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Real ecological scourge, eutrophication is one of

water. That is mainly linked to nutrient pollution, especially by nitrogen and phosphorus nutrients
2016; Kaspersen et al., 2016; Ulrich 
ecosystems (Cabrita et al., 2015; Pinedo 
to its control, this phenomenon knows remarkably successful. This 
these aquatic ecosystems (Omar et al
the implemented strategies aimed its

Several techniques have been developed for this purpose. Among 
multitude of models have been developed since. 
multiple linear regressions (MLR). Parsimony and speed of these two statistical tools have made them powerful 
modeling tools in practically all areas
2015), including that of eutrophication
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A B S T R A C T  
Tiagba lagoon bay knows a serious deterioration due human pressure. This fact is 
characterized by its hypereutrophic state. So, it is important to take decisions and to 
lead actions for its rehabilitation and its protection. In this context, this study was 
doing. Eutrophication has been modeled by chlorophyll a, its visible expression in 
surface waters. To optimize eutrophication modeling in this bay, chlorophyll a has been 
modeled by three different models: forward stepwise regression (FSR), multilayer 
perceptron (MLP) and the hybrid neural model “forward stepwise regression/multilayer 
perceptron (FSR/MLP)”. The originality of this study lies in the use of the hybrid 
neural model "FSR/MLP" as tool for modeling. To results obtained, it is noted that FSR 
predicted at 18.71% the spatial and temporal evolution of chlorophyll a. As concern to 
MLP models, they predict at least 40% of the spatial and temporal evolution of 
chlorophyll a, while "FSR/MLP" models make more than 95%. Therefore, "FSR/MLP" 
presents more acutely than the other two models and would be more appropriate for this 
study. So, this hybrid model can be used for the eutrophication monitoring in the 
perspective for rehabilitation and protection of water bodies, particularly for Tiagba 
lagoon bay. In addition, it can be used for water body management and other search 
fields.  

INTRODUCTION 

ge, eutrophication is one of serious threats to the sustainable de
is mainly linked to nutrient pollution, especially by nitrogen and phosphorus nutrients

Ulrich et al., 2016). It causes a loss of biotic and abiotic indices of these 
Pinedo et al., 2015; Sutela et al., 2016). Despite techniques

to its control, this phenomenon knows remarkably successful. This situation is due to strong human pressure on 
et al., 2016; Meliani et al., 2016; Pizarro et al., 2016; Zhang 

implemented strategies aimed its control is still a valid concern. 
Several techniques have been developed for this purpose. Among them, there is modeling.

multitude of models have been developed since. It is distinguished artificial neural networks (ANN) and 
. Parsimony and speed of these two statistical tools have made them powerful 

cally all areas (Milad et al., 2015; Lavanya and Dr. Srinivasan, 
, including that of eutrophication (Xu et al., 2015).  
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characterized by its hypereutrophic state. So, it is important to take decisions and to 

for its rehabilitation and its protection. In this context, this study was 
Eutrophication has been modeled by chlorophyll a, its visible expression in 

To optimize eutrophication modeling in this bay, chlorophyll a has been 
forward stepwise regression (FSR), multilayer 

“forward stepwise regression/multilayer 
perceptron (FSR/MLP)”. The originality of this study lies in the use of the hybrid 

. To results obtained, it is noted that FSR 
predicted at 18.71% the spatial and temporal evolution of chlorophyll a. As concern to 
MLP models, they predict at least 40% of the spatial and temporal evolution of 

"FSR/MLP" models make more than 95%. Therefore, "FSR/MLP" 
presents more acutely than the other two models and would be more appropriate for this 

can be used for the eutrophication monitoring in the 
on and protection of water bodies, particularly for Tiagba 

lagoon bay. In addition, it can be used for water body management and other search 

serious threats to the sustainable development of surface 
is mainly linked to nutrient pollution, especially by nitrogen and phosphorus nutrients (Goody et al. 

It causes a loss of biotic and abiotic indices of these 
techniques and decisions used 

due to strong human pressure on 
Zhang et al., 2016). Thus, 

, there is modeling. In this regard, a 
artificial neural networks (ANN) and 

. Parsimony and speed of these two statistical tools have made them powerful 
Lavanya and Dr. Srinivasan, 2015; Castro et al., 
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Several variants of ANN exist, including multilayer perceptron (MLP) also known under names “feed-
forward multi-layer perceptrons” and “feed-forward network”. MLP is a real statistical tool that optimizes 
control and prediction of tasks according to scenarios. Its ability to model any complex phenomena such as 
eutrophication is well known (Aichouri et al., 2015; Ma et al., 2014). As concern to multiple linear regressions 
(MLR), it also admits many variants, including the forward stepwise regression (FSR). FSR, called “stepwise 
regression with forward selection” again, is used to preaching and estimating the relative contribution of the 
explanatory variables on the scenarios studied, but also for the detection of complementary or antagonistic 
effects between the explanatory variables. This model is currently used in eutrophication modeling (Gutiérrez-
Estrada and Bilton, 2010; Heffernan et al., 2010; Millie et al., 2012; Srivastava et al., 2015). If FSR and MLP 
are frequently used for eutrophication modeling, it wouldn’t seem to be the case of models from their 
hybridization, particularly the hybrid neural model "FSR-MLP". Therefore, the use of this model gives 
originality to this study. 

Of its buildings on stilts on the island, Tiagba lagoon bay is a major asset of the Ivorian ecotourism. 
However, this lagoon bay has a relatively advanced state of deterioration given by its status hypereutrophic 
reported by Yao (2010). In the context to implementation the strategies to control eutrophication in this lagoon 
bay, Yao (2014) modeled this phenomenon via chlorophyll a by MLP. Their different models obtained predict 
the spatial and temporal evolution of chlorophyll a to nearly 70%. As part of the same objective as theirs, this 
study is focused on the modeling of chlorophyll a by new approach, i.e. by FSR, MLP and "FSR-MLP”. The 
main is to find the best model among them which predicts very well eutrophication in this lagoon bay. Thus, the 
subsequent objectives, they are: 

- search for relevant parameters in the spatial and temporal evolution of chlorophyll a in the database used  
by FSR; 
- verification of the complexity and nonlinearity of the studied process through its modeling by FSR and  
MLP; 
- Comparison of rate determination of the different models used in this study to each other on the one hand ,  
and the results obtained by Yao et al. (2014) on the second hand; so to determine the most appropriate in  
this study. 
 

MATERIAL AND METHODS 
 

Presentation of the study area: 
Tiagba lagoon bay is located between 4°40 'and 4°45' West longitude and North latitude 5°20' and at 73 m 

above the level of the sea. Its different morphological and hydrological characteristics are given in Fig.1. 
Located at 80 km from Vridi channel (single entry of seawater into Ébrié system), this bay is subject to a 
reduced influence of Atlantic Ocean. Its low renewal rate (0.24/year), is mainly due to meteoritic contributions. 
Relatively small, these contributions come from to Ira River through Cosrou bay lagoon via the "pass of 
Cosrou" and Bandama river via Assagny channel going to "pass of open waters of central channel "on one hand, 
and the runoff water of meteorites from the catchment on second hand.  

 

 
Fig. 1: Morphologic and hydrologic characteristic of Tiagba lagoon bay 



39                                                                        Yao Marcel Konan et al, 2016 
Australian Journal of Basic and Applied Sciences, 10(13) August 2016, Pages: 37-44 

 

Use of FSR in this study: 
FSR was applied to 13 variables, with: 
- Chlorophyll a as endogenous variable; 
- dissolved oxygen (O2), monthly rainfall in the study area (rain), monthly flow of Bandama river (DBan),  
transparency of water (Trans), Chemical Oxygen Demand (COD), temperature (T), mineral phosphorus 
 (Pmin), ammonia (NH4

+) and nitrates (NO3
-) as exogenous variables. 

 

Calculations were done according to Neter et al. (1969) methods. FSR model obtained is validated if these 
two following conditions are simultaneously satisfied: 

- R2
multiple and R2

ajusted must be greater than 0.5. In other words, if the model obtained explains over 50% the  
studied scenario; 
- F > dF, with a p-value less than 0.05 (α). dF, degrees of liberty of F,is computed by the software. 
  

Use of MLP in this study: 
MLP model development was done from experimental values of exogenous variables considered as relevant 

by FSR model (input parameters) and experimental values of chlorophyll a (output parameter). MLP was 
performed in accordance with Yao (2014). 

The best model corresponds to the studied phenomenon is that presents simultaneously highest correlation 
coefficient values during learning (RL) and validation (RV) phases one hand, and the lowest mean square error 
value during the validation phase (MCEV) on the second hand. However, if highest RL and RV Values and the 
lowest MSEV value are distinctly obtained for different models, the best compromise is that presented the 
highest mean correlation coefficient R value (4), but MSEV also among the lowest. 

� =  ������	

             (1) 

The chosen model is finally validated if following conditions are simultaneously satisfied: 
- R2

V> 0.5 (Yao 2014), in other words if the model explains to more than 50% phenomenon studied  
during the validation phase; 

- MSE (Mean Square Error) and RMSE (Root Mean Square Error) during test phase must be relatively  
low; 

- prevision mean error (em) between experimental values (Yobs) and predicted values (Ypr) of chlorophyll  
a by model during test (2) must be very weak relatively:  

��  =  ∑ ����� �������
�               (2) 

 

- deviation relative mean error (Δ(%)) between experimental values (Yobs) and predicted values (Ypr) of  
chlorophyll a by model during test (3) must be inferior at 10% such as recommended by Noumi (2004)  
for stoachastic models: 

 

∆ �%�  =  ���
� × ∑  ���� ����

����
 �

�               (3) 

 
with : N number of sample in test data sets.  
 

Hybrid model “FSR-MLP" Development: 
Hybrid model was obtained in two steps: 
- the first step concerned chlorophyll a modeling by FSR. Thus, this method, in addition to select of  
relevant parameters in the spatial and temporal evolution of chlorophyll a in Tiagba lagoon bay, it also  
allows correction of chlorophyll a experimental values (observed values); 
- the second step concerned modeling by MLP from relevant exogenous variables (input parameters)  
obtained by FSR and chlorophyll a values calculated by FSR (output parameter). 
 

Choosing the best performance of hybrid models returns to MLP best performance; i.e. which that best 
reflects chlorophyll a values calculated by FSR. Thereby, selection of the model conditions was the same as in 
MLP development. The final validation of hybrid models “ FSR-MLP" was done in two steps. The first 
concerned validation of the MLP best performance due to prediction of chlorophyll a values calculated by FSR. 
The second reported to experimental values and those predicted by hybrid model. Validation conditions 
remained the same as in MLP, except that in the second case RV is replaced by Rhyb (hybrid model correlation 
coefficient). 

 
Data source and software used: 

Experimental values (observed values) of physicochemical parameters used in this study are those obtained 
by Yao (2011) over the period of August 2007 to July 2009. The development of FSR model was doing with 
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STATISTICA software (2010). For MLP, it was developed by the module TOOLBOX of MATLAB software 
(2015). 

 
RESULTS AND DISCUSSION 

 
Results: 
Chlorophyll a modeling by FSR: 

The analyse of Table 1 shows that relevant parameters in spatial and temporal evolution of chlorophyll a in 
database used are: O2, DBan, COD, T, Pmin and NH4

+. The equation of model established is: 
 
!"ℎ$ %& =  203.6106 +  0.0610 × !DBan& − 5.1626 × T + 24.4578 × !Pmin&  −  1.3208 × !O
& −

                            0.0442 ×  !COD& + 32.6432 × NH?
�                                                                                         (4) 

 
This model estimated at 18.71% (R2

adjusted = 0.18706420) the spatial and temporal evolution of chlorophyll a 
in the Tiagba lagoon bay. DBan and T contribute to this estimation at 46.74% (21.0736% for DBan (|ABC�D| = 
0.210736) and 25.6620% for T (|AE| =  0.256620)). As concern Pmin and NH4

+, they contribute to that at 

24.35% (11.2773% for Pmin (|AF�GD| = 0.112773) and 13.0681% for NH4
+ ( A�HIJ = 0.130681)). COD and 

O2 explain the model establish at 19.8298% (9.2709% for COD (|AKLB| = 0.092709) and 10.5589% for O2 
(�ALM� =  0.105589)) (Table 1). According to validation criterias established in MLR development in this study, 
obtained model was not validated because R²multiple and R²adjusted were more less than 0.5. However, F value 
(17.84912), higher than dF (9.650) at p-value equal to 0.000, indicates relevance of this model (Table 2). Thus, 
these six physicochemical parameters were then used in our study. 

 
Chlorophyll a modeling by MLP: 

Modeling of the spatial and temporal evolution of chlorophyll a was done with experimental values of 
chlorophyll a as output, and those of six relevant parameters determinate by FSR in database use as inputs. Two 
approaches had been done: chlorophyll a static evolution and chlorophyll a dynamic evolution. So, we used 
4620 and 5280 data bases for its static and dynamic modeling respectively. 

In this study, MLP best performance for static modeling of chlorophyll a was obtained for the model 6-6-1. 
This model expresses at 51.27% (R2

L = 0.5127) the spatial and temporal variation of six input parameters and 
predicts at 37.53% (R2V = 0.3753) the static evolution of chlorophyll a. As concerned to dynamic modeling of 
chlorophyll a, MLP best performance was obtained for models 7-15-1. This model 7-15-1 give at 66.78% (R2

L = 
0.6678) the spatial and temporal variation of seven input parameters and predicts at 38.24% (R2

V = 0.3824) the 
dynamic evolution of chlorophyll a. These different models established in this study are not validated with 
reference to the validation criteria established in the case of MLP development in this study; although these 
present low error values (table 3). 

 
Chlorophyll a modeling by the hybrid model "FSR/MLP": 

For this modeling, it was used same databases for modeling by MLP, except that the values of chlorophyll a 
used are those calculated by FSR. 

As concerned modeling of chlorophyll a values calculated by FSR, the MLP best performance was obtained 
by model 6-3-1 for its static evolution and 7-6-1 for its dynamic evolution. Model 6-3-1 traduce to 97.61% (R2

L 
=0.9761) the spatial and temporal variation of the six input parameters and predicted at 95.22% (R2

V = 0.9522) 
the static evolution of chlorophyll a values calculated by FSR. Regarding model 7-6-1, it expressed at 99% (R2

L 
= 0.9900) the spatial and temporal variation of seven input parameters involved and predicted at 95.82% (R2

V= 
0.9582) the dynamic evolution of the chlorophyll a values calculated by FSR. Errors between chlorophyll a 
values calculated by FSR (network output parameter) and those predicted by these models were relatively very 
low (Table 4). Referring to conditions established in the case of the hybrid model development, both models 
were validated. Thus, the first validation condition is satisfied. Architectural representations of these two models 
are shown in Fig.2.  

In reporting chlorophyll a experiment values at those obtained by hybrid models "(4) /6-3-1" and "(4)1/7-6-
1", it is noted that determination rates of different scenarios studied are superior at 95%. Also, different errors 
between chlorophyll a values predicted by hybrid model and those obtained experimentally were relatively very 
low (Table 5). The second condition validation was also satisfied. According to validation conditions 
established in the case of these hybrid models developments, models obtained were finally validated. Fig.3 
shows plots of experimental values of COD based on values calculated by the hybrid model. 
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Table 1: Statistical data and coefficients of the model established by FSR 
ß Error-Type of 

Bêta 
B Error-Type of B t(650)  p level 

Origine ordinate 
  

203.6106 23.09655 8.81563 0.000000 
DBan 0.210736 0.038523 0.0610 0.01115 5.47044 0.000000 
T -0.256620 0.036240 -5.1626 0.72907 -7.08109 0.000000 
Pmin 0.112773 0.047755 24.4578 10.35687 2.36151 0.018495 
O2 -0.105589 0.036596 -1.3208 0.45777 -2.88523 0.004041 
COD -0.092709 0.037693 -0.0442 0.01795 -2.45958 0.014169 
NH4

+ 0.130681 0.046117 32.6432 11.51977 2.83366 0.004745 
NO3

- -0.064835 0.037964 -8.6565 5.06888 -1.70778 0.088155 
Rain 0.071054 0.037294 0.0237 0.01246 1.90522 0.057193 
Trans -0.048511 0.037885 -14.4490 11.28388 -1.28050 0.200826 

⃰ dissolved oxygen (O2), monthly rainfall in the study area (rain), monthly flow of Bandama river (DBan), transparency of water (Trans), 
Chemical Oxygen Demand (COD), temperature (T), mineral phosphorus (P min), ammonia (NH4+) and nitrates (NO3-) as exogenous 
variables. 
⃰ In bold, the relevant parameters 
 
Table 2: Global variance of the model established by FSR 

Exogenous parameter Chlorophyll a 
Observations number 660 

Rmultiple 0.44515897 
R²multiple 0.19816651 
Radjusted 0.4235091 
R²adjusted 0.18706420 

F 17.84912 
dF 9.650 

p-value 0.0000 
Error-type estimation 29.985372819 

 
Table 3: Comparison MLP models obtained by Yao (2014) to those obtained in this study 

 
 

Results obtained by Yao (2014)  Results obtained in this present study 

 static Modeling dynamic Modeling  static Modeling  dynamic Modeling 
MLP model 10-11-1 11-11-1  6-6-1  7-15-1 

RL 0.804 0.835  0.7160  0.8172 
R2

L 0.647 0.698  0.5127  0.6678 
RV 0.791 0.815  0.6126  0.6184 
R2

V 0.626 0.664  0.3753  0.3824 
MSEV 0.059 0.019  0.0942  0.0899 
MSEtest - -  0.0875  0.1326 

RMSEtest - -  0.2958  0.3641 
 
Table 4: Statistical characteristics of models 6-3-1 and 7-6-1  

 static Modeling  dynamic Modeling 
MLP model 6-3-1  7-6-1 

RL 0.98800  0.9950 
R2

L 0.9761  0.9900 
RV 0.9758  0.9789 
R2

V 0.9522  0.9582 
MSEV 0.0063  0.0089 
MSEtest 0.0066  0.0114 

RMSEtest 0.0812  0.1068 
Previon mean error (em) (%) 0.1432  0.6321 

Deviation mean error (Δ) (%) 6.99  6.99 
 
Table 5: Statistical characteristics of hybrid models "(4)1/6-3-1" and "(4)1/7-6-1” 

 Static modeling  Dynamic modeling 
Hybrid models (4)1/6-3-1  (4)1/7-6-1 

R2
hyb 0.95327  0.96374 

MSE 0.1657  0.1844 
RMSE 0.4071  0.4294 

Previon mean error (em) (%) 0.1796  0.2447 
Deviation mean error (Δ) (%) 3.3314  4.7918 
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(a) (b) 
Fig. 2: Representations of models architectures 6-3-1 (a) and 7-6-1 (b) 

  

  
(a) Static modeling (b) Dynamic modeling 

 
Fig. 3: Plots of chlorophyll a experimental values (Target) based on its predicated values (output) by hybrid 

models « (4)1/6-3-1 » (a) and « (4)1/7-6-1 » (b). 
 

Discussion: 
The use of FSR in this study has reaffirmed the major role of temperature, phosphorus and nitrogen 

nutrients (its main leaders) and the hydrological influence over the flow of Bandama river in the spatial and 
temporal evolution of this phenomenon. In addition, it highlighted its consequences through the chemical 
oxygen demand and the fluctuation of dissolved oxygen causes it. Nevertheless, the direct involvement of other 
parameters such as salinity, water transparency and suspended matter in this phenomenon would be 
overshadowed by the hypertrophic nature of this lagoon bay (Yao, 2010). Low determination rates of the spatial 
and temporal evolution of chlorophyll a in Tiagba bay lagoon by FSR and MLP are further illustrated non-
linearity and high complexity of eutrophication. In surface water, the manifestation of this ecological scourge 
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stems from the involvement of many biogeochemical, hydrological and hydro parameters. MLP’s ability to 
model any complex phenomena such as eutrophication compared to MLR is again shown in this study 
(Gutiérrez-Estrada and Bilton, 2010; Millie et al., 2012; Srivastava et al., 2015). Comparing these results to 
those of Yao (2014), it is noted that models obtained by this author are more suitable than those obtained in this 
study. The low rate determination of different MLP models obtained in this study can be explained by the 
number and nature of input parameters. In effect, Yao (2014) has added monthly precipitation, suspended solids, 
pH, nitrates and transparent water to the input parameters used in this study, except the chemical oxygen 
demand. It seems that a growing number of trophic parameters used as input variables promote good modeling 
by MLP in this lagoon bay. 

Hybrid neural models established for chlorophyll a prediction are more suitable than FSR and MLP models 
obtained in this study in one hand, and more suitable than those obtained by Yao (2014) on second hand. They 
have many advantages. First, they provide a good prediction of spatial and temporal evolution of chlorophyll a 
from limited number of parameters compared to those of Yao (2014). Then MLP architectures they present are 
relatively less complex; hence the speed of their implementation. Finally, they show great parsimony and 
flexibility. The success of these hybrid neural models is based primarily on the use of FSR downstream. The use 
of this model has highlighted the relevant parameters in the phenomenon studied and allows relatively readjust 
the experimental values of chlorophyll a. This fact favors a very good prediction MLP downstream of these 
adjusted values of chlorophyll a, thereby its experimental values. Comparing these hybrid neural models 
obtained in this study to those established in the same context by numerous authors, particularly by Millie et al. 
(2012) and Kim et al. (2014), it is deduced the great capacity of the hybrid model "FSR/MLP" to model any 
complex phenomenon such as eutrophication. 

 
Conclusion: 

This study has shown again non linearity and high complexity of eutrophication in water bodies by using 
FSR. Again, it shows that the best performance of MLP for scenario prediction depend to the choice of input 
parameters, in particular for the case of eutrophication modeling. The implementation of model “FSR/MLP” in 
this study has revealed its great ability for eutrophication modeling. So, this neural hybrid model can model any 
complex phenomena. Therefore, it can be used for management and sustainable development of water bodies, 
particularly in the case of Tiagba lagoon bay. In addition, its use can be generalized to other fields.  

 
ACKNOWLEDGEMENT 

 
Our thanks go to the member of Oceanologic Research Center of Abidjan, particularly to Dr BAMBA Siaka 

Barthélemy and M. SORO Métongo Bernard, for their contributions to this study. 
 

REFERENCES 
 
Aichouri, I., A. Hani, N. Bougherira, L. Djabri, H. Chaffai and S. Lallahem, 2015. River flow model using 

artificial neural networks. Energy Procedia, 74: 1007-1014.  
Cabrita, M.T., A. Silva, P.B. Oliveira, M.M. Angélico and M.Nogueira, 2015. Assessing eutrophication in 

the Portuguese continental Exclusive Economic Zone within the European Marine Strategy Framework 
Directive. Ecological indicators, 58: 286-299. 

Castro, R.V.O., C.P.B. Soares, H.G. Leite, A.L. de Souza, F.B. Martins, G.S. Nogueira and M.L.R. de 
Oliveira, 2015. Artificial Neural Networks Effectiveness to Estimate Mortality in a Semi-Deciduous Seasonal 
Forest. Australian Journal of Basic and Applied Sciences, 9(5): 435-444. 

Goody, D.C., D.J. Lapworth, S.A. Bennett, T.H.E. Heaton, P.J. Williams and B.W.J. Surridge, 2016. A 
multi-stable isotope framework to understand eutrophication in aquatic ecosystems. Water Research, 88: 623-
633.  

Gutiérrez-Estrada, J.C and T.D. Bilton, 2010. A heuristic approach to predicting water beetle diversity in 
temporary and fluctuating waters. Ecological Modelling, 221: 1451-1462. 

Heffernan, J.B., D.M. Liebowitz, T.K. Frazer, J.M. Evans and M.J. Cohen, 2010. Algal blooms and the 
nitrogen-enrichment hypothesis in Florida springs: evidence, alternatives, and adaptive management. Ecological 
Applied, 20: 816-829. 

Kaspersen, B.S., T.B. Christensen, A.M. Fredenslund, H.B. Møller, M.B. Butts, N.H. Jensen and T. Kjaer, 
2016. Linking climate change mitigation and coastal eutrophication management through biogas technology: 
Evidence from a new Danish bioenergy concept. Science of The Total Environment, 541: 124-1131. 

Kim, D-K., W. Zhang, V. Hiriart-Baer, C. Wellen, T. Long, D. Boyd and G.B. Arhonditsis, 2014. Towards 
the development of integrated modelling systems in aquatic biogeochemistry: a Bayesian approach. Journal of 
Great Lakes Research, 40(3): 73-87. 



44                                                                        Yao Marcel Konan et al, 2016 
Australian Journal of Basic and Applied Sciences, 10(13) August 2016, Pages: 37-44 

 

Lavanya, G and Dr. S, Srinivasan, 2015. A Survey on Artificial Bee Colony Models for Numerical 
Optimizations and Its Work in Image Segmentation and Data Classification. Australian Journal of Basic and 
Applied Sciences, 9(2): 304-310. 

Ma, Z., X. Song, R. Wan, L. Gao and D. Jiang, 2014. Artificial neural network modeling of the water 
quality in intensive Litopenaeus vannamei shrimp tanks. Aquaculture, 433: 307-312.  

Matlab software., 2015a. Matlab and statistic toolbox releases. The Mathorks Incorporation, Naticle, 
Massuchusetts, USA. 

Meliani, H., M.A. Bouzidi, M.M. DIF and M. Benyahia, 2016. Physicochemical and Bacteriological Water 
Analyses in Ain Temouchent Beaches(Algeria, NW). Advances in Environmental Biology, 10(2): 19-27. 

Milad, M.A.H., R.I. Ibrahim and S. Marappan, 2015. Regression Model Building and Forecasting on 
Imports in Malaysia. Australian Journal of Basic and Applied Sciences, 9(11): 298-306. 

Millie, D.F., G.R. Weckman, W.A. Young II, J.E. Ivey, H.J. Carrick and G.L. Fahnenstiel, 2012. Modeling 
microalgal abundance with artificial neural networks: Demonstration of a heuristic ‘Grey-Box’ to deconvolve 
and quantify environmental influences.Environmental Modelling & Software, 38: 27-39. 

Neter, J., W. Wasserman and M.H. Kutner, 1989. Applied Linear Statistical Models. Homewood (ed.), 2nd 
edn, IL: Richard D. Irwin. 

Noumi, M., 2004. Painleve equations through symmetry: Translations of mathematical. Monographs vol. 
223. American Mathematical Society (ed.). 

Omar, M.A., M.N.A. Azmai, H. Omar and A. Ismail, 2016. Water quality, primary productivity and carbon 
capture potential of microalgae in two urban manmade lakes, Selangor, Malaysia. Advances in Environmental 
Biology, 10(3): 10-22. 

Pinedo, S., R. Arévalo and E. Ballesteros, 2015. Seasonal dynamic of upper sublittoral assemblages on 
Mediterranean rocky shores along a eutrophication gradient. Estuarine, Coastal and Shelf Science, 161: 93-101. 

Pizarro, J., P.M. Vergara, S. Cerda and D. Briones, 2016. Cooling and eutrophication of southern Chilean 
lakes. Science of The Total Environment, 541: 683-691. 

Srivastava, A., C-Y. Ahn, R.K. Asthana, H-G. Lee and H-M. Oh., 2015. Status, Alert System and 
Prediction of Cyanobacterial Bloom in South Korea. BioMed Research International, pp: 1-8. 

Statistica software., 2010. Statistica software version 10.0. Statistica Softare Incoporation, France. 
Sutela, T., T. Vehanen and M. Rask, 2016. A littoral fish index that responds to eutrophication in boreal 

lakes. Fisheries Research, 173(1): 88-92. 
Ulrich, A.E., D.F. Malley and P.D. Watts, 2016. Lake winnipeg basin: Advocacy, challenges and progress 

for sustainable phosphorus and eutrophication control. Science of The Total Environment, 542(B): 1030-1039. 
Xu, Y., C. Ma, Q. Liu, B. Xi, G. Qian, D. Zhang and S. Huo, 2015. Method to predict key factors affecting 

lake eutrophication – A new approach based on Support Vector Regression model. International 
Biodeterioration & Biodegradation, 102: 308-315. 

Yao, M.K., 2011. Evaluation et modélisation de l′eutrophisation dans une baie lagunaire tropicale 
apparentée lacustre : cas de la baie lagunaire de Tiagba (Côte d′Ivoire). Thesis, Chemical Physical option, 
University Félix Houphouët-Boigny, Abidjan, Côte d′Ivoire. 

Yao, M.K., K.B. Yao, A. Trokourey and M.B. Soro, 2010. Assessment of the Trophic Status of the Lagoon-
bay of Tiagba in Côte d’Ivoire. Australian Journal of Basic and Applied Sciences, 4(8): 4038-4045. 

Yao, M.K., A. Trokourey, K.B. Yao, N.E. Assidjo and M.B. Soro, 2014. Eutrophication modeling using 
MLP-BP based on Levenberg-Marquardt algorithm: a case study. International Journal of Technical Research 
and Applications, 2(1): 01-07.  

Zhang, J., T. Xiao, D. Xiao, D. Huang, S. Liu and J. Fang, 2016. Eutrophication and hypoxia and their 
impacts on the ecosystem of the Changjiang estuary and adjacent coastal environment. Journal of Marine 
Systems, 154(A): 1-4. 

 
 
 
 
 
 
 


