mean ± SD in mg/L) of 

selected water quality parameters for the clusters. 

The highest values of BOD5 (76.2 mg/L), total hardness 

(67.2 mg/L CaCO3), total alkalinity (80.2 mg/L CaCO3), 

sulfate (178 mg/L), potassium (89.0 mg/L), copper (15.2 

mg/L), and zinc (17.4 mg/L) were recorded in Cluster C. The 

lowest values recorded were for TDS (428.7 mg/L), 

temperature (21.2 °C), DO (2.39 mg/L), phosphate (0.35 

mg/L), fluoride (11.6 mg/L), magnesium (23.0 mg/L), iron 

(0.24 mg/L), lead (0.04 mg/L), and manganese (0.15 mg/L).  

However, the values of BOD5, copper, zinc, phosphate, and 

fluoride were found to be higher than the limit of the WHO 

standards, and the DO value was below the limit of the WHO 

standards. 
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These might be due to effluents from pulp and paper 

mills, food-processing plants, solid-waste incinerators, 

drained wetlands, runoff from agricultural and developed 

landscapes, household products, and pharmaceuticals. Other 

studies [37, 39] related to these sites also indicated the 

highest turbidity, BOD5, fluoride, manganese and phosphate. 
 

Figure 3b.Mean concentration (mean ± SD in mg/L) of 

selected water quality parameters for the clusters. 

 In Cluster D, the highest values of TDS (1160.0 mg/L), 

turbidity (55.8 NTUs), phosphate (1.60 mg/L), magnesium 

(26.2 mg/L), iron (0.66 mg/L), lead (0.14 mg/L), and 

manganese (1.69 mg/L ) were recorded. The lowest values 

recorded were for pH (6.27), SC (792.1 µS/cm), total 

alkalinity (16.8 mg/L CaCO3), nitrate (3.03 mg/L), potassium 

(66.9 mg/L), and zinc (0.80 mg/L). 

However, the values of TDS, turbidity, phosphate, iron, 

lead, manganese, and SC were found to be higher than the 

limit of the WHO standards. These might be due to the 

pollution from deposition of excessive amounts of organic 

and inorganic matter, industrial waste discharges containing 

iron, erosion from catchment areas after storm events, land 

development, and agricultural and urban runoff. In a similar 

study [37, 38, 39], the highest values of BOD5, TDS, 

turbidity, fluoride, nitrate and phosphate were reported, which 

are similar with the recent findings. 

Factor scores for the four clusters were calculated to 

determine the level of pollution, which are given in Table 5. 

Table 5. Factor scores of the four clusters for an 

eigenvalue greater than the absolute value of 0.3. 

 

Cluster A was highly loaded with PC4 and PC6, and 

these components showed the presence of a high level of 

pollution from industrial effluents and agricultural runoff. 

Both Cluster B and Cluster C were highly loaded with PC3 

and PC6. Cluster B was also highly loaded with PC1 and PC2 

while Cluster C was loaded with PC2. These indicated the 

presence of a high level of pollution from industrial effluents, 

agricultural runoff, domestic wastewaters, land development, 

and urban runoff. Cluster D was highly loaded with all 

component loadings except for PC7. Therefore, this cluster 

was affected by multiple sources of pollution. 

Conclusions 

Multivariate statistical methods such as PCA and HCA 

are vital to assess water quality parameters and identify 

potential sources of pollution. The current study examined the 

water quality parameter data obtained from different 

sampling sites in Lake Hawassa. The paper suggests that four 

sampling sites in the Lake are adequate to evaluate and 

monitor the pollution status of the lake. In general, the lake 

water is unsuitable for drinking and it has faced many threats 

from point and nonpoint pollution sources, such as waste 

water disposal (human sewage, and industrial waste from 

ceramics, dyes, plastics and food processing industries), 

failing septic systems, urban stormwater, agricultural runoff, 

and land development. 
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