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The multivariate statistics analysis was used to analyze the correlations between 24 physical and chemical
parameters values, for raw and potable water quality characterization, using data collected monthly from a
potable water preparation plant during two years, 2015 and 2016. The t-Test (Student) and the Principal
Component Analysis were used in order to analyze if there are tight dependences between the analyzed
parameters, allowing eventually to purpose the analysis scheme schedule modification.
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The potable water quality in Romania is regulated by
the State Standard STAS 1342-91, which is in line with the
European requirements defined by Directive 98/83/CE [1].
Moreover, the detailed water parameters to be measured
and the agreed methods in this respect are precisely
defined by the Romanian Association for Standardization
and international regulations on these topics [2]. The high
number of parameters used for water characterization led
to their grouping in several categories as: organoleptic,
physical, chemical, bacteriological, biological and
radioactive ones.

The relative importance and relevance of the physical
and chemical parameters depends on their effects on the
final consumer health and comfort. This is why the
frequency and the detailed schedule the water analysis
states some parameters to be analyzed several times a
day, while others are measured once a week or even more
seldom. Even after this selection, the measurements
remain numerous and the global characterization of the
potable water quality involves a high volume of work and
costly chemicals and experimental infrastructure for the
routine analysis. It is also worth to mention that the
chemicals used to prepare the water analysis are
sometimes intrinsic toxics and their use in analysis
generates pollution of the wastewater resulted from
laboratories.

The multivariate statistics analysis method has been
elaborated in 1958 by Anderson [3], developed consistently
and later further reviewed by Schervish (1987) [4]. The
aim of the method is to allow highlighting the effects of
several variables influencing a system, relating with each
others, establish if the statistical results are or not
representative and eventually reduce the number of
variables, if there are strong dependencies in between.
Several books available in Romanian [5-7] make easier
for the Romanian reader the theoretical background used
in the results interpretation. A big number of models can
be used to perform the statistical analysis and draw results
[8], each one adapted to the specific database available
and aim of the data processing. In the literature, the
statistical interpretation on subjects similar to our approach
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is widely used in data processing concerning water quality
from different geographical areas and eventual toxic
contamination [9-16], safe CO2 sequestration within rocks
[17] with respect of water action as a solvent for this gas,
possibility of rainwater use in household applications or
agriculture [18-20] or water management studies [21-22].

Experimental part
In our work, we performed a statistical analysis of the

experimental results collected in two years of water
analysis performed at an industrial potable water
preparation plant. We were looking for tight correlations
between the analyzed parameters, allowing eventually
eliminating or thinning from the daily analysis schedule
the ones acting as dependent variables.

The interpretation of a high number of experimental
data using the statistical analysis can generate interesting,
improved results by applying the multivariate statistical
analysis techniques. The factorial analysis is used as a
multivariate statistical technique, targeting to reduce the
number of predictor variables which characterize the
quality of the potable water.

In the computer era, the mathematical models for
different data processing are integrated in specific
software, allowing fast and complex data processing and
interpretation. In our work, the SPSS 14.0 software [23]
was used to process statistically the behavior of water
parameters values, using the monthly average values during
two years (22 parameters for 2015 and 24 parameters for
2016), for raw water from an artificial lake designed for
the preliminary water clarifying procedure (denoted as RW)
and potable water, obtained after the standard
potabilization procedures applied in the plant (denoted
“PW” respectively), at Darmanesti plant from Bacãu
County. The t-Test (Student), Kaiser-Meyer-Olkin (KMO)
statistics and Principal Component Analysis (PCA) were
applied in our work.

In other words, we aim to answer if a data set of
average monthly measured experimental results of analysis
package (the 22 parameters listed in table 1 for 2015 and
24 parameters for 2016 from Table 2, as predictor
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variables), defining the basic physico-chemical behavior
of water, could be reduced to less. We strive to find out if
the data could be aggregated so as to define a number of
factors less than the number of months per year, depending
obviously on the weather conditions, undefined now in
anyway in the database. The factorial analysis purposes to
establish relations between the old variables, able to
generate a more correctly defined set of interactions than
the empirical periodical measurement procedure
(currently, the calculation of monthly average values) of
the various physico-chemical water parameters. The
present case provides an example of exploratory factorial
analysis.

In order to reach the purposed targets, we applied:
a) The comparison of the mean values   of the physico-

chemical indicators between the R and P types,
respectively, for each of the two years. The test is
statistically significant at a standard risk factor of 5%;

b) The exploratory factorial analysis, for each year and
each type of water, starting from the 22 or 24 variables
(the average monthly values   of the physico-chemical
indicators measured for each year and type of water) in
order to reduce the number of variables.

Results and discussions
The database values used in this study are displayed in

table 1 and table 2.

The values from the database indicate that the
potabilization procedure applied in the plant is efficient,
since even when raw water has poor quality regarding
some of the parameters (especially seasonal variations
related to weather), the potabilization procedures brings
the water within the respective parameters values in the
proper ranges for potable water. Therefore, our study could
just confirm the obtaining for the whole observed period
the obtaining of good potable water.

When performing the t-Test for independent samples
from raw water (R/RW) and potable water (P/PW), the
variables were treated as independent samples. The mean-
group is the average value of the group/sample, t is the
value of t statistic (Student), df is the number of liberty
degrees associated to t-test and p is the significance level
of the test. The mean values of each group, t-value, df an p
are diplayed in table 3 and table 4 for the years 2015 and
2016, respectively.

The values from the tables 3 and 4 show that the test
is, respectively, statistically significant in 10 of the 22
comparisons (lines in Bold) for year 2015 and in 12 from
24 comparisons (lines in Bold) for year 2016 and is not
statistically significant in the other 12 cases. The highest
differences are found, respectively, in the 2015 series for
the Permanganate Index, pH and Total Iron and,
respectively, in the 2016 series for the same indicators
together with Ammonium. Between the pairs of values of

Table 1
DATABASE FOR WATER QUALITY PARAMETERS IN 2015
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Table 3
t-TEST (STUDENT) COMPARING THE VALUES OF THE PARAMETERS OF PHYSICO-CHEMICAL ANALYSIS   BETWEEN R AND P WATER (2015)

Table 2
DATABASE

FOR WATER
QUALITY

PARAMETERS
IN 2016
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Table 4
t-TEST (STUDENT) COMPARING THE VALUES OF THE PARAMETERS OF PHYSICO-CHEMICAL ANALYSIS   BETWEEN R AND P WATER (2016)

Table 5
TOTAL VARIANCE EXPLAINED

FOR R (2015) SAMPLES
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the above mentioned indicators, the values of the t-test
are the most significant, since in these cases, the risk
coefficient used for the comparison had been decreased
from 0.05 to  0.01 or even 0.001, which means t-test
statistically significant even at 0.001 (p < 0.001).

In the beginning, the opportunities of applying Principal
Component Analysis (PCA) should be assessed [5]. The
application of PCA should fulfill a series of conditions:
Coakes’ criteria - at least 5 subjects per variable, a sample
of 100 subjects (acceptable) or 200 subjects (preferably).
On another hand, Steiner and Gorsuch [6] recommend 10
cases per variable when the sample is less than 100 cases.
In our case, we have 23 subjects/12 variables, both for P
and R series and both years). Howitt and Cramer [7]
recommend 2-3 times more subjects (cases) than the
number of variables. In the present study, the variables are
values of the physico-chemical indicators, measured on
each of the two types of water. Thus, certain grounds do
not recommend the use of PCA. Total Variance Explained
for P (2015) and R (2015) samples is presented in table 5
and table 6, respectively.

The value of the correlation matrix determinants (1.55
E-035 for the R series and 4.98 E-040 for P series) is lower
than E-005, indicating that the variables correlate very
strongly and the risk of multi-colinearity is a contraindication
for the method. According to tables 5 and 6, in the case of
R (2015) and P (2015), only one factor is extracted,
therefore the method is rejected.

Testing the independence of the investigated variables
is necessary; therefore, the following hypotheses are
formulated: H0= the hypothesis of independence, when
the matrix of correlations is a unit matrix; H1= the
addiction hypothesis.

The choice of one of the two hypotheses that exclude
each other is based on the KMO and Bartlett test (table 7).

The result of the Bartlett sphericity test with a
significance level p < 0.001 shows that the correlation
matrix differs significantly from the unit matrix (in which

the variables would not correlate with each other) and the
variables are suitable for factorial analysis; the data set
confirm the choice of the hypothesis H1 against the H0.

Another possibility for the adequacy verification of the
factorial analysis for the data set of sample R (2016) is
applying the Kaiser-Meyer-Olkin (KMO) statistics as a
measure to select a representative sample, the value should
be higher than 0.5 (in our study the value is 0.770). Thus,
the existence of significant statistical connections is
proven and the PCA can be applied.

However, the value of the correlation matrix
determinant (3.26 E-033) is less than E-005, which bring
the risk of multicollinearity for the sample R (2016) and is
a contraindication for applying this method. Discussions
on the Bartlett and KMO tests are, however, encouraging
to perform the PCA.

According to table 8, in the case of 2016-R, two factors
are extracted. The way of grouping (rallying) the 12 initial
variables (months of 2016) in two new derived variables,
referred further on to as factors, is discussed subsequently.

Figure 1 shows the values of the own vectors
(eigenvalues) associated to each of the 12 former variables.
The existence of only two clearly defined factors is
observed, with eigenvalues of 9.83 and 1.84, respectively.

In table 9 are presented the variance values of the new
variables, since after the application of PCA standardized
variables, mean zero and variance one are obtained.

The values in table 9 are the square values of the
multiple correlation coefficients between the variable and
the factors (more precisely, R2 from the multiple regression
where the studied variable plays the role of the dependent
variable and the extracted factors play the role of the
independent variable).

Based on the result of figure 2, the results from 12
months 2016-R are grouped in two unequal groups
conventionally named hot and cold, depending on the result
of the factorial analysis. The purpose of this procedure is to
assign to the temperature the role of predictor, which is

Table 6
TOTAL VARIANCE

EXPLAINED FOR P
(2015) SAMPLES

Table 7
KMO AND BARTLETT’S TEST FOR R

(2016) SERIES OF SAMPLES
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Table 8
TOTAL VARIANCE EXPLAINED

FOR R (2016)

Table 9
VARIANCES OF THE STANDARDIZED VARIABLES

Fig. 1. Extracted factors and corresponding eigenvalues

Fig. 2. Positions of former variables on the first two factorial axes

grouping all the physical-chemical analysis results from
the 2016-R data set into two large categories, the
temperature averages being responsible for a statistically
significant difference.

Table 10 is evidencing the hot and cold labels for 12
months obtained for raw water set, based on factorial
analysis.

When performing the t-test between the two
temperature subgroups, the obtained results are presented
in table 11.

The t test is statistically significant at a standard risk
factor of 1% (t = -3.288, p <0.01). Therefore, it is justified
to attribute the hot and cold characteristics for the 12
months from the set 2016-R; the temperature is, in this
case, only a predictor of the data packet separation in two
distinct entities.

The results obtained for Total Variance Explained for
potable water (2016 samples) are included in table 12.

As in the cases of R (2015) and P (2015) sample series,
the value of the correlation matrix 1.71 E-032 is lower than
E -005 indicates that the variables correlate strongly
between each other, meaning that there is risk of multi-
colinearity. According to Table 12, in the series P (2016)

Table 10
ASSIGNING HOT AND COLD LABELS FOR 12 MONTHS (DATA SET R (2016)) BASED ON THE FACTORIAL ANALYSIS
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only one factor is extracted, therefore the method is
rejected.

Such type of extended and deepened statistical
analysis is used in many fields and is absolutely necessary
for data processing [24-43], related also to environmental
issues [44-57]. Resolving the environmental issues induced
by pollution will increase the quality of human life, as well
as of the environment [58].

Conclusions
The databases used for this study confirms in a

synthetic and easy-to-follow manner the proper efficiency
of the treatment procedure for good quality potable water
preparation in the potabilization plant.

The statistic significant differences between the water
types R and P, investigated by applying the t-test (Student),
appear in just over half of analyzes. Among the subsets of
R and P, there exist statistically significant differences in
about half of the tested physical and chemical indicators,
in terms of the result of the t (Student) test, both for 2015
and for 2016.

For samples/data sets 2015-R, 2015-P and 2016-P, the
performing of Principal Component Analysis (PCA) show
that the values for the investigated indicators do not group
with each others.

For the 2016-R data set sample, the values determined
for the water quality indicators values could be grouped in
two categories named hot and cold, labeled in general as
connected to climatic differences (temperature). The
assignment of October and November in the hot range,
and of April, May and September in the cold area,
respectively, is related to the temperature characteristics
of 2016 and falls into the theoretical predictions provided
by the factorial analysis.

In conclusion, the processing of the water parameters
values from the database highlighted that the correlations
between the analyzed parameters were not strong enough
to allow the re-scheduling of some analyses more seldom
than regulated now.

Table 11
t-TEST (STUDENT) FOR COMPARING THE

ANALYSIS OPERATION TEMPERATURE, SERIES
2016-R

Table 12
TOTAL VARIANCE
EXPLAINED FOR

2016-P
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