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CORRELATION AND REGRESSION 

ANALYSIS IN ASSESSING THE 

RELATIONSHIP BETWEEN 

WATER INDICATORS: A BRIEF 

DESCRIPTION OF LONG-TERM 

MEASUREMENT DATA FROM 

BIOSENSORS

The object of the study is the method for assessing the relationship between the results of long-term observations of water parameters 
obtained by the method of combined measurements by a biosensor system. The biosensor system is designed for the combined measurement 
of five water parameters based on physical value sensors. In the paper, the problem under consideration quite fully levels out a significant 
limitation of the known solutions designed for the simultaneous measurement of three or four water parameters. Existing approaches in 
their structure combine less than five biosensors-sensors, which significantly limits the simultaneous measurement of five water parameters.

One of the main and principal results of the paper is the development of a statistical model for assessing the relationship between 
the combined measurements of five water parameters. It was revealed that among the five measured parameters, the most influential 
predictor for acidity, conductivity, turbidity and oxidation-reduction potential is water temperature. The established significant and 
non-random relationship between the parameters is mainly associated with the effect of temperature on the physical processes occurring 
with an increase and decrease in water temperature depending on the observation time. These estimates demonstrate a higher, statisti-
cally significant relationship between the measurement information data. This is achieved by implementing the method of aggregate 
measurement of water parameters: temperature, acidity, turbidity, conductivity, oxidation-reduction potential.

The efficiency of the statistical model is confirmed by calculating the correlation coefficient based on the Pearson method and the 
coefficients of determination and reliability of the model. The regression model can be used in practice in developing new or improving 
known measuring systems and control devices to increase the reliability and effectiveness of water quality control.
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1. Introduction

Water is one of the main vital elements in living systems and a re-
source for terrestrial and aquatic ecosystems, and its quality is affected 
by various anthropogenic and environmental factors that alter its physi-
cal, biological and chemical properties. The three types of water pro-
perties listed above are evaluated by measuring indicators based on 
a class of analytical control methods. These methods include chemical, 
physicochemical, and physical analyses. Biological and chemical pro-
perties are assessed for the presence of bacteriological contamination, 
identification of chemical compounds, including macro- and micro-
nutrients, while the assessment of physicochemical properties is aimed 
specifically at identifying processes that may occur specifically in the 
aquatic environment [1–14].

Physicochemical analysis methods at the present stage of research 
are implemented by measuring a number of quantitative indicators based 
on biosensors that have the ability to fully reflect water quality in order 
to identify processes occurring specifically in the aquatic environment. 

Therefore, research aimed at studying the physicochemical properties 
of water based on an intelligent multisensory – biosensors system that 
increases the information content of cumulative measurement data and 
the effectiveness of monitoring is a modern scientific and technical task.

Monitoring of water parameters based on an intelligent biosensor 
system is a critical moment for timely control of water pollution, the 
importance of which lies in its innovative approach to monitoring using 
specialized biosensors. It is important to note that traditionally used 
methods of monitoring water indicators require significant resources, 
time and specialized analytical measuring equipment, which limits 
their availability, especially in remote regions and places.

In reviews [8, 9], it is noted that one of the main and important tasks 
of water quality control when measuring indicators is the study and 
search for predictors that reflect physical processes. Taking into account 
the noted, in numerous studies [6–14] the main attention is paid to the 
importance of forming a set of measurements based on the development 
of a measuring system in order to search for predictors and assess the 
relationship of indicators characterizing the physical processes of water.
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In work [7], an experimental setup was developed for analytical 
control of physical processes of water, combining in its structure tem-
perature, turbidity and acidity sensors on a modern element base, an 
ATMega2560 microcontroller and an Internet of Things module. The 
implementation of the setup made it possible to state the fact of the 
influence of temperature and turbidity on water quality.

In works [6, 10–13], a measuring system for water quality control 
was developed, containing sensors of physical quantities, characte-
rized in that sensors for determining the oxidation-reduction potential 
of water, a conductivity sensor and a microcontroller in combination 
with a module for wireless data transmission to a cloud service for 
subsequent analysis using artificial intelligence methods are addition-
ally installed.

The works [8, 9] show that a measuring system combining in its 
structure sensors measuring parameters based on potentiometry and 
optical turbidometry, combined with each other, allows obtaining water 
quality control results during analytical control.

The conducted analytical review of the literature revealed [1–13] 
that in recent years, work in this direction has been carried out on the 
development of a multisensor system in combination of three or four 
sensors – biosensors. Researchers involved in the development of 
a control system based on three sensors mainly select the parameters 
of acidity, turbidity and temperature, while another group of resear-
chers expands these parameters by adding a sensor – biosensor and 
measuring the oxidation-reduction potential or temperature. One of 
the main features of the listed multisensor systems is that it is impos-
sible to simultaneously measure the oxidation-reduction potential 
and temperature, on which the quality of water depends. For example,  
in works [6–14] it is noted that the measured water temperature to-
gether with the above indicators can be considered as an energy mea-
sure of water molecules, affecting the physicochemical properties of 
water, thereby its quality.

The development of a model for assessing water quality by moni-
toring indicators is carried out using artificial intelligence methods.  
It is known that the use of artificial intelligence methods makes it pos-
sible to increase the reliability of the observed object and develop 
a predictive model for water quality assessing. According to scientific 
data [2, 8], a prediction model for water quality assessment is developed 
using artificial intelligence techniques such as linear and nonlinear 
regression in conjunction with the empirical mode decomposition ap-
proach. The hybrid implementation of the considered methods makes 
it possible to develop a mathematical model describing the relationship 
between the physical and chemical parameters of water. In addition, 
the method of empirical mode decomposition of measured indica-
tors (DMI) – empirical modal decomposition of measurement results 
and various modifications of this method causes the Gibbs effect [15]. 
As a result, the process of developing an evaluation model based on the 
artificial intelligence method becomes more complicated.

In the paper under review, an artificial intelligence method is pro-
posed – a model of water quality assessment based on linear regres-
sion. This method is characterized by efficiency and high sensitivity 
to the analyzed data that does not require specific machine learning 
of samples from different observation objects [16, 17]. Thus, the aim of 
this research is to develop a regression model that assumes the relation-
ship between water quality indicators. The peculiarity of the reviewed 
article from the previous publication [16, 17] is that temperature factor 
effects on water quality indicators in autumn and spring months are 
illustrated together based on the linear regression method.

2. Materials and Methods

This section of the paper presents the development of the hardware 
part of a measuring system designed for a comprehensive analysis of 
water quality. The material is a set of aggregate measurements of water 

parameters, measured and formed at the output of the developed multi-
sensor control system equipped with five physical quantity sensors.  
The set of aggregate measurements of these water parameters is formed 
on the basis of the developed multi-sensor control system in [16, 17]. 
The multi-sensor system performs measurements of temperature, 
formazine turbidity, acidity, conductivity, and redox potential. The 
development is based on the ATmega2560 microcontroller, which en-
sures data collection and processing. The obtained data is transmitted 
wirelessly via IoT devices to a cloud service. Subsequently, the infor-
mation is sent to a dedicated mobile application Blynk for convenient 
monitoring and analysis.

The described microcontroller features make it possible to collect 
combined water measurement data and apply it to remote data trans-
mission using special wireless modules. This is evidenced by recent 
scientific publications [1, 2, 6, 7, 9, 12–14].

Measurements of combined water indicators were carried out in 
the autumn and spring months in the water area of the Almaly River 
in Almaty (Republic of Kazakhstan) based on the developed measure-
ment system in scientific articles published in previous years [16, 17]. 
The design of the water indicators control in autumn and spring months 
are illustrated in Fig. 1.

 

Months of 
monitoring

Autumn

September, 
n = 1·104

October, 
n = 1·104

November, 
n = 1·104

Spring

March, 
n = 1·104

April, 
n = 1·104

May, 
n = 1·104

Fig. 1. The design of water indicators in autumn and spring

In the paper, the first monitoring of the autumn months was con-
ducted from 1 to 30 September, the second monitoring was conducted 
from 1 to 31 October and the third monitoring was conducted from 1 
to 30 November, as shown in Fig. 1. The first observation in the spring 
months was from 1 to 31 March, the second from 1 to 30 April and the 
third from 1 to 31 May. The number of measurements of each of the five 
water indicators we mentioned above exceeds n = 10000 and consists 
of heterogeneous differences. The set of combined measurements thus 
formed is based on the development of a mathematical model.

It is known that the most sensitive and predictable indicator of 
the process of variation of the properties of substances and materials 
in the development of a regression model is the average value of the 
measurement result. 

In this regard, this paper justifies the calculation and estimation 
of the mean value of results consisting of more than n = 10,000 mea-
surements for the development of a linear regression model for water 
quality assessment. The result of the regression model development is 
presented in the next section of the paper.

The correlations between the measurements were assessed using 
Pearson’s method and were performed as follows:



 

 

r
n q n q n q n q

n q n q
ij

i
i i

i
j j

q

N

i
i i

=
− −

−

=
∑( ( ) ( ))( ( ) ( ))

( ( ) ( )) (

1

2 nn q n qi
j j

q

N

q

N

( ) ( ))
,

−
==

∑∑ 2

11

 (1)



INFORMATION AND CONTROL SYSTEMS:
SYSTEMS AND CONTROL PROCESSES

51TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 1/2(81), 2025

ISSN-L 2664-9969; E-ISSN 2706-5448

where ni
i  – current value of i-th indicator; n i  – average value of  

i-th indicator; ni
j  – current value of j-th indicator; n j  – average value 

of j-th indicator; n – number of measurement samples.
Interpretation of the strength and direction of the relationship was 

carried out using a Chaddock specialized evaluation scale, where the 
relationship is considered noticeable at values of Pearson correlation 
coefficient r = 0.3–0.7, at r = 0.7–0.9 high and at r = 0.9–1 very high [15]. 
The difference of indicators is considered statistically significant at the 
level of p = 0.05 for the confidence interval with reliability P = 0.95, 
respectively in the assessment of measurement results.

3. Results and Discussion

In regression analysis, the water quality assessment model is sub-
divided into linear, non-linear and logistic analysis depending on the 
results of measuring the combined indicators [8]. The listed methods 
of analysis allow developing a water quality assessment model with 
a certain degree of reliability that can be quantitatively characterized. 
According to the results of the study [17], the reliability of the model in 
this analysis is described by the relationship between the observed and 
predicted values through the coefficient of determination R2, signifi-
cance level p-value and correlation coefficient r.

The results of computations demonstrated that the average values 
of indicators for autumn and spring months linearly rise and fall de-
pending on water quality. The obtained result allows to justify the selec-
tion of linear regression in order to build regression dependence and 
assess the relationship of indicators using the method of least squares. 
Fig. 2–5 below show the results of regression dependence of water qua-
lity indicators on the base of scattergram.

a b

Fig. 2. Dependence of temperature effect on acidity:  

a – by autumn months; b – by spring months

a b

Fig. 3. Dependence of temperature effect on conductivity:  

a – by autumn months; b – by spring months

a b

Fig. 4. Dependence of temperature effect on turbidity:  

a – for autumn months; b – for spring months

a b

Fig. 5. Dependence describing the influence of redox potential with 

temperature: a – by autumn months; b – by spring months

The proposed results of the dependence in Fig. 2–5 indicate that 
in the analyzed water samples due to the increase in temperature the  
values of acidity, conductivity and formazine turbidity of water de-
crease, so depending on the observation time the value of redox pro-
cesses of water increases. The model of analyzed water samples de-
scribing the influence of the predictor – temperature on acidity рН, 
conductivity С, formazine turbidity FT and redox processes е is written 
by linear regression equation and determination coefficients R2 and 
correlation r, as well as significance level p-model as follows:

– Fig. 2, а:

рНautumn = –0.5922t+9.732; R2 = 0.995; r = –0.997; p = 0.0414;

– Fig. 3, а:

Сautumn = –9.283t+127.885; R2 = 0.998; r = –0.999; р = 0.022;

– Fig. 4, а:

FTautumn = –0.376t+5.003; R2 = 0.791; r = –0.889; р = 0.302;

– Fig. 5, а:

еautumn = 114.571t+4.678; R2 = 0.884; r 0.940; р = 0.220;

– Fig. 2, b:

рНspring = 0.3622t+5.6456; R2 = 0.9968; r = 0.9984; p = 0.0360;

– Fig. 3, b:

Сspring = 5.064t+64.5691; R2 = 0.8063; r = 0.8980; р = 0.2901;

– Fig. 4, b:

FTspring = 0.4754t+0.2491; R2 = 0.9831; r = 0.9915; р = 0.0831;

– Fig. 5, b:

еspring = 13.6082t+230.1194; R2 = 0.8253; r = 0.9085; р = 0.2745,

where R2 is the coefficient of determination; r is the correlation coef-
ficient; p is the significance level of the model.

The regression analysis obtained for the autumn month sug-
gests that if the temperature of the analyzed water samples increases  
by 1 degree Celsius, it is possible to expect a decrease in water acidity by 
99.58 %, conductivity by 99.87 %, formazine turbidity by 79.10 % and 
an increase in redox index by 88.49 %. Correspondingly, spring indica-
tors will increase as follows: it is possible to expect 99.68 % decrease in 
acidity, 80.63 % decrease in conductivity, 98.31 % decrease in formazine 
turbidity and 82.53 % increase in redox. Very close to the observed 
linear change in the joint and resistant to water temperature. In the 
construction of regression model of water quality determination by 
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autumn and spring months, the proportion of influencing extra neous  
factors – for acidity – 0.42 % and 0.32 %, for conductivity – 0.13 % 
and 19.37 %, for formazine turbidity level – 20.9 % and 1.69 % and for 
redox – 11.51 % and 17.47 %.

It should be noted that the explanation of the correlation coef-
ficient calculated using the Karl Pearson method is characterized by 
a direct and high correlation between the measured indicators using 
the Cheddock scale. For these indicators, the established correlation at 
exceeding r > 0.7 explains the difference in the values of water indicators 
and the existence of a non-random fundamental relationship between 
the indicators.

The considered dependence of the indicators on temperature, pre-
sented in Fig. 2–4, is opposite to each other based on the observation 
period, namely during the autumn months. It was in the autumn months, 
unlike in the spring months, that the amount of precipitation tended 
to increase, which consequently led to an increase in the acidity of the 
aquatic environment. This, in turn, contributed to the emergence of 
a negative correlation between the indicators of acidity, turbidity, and 
conductivity. However, the presence of a negative correlation does not 
imply the absence of a relationship but merely characterizes its direction.

It is also important to note that no increase in the amount of pre-
cipitation affecting the aquatic environment indicators was observed 
during the spring months, which is also consistent with meteorological 
data [16, 17]. Therefore, by comparing these dependencies, it is possible 
to assert that the inverse correlation of autumn water measurements is 
influenced by the amount of precipitation, which can be interpreted as 
the impact of environmental factors on the effectiveness of this moni-
toring. Nevertheless, despite this, water temperature remains one of 
the important indicators involved in the physicochemical processes in 
aquatic environment monitoring objects [1, 2, 7].

It is important to note that the value of the coefficient of deter-
mination R2 of the proposed regression model explains the observed 
variance of the predictor (the indicator in the focus of this study) in 
monitoring water quality indicators. The obtained model coefficients 
have a p-value less than p = 0.05 and hence are considered statistically 
significant for confidence interval with probability p = 0.95. At the same 
time, the water quality indicators in a binding combination with con-
fidence interval probability can be recognized as important predictors 
of the observed processes occurring in water. At present, the accu-
mulated experimental material on water quality assessment confirms 
the possibility of using the selected indicators for predictive analyses  
of water samples [8].

The qualitative indicators selected in the paper to determine water 
quality are labelled as predictive indicators and in the next research 
work, based on these indicators and in combination with additional 
predictive indicators, the antibiotic indicators in water will be deter-
mined. Obviously, in future research work, the five selected indicators 
in this paper and the two additional indicators that will be selected for 
future research work will be implemented together with an IoT mo-
dule based on a special multi-sensor information measurement system.

The features obtained results is that, with the combined mea-
surement of the indicators, a statistically significant correlation link 
was obtained using a multi-sensor control system, confirming the 
association between the selected indicators. Previously, a significant 
association of indicators reflecting the physical processes of water 
with a combined measurement was insufficiently studied. Moreover, 
the results obtained under consideration provide new ideas about 
the physical processes of water with a combined measurement of five 
indicators, and also provide opportunities to predict the properties of 
substances at the stage of analytical control of liquid media.

The results discussed above provide new insights into the physi-
cal processes involved in the combined measurement of five water 
parameters. Moreover, these results can be widely applied in practice 
to sort data by predictor in the task of finding an association between 

five parameters. The prospects for further development are the creation 
or special training of measured data for decision making in order to 
display recommendation information.

4. Conclusions

The paper presents the results of the development of a mathemati-
cal model of regression dependence assuming the relationship bet-
ween water quality indicators. The results obtained showed that as 
water temperature increases, the correlation coefficient from r = –0.889 
to r = –0.998 tends to decrease the relationship between acidity, con-
ductivity and turbidity indices by formazine. Also, as the water tem-
perature increases during autumn and spring months, respectively, 
the value of redox indicator increases according to the correlation 
coefficient interval rautumn = 0.940 and rspring = 0.908.
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