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Abstract: The Riva River is a water badcated within the borders of Istanbul in the MaraRegion (Turkey)

in the south-north direction. Water samples wekengor the 35 km drainage area of the Riva RivasiB before
the river flows into the Black Sea at 4 stationstlb@ Riva River every month and analyses were edhrout.
Changes were observed in the quality of water frgrstream to downstream. For this purpose, theaspeatid
temporal variations of water quality were investigghusing 13 water quality variables with the ANOV@st.

It was observed that CODO, S and BOD were important in determining the spatriation. On the other hand,
it was found out that all the variables were effextin determining the temporal variation. Moreqvére
correlation analysis which was carried out in orbeassess the relations between water qualityabies showed
that the variables of BOD-COD, BGBC, COD-EC, BOD-T and CODT were correlated and the regression
analysis showed that CODKN and NH-N explained BOD and BOD, NFN, T and TSSexplained COD by
approximately 80 %. Consequently, the Artificialu¥al Network ANN), Decision Tree and Logistic Regression
models were developed using the data of trainibgnserder to predict the water quality classethefvariables of
COD, BOD and NEN. Quality classes were predicted for the variglig inputting the data of testing set into the
developed models. According to these results, & seen that thANN was the best prediction model for COD,
the Decision Tree for BOD and tA&INand Decision Tree for Nf-N.

Keywords: Riva river, water quality, artificial neural netvia/ANN), decision tree, regression models

Introduction

Water quality in river ecosystems undergo rapichdfarmations based on natural
factors affecting the basin (precipitation, weath®sin physiography, soil erosion, etc.)
and anthropogenic factors (urbanization, industiadl agricultural activities, etc.) [1-4].
This situation negatively affects water qualityteria, biodiversity and the ecological
health of rivers. Particularly nitrate and phosghdamage aquatic life by reducing water
quality when they are present in excessive amoalttoough they naturally exist in
freshwaters [5, 6].
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The spatial and temporal variability of river ecstgyns affects the physico-chemical
characterization of water. Basin management plaasbased on the assessment of water
quality by using the field data in the study arElaerefore, it is inevitable to study temporal
variations as well as spatial variations in watealify in order to better investigate and
assess the water quality of basins [7-9]. Most wapeality models reviewed in the
literature analyze the spatial variability of diffat water constituents in relation to natural
or anthropogenic factors in a specific catchmerstirb§l0-12]. However, the analysis of
temporal variability has also gained prominenceréeent studies [13-16]. Seasonal
variations in water quality can be used in ordeintmease our understanding as to how
degradations in water quality occur and thus tagiesiore effective restoration programs.
Continuous and regular monitoring programs areireduo gain reliable knowledge about
natural characteristics of water quality and toamsthnd the physico-chemical, spatial and
temporal variations of water. However, the databasstablished are broad and
complicated. Therefore, statistical techniquesvddely used to assess spatial and temporal
variations and to interpret large and complicatedadsets of water quality [17-21].
The ANN has become a new tool and an effective model edigtr various water quality
variables in river systems [16, 22, 23].

In Turkey, water pollution and its effects are fneqtly observed particularly in the
Marmara Region, where intensive industrial actgtiake place. Food and metal industry
are among the most important industrial facilitieishin the Marmara Basin. The heavy
industrial activities in the Basin lead to pollutiand the water resources available to meet
the demand are scarce, which requires the empldyofea special water management
approach within the basin.

The Riva River is a water badimcated within the borders of Istanbul in the Marana
Region (Turkey) in the south-north direction. Th#&udy investigated how the
anthropogenic factors of the Riva Basin influenatter quality. Regression models were
used to predict the contribution of potential ptin sources to the concentration of the
selected water quality parameters and to deterrtiaerelationships between variables.
Moreover, prediction models were established ineorth determine the water quality
classes of the parameters of COD (Chemical Oxygemdnhd), BOD (Biochemical
Oxygen Demand), N&N (Nitrate Nitrogen), and NFHN (Ammonium Nitrogen) and their
success was assessed.

Given the above considerations, the main purpoghisfstudy is to better understand
the spatial and temporal variability of the watemality of the Riva River. It is considered
that the results will be beneficial for local autities for pollution control and management
and for better protection of the quality of riveatar.

Material and methods

The Marmara Region is one of seven geographicamegf Turkey and has a surface
area of 67.000 kf It is the most developed region of Turkey in terof industry because
of its coastline, port facilities and the existen¢sea, which meets its need of water.

Istanbul is the most populous and also the mosbitapt city of the Marmara region
in economic, historical and socio-cultural terméeTRiva River Watershed is a drainage
basin approximately 70 km long, located on the Anatoliside of Istanbul in the
south-north direction. The lower 35 km of the ribe@tween Omerli Dam and the Black Sea
is used for industrial wastewater discharge. Tlaeeno large rivers in Istanbul and the
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largest one is the Riva River. In this study, thetew samples were collected monthly at
four different stations chosen in the Riva Rivehja is around 35 km long.
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Fig. 1. Sampling stations of the Riva River

At the first sampling station of the study areae #xisting water flow receives the
discharge of the Pasakoy Advanced Biological WaatewTreatment Plant, which treats
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the wastewater of Umraniye, Sancaktepe, Sultanteyli the neighborhood, tributary
streams and surface water flows. There are cropland private hobby gardens around the
second sampling station. Furthermore, a dog farmpaer mill and a plastics plant are
located in the area. There are luxury residentiahs around the third sampling station.
Most of the wastewater from the buildings arounel station directly enters into the river.
Woodlands, dense reed beds, and recreational aleaexist around the station. There is
a plant which produces detergents and chemicalustedefore, as well as a restaurant and
picnic areas around, the fourth sampling statibis thought that the selected stations are
representative of this section of the Riva Basin.

The Riva River System Drainage Basin and samplatijoss are shown in Figure 1.

Water samples were taken at various stations onRiva River and they were
analyzed. The measurements for the water qualitsgnpeters of pH, temperatuiie[°C],
dissolved oxygenDO [mg - dm?, electrical conductivityEC [mS - m7, salinity
S[g - dm?, total suspended solidESS[mg - dm?, total volatile suspended solid¥/SS
[mg - dm?], chemical oxygen demand COJing - dm?, biochemical oxygen demand
BOD [mg - dm?, total phosphorudP [mg -dm?, nitrate nitrogen N@N [mg - dm?,
ammonium nitrogen NN [mg - dm?] and total Kjeldahl nitrogefKN [mg - dm?] were
performed on the samples.

A Lutron Oxygen Meter was used for the valuesTadind DO, a WTW Cond 315i
Conductivity Meter for thé&eC values, a 315i WTW pH meter for the pH value and/sl
Model 30 Salinity Meter for th8 value, and these values were measured in the field

The gravimetric method was used for the analysi$®®and TVSS[24]. The open
reflux method was used for the analysis of COD, @GhéTop method was used for the
analysis of BOD, the colorimetric method for thealysis of TP, the cadmium reduction
method for the analysis of N@N, the ion selective electrode method for the ysial of
NH4N, and the total Kjeldahl nitrogen method for #realysis ofTKN [25].

Data evaluation

The spatial and temporal variations of water qualdriables of the Riva River were
analyzed through the analysis of variance. Theioglships between the variables, on the
other hand, were determined using correlation asgression analysis. Furthermore,
prediction models for water quality class were ldithed using the artificial neural
networks, logistic regression and decision tree.

Samples were collected from four different sampktations during four seasons for
18 months (once a week) in order to determine #n@tron of the Riva River water quality
in different areas of the basin and in differerdssms. The data of 13 quality variables
analyzed were assessed using the analysis of gari@me of the important assumptions of
the analysis of variance is that the distributidntlte data is normal. Two important
assumptions for applying variance analysis to a da¢ the normality of the data and the
homogeneity of the variances. The normality of theta was investigated with the
Kolmogorov-Smirnov and Shapiro-Wilk tests [21]. Mias established that the original
values of all the variables apart from COD did distribute normally. The variables which
did not display a normal distribution were normeadizby applying logarithmic and square
root transformation methods. Levene test was aghfitie homogeneity of variances. Most
of the quality variables showed homogeneity assiompThus the analysis of variance was
applied for all the variables that displayed a rarmdistribution and homogeneity of
variances.
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Predictions were made for the Artificial Neural Wetk model using the Clementine
10.5 software and the methods of Quick, Dynamicltigle, Prune, Radial Basis Function
Network (RBFN), and Exhaustive Prune. The relevant methods Wsted using the
Clementine 10.5 software.

A randomly selected 60 % portion of the data set gt as the training set and the
remaining 40 % as the test set. Prediction moaelsvater quality classes using the water
quality parameters of COD, BQINOs-N and NH-N were formed with the training set.
The remaining data were used as the test set. Jdléyqclass of each quality variable was
predicted separately with the test set and the esscof the models established was
determined.

Results and discussion

Analysis of the variation in water quality with regard to sampling stations and seasons

It was investigated whether the water quality Jalga varied in terms of regions and
seasons through the analysis of variance. It $ fiecessary that the data display a normal
distribution for the implementation of the analysiSvariance. It was observed that the
variables except for COD did not distribute normallhe logarithmic and square root
transformation methods were applied to normalizedther variables and thus it was seen
that the variables oDO, S, TSS TVSS BOD, TP, NO;-N and TKN were normalized.
The results are given in Table 1.

Table 1
Tests of normality
e
variables Statistic freedom Significant Statistic freedom Significant
CcOoD .067 132 .200 .980 132 .045
In pH .201 132 .000 715 132 .000
InT .133 132 .000 .876 132 .000
In DO .034 132 .200 .992 132 .654
Ins .048 132 .200 .988 132 .280
In EC .168 132 .000 .918 132 .000
In TSS .068 132 .200 .983 132 101
In TVSS .074 132 .103 .978 132 .030
In BOD .087 132 .016 .986 132 177
InTP .076 132 .087 .967 132 .002
In NOs-N .060 132 .200 .978 132 .029
Square root TKN  .064 129 .200 .979 129 .039
NH4N 21 132 .000 .964 132 .001

" this is a lower bound of the true significance

The data must be homogeneous for the analysisrafnee. Table 2 gives the results
of the Levene test for the equality of variancentgasuring stations and seasons.
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Table 2
Test of homogeneity of variances
Levene test for measuring stations Levene test for seasons
Levene | Degree of | Degree of Sianificant Levene | Degree of | Degree of Sianificant
statistic | freedom' | freedon? 9 statistic | freedom' | freedon? 9

COD 1.163 3 128 .327 2.082 3 128 .106
pH? .699 3 128 554 .985 3 128 402
T .802 3 128 495 20.680 3 128 .000
DO* 2.609 3 128 .054 .799 3 128 497
g 2.794 3 128 .042 2.480 3 128 .064
EC 3.612 3 128 .015 7.351 3 128 .000
758 .640 3 128 .590 15.415 3 128 .000
TVSS 442 3 128 723 11.108 3 128 .000
BOD! 742 3 128 529 677 3 128 .568
TP .275 3 128 .844 1.126 3 128 341
NOs-N!| 274 3 128 .844 13.198 3 128 .000
TKN? | 25.587 3 125 .000 2.190 3 125 .093
NH.-N!|  1.112 3 128 .347 3.924 3 128 .010

@ |ogarithmic values® square root value$§) homogeneous variance, the analysis of varianceappied on the
normalized variables.

Analysis of the differences of water quality paramters
with regard to spatial and temporal

It was investigated whether the quality variablésplkhyed temporal and spatial
variations using the analysis of variance (ANOVAherefore, it was revealed what type of
variation the water quality of the river displayiedooth regional and seasonal terms. As it
is known, the test is an analysis technique used to test tlierdifce between the averages
of two groups or two categories. If the number afups or categories is higher than two,
the difference between the averages is testedthétlanalysis of variance (ANOVA).

Two hypotheses were used in order to test whetfeewalues of the quality variables
differed according to the sampling stations andces.

Hypothesis 1 (K): The values of the related quality variable d#faccording to the
regions.

Hypothesis 2 (B): The values of the related quality variable d#faccording to the
seasons.

The results of the analysis of variance (ANOVA) wing the values of quality
variables according to the sampling stations (afjaéind seasons (temporal) are given in
Table 3.

As can be seen in Table 3, Hypothesis 1 was aatdéptdour water quality variables.
COD andS displayed significant differences at a significarevel of 1 % andO and
BOD at a significance level of 5 % according to gaampling stations. Then these four
quality variables take on different values in diffiet areas of the Riva River. The other
water quality variables did not show significanffeliences according to the sampling
stations. In that case, all the variables apamnf©@OD, S DO and BOD show similar
quality characteristics throughout the river. BGDthie dominant chemical parameter that
increase® O consumption in the river. As the BOD increases,ghturation level dDO in
the river reaches the minimum. Therefore, BOD igdnant among water quality
parameters [26]. According to other studies, COD B® have excellent performance in
reflecting the water quality of the basin [27].
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Table 3
The ANOVA test for the difference of the valuesaatter quality variables according to the sampliagiens
(spatial) and seasons (temporal)

Source Dep_endent Sum of Degree of Mean squarg F value| Significance leve

variable squares freedom

COD 7590.979 3,122 2530.326 | 7.275 .000

DO .291 3,122 .097 2.851 .040

S .640 3;122 213 8.868 .000"

TSS .023 3,122 .008 .150 .930

Spatial TVSS .067 3;122 .022 .325 .807

BOD .296 3,122 .099 3.783 .012

TP .038 3;122 .013 .269 .848

NO;-N .064 3;122 .021 1.422 .240

TKN .592 3,122 197 .502 .681

COD 17302.440 3;122 5767.480 | 16.581 .000"

DO 1.430 3,122 AT7 14.022 .000

S 2.596 3;122 .865 35.988 .000"

TSS 1.370 3;122 457 8.908 .000"

Temporal TVSS 1.254 3,122 418 6.130 .001"

BOD 1.972 3;122 .657 25.244 .000"

TP 454 3,122 .151 3.202 .026

NO;-N 1.291 3;122 430 28.521 .000"

TKN 4.164 3,122 1.388 3.536 .017

" Coefficient is significant at the 0.05 levélCoefficient is significant at the 0.01 level

The same Table also shows that Hypothesis 2 wasaalsepted for all the variables.
According to this tableTKN showed significant differences according to thasses at
a significance level of 5 % and the other varialaiesa significance level of 1 %. Then it
means all water quality variables were affectedségsonal variations. This is reported to
be the highest in autumn, lowest in spring and samand winter [27].

The unit difference was eliminated by converting tfalues of the quality variables
measured with different units into a standard (@)t Thus, it became possible to display
the spatial and temporal variation of quality vakés on the same graph. Theconversion
(Eg. (1)); was performed as follows:

Z; = ()

hereX; is the values of the quality variablg,is the mean of the variable, andis the
standard deviation of the variable.

The standardized values of the water quality véemhwhich showed a significant
difference according to the sampling stations aesgnted in Figure 2.

According to Figure 2, although the indicators @@ andS were low in sampling
stations 1 and 2, they displayed a rapid increasstation 4. COD rises towards the
downstream of the Riva River, which shows that dognstream of the river is polluted
with regard to COD. There is a plant that produtetergent and chemical products before
the sampling station 4. It is thought that the éase of the COD value in the downstream is
related to this.

However, the indicators of BOD amO were high in the station 1 while they showed
a decreasing trend in the stations 3 and 4. BODedsed at the downstream section of the
river. The reason why BOD is high at the 1st sangpktation is that the exit waters of




734 Nurtac Oz, Bayram Topal and Halil Ibrahim Uzun

Pasakoy Advanced Biological Wastewater TreatmeahtPare discharged into the river
through this station. The same situation is alseeoled in similar studies [16]. This
discharge caused a decrease in the vall@doand the value oDO dropped to the lowest
level at the 3rd sampling station.
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The change of standardized values of quality végbhowing variations according to
the seasons is given in Figure 3.

It can be seen in Figure 3 that all the water guaariables except fobO and TKN
were low because of precipitation during winter atidthe variables apart fromO and
TKN took on high values in fall. During the summer ttisn the values obO and TSS
decreased and those®&nd BOD increased [27].

The relationships among chemical variables

In this part, the relationships between chemicalapeters were specified using
correlation and regression analysis.

Correlations between chemical variables

The correlation coefficients obtained for the rielaships among chemical variables
are given in Table 4.

Table 4
Correlations (the correlations among the averagetipvalues of the parameters)

pH T DO EC S| TSY TvSBOD|[COD| TP [NOsN| TKN | NH,N
pH 1
T 101 1
DO | -314| -.429 1
EC 044 | 7517 |-532| 1
S | -227| .432| -311 567 | 1
TSS | —101| .036 | —-244 423 119 1
TVSS| —-104| .035 | -233 .394 .100957 | 1
BOD | -.131| .767° | -.532 |.759  [.533 | .266 | .206 1
COD | .030 | .735" | -.578 | .781 | .270| .477 | 433 [.800° | 1
TP | 487 | 167 |—-477 | .248 | .044] .111 | .083| .223 .328 1
NOs-N| —401| 180 | —.244 545 | .186| .471 | .398 | .419| .547 .092 1
TKN | —.141| -.457| .536 |—-.536[-.296) —.050| .062 |—.528|-.464/—.282] —.350| 1
NH,-N| .215 | —046| -.004 .073 -.3p8150 | .087| —.210.177| .043| .362| —-24p 1

"Correlation is significant at the 0.05 level (2ked). ” Correlation is significant at the 0.01 level (2ed)

The variables with significant relationships witlic other according to the correlation
matrix above can be summarized as follows. Accgrdinthe correlation matrix, it is seen
that the strongest relationship among the varialdesaturally betweedSSand TVSS
Apart from this, it can be seen in Table 4 thathhigand positively related variables are
COD-BOD, CODEC, BOD-T, BOD-EC, EC-T, and CODT, respectively [19, 28]. Though
there is a positive relationship between the véegmbn generalDO is in a negative
relationship with all the variables excepKN. A similar negative relationship is also
observed betweehKN and the other variables.

The prediction of relationship among the variaktfemugh Multiple Regression Model

Regression models are methods used to explairetagonship between independent
variable and dependent variable(s). The directiath magnitude of the influence of each
independent variable in the model can be determivitid regression models. This part of
the study tries to identify the relationships afrsficant quality variables which stand out
in determination of water quality (dependent) witther variables (independent) through
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multiple regression models. For this, the varialoeBOD, CODQ NH,-N and NQ-N were
selected as dependent variables. The other vasialffiecting each dependent variable were
determined with the multiple regression model. &iep regression method was used to
construct regression models. With this method,iglecbrrelation coefficients are gradually
added to the model starting with the highest andtmnsgnificant variable. This process
continues until there are no meaningful relatiopshirhe results are given in Table 5.

Table 5
Multiple regression models for the variables of B@MD,NH,-N and NQ-N
Independent variables Adjusted
Dependent Con- coefficient of
variables stant BOD | COD | TKN |NH4N| pH EC T TSS | determination
St oerror
BOD b | 7.929 0.157 | -0.733| -0.641 0.791
t | 2.47 59" | 2.7 | 36 1.64
COD b| 11.3 | 2.43 1.906 0.88 | 0.292 0.8
t | 1.84 | 2.6 2.18 1.87 | 24 7.61
NHs&-N b | 7.89 |-0.743| 0.123 |-0.719 0.405
t 22 | 36| 2.9 | -1.97 1.77
NOs-N b | 16.27 0.168 | —2.03 | 0.001 0.583
t | 3.6 27 | 32" | 34 0.573

" Coefficient is significant at the 0.05 levél Coefficient is significant at the 0.01 level

BOD is affected by the water quality variables @, TKN and NH-N and can be
explained by these variables by 79.1 %. BOD isctéfed by COD in a positive direction
[19] and byTKN and NH-N in a negative direction. COD is explained by BQNH,-N,

T andTSSby 80 % and the effect of all four variables isitiwe [29]. NH,-N is explained
by the variables of BOD, COD arikKN by 40.5 %. COD has a positive effect on N¥
while BOD andTKN affect it negatively. N@N is explained by the variables of DHHN,

pH andEC by 58.3 %. N@N is affected by the variables of WM andEC positively and
by pH negatively.

Prediction of water quality classes

The logistic regression and decision tree, knownlassification methods, and neural
network, an artificial intelligence method, wereedsn order to predict the water quality
class of the Riva River.

Prediction of water quality classes with ANN

In this part of the study, predictions were madeuilthe water quality variables of the
Riva River with the ANN technique using the Clementine software. While timign
averages are used in regression analysis, all #asmement data were used in AMNs
Emphasis was given to having a high amount of datthat theANN is trained in a better
way. The data were randomly divided into two, wagbproximately 65 % for training set
and 35 % for test set. The water quality classe® CBOD and NH-N were taken as the
basis for the purpose of prediction. Since watealiju classes did not exhibit much
variation for the other parameters, they were metnged worth making prediction.

As the input variable of th&NNs the measurement values of chemical pollution
variables were selected, and as the output varittidewater quality class of the relevant
variables was selected.
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Prediction of water quality class for COD with ANNs

The values that belong to chemical variables measapart from COD (pHT, DO,
EC, S TSSTVSSBOD, TP, NOs-N, TKN, and NH-N) were used as the input variables for
the prediction of the COD, and the water qualitygsekes of the COD were used as the
output variables. In the Artificial Neural Networkodel that was constructed, numerous
hidden layers and neurons were used in order teernfakbest prediction for each different
training method [16, 30, 31], as seen in Table 6.

Models are built in line with the network architeat above and predictions for the
training and test sets for COD are given in Table 7

Table 6
Neural Network Methods used in the study and theork architecture
Layers Training Methods Neuron Numbers
Quick Dynamic Multiple Prune RBFN Exh. Prune
Input neurons 12 12 12 12 12 12
Hidden layer 1 3 8 7 12 20 30
Hidden layer 2 - 6 5 - - 20
Output neuron 1 1 1 1 1 1
Table 7
Predictions of water quality class with Neural NetkwModels
cob Training Set
Quick Dynamic Multiple Prune RBFN Exh. Prune
Correct % 93.75 93.75 100 97.5 70 95
Test Set
Correct % 46.15 | 55.77 | 59.62 | 75 | 51.92 | 59.62
BOD Training Set
Quick Dynamic Multiple Prune RBFN Exh. Prune
Correct % 96.25 93.75 98.75 97.5 75 98.75
Test Set
Correct % 69.23 | 67.31 | 67.31 | 67.31 | 67.31 | 65.38
NHN Training Set
Quick Dynamic Multiple Prune RBFN Exh. Prune
Correct % 92.25 92.25 100 97.5 76.25 96.25
Test Set
Correct % 57.69 | 55.77 | 55.77 | 59.62 | 48.07] 65.4

According to Table 7 it is seen that the most &létanodel for identifying the water
quality class for COD is the Multiple Model, whehet training set is taken into
consideration, and the Prune Model, when the telsisstaken into consideration. Here,
taking into consideration the accuracy rate obthiioe the test set, it is possible to say that
predictions to be made with the Prune model witlieee an accuracy rate of 75 %.

Prediction of water quality class for BOD with ANNs

Models similar to the ones built for the predictioinwater quality class for COD were
also constructed for BOD and predictions were nfadevater quality class of the training
and test sets (Table 7).

According to the results of the test set, it is enstbod that the most suitable artificial
neural network model for identifying the water dtyatlass for COD is the Quick Model.
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It can be said that a prediction that will be madi this model will have an accuracy rate
of 69.23 %.

Prediction of Water Quality Class for MM with the ANNs

A similar model was built for the prediction of watquality class of the NJ-N.
The most suitable model for the prediction of tHe,M is the Exhausted Prune model with
a 65.4 % accuracy rate in the predictions madémtest set (Table 7) [31].

Prediction of water quality classes with decisicges and logistic regression models

Decision tree models allow develop classificatiorstems that predict or classify
future observations based on a set of decisiors.rlifethis study, predictions were made
with four different decision tree models (Classition and Regression Tre€ERT) node,
Chi-square Automatic Interaction Detecta€HAID) node, Quick Unbiased Efficient
Statistical Tree QUEST node, C5.0 node) [32].

Logistic regression analysis is a regression metlvbith assists classification and
assignment operations. It is more advantageousthigaother classification models because
of its assumption of normal distribution and siticere is no prerequisite for assumption of
persistence.

Logistic regression models are categorized in thtiferent ways according to the
status of the dependent variable, which are binanginal and nominal. In this study, the
ordinal logistic regression model was used as tisemgore than two water quality class.

Prediction of water quality class for COD with dgoh tree and logistic regression model

In this part, the quality class was predicted with decision tree models and logistic
regression models that were established. The medsis developed with the training set
and predictions were made with the training see Tésults related to the accuracy of the
predictions are presented in Table 8 [33].

Table 8
Predictions of water quality class with decisicgetand logistic regression models
cob Decision Tree Models (Training set) Logistic Regies
C5 CRT QUEST CHAID (Training set)
Correct % 88.75 95 67.5 76.25 75
coD Decision Tree Models (Test set) Logistic Regressior]
C5 CRT QUEST CHAID (Test set)
Correct % 50 53.85 51.92 51.92 48.8
BOD Decision Tree Models (Training set) Logistic Regies
C5 CRT QUEST CHAID (Training set)
Correct % 83.75 97.5 75 86.25 82.5
BOD Decision Tree Models (Test set) Logistic Regressiorj
C5 CRT QUEST CHAID (Test set)
Correct % 73.08 59.61 73.08 67.3 69.23
NHN Decision Tree Models (Training set) Logistic Regies
C5 CRT QUEST CHAID (Training set)
Correct 93.75 93.75 66.7 88.75 67.5
NH.-N Decision Tree Models (Test set) Logistic Regressiot]
4 C5 CRT QUEST CHAID (Test set)
Correct 65.4 50 50 57.7 51.9

CRT. Classification and Regression TreeQUEST Quick, Unbiased, Efficient, Statistical Tree,
CHAID: Chi square Automatic Interaction Detection
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It is understood that the most suitable decisier tmodel for the data of the training
set is theCRTmodel. Table 8 shows that the accuracy rate optadictions made with this
model is 95 %. Again, th€RT model provides the best predictions for the testvdth
an accuracy rate of 53.85 %. TI@RT Decision Tree model was given in Figure 4

as an example for the prediction of the qualitgslaf COD.
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Fig. 4. CRTdecision tree model for COD

A success rate of 75 % was achieved for the trgisét is

the logistic regression model, while the success was app
set.

Prediction of water quality class for BOD
with Decision Tree and Logistic Regression Model

=X

3
I

— BOD*12.5

in the predictions made with
roximately 48 % for the test

Among the decision tree models, tBRT model provided the best predictions for the
training set with an accuracy rate of 97.5 %. Hosveit did not achieve this rate in the test
sets. For the test sets, the C5 @IdESTmodels produced the best predictions with an
accuracy rate of 73.08 %. Moreover, while the préains of the logistic regression model
display an accuracy rate of 82.5 % for the trairgeg this rate dropped to 69.23 % in the

test set (Table 8).
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Prediction of Water Quality Class for W with the decision tree
and logistic regression model

The C5 andCRT models provided the best predictions in the testdata for the
prediction of water quality class of the N with an accuracy rate of 93.75 %. The best
predictions for the test set was produced by then@8el with an accuracy rate of 65.4 %.
While an accuracy rate of 67.5 % was achievedeérntithining set of the logistic regression
model, this rate decreases to 51.9 % in the teé¢Table 8) [16].

Conclusions

This study investigated the spatial and temporaiabdity of the existing water
pollution conditions of the Riva River. The valul#sBOD andS were high in the upstream
areas and COD was higher in the downstream aredkeofiver. Other studies in the
literature point out that river pollution variesasially and pollution level increases in the
downstream basin [18]. The values@® andTKN was high in winter and those of BOD
andSwas high in summeDO values were reported to be lowest in August agtidst in
January [2, 28]. Therefore, it is necessary to meorthe pollution level of the river water in
order to protect the water quality of the Riva Basi

It was observed that COL3 DO and BOD taken from the sampling stations on the
Riva River showed variations according to the samgps$tations. All of the water quality
variables showed variations according to seasohsis, Tin this study it can also be
recommended to study temporal variations as wedipadial variations in water quality in
order to assess the water quality of the Riva RB&sin. This situation is similar to other
water quality studies [21-28]. In the studies ewtihg the spatial-temporal changes of the
water quality parameters in the river basin, it i@ed that the predictions in the spatial
analyzes as well as the predictions in the temporalyzes were correct [19].

According to the multiple regression model, thera ihigh relationship between BOD
and COD. In general, studies in the literature iconthis [16]. An increase in the value of
one rises the other one’s value as well. In theesamnner, rises in NFN, TSSand T
increase the value of COD. On the other hand, &s&e inTKN and NH-N reduce BOD.
As the values of NN and EC increase, the value of NN rises; however, this value
drops as pH increases.

As a result, it was understood that &N was suitable for the prediction of COD, the
Decision Tree was suitable for the prediction ofB&nd both models were suitable for the
prediction of NH-N. Therefore, the developed models can be usedotator and predict
the water quality of the Riva River with reasonahteuracy. According to the literature,
NH4N, COD, NG-N, DO and Turbidity are the most effective water quaigrameters in
assessing water quality [1, 10, 27, 34].
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