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Abstract: In view of the complexity of the processes associated to water quality, this 
study objective is to identify the main factors related to spatial and seasonal variability 
in water courses of the Lobo Stream River Basin. To this, multivariate statistical 
techniques were used. Data collection for water quality and streamfl ow variables were 
carried out monthly, from May 2018 to April 2019, at 10 monitoring points along basin’s 
tributaries. The results show that, during the dry season, the main causes for water 
quality decrease are related to erosion process on the river margins, which is intensifi ed 
by inadequate handling in livestock activities in some monitoring points. In the rainy 
season, the main causes are related to soil leaching in agricultural areas that increases 
the nitrogen compounds concentration and reduces water quality. However, in addition 
to this, it was noted that regardless the environmental conditions, the most impactful 
factor is the point pollution from the effl uent discharge of Itirapina City sewage 
treatment plant, responsible for nutrient concentration increase, organic contamination, 
OD reduction, and, consequently, water quality deterioration. With this, the study shows 
how multivariate statistical analysis enables more relevant evaluation of water quality 
data variability and supports further studies in the basin. 

Key words: anthropic activities, cluster analysis, correlation matrix, hydrological vari-
ables, principal component analysis, water pollution.

INTRODUCTION

The maintenance of social, economic and 
ecological systems depends on the availability 
of natural resources, especially water, which is 
essential for the existence of life. Water must be 
available in suffi cient quantity and in adequate 
quality to meet its multiple uses and maintain 
the proper functioning of natural ecosystems 
and associated ecosystem services (Grizzetti et 
al. 2016, MEA 2005, Pantano et al. 2016).

However, water availability and quality 
are being threatened due to human activities 
that generate multiple pressures, such as the 
dumping of domestic waste, hydromorphological 

changes, diffuse pollution of agricultural areas 
and drainage of urban areas that can pollute 
water bodies and change their ecological status 
(Grizzetti et al. 2017, Zhao et al. 2018, Mello et 
al. 2020). The increase in population, human 
activities, and demand for water, as well as 
inappropriate land use and climate change, 
are the main factors responsible for changes in 
water resources, which can compromise aquatic 
ecosystems and socioeconomic sectors that 
depend on services ecosystems provided by 
them (Tundisi et al. 2015, Bai et al. 2019, Pham 
et al. 2019).

The influence of environmental and 
hydrological variables on water quality has been 
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the subject of several studies, since it support 
water quality modeling and contribute to the 
management of river basins (Tilburg et al. 2015, 
Zhou et al. 2017). The rainfall conditions and the 
type of land use can affect the flow regime of 
rivers as well as the transport and dilution of 
pollutants, which can affect water quality.

The rainfall, and consequently flow, can 
affect the water quality and the interference can 
be examined on two aspects. The first is that the 
higher the flow, the greater the dilution capacity 
of water bodies. However, in periods of greater 
precipitation, pollutants are carried to water 
bodies by percolation of water through soil and 
by soil leaching, thus increasing the amount of 
contaminating substances in water bodies and 
reducing water quality. However, in dry periods, 
nutrients that can be carried to water bodies 
remain stored in the soil and are not carried 
away by runoff. Thus, increased rainfall can 
reduce water quality, when the effect of dilution 
is not significant (Menció et al. 2011).

In view of the complexity and the large 
number of variables associated with water 
quality, multivariate statistical techniques 
appear as important tools in monitoring and 
management of water resources. Techniques 
such as principal component analysis (PCA), 
factor analysis (FA) and cluster analysis (CA) 
have been used in several studies with the aim 
of reducing the number of data and identifying 
the main sources or factors that explain the 
temporal variations and spatial aspects of 
water quality in river basins (Barakat et al. 2016, 
Gulgundi & Shetty 2018, Li et al. 2018, Réhman 
et al. 2018). Study developed by developed by 
Rocha et al. (2014) for example, proposed a water 
quality index for the Óros reservoir, located in 
northeastern Brazil, based on PCA and other 
statistical techniques. The authors reduced the 
number of variables from 33 to 12, identifying 
those most significant for the management of 
the reservoir’s water quality.

The Lobo Stream River Basin (LSRB) has 
been presenting an increase in nutrients 

concentration and a reduction in water quality 
in its reservoir  and in its main water courses 
due to inadequate use of the soil in the region, 
agricultural activities, increase in tourism and 
discharge of domestic sewage (Moruzzi et al. 2012, 
Frascareli et al. 2018, Anjinho et al. 2020, Mizael 
et al. 2020). Therefore, due to the importance 
of LSRB for the central-eastern region of the 
São Paulo State, this study aimed to identify, 
using multivariate statistical techniques, the 
main factors related to the spatial and temporal 
variability of water quality in LSRB.

MATERIALS AND METHODS
Study area
The LSRB, object of study, is located in the 
central-eastern region of the São Paulo State, 
between the municipalities of Brotas, Itirapina 
and São Carlos and has total area of   227.7 km². 
The hydrographic network is basically formed 
by four main rivers: Lobo stream, Itaqueri river 
(with affluents Água Branca stream and Limoeiro 
stream), Geraldo stream and Perdizes stream 
(Figure 1), which drain their water towards the 
Lobo reservoir.

The climate in LSRB, according to the Köppen 
classification, is Cwa, which is characterized by 
humid subtropical climate, with dry winter and 
hot summer. The average annual accumulated 
precipitation varies from 1300 to 1500 mm, with 
greater frequency and volume occurring during 
the summer season (Alvares et al. 2013).

The main land use activities in the basin 
are reforestation, natural vegetation, pastures, 
agriculture, urban areas, low-density human 
occupation, sand mining, industry and water 
bodies (Anjinho et al. 2021).

Data base
For data collection, monthly measurements and 
samplings were carried out, from May 2018 to 
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April 2019, at 10 monitoring points along LSRB 
tributaries: Lobo stream (Lb-1, Lb-2, Lb- 3 and 
Lb-4), Itaqueri river (It-1, It-2, It-3 and It-4), and 
Água Branca stream (Ab-1 and Ab-2) (Figure 1). 
The choice to sample these water courses is 
because they are the ones that most contribute 
to the transport of pollutants to the Lobo 
reservoir, according to the literature (Moruzzi et 
al. 2012, Anjinho et al. 2020).

The points were selected in order to identify 
the spatial variability of water conditions and 
land use activities, from the source to the outflow 
of the water courses into the reservoir. Table I 
presents a brief description of the monitoring 
points.

The water quality data, pH, turbidity, 
electrical conductivity and dissolved oxygen 
were obtained from in situ measurements using 
the YSI 6820 Multiparameter Sonde. To obtain the 
other parameters, surface water samples were 
collected, which were taken to the laboratory of 

the Hydrometry Center at the Center for Water 
Resources and Environmental Studies, University 
of São Paulo (CRHEA/USP), where the physical-
chemical analysis were performed (Table II).

LSRB rivers are classified, according to 
CONAMA Resolution 357/2005, as class 2 water 
bodies, that is, water resources destined for 
domestic supply after conventional treatment, 
protection of aquatic communities, recreation 
of primary contact, irrigation of vegetables, 
fruits and public areas, aquaculture and fishing 
activities (Brazil 2005). Therefore, the parameters 
obtained at the monitoring points were 
compared to the quality standards indicated by 
the CONAMA Resolution for class 2 rivers and by 
the CETESB report- Environmental Company of 
the State of São Paulo (CETESB 2019).

In order to detect the influence of rainfall 
conditions on water quality parameters, the 
accumulated precipitation values   for the period 
of 15 days prior to the dates of data collection 

Figure 1. Location and hydrography of LSRB and monitoring points.
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were obtained. Daily data were obtained from 
the Climatological Station of the CRHEA / USP.

For data analysis, it was considered that the 
precipitation regime in the study area is divided 
in a rainy season, from October to March, and 
a dry season, corresponding the months from 
April to September.

To determine the flow (Q) at each monitoring 
point, the width between the margins and the 
depth was measured, thus obtaining the area of   
the river’s cross section. Using a current meter, 
the water velocity was also obtained. The Q was 
determined by the product of the wet section 
area and the average flow velocity of the current.

Statistical analysis
In order to analyze the data sets of the variables 
and investigate the possible sources of pollution 
in LSRB, descriptive statistical analysis, Spearman 
correlation analysis and multivariate statistical 
analysis were used, which includes principal 
component analysis (PCA), factor analysis (FA) 
and cluster analysis (CA), performed in the R 
software environment.

For distribution assessment of data 
collections, the descriptive analysis represented 
in boxplot graphics was used. This methodology 
allows the visualization of the first quartile 
(lower limit) that represents the 25% percentile 

Table I. Description of monitoring points at LSRB tributaries.

Point Description

Ab-1
Água Branca stream

Located upstream of the Sewage Treatment Plant (STP) in the city of Itirapina. Presence of 
urban areas on the left bank and forestry on the right bank.

Ab-2
Água Branca stream

Located downstream from the STP in the city of Itirapina. Presence of riparian forest on 
the river banks, and silviculture activities and fragments of cerrado near the stretch.

It-1
Itaqueri river

Closest point to the source of the Itaqueri river. It presents changes in the river channel 
and livestock activities in the surroundings. There is no presence of riparian vegetation in 

this stretch.

It-2
Itaqueri river

Located in rural area. It presents riparian forest in the stretch, in addition to forestry and 
livestock activities nearby.

It-3
Itaqueri river

Located in the floodplain area of the Itaqueri river. It has pasture and forestry areas in its 
surroundings.

It-4
Itaqueri river

Closest point to the Lobo reservoir, downstream from the sand mining company and 
upstream from STP Itirapina.

Lb-1
Lobo stream

Closest point to the source of the Lobo stream. Presence of riparian vegetation on the left 
bank and livestock activities on the right bank.

Lb-2
Lobo stream

Located in rural area. Degraded banks due to soil erosion. Presence of livestock activities 
in the surroundings.

Lb-3
Lobo stream

Presence of dense riparian forest around the point.

Lb-4
Lobo stream

Closest point to the Lobo reservoir, located inside the Ecological Station of Itirapina.

Source: Adapted from (Anjinho et al. 2020).
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of the observed data, the third quartile (upper 
limit) that represents the 75% percentile of the 
data, as well as the median, average, maximum, 
minimum, and outliers.

The observation of outliers in monitoring 
water quality is of importance, since the 
anomalous values, extremely high or extremely 
low, which differ numerically from the rest of the 
data, can contain significant information and 
indicate possible sources of pollution that must 
be analyzed (Muñiz et al. 2012).

In order to verify the possibility of applying 
PCA to the data of this study, Bartlett’s test of 
sphericity, Kaiser-Meyer-Olkin criterion (KMO) 
and an analysis of the correlation matrix were 
previously performed.

The Kaiser-Meyer-Olkin (KMO) criterion 
assesses the correlation of the matrix by 
comparing simple correlations with partial 
correlations between variables. This statistic 

can vary from 0 to 1, with the value closest to 
“0” indicating that PCA is not adequate (weak 
correlation) and the value closest to “1” indicates 
that the use of the analysis is adequate. Values   
above 0.5 are considered acceptable for the 
application of PCA (Finkler et al. 2015, Chen et 
al. 2018).

Bartlett’s test of sphericity aims, at a 
significance level of 0.05, to reject the null 
hypothesis that says that the correlation matrix 
is   an identity matrix, which would indicate that 
there is no correlation between the variables 
and the analysis should not be performed (Chen 
et al. 2018).

After performing the KMO criterion and 
Bartlett’s test and previously analyzing the 
correlation matrix, PCA was applied to two 
data sets (dry and rainy seasons) considering 
all collections from all monitoring points. The 
technique converts the original interrelated 

Table II. Methodologies for physical-chemical parameters determination.

Parameters Unit Abbreviation Methodology

pH - pH Sonde YSI 6820

Temperature °C Temp Sonde YSI 6820

Turbidity NTU Turb Sonde YSI 6820

Electrical conductivity µS/cm EC Sonde YSI 6820

Dissolved oxygen mg/L DO Sonde YSI 6820

Biochemical oxygen demand mg/L BOD5 Incubation Method (20°C, five days)

Total phosphorus mg/L TP Method 4500 B – Persulphate Digestion

Orthophosphate µg/L PO4 Standard Methods – 1985

Nitrate mg/L NO3 Method 4500-NO3 – B (APHA, 2005)

Nitrite mg/L NO2 Mackereth, Heron & Talling, 1978

Chlorophyll µg/L Cl-a Nush et al., 1980

Total suspended solids mg/L TSS Gravimetric method

Fixed suspended solids mg/L FSS Gravimetric method

Volatile suspended solids mg/L VSS Gravimetric method
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variables into a smaller set of new independent 
and uncorrelated variables, called principal axes 
or components, which explain the data variation 
(Hongyu et al. 2015). Thus, the analysis allows to 
reduce the data set and can identify possible 
sources of water pollution (Zhao et al. 2011).

The application of PCA and FA occurs in five 
main stages: (1) standardization of values, for data 
to have zero mean and unit variation to ensure 
that all have the same weight in the analysis; (2) 
calculation of the correlation or variance matrix; 
(3) determination of eigenvalues; (4) disposal 
of components with a small proportion of the 
variation and (5) creation of the factor loading 
matrix (Finkler et al. 2015).

The CA was used for the purpose of 
detecting spatial and temporal similarity and 
separating the groups according to the similarity 
of water quality between the data collected at 
the monitoring points. The technique allows to 
classify similar variables in groups, which are 
represented by a dendrogram, which shows 
the proximity or distance between the groups 
(Hossain et al. 2015). In this study, CA was 
performed using the Euclidean distance method 
as a measure of similarity (Gulgundi & Shetty 
2018), using the agglomerative hierarchical 

method, in which, initially, each observation is 
considered individually as a group, then pairs are 
formed according to their similarities, repeating 
the procedure in new larger groups, reaching a 
single large group with all samples (Trebuňa & 
Halčinová 2013, Saxena et al. 2017). In this study, 
the WARD minimum variance technique was 
used, which aims to seek the smallest variance 
within the groups, which is measured by the sum 
of squares and then unite the groups according 
to homogeneity (Santos et al. 2017). This method 
is recommended and has been used in several 
studies (Carvalho et al. 2017, Pena et al. 2017, 
Crispim et al. 2020).

RESULTS AND DISCUSSION
Precipitation
Figure 2 shows that, considering the dry months, 
April had the highest accumulated precipitation, 
characterizing the transition from rainy to dry 
season. Among the rainy months, October 
stands out as the second month with the highest 
accumulated precipitation.

Figure 2. Accumulated 
precipitation for the 
period of 15 days before 
data collection.
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General analysis of quality parameters and 
compatibility with legislation
Figure 3 presents the results of the descriptive 
analysis of water quality parameters, 
represented by boxplot graphics. The horizontal 
lines represent the quartiles, the central 
horizontal bar represents the median value, 
the diamond represents the average value of 
the variable and the points above or below the 
central vertical lines are the outliers. The dotted 
lines represent the standards established by 

CONAMA Resolution 357/2005 for class 2 rivers. 
Differences in data behavior can be observed 
between the monitoring points.

The behavior of water temperature can be 
observed following the seasonal variation of air 
temperature, where the lowest values   occurred 
in the coldest months and the highest values   
occurred in the warmest months. It was observed 
that the points Ab-1, Ab-2 and It-1 presented 
higher mean temperature values, which may 
indicate the presence of residues in the water 

Figure 3. Boxplot graphs of the quality parameters obtained at the monitoring points.
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body. The variation in water temperature 
depends on the climatic regime, geographic 
conditions and the period of the year, and is 
also influenced by the presence of effluents and 
the characteristics of the river channel (CETESB 
2019).

All monitoring points showed average values   
below the ideal range for the pH variable (6.0 to 
9.0) indicated by the resolution (Brazil 2005). It 
is also noted the presence of an outlier at point 
Ab- 2, a value of 2.20 that occurred during March. 
Low pH values   may indicate the presence of 
domestic or industrial waste in the water body 
(Von Sperling 2005) or the presence of materials 
from riparian vegetation. However, it is also 
noteworthy that the low pH values   found in all 
monitoring points may be associated with the 
acidity of LSRB soil, a fact that has already been 
verified in other studies (Anjinho et al. 2020).

Regarding DO concentrations, it was 
observed that at points Ab-2, It-1 and It-2, more 
than 80% of the observed values   of DO were 
below the limit of 5 mg / L established by the 
resolution (Brazil 2005). Outlier values   of 0.82 
and 0.21 mg / L were also observed at points 
Ab-2 and It-1 respectively, which occurred in May.

The variation of DO in water is associated 
with climate variations, since the oxygen 
solubility depends on the temperature and also 
on the characteristics of the river channels, 
since the presence of rapids and waterfalls 
promote oxygenation due to water turbulence 
in these areas, thereby increasing the levels of 
dissolved oxygen in this environment (Nozaki et 
al. 2014). The low concentrations of DO at point 
It-1 may be consequence of a change in the river 
channel, where the water flow was interrupted 
by an artificially constructed barrier, making a 
lentic environment. This modification, together 
with livestock activity in the surroundings, 
may be responsible for the increase in organic 
matter, and the reduction of DO.

However, low concentrations of DO can 
also indicate pollution due to the presence of 
organic matter or other compounds in high 
concentrations that require the consumption 
of DO to stabilize them. This fact may be 
responsible for the reduction in DO at points 
Ab-2 and It-1 and It-2.

It is observed that most of the points 
presented average values   of EC below the level 
indicated by CETESB (2019) of 100 μs / cm, with 
the exception of Ab-2. However, it is noted 
that the point Lb-2 in November and March 
and the point It-2 in March, presented values   
above the level indicated by CETESB, indicating 
the presence of salts and, consequently, water 
pollutants.

For the suspended solids variables, there 
is no limit established by CONAMA Resolution 
357/2005, however, it was noted that the Lb-2 
point showed the greatest temporal variability 
and the highest values   among the monitoring 
points. 

Outlier values   were observed for different 
monitoring points in different months, showing 
that the variability and increase in suspended 
solids may be related to specific issues, such 
as the erosion process that occurs on the river 
banks and the intensified runoff in the rainy 
months together with improper land use around 
the points.

There is certain predominance of FSS 
compared to VSS in most observations, which 
indicates the presence of inorganic matter as 
the main portion among the material suspended 
in the water bodies.

It is observed that for the turbidity, the 
points presented average values   below the 
maximum allowed by the CONAMA Resolution, 
of 100 NTU. However, there are extreme values   
of 110.1 NTU and 123.10 NTU at points It-1 and It-2, 
and these values   were found in December and 
October, respectively. The increase in turbidity is 
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associated with an increase in the concentration 
of solids in water that occurs intensely during 
precipitation events.

The BOD5 values, for all points, were below 
the level of 5 mg / L established by CONAMA 
Resolution, with the exception of the point It-
1, which presented a value of 5.36 mg / L in 
March. It is noted that most of the points did 
not present high values   of BOD5, which means 
that they do not have high amount of organic 
matter that requires consumption of DO, unlike 
point It-1 which presents conditions of pollution 
by organic matter.

The average values   of Cl-a, from most of the 
monitoring points, were below the limit of 30 µg 
/ L established by the CONAMA Resolution, with 
the exception of point Ab-2, which presented an 
average of 44.13 µg / L, maximum value of 64.82 
µg / L and all observations above the limit.

Extreme values   of Cl-a can be observed 
at other points, above the indicated limit, 59.2 
µg / L (Ab-1 in November), 51.30 µg / L (It-1 in 
October), 36.11 µg / L (It-4 in May), 34.63 µg / 
L and 58.70 µg / L (Lb-2 in June and July). The 
high observed values   of Cl-a represent the high 
phytoplankton productivity that is stimulated by 
the high availability of nutrients, thus indicating 
the trophic level of the water.

In relation to total phosphorus, the points 
Ab-2, It-4 and Lb-1 showed an average above 
or equal the limit of 0.1 mg / L established by 
the CONAMA Resolution, being 0.45, 0.10 and 
0.12 mg / L, respectively. Besides the average 
values, values   above the limit are observed 
at point Ab-2 in all months of collection, with 
the maximum value being 0.72 mg / L and at 
points It-2 (0.19 mg / L in December, 0.38 mg / 
L in January and 0.14 mg / L in February), It-3 
(0.25 mg / L in September), It-4 (0.56 mg / L in 
May and 0.27 mg / L in April), Lb-1 (0.64 mg / L in 
January and 0.49 mg / L in February), Lb-2 (0.13 
mg / L in September, 0.14 mg / L in October and 

0.36 mg / L in February), and Lb-4 (0.20 mg / L in 
December and 0.15 mg / L in January).

The dissolved inorganic phosphorus, or 
orthophosphate, showed a maximum value 
of 427.55 µg / L, in January at the point Ab-2, 
which presented an outlier value of 642.79 µg / L 
and the highest average among the monitoring 
points. Also noteworthy is the point It-4, which 
presented an extreme value of 177.90 µg / L.

The high concentration of phosphate 
compounds  ( to ta l  phosphorus  and 
orthophosphate) is associated with discharges 
of domestic and industrial sewage with 
detergents and agricultural fertilizers. It is 
important to highlight that phosphorus is an 
essential nutrient for biological processes and 
in high concentrations it is responsible for the 
excessive growth of algae and for the water 
eutrophication process (Von Sperling 2005).

For most of the observations, the nitrate 
values   were below the limit of 10 mg / L indicated 
by CONAMA Resolution, with the exception of 
points It-3 and It-4, which presented extreme 
values   of 11.17 and 11.03 mg / L , respectively. 
However, it was noted that the Ab-2 point had 
the highest average among the points (1.98 mg 
/ L), and that all monitoring points had outliers 
in March.

Nitrite had the highest concentration (0.185 
mg / L) in December at the Ab-2 point, with this 
point having the highest average (0.135 mg / L). 
Outlier values   were observed in May (0.07 at the 
It-4 point), in October (0.006 at Lb-1 and 0.013 at 
Lb-2). However, none of the monitoring points 
showed values   above the limit of 1.00 mg / L 
established by the CONAMA Resolution.

The high concentration of nitrogen 
components is related to the release of domestic 
and industrial effluents, fertilizers used in 
agriculture, and animal excreta. Like phosphate 
compounds, nitrogen is also an indispensable 
nutrient for algae growth, and when they are 
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carried through runoff to water bodies, in 
high concentrations, they contribute to the 
eutrophication process. The presence of nitrogen 
in organic and ammoniac forms, representing 
the beginning of nitrogen oxidation, indicates 
the high oxygen consumption that will be used 
in the transformation of ammoniac nitrogen into 
nitrite and this into nitrate, which may indicate 
a degradation environment (Von Sperling 2005).

Correlation matrix
For the construction of the correlation matrix, 
the Royston test (Royston 1983) was applied, 
which is based on the Shapiro-Wilk statistics, 
to test the multivariate normality of the data. 
The test results for the two data sets (dry and 
rainy seasons) indicated that the data do not 
follow a normal distribution (α = 0.05). Thus, for 
the construction of the correlation matrix, the 
Spearman coefficient was used, which refers to 
a non-parametric correlation that measures the 
strength of the relationship between variables 
on a scale of -1 to +1.

The correlation between the variables 
obtained from data collection at all monitoring 

points, using Spearman’s coefficients, is 
shown in Figure 4a-b. The significant positive 
correlations are indicated in blue color and the 
negative in red color. The white color represents 
statistically non-significant correlations.

For the interpretation of the coefficients 
was considered: values   below 0.1 (trivial); values   
between 0.1 and 0.3 (small); values   between 0.3 
and 0.5 (moderate), between 0.5 and 0.7 (large); 
from 0.7 to 0.9 (very large) and greater than 0.9 
(almost perfect), these values   being negative or 
positive.

The FSS variable was excluded from the 
analysis, as it presents self-correlation with the 
TSS variable, since they derive from the same 
analyzed parameter.

Among the significant negative relationships, 
it is observed that the pH presented moderate 
negative correlation with the variables Q, Temp 
and TSS in the dry season. In the rainy season, 
the pH showed moderate negative correlation 
with NO3 and large negative correlation with 
Q. Similar results were observed by Alvarenga 
et al. (2016) and Ben-Eledo et al. (2017), who 
showed that the pH can be influenced by the 

Figure 4. Correlation matrix by the Spearman method for the dry season (a) and the rainy season (b).
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rainfall conditions, since in the period of greater 
precipitation and consequently higher Q, the pH 
is lower. Mendes & Ferreira (2014) found negative 
correlation between pH and precipitation and 
attributed the decrease in pH to the leaching 
of Cerrado biome soil that are naturally acidic, 
characteristic that is present in the study area 
and that can also explain the result found in 
LSRB.

Still among the significant negative 
relationships, it is important to note that in the 
dry season, there are moderate correlations 
between the DO and the variables DBO5, NO2 and 
TSS and large correlations with the variables 
EC, TP, Cl-a and VSS. In the rainy season, DO 
showed moderate negative correlation with 
TP and PO4, large with the variables Temp, EC, 
BOD5, Cl-a and TSS and very large with VSS. The 
negative correlations of DO with these variables 
in the two periods analyzed, indicate that the 
higher the DO, the lower the concentrations 
of the other parameters, since organic and 
inorganic compounds such as NO2 tend to 
decrease the levels of DO during the organic 
matter degradation process and also during 
the nitrification process. However, it is noted 
that there is a greater relationship between DO 
and VSS, since there is high consumption of 
DO in the decomposition processes of organic 
compounds. Thus, it is emphasized that DO is a 
good indicator of water quality and, at low levels, 
represents a polluted environment, mainly due 
to high concentrations of organic matter.

Negative correlations of DO with different 
variables were observed by Matta et al. (2017) 
and Chen et al. (2018) in different periods. 
However, (Barakat et al. 2016) highlighted that 
the increase in temperature is responsible for 
the reduction of DO solubility in water, thus 
decreasing its concentration, a fact that explains 
the negative correlation of DO with Temp during 
the rainy season, corresponding to the period 

with higher air temperatures and consequently 
higher water temperatures.

With the exception of DO, all other variables 
showed significant positive correlations with 
at least one other variable. In the dry season, 
there is strong positive correlation between 
the variables Q and Temp, result also found by 
found by Alvarenga et al. (2012) who pointed 
out the water temperature as the parameter 
most influenced by the seasonality of the flow. 
Also were found in this study  large positive 
correlations between NO2 and NO3 / TP / EC, 
between NO3 and TP, between TP and PO4 and 
between Cl-a and VSS / EC. Also, in the dry 
season, very large positive correlations can be 
observed between PO4 and NO3 / NO2.

Significant positive correlations between 
Cl-a and suspended solids have been found in 
other studies, where it was observed that the 
organic part of the solids, which corresponds 
to VSS, is more associated with Cl-a compared 
to the inorganic part. This relationship can be 
explained by the fact that in environments with 
certain level of eutrophication, the increase in 
solids concentration is a consequence of the 
growth of algae and some aquatic plants (Lim 
& Choi 2015, Zhang et al. 2017, Chen et al. 2018).

In the rainy season, large significant positive 
correlations were found between EC and the 
variables PO4 / NO3 / NO2 / Cl-a, between Cl-a 
and TSS / VSS, between VSS and DBO5, and very 
large correlations between variables NO2 and 
PO4, between TSS and VSS and between DBO5 
and Cl-a. The correlation between EC and PO4 
/ NO3 for the rainy season was also observed 
in Ribeiro et al. (2017) and may be related to 
leaching of soil and the transport of ions to 
water bodies, increasing the water conductivity.

Comparing the two periods analyzed 
(dry and rainy), it was observed that the high 
correlations between nitrogen and phosphate 
compounds occur for the two periods, thus 
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suggesting that high concentrations may be 
associated with point pollution from domestic 
sewage, which are responsible for the growth 
of plant biomass, causing the deterioration of 
water quality. The correlation with BOD5 is more 
evident in the rainy season, which corresponds 
to the period of higher temperature, which 
intensifies the degradation process of organic 
matter.

Principal component analysis
As shown in Table II, the KMO results for the two 
data sets have values   above 0.50, considered 
satisfactory, indicating the possibility of using 
PCA (Hair et al. 2014). Bartlett’s test presented 
a p-value <0.05, rejecting the null hypothesis 
that the correlation matrix is   an identity matrix, 
showing that the variables are correlated and 
the PCA can be applied to the data sets of this 
study.

Additionally, the correlation matrix (Figure 
4a-b) shows that there is a substantial number 
of correlations between variables greater than 
0.30, which also justifies the application of PCA 
(Hair et al. 2014).

The eigenvalues   were obtained to set 
the number of principal components and to 
reduce the number of variables to be analyzed. 
Components with eigenvalues   above 1 were 
selected for analysis (Mustapha et al. 2012, 
Barakat et al. 2016, Chen et al. 2018). Thus, for 

the dry season, the first three components were 
selected, which explained 73.75% of the total 
data variance (Figure 5a). For the rainy season, 
the first four components were selected, which 
explained 76.20% of the total data variance 
(Figure 5b).

The correlation between variables and 
principal components are represented by the 
factor loading (Tables III and IV), which were 
classified as “strong” (> 0.75), “moderate” (0.50 
to 0.75) and “ weak “(0.30-0.50) (Liu et al. 2003, 
Barakat et al. 2016). The graphs in Figures 6 and 
7 represent the principal components and the 
contribution of main variables and observations 
in data variability.

Dry season
The results obtained from the PCA, for the dry 
season, are shown in Table III and Figure 6a-d.

For the dry season (Table III), the first 
principal component (C1) was responsible for 
38.90% of the total data variance and showed 
moderate positive correlations with BOD5 and 
NO3, strong positive correlations with EC, NO2, 
PO4, TP and Cl-a, and weak negative correlation 
with DO. It can be seen in Figure 6a-d greater 
contribution of nitrogen and phosphate 
compounds, EC and Cl-a that occur for point Ab-2 
in four different months during the analyzed 
period, with no predominance of any monthly 
observation.

Figure 5. Eigenvalues   of the principal components for the dry season (a) and for the rainy season (b).
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Considering that in the dry season there is 
less influence from diffuse sources, is implied 
that C1 is mainly associated with point sources of 
pollution, mostly from the discharge of effluents 
from STP Itirapina at point Ab-2, responsible 
for the increase of nutrients in water, thus 
causing favorable conditions for eutrophication, 
increased organic matter and reduced DO.

Similar results were observed in other 
studies, which associated the first principal 

component to organic and nutrient pollution 
from domestic wastewater and water treatment 
discharges (Shrestha & Kazama 2007, Finkler et 
al. 2015).

The second principal component (C2), 
in the dry season, was responsible for 22.62% 
of the total data variance and showed weak 
positive correlation with pH,   moderate positive 
correlation with TSS and strong positive 
correlation with VSS and Turb. Still, it showed 
weak negative correlation with NO3 and 
moderate negative correlations with Q and DO. 
The greatest contribution of VSS is observed at 
the Lb-2 point in July.

Considering the negative correlation with 
Q and the non-influence of diffuse pollution, 
C2 can be attributed to the point pollution 
associated with the erosion process on the 
margins of the monitoring points, probably 
caused by the inadequate handling of livestock, 
which increases the amount of solids and Turb 
in water. The positive correlation and the greater 
contribution of VSS may be associated with 
cattle trampling on soil, which intensifies the 
erosion process on the margins, thus increasing 
the amount of solids associated with organic 
matter, possibly animal waste. The impact of 
cattle trampling on soil erosion processes on 
the margins of water bodies was also observed 
in Cerqueira et al. (2017).

The third principal component (C3), in 
the dry season, was responsible for 12.24% of 
the total data variance. This component had 
weak positive correlations with Q, TSS and 
VSS, moderate positive correlation with Temp, 
and strong negative correlation with pH. It was 
observed that there was greater contribution of 
variables TSS, VSS, Q and Temp, and negative 
contribution of pH in the points It-1, It-3 and It-4, 
in April. 

This component also represents the 
pollution generated by the presence of 

Table III. KMO criterion and Bartlett’s test of sphericity 
results for the dry and rainy seasons.

Evaluation Method Dry season Rainy 
season

Kaiser-Meyer-Olkin 0.77 0.72

Bartlett’s test of sphericity p = 0.000 p = 0.000

Table IV. Factor loading of variables and principal 
components for the dry season.

Variables C 1 C 2 C 3

Q 0.26 -0.68 0.42

pH 0.13 0.31 -0.8

Temp 0.29 -0.22 0.7

EC 0.87 0.02 -0.11

DO -0.47 -0.58 -0.16

Turb -0.02 0.82 0

BOD5 0.7 0.26 -0.12

NO3 0.75 -0.39 0.01

NO2 0.93 -0.19 -0.08

PO4 0.95 -0.16 -0.12

TP 0.88 -0.12 0.02

Cl-a 0.79 0.28 -0.07

TSS 0.04 0.71 0.45

VSS 0.25 0.82 0.36

Eigenvalues 5.45 3.17 1.71

Explained 
variance (%) 38.9 22.62 12.24

Accumulated 
variance (%) 38.9 61.52 73.75
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solids in water. However, as it showed greater 
correlation with Q, it can be said that this result 
may be associated with the high accumulated 
precipitation that occurred 15 days before data 
collection in April, responsible for intensifying 
the erosive processes and the leaching of acidic 
soil in the basin, thus increasing the amount 
of solids associated with organic compounds in 
the water body and reducing water pH.

Rainy season
The results obtained from the PCA, for the rainy 
season, are shown in Table V and Figure 7a-d.

In the rainy season, C1 was responsible for 
33.72% of the total data variance and showed 
weak positive correlations with TSS, moderate 
positive correlations with the variables VSS, 
TP, PO4, NO2, EC and Temp, strong positive 
correlations with BOD5 and Cl-a, and strong 
negative correlation with DO. The observed 
correlations indicate that C1, in the rainy season, 

represents both point pollution caused by 
wastewater, and diffuse pollution associated 
with runoff and carrying of fertilizers used in 
agricultural areas.

However, it can be seen in Figure 7a that 
the dumping of the STP Itirapina at point Ab-2 
had greater influence on data variability and 
the contribution of variables related to the 
eutrophication process occurred practically for 
the entire period analyzed.

As for the dry season, the increase in 
nutrients in water was responsible for the 
increase in plant biomass, causing favorable 
conditions for eutrophication, increased organic 
matter, reduced DO and, consequently, reduced 
water quality. Mixed pollution from wastewater 
and agricultural activities was also represented 
in the first principal component in (Zhao et al. 
2011).

Component C2, in the rainy season, 
was responsible for 21.85% of the total data 

Figure 6. PCA analysis for dry season data set showing the C1 and C2 (a); variables and sample points of C1 and C2 
with higher contribution (b); variables of the C3 and C4 (c); variables and sample points of C3 and C4 with higher 
contribution (d).
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variance showing weak positive correlation 
with DO and TP, moderate positive correlations 
with variables Q, PO4 and NO2, and moderate 
negative correlations with Turb, TSS and VSS. 
However, through the results generated, it was 
not possible to identify which observations 
(month and monitoring point) had the greatest 
contribution.

This component may be associated with the 
effect of the flow in dilution of solids caused by 
a greater amount of water, which also reduces 
Turb, in addition to showing that depending on 
the characteristics of the river channel, higher 
flow promotes oxygenation due to turbulence 
of water in these areas, thereby increasing 
dissolved oxygen levels. The increase in DO 
caused by the increase in water flow during the 
rainy season was also observed by Mustapha et 
al. (2012).

In the rainy season, C3 was responsible 
for 12.97% of the total data variance, with weak 

positive correlation with TSS and VSS, moderate 
positive correlation with Q, strong positive 
correlation with NO3 and moderate negative 
correlation with pH. This component can be 
attributed to the natural processes of runoff 
over the soil that have an acidic characteristic, 
responsible for reducing water pH . Similar 
results were observed by Barakat et al. (2016).

However, the correlation of NO3 may be a 
consequence of diffuse pollution, caused by 
runoff and soil leaching from agricultural areas 
that have extensive use of nitrogen fertilizers. 
There is greater contribution of the variable NO3 
in March in the Itaqueri River monitoring points, 
which may be a consequence of the nitrogen 
fertilization possibly carried out after planting 
eucalyptus and pine around these points. The 
cover fertilization for silviculture, in the state of 
São Paulo, is generally carried out from 3 months 
after planting, that occurs between October and 
March (Da Silva & Angeli 2006).

Figure 7. PCA analysis for rainy season data set showing the C1 and C2 (a); variables and sample points of C1 and C2 
with higher contribution (b); variables of the C3 and C4 (c); variables and sample points of C3 and C4 with higher 
contribution (d).
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According to Correa et al. (2006), NO3 is one 
of the ions that is most likely to be leached, 
since it is not adsorbed by the components of 
the soil fractions and it is easily carried to the 
water body. For this reason, nitrogen in the form 
of NO3 is one of the most important sources 
of water contamination caused by agricultural 
activities (Jadoski et al. 2010).

Component C4, in the rainy season, was 
responsible for 7.66% of the total data variance, 
showing weak positive correlation with pH,   Temp 
and NO3 and moderate positive correlation with 
EC. NO3 was also one of the variables with the 
greatest contribution to C4, occurring mainly 

at the Lb-2 point, being responsible for the 
increase of EC in the water body.

The last component also corresponds to 
mixed pollution from point and diffuse sources 
mainly associated with NO3. However, it is 
noted that this component represents milder 
pollution, where the eutrophication process has 
not occurred.

Cluster analysis
The CA was applied to classify the monitoring 
points according to their similarities in water 
quality. The dendrograms were obtained using 
the WARD method for the average data of the 
dry and rainy season, as shown in Figure 8a-b.

It is observed that for the two periods 
analyzed, there was the formation of two large 
groups that represent the similarity between 
the type and intensity of pollution. In the two 
periods analyzed, the first group was formed 
only by point Ab-2, indicating that regardless of 
environmental influences, such as precipitation 
and air temperature, this point has the worst 
water quality conditions. While the second 
group, formed by the other points, represents 
moderate pollution, in the two periods analyzed.

However, it can be seen that the second 
group presented a subdivision, where the points 
It-3, It-4, Lb-3 and Lb-4, located in the areas 
close to the Lobo reservoir, are separated from 
the others that are located in areas close to its 
sources. Still, it can be observed that among the 
points close to the springs, the points It-2 and 
Lb-2 showed greater similarity to each other.

Comparing the two periods analyzed, it is 
observed that the Lb-1 point was classified in 
different groups, being closer to Ab-2 for the rainy 
season, which can be explained by the fact that 
the runoff was responsible for the worsening of 
water quality conditions at this point.

Table V. Factor loading of variables and principal 
components for the rainy season.

Variables C 1 C 2 C 3 C 4

Q -0.15 0.64 0.51 -0.17

pH 0.18 -0.12 -0.75 0.31

Temp 0.59 -0.12 -0.22 0.42

EC 0.6 0.27 0.14 0.54

DO -0.77 0.36 -0.15 -0.22

Turb 0.2 -0.67 0.04 -0.11

BOD5 0.84 -0.11 -0.05 -0.25

NO3 -0.08 0.2 0.78 0.49

NO2 0.74 0.6 0.04 -0.18

PO4 0.72 0.58 0.01 -0.17

TP 0.63 0.49 -0.22 -0.11

Cl-a 0.81 0.06 0.02 -0.11

TSS 0.42 -0.7 0.37 -0.13

VSS 0.56 -0.69 0.32 -0.15

Eigenvalues 4.72 3.06 1.82 1.07

Explained 
variance (%) 33.72 21.85 12.97 7.66

Accumulated 
Variance (%) 33.72 55.57 68.54 76.2
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CONCLUSIONS

The analysis of water quality at LSRB monitoring 
points allowed to verify the conditions of 
water bodies over the period of 12 months. 
Regarding compatibility with the legislation, 
it was observed that points It-1, It-2 and Ab-2 
presented parameters outside the standards 
established by CONAMA Resolution 357/2005 for 
water bodies class 2.

In view of the large number of data obtained 
in the present study and the complexity of the 
variables involved in water pollution processes, 
the use of multivariate statistical techniques was 
essential for the identification of main factors 
responsible for temporal and spatial variability 
of LSRB water quality characteristics, as well as 
pointing out the possible sources of pollution in 
water bodies.

Through PCA, it was possible to identify the 
main variables and monitoring points that most 
contributed to data variability. It was noted that, 
regardless of environmental factors, one of the 
main causes is related to point pollution due 
to the discharge of effluents from the sewage 
treatment plant of Itirapina city at point Ab-2, 
responsible for the increase in nutrients, organic 
contamination, DO reduction, and consequently, 
deterioration of water quality.

In the dry season, erosion processes on 
river banks are responsible for increasing the 
concentration of suspended solids in water, 
conditions that are intensified by inadequate 
livestock management in the region. This 

impact is evident at point Lb-2. However, it is 
observed that this type of point pollution occurs 
occasionally and not throughout the year.

For the rainy season, the causes pointed 
out as responsible for the variation in water 
quality are associated with point pollution, such 
as wastewater discharge, and also with diffuse 
pollution, caused by runoff and leaching of 
agricultural areas that carry, together with solids, 
fertilizer residues to water bodies, thereby 
increasing the amount of nitrogen compounds 
and reducing water quality.

The application of multivariate statistical 
analysis showed great advantages over the 
descriptive approaches traditionally used in 
most studies, generating more significant and 
more relevant results to the understanding of 
data variability, which will complement other 
studies already carried out at LSRB that used 
simplified analysis techniques. 

In addition, it is encouraged that further 
studies are carried out and consider the use of 
statistical methodologies and the incorporation 
of other factors related to water quality, which 
were not addressed in this study, such as land 
use variables.

Finally, considering multivariate statistical 
techniques as important tools, it is expected 
that the results generated can contribute to the 
planning and management of water resources 
in the LSRB. 

Figure 8. Dendogram for spatial analysis using the WARD method for the dry season (a) and for the rainy season 
(b).
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