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Abstract

Dissolved oxygen is an essential indicator of water pollution and the critical water quality constituent that impacts aquatic life.
Thus, accurate modeling of its concentration is vital for freshwater resource management and protection. Despite this, in the
African context, more specifically West Africa, there is virtually no scientific work that has focused on modeling dissolved
oxygen concentrations in rivers and lakes. This preliminary work attempted to model and estimate, using others microbiological
and physicochemical parameters and machine learning algorithms, the dissolved oxygen concentration of the Tighen River water
in the Republic of Guinea. Based on two alternatives, three algorithms such as multiple linear regression (MLR), random forest
(RF), and gradient boosting (GB) were employed to model and estimate dissolved oxygen concentrations. Alternative 1 referred
to when microbiological and physicochemical parameters exhibiting correlations greater than + 0.1 or less than — 0.1 with
dissolved oxygen are used for modeling its concentration, while alternative 2 referred to when variables exhibiting statistically
significant correlations with dissolved oxygen are used. Results obtained from the models were evaluated using Nash-Sutcliffe
efficiency coefficient (NSE), mean absolute error (MAE), Pearson correlation coefficient (RP), and root mean square error
(RMSE) to identify the appropriate alternative and algorithm to model and estimate the dissolved oxygen. In the testing phase,
the results showed that (1) among tested alternatives, alternative 2 quasi-systematically presents a smaller RMSE and MAE, and
higher NSE and RP, indicating that it is significantly better than the alternative 1. (2) among the employed algorithms, under
alternative 2, the RF algorithm exhibits the best performance in modeling dissolved oxygen, therefore, RF outperforms, MLR,
and GB algorithm. These findings provide a scientific reference to enhance freshwater resource management and protection in
Tighen river.
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1. Introduction

Dissolved oxygen concentration is an important water qual-
ity parameter [1-5]. Moreover, it is known that accurate dis-
solved oxygen concentration modeling and predicting are cru-
cial for river water quality monitoring, reservoir management
and guaranting the sustainability of freshwater resources. For
these reasons, numerous researches have focused on dissolved
oxygen concentration prediction in the rivers by using data-
driven models based on machine learning algorithms [6-10].
For instance, dissolved oxygen concentration in lake, river and
reservoir water have been modeled or forecasted by artificial
neural network model [11-19]; by feed-forward neural net-
work model [18]; by decision tree models [20]; by Random
Forest [21]; by AdaBoost, RF, and Gradient Boosting algo-
rithms [22]; by Adaptive Neuro-Fuzzy Inference Systems [23];
by GA-XGCBXT algorithm [24]; by Kernel Ridge Regression,
Elastic Net, and Light Gradient Boosting algorithm [25]; by
K-Nearest Neighbors, and Support Vector Machines [26]; by
fuzzy logic [27-29], and by support vector machine [30-32].
All of the aforementioned studies have demonstrated the po-
tential of data-driven models based on machine learning algo-
rithms for dissolved oxygen concentration modeling and pre-
diction, including the requirement of less input data. On the
other hand, none of the aforementioned studies has been car-
ried out on rivers and streams in Africa and more specifically
in West Africa such as Guinea, a country containing more than
1000 waterways and whose rivers are heavily polluted. This
finding about West Africa countries could be explained by the
unavailability of data on rivers necessary for carrying out such
work and the lack of funding for research projects. This pre-
liminary work attempted to model and estimate the dissolved
oxygen concentration of the Tighen River in Guinea Republic
by using others microbiological and physicochemical param-
eters and machine learning algorithms. The next section pre-
sents the dataset and methodology. The subsequent section
deals with the results analysis, and finally, the conclusions are
drawn.

2. Materials and Methods

2.1. Materials

Tighen River is situated in the Southern part of Guinea and
located in the forest region, precisely in Lola’s prefecture
(Figure 1). It is bordered at North by the prefecture of Beyla,
at Northwest and West by the prefecture of N’Zerekore, at
East by the Republic of Ivory Coast, at South by the Liberia
Republic. Five sites (Homeakolyl upstream, Gotekoly,
Tighen-mou 1 and Thieta within the city, Foulayapo down-
stream) distributed along the Tighen River were selected. Fig-
ure 1 shows the study area and sampling locations used in this
study. Many physicochemical and microbiological parameters
(water quality parameters) were measured monthly from April

43

2024 to March 2026 at each aforementioned site. Temperature,
pH, conductivity, suspended solids, turbidity, TDS, dissolved
oxygen, oxygen saturation, nitrates, nitrites, phosphate, iron,
potassium, manganese, fecal coliforms, total coliforms, were
the available physicochemical and microbiological parame-
ters used.
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Figure 1. Study area and sampling locations.

2.2. Methods

This study employs the following algorithms for dissolved
oxygen concentration modeling: multiple linear regression
(MLR), random forest (RF), and gradient boosting (GB). The
theoretical background of these methods is described below:

2.2.1. Multiple Linear Regression

Multiple Linear Regression (MLR) is used to assess the re-
lationship between a dependent variable and multiple predic-
tor variables. To be specific, MLR quantifies the extent to
which each predictor variable contributes to variations in the
dependent variable, providing a clearer understanding of the
underlying relationships within the dataset [33]. MLR model
can be expressed as:

Yi=Bo+ Pixiy + -+ Bpxyy + € (1)

Where: for i = n observations Y; =The predicted value of
the dependent variable; S,=They-intercept, representing the
value of y when all independent variables are zero;
B1x;1=The regression coefficient () of the first independent
variable (x;, ), indicating the impact of x; on the predicted Y
value; f,x;,=The regression coefficient of the last independ-
ent variable, showing its influence on Y; & =The model error,
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also known as the residuals, representing the unexplained var-
iation in the predicted Y value.

2.2.2. Random Forest

Random Forest (RF) algorithm developed by [34], is used
to predict a continuous dependent variable through complex
interrelationship analyses. RF algorithm performs a random
sampling of the original dataset using the decision tree as the
basic random forest classifier resulting in n different sample
datasets. RF algorithm is a variant of bagging that fits a mul-
titude of decision trees on different sub-samples to find the
output. Sampling features are termed column sampling and
data points as row sampling. Trees are built with row and col-
umn samples. The advantage of building the model in such a
way is that it is robust in estimating new data points [35, 36].

The functional equation for random forest can be expressed as:

Rp(x) = 7 1=y he(x) )

Where t=1, 2,......, T, T is the number of decision trees, f(x)
is the predicted output of the random forest for the input sam-
ple x, h; is the predicted output of the t-th decision tree for
the input sample x. T is the number of decision trees in the
random forest.

2.2.3. Gradient Boosting

The gradient boosting algorithm (GB) [37] requires a set of
n data points made of source (x;) and target (y;) variables:
(x4, y)i=1. GB algorithm is described as follows [38]:

GB needs an initial estimate F,, which is a leaf:

F, = argmin, 31", L(y;,Y) (3)

where L is the loss function, y; are the true values, and y
is a constant. The first guess helps GB to build subsequent
trees based on the previous trees.

After defining F,, the iterative process can begin. For each
iteration:

_ _ [oLGiF(xi)

Tim = aF(xp) fori=1,....,n (4)

F(x)=Fn—-1(x)

Let m be the current iteration (tree) and M the total number
of trees, and m varies from 1 to M.
Fit a new decision tree h,,(x) to the pseudo-residuals:

h,,(x) = argming Y1, (rim — h(x;))? %)

Update the model:

Rp:

Fm(x) = Fm—l(x) = Vh,(x) (6)

where v is the learning rate, a free parameter.
Final model: After M iterations, the final model is:

Fy(x) = Fo(x) + Z%:l Vhp () @)

Gradient boosting regressor (GBR) approach can be seen as
a functional gradient algorithm that aims at finding an additive
model that minimizes the loss function. Thus, the GBR algo-
rithm iteratively adds at each step a new decision tree that best
reduces the loss function [39, 40]. A GBR with (n) number of
trees can be stated as:

fP(xi) = gyphp(xi) (3

where hp is a weak learner that performs poorly individually,
¥p is a scaling factor adding the contribution of a tree to the
model.

Based on the correlation between dissolved oxygen concen-
trations and others microbiological and physicochemical
(temperature, pH, conductivity, suspended solids, turbidity,
TDS, oxygen saturation (SatO,), nitrates (NO3), nitrites (NO>),
phosphate (POs), iron, potassium (K), manganese (Mn), fecal
coliforms, total coliforms) parameters, two alternatives are
adopted. Alternative 1 referred to when microbiological and
physicochemical parameters exhibiting correlations greater
than + 0.1 or less than — 0.1 with dissolved oxygen are used
for modeling its concentration, while alternative 2 referred to
when variables exhibiting statistically significant correlations
with dissolved oxygen are used.

2.2.4. Efficiency Criteria

Nash-Sutcliffe efficiency coefficient (NSE), mean absolute
error (MAE), Pearson correlation coefficient (RP), and root
mean square error (RMSE) are used to measure the efficiency
of the model, and the formulas are calculated as shown below
[41,42]:

Z?’:l(DOieXpected_Doipredicted)z
NSE =1- ©)

2
N Y
Zi=1(D0iexpected_Doexpected)

_1lynN
MAE = <3, abs (Doi,, o0 = DOtpresicrea)  (10)

1 2
RMSE = \/EZ?;I [Doiexpected - DoiprediCtEd] (11)

N . _Do. . . —Do
2i=1(Do‘predicted Dopredtcted)(Dotexpected Doexpected)

2
N -~ N J—
\jzi=1(DOipredicted_Dopredicted) \/Zi:l(Doiexpected _Doexpected)

2 (12)
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In Equations (9)-(12) where Doipre dictea A0 Doiexpecte d

stand for the modeled and measured dissolved oxygen con-
centrations, respectively (with respective means of
%,,redicted and mex,,ected). Moreover, N refers to the num-
ber of compared pairs.

The RMSE ranges from zero to infinity, with an RMSE of
0 indicating a perfect model. To be specific a smaller RMSE
indicates a more accurate prediction by the model. The MAE
ranges from zero to infinity, with MAE=0 denoting a perfect
model. Rp value ranges from 0 to 1, and the closer it is to 1,
the better the model is. These efficiency criteria were used for
both the training and testing datasets. The dataset was divided
into 80% of training and 20% of test datasets.

3. Results and Discussion

Figure 2 illustrates the correlation among various variables.
To be specific, it delineates the correlation matrix between the
physico-chemical, nutritive and microbiological parameters
of the waters from the different study sites. The values of this
matrix span from -1 to +1. In particular, a progression in the
direction of +1 indicates a positive interrelation with the pa-
rameter under examination, while a progression toward -1 sig-
nifies an inverse association with the designated target. The

correlation matrix highlights several interesting relationships
between water quality parameters. Because this research was
interested in finding a significant relationship between dis-
solved oxygen as a response variable and other predictors.
Therefore, it can be observed that temperature shows rela-
tively strong negative correlations with dissolved oxygen.
Subsequently, TDS, K, NO2, PO4, NO3 and Iron emerge as
subsequent parameters in descending order of their correla-
tional magnitude with dissolved oxygen. Thus, in the study
area, temperature, TDS, K, NO2, PO4, NO3 and Iron were as-
sumed to be the main predictors to model or predict dissolved
oxygen. However, to confirm this assumption, statistical sig-
nificance tests are necessary before building the model.
Figure 3 depicts the statistical significance test results of
how these parameters are correlated with dissolved oxygen.
The results show that for most of the aforementioned parame-
ters, such as Temperature, TDS, K, NO2, and PO4, the upper
and the lower bound of the 95% confidence limits of their
Pearson coefficient with the dissolved oxygen have the same
sign meaning that the correlation between each of them and
the dissolved oxygen is statistically significant. These findings
indicated that there exists a statistically significant relation-
ship between dissolved oxygen and (Temperature, TDS, K,
NO2, and PO4). Conversely, NO3 and Iron exhibited statisti-
cally non-significant relationship with dissolved oxygen.
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Figure 2. Correlation Heat map between the physico-chemical, and microbiological parameters of the waters from the different study sites.
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Figure 4 shows the time series for the dissolved oxygen pre-
diction results, when variables exhibiting correlations greater
than + 0.1 or less than — 0.1 with dissolved oxygen were used
for predicting its concentration (alternative 1) using the train
data set, test data set, and observed dissolved oxygen values.
Figure 4a and Figure 4b plot respectively the fitting effective-
ness of the training and predicted data under three modeling
algorithms (multiple linear regression (MLR), random forest
(RF), and gradient boosting (GB)). It can be seen that, during
the training period (Figure 4a), the variations in the dissolved
oxygen concentrations have been well-followed by the three

Training data

ient.

algorithms. However, among the three algorithms, MLR
sometimes poorly represented the pattern of dissolved oxygen
concentration variation at certain points. This finding could
reflect the limitations of the MLR algorithm in modeling dis-
solved oxygen concentrations Considering the testing period
(Figure 4b), it is clearly observed that none of the three algo-
rithms managed to accurately follow the pattern of dissolved
oxygen concentration variation. This result could be related to
the fact that all variables, even those not necessarily exhibiting
a statistically significant relationship, were used to predict dis-
solved oxygen concentrations.

Test data
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Figure 4. Comparison of observed and predicted dissolved oxygen concentrations by the three models on the training (left) and test (right)

sets on all variables.

Figure 5 shows the time series for the dissolved oxygen pre-
diction results, when variables exhibiting statistically signifi-
cant correlations with dissolved oxygen were used for predict-
ing its concentration (alternative 2) using the train data set, test
data set, and observed dissolved oxygen values. To be specific
this Figure presents the agreement between the modeled and
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measured dissolved oxygen concentrations. Figure 5a and Fig-
ure 5b plot respectively the fitting effectiveness of the training
and predicted data under three modeling algorithms. It can be
seen that, among the three algorithms, during the training pe-
riod (Figure 5a), only gradient boosting better reproduces the
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pattern of variations in dissolved oxygen concentration. Con-  where all variables were used to predict dissolved oxygen con-
sidering the testing period (Figure 5b), it appears that the three centration (Figure 4b). However, this result warrants further
algorithms better reproduced the pattern compared to the case investigation based on more appropriate criteria.
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Figure 5. Comparison of observed and predicted dissolved oxygen concentrations by the three models on the training (left) and test (right)
sets on selected variables.

Based on efficiency criteria such as MSE, RMSE, NSE, and compared with MLR, RF and GB demonstrate superior per-
RP, each model’s effectiveness during training phase is pre- formance. However, GB emerged as the most reliable model
sented in Figure 6. This Figure provides a comparative illus-  in the training phase, yielding the lowest values for RMSE and
tration during training phase of the performance of the models MAE and the highest NSE and RP.
in modeling dissolved oxygen concentrations by using two al-
ternatives. The first alternative (grey) is when variables exhib-
iting correlations greater than + 0.1 or less than — 0.1 with dis- '
solved oxygen were used for predicting its concentration us-
ing, while the second alternative (orange) is when variables
exhibiting statistically significant correlations with dissolved
oxygen were used for predicting its concentration.

As shown in Figure 6a-d, in training phase, among all mod-
els, MLR performance varies strongly according to the alter-
native. This finding is mainly revealed in Figure 6b-d when
RMSE and MAE values of the two alternatives are compared
during the training phase. Indeed, in training phase, alternative
1 minimize MAE and RMSE compared to alternative 2 when
MLR is used to model dissolved oxygen concentrations, while
none significant difference is noted among the two alterna-
tives when RF, and GB algorithm are used.

Comparing the performance of the used models in the train-
ing phase, based on the NSE and Rp values, a very satisfying
correlation can be seen for all used models. Furthermore, it is d)
clearly observed that RF, and GB algorithms exhibited the I
highest RP, NSE and the lowest MAE and RMSE. Thus, dur- o4r
ing the training phase, RF and GB present a tolerable level of 021 H HI
error in modeling dissolved oxygen concentrations. Moreover, 0 : :
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comparing RF and GB performance, it can be noted that GB
achieves the lowest RMSE and MAE indicating its superior
ability to minimize absolute errors and to capture the dis-
solved oxygen concentrations variation in training phase.
Therefore, it presented the highest quality training. Overall,

Figure 6. Performance of the three models in modeling dissolved ox-
vgen concentrations during the training phase by using variables ex-
hibiting correlations greater than + 0.1 or less than — 0.1 with dis-
solved oxygen.
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Figure 7 depicts the comparison of the efficiency of the em-
ployed models according to the alternative adopted. As shown
in Figure 7a-d, in terms of all accuracy criteria (RP, NSE
RMSE and MAE), the alternative 2 emerged as the most reli-
able approach in the testing phase to improve the employed
model in modeling (predicting) dissolved oxygen concentra-
tions. It is important to remember that alternative 2 refers to
when variables exhibiting statistically significant correlations
with dissolved oxygen were used for predicting its concentra-
tion. From the results of the testing, it can be noted that, RF
algorithm presents the largest RP (0.62) followed by the MLR
(0.52) and GB (0.47). In addition, RF achieved the largest
NSE (0.617), followed by MLR (0.523) and GB (0.465). Thus,
except GB algorithm, MLR and RF algorithms show a satis-
fying correlation. Based on RMSE values, RF algorithm
achieved the smallest RMSE (1.014) followed by MLR (1.130)
and GB (1.197). Moreover, the smallest MAE (0.853) was ob-
tained for the RF followed by MLR (0.975) and GB (0.853).
By comparing these values it can be noted RF and MLR have
predicted dissolved oxygen concentrations with a tolerable
level of error. In other words, these values imply that among
the employed models RF achieved the superior ability to min-
imize absolute errors and to capture the dissolved oxygen con-
centrations variation in testing phase. The RF presented the
highest quality testing followed by the MLR and GB algo-
rithm. Thus, the RF emerged as the most reliable model in the
testing phase. Therefore, RF algorithm is feasible in dissolved
oxygen concentrations prediction.

2 T
= a) -
§ . |:|Allvanables.
= -Selecled variables
5
5 2 1
£
S 4
c
5
2 5
& L |
&

o
= 2
z b)
20 —— [ =
2
5 2
LS
3
£ -4
E
@ B
2 L |
8 3
z

5
L ¢)
s
=
= 5
=
&
g2 J
@
E
i | I |
8
¢ [ ]

0 " ! .

4 T T T

——d)

L
E s
@
S
g 2 7
4
&
E 1 . L
: []

0 | \

n
Linear regression Random Forest Gradient Boosting

Figure 7. Performance of the three models in modeling dissolved ox-
ygen concentrations during the training phase by using variables ex-
hibiting statistically significant correlations with dissolved oxygen.
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By comparing Figure 6a-d (training phase) and Figure 7a-d
(testing phase), it can be noted that the evaluation results of
the training phase are significantly better than those of the test-
ing phase for all of the employed models (algorithms), espe-
cially for GB algorithm. This finding means GB model (algo-
rithm) is prone to overfitting.

Our finding related to the superiority of random forest over
multiple linear regression and gradient boosting for dissolved
oxygen concentrations modeling are consistent with the re-
sults reported in other rivers of the world by [43-47].

4. Conclusions

Accurate dissolved oxygen concentration estimation is of
significant importance, because it is one of the significant in-
dicators for quality of river water monitoring. In this study,
based on two alternatives, the random forest, gradient boost-
ing, and multiple linear regression algorithm were employed
to model and estimate dissolved oxygen concentrations of the
Tighen River in the Republic of Guinea. Based on the corre-
lation between dissolved oxygen concentrations and others
microbiological and physicochemical parameters the two al-
ternatives adopted are defined as: Alternative 1 referred to
when microbiological and physicochemical parameters exhib-
iting correlations greater than + 0.1 or less than — 0.1 with dis-
solved oxygen are used for modeling its concentration, while
alternative 2 referred to when variables exhibiting statistically
significant correlations with dissolved oxygen are used. The
efficiency criteria used to identify the appropriate alternative
and algorithm to model and estimate the dissolved oxygen in-
cluded Nash-Sutcliffe efficiency coefficient (NSE), mean ab-
solute error (MAE), Pearson correlation coefficient (RP), and
root mean square error (RMSE), which were calculated for
both the training and testing datasets.

This preliminary work arrives at the following main con-
clusions:

The correlation matrix analysis highlights that temperature
is the most influential factor in estimating dissolved oxygen
concentrations. Furthermore, TDS, K, NO2 and PO4 also have
substantial impacts in descending order in determining dis-
solved oxygen concentrations. Therefore, Temperature, TDS,
K, NO2, and PO4 emerge as the main predictors to model or
predict dissolved oxygen in the study area.

Among the tested alternatives, alternative 2 is significantly
better than the alternative 1.

Among the employed algorithms, in the testing phase and
under alternative 2, the Random Forest algorithm exhibits su-
perior performance with the highest goodness of fit and the
lowest errors in modeling and estimating dissolved oxygen
concentrations than gradient boosting and multiple linear re-
gression. Therefore, Random Forest is the is best-suited algo-
rithm, it performs strong capability in modeling dissolved ox-
ygen concentrations. Furthermore, the order of performance
among the three algorithms is (Gradient Boosting) < (multiple
linear regression) < (Random Forest).
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The weakness of the implemented algorithms can be ex-
plained by the length of the data. The limitations of this pre-
liminary work on modeling dissolved oxygen concentration
are: (i) that it was not based on long-term data (spanning dec-
ades) and (ii) that it did not focus on all the streams and rivers
of Guinea, even though Guinea has the most streams and riv-
ers of any country in West Africa. This is because such long-
term data do not exist and are not available for most of the

country's streams and rivers.

Abbreviations

MLR Multiple Linear Regression

RF Random Forest

GB Gradient Boosting

NSE Nash-Sutcliffe Efficiency

MAE Mean Absolute Error

RP Pearson Correlation

RMSE Root Mean Square Error

GA-XGCBXT  Genetic Algorithm (GA) with the High-

performance Gradient Boosting

DO Dissolved Oxygen

TDS Total Dissolved Solid

SatO, Oxygen Saturation

NO; Nitrates

NO, Nitrites

PO4 Phosphate

K Potassium

Mn Manganese
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