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Abstract: Due to simplicity and low costs, waste stabilisation ponds (WSPs) have become one
of the most popular biological wastewater treatment systems that are applied in many places
around the globe. Increasingly, pond modelling has become an interesting tool to improve and
optimise their performance. Unlike process-driven models, generalised linear models (GLMs) can
deliver considerable practical values in specific case studies with limited resources of time, data and
mechanistic understanding, especially in the case of pond systems containing vast complexity of many
unknown processes. This study aimed to investigate the key driving factors of dissolved oxygen
variability in Ucubamba WSP (Ecuador), by applying and comparing numerous GLMs. Particularly,
using different data partitioning and cross-validation strategies, we compared the predictive accuracy
of 83 GLMs. The obtained results showed that chlorophyll a had a strong impact on the dissolved
oxygen (DO) level near the water surface, while organic matter could be the most influential factor
on the DO variability at the bottom of the pond. Among the 83 models, the optimal models were
pond- and depth-specific. Specifically, among the ponds, the models of MPs predicted DO more
precisely than those of facultative ponds; while within a pond, the models of the surface performed
better than those of the bottom. Using mean absolute error (MAE) and symmetric mean absolute
percentage error (SMAPE) to represent model predictive performance, it was found that MAEs varied
in the range of 0.22–2.75 mg L−1 in the training period and 0.74–3.54 mg L−1 in the validation period;
while SMAPEs were in the range of 2.35–38.70% in the training period and 10.88–71.62% in the
validation period. By providing insights into the oxygen-related processes, the findings could be
valuable for future pond operation and monitoring.

Keywords: waste stabilisation pond; generalised linear model; spatiotemporal effect; dissolved
oxygen control; Ecuador

1. Introduction

Waste stabilisation ponds (WSPs) are commonly applied for municipal wastewater treatment,
as they can offer completely natural purifying processes, with low costs and simplicity [1]. The most
known and broadly used WSP layout is composed of a sequence of anaerobic, facultative (FP) and
(a series of) maturation ponds (MPs). Anaerobic ponds are normally located at the primary treatment
stage, to remove organic matter due to their robustness against a high loading rate. Subsequently,
taking advantage of photosynthetic oxygenation, FPs are applied for further organic matter and
nutrient removal, with minimal operational costs. Lastly, MPs are designed with shallow depths

Water 2020, 12, 1930; doi:10.3390/w12071930 www.mdpi.com/journal/water

http://www.mdpi.com/journal/water
http://www.mdpi.com
https://orcid.org/0000-0002-2999-1691
https://orcid.org/0000-0001-9636-5861
http://www.mdpi.com/2073-4441/12/7/1930?type=check_update&version=1
http://dx.doi.org/10.3390/w12071930
http://www.mdpi.com/journal/water


Water 2020, 12, 1930 2 of 18

to remove pathogens and excessive nutrients [2]. WSPs can be found in many countries located in
polar areas (e.g., North America or Europe) and in the equator (e.g., Africa or South Asia, treating
wastewater from metropolitan to rural communities) [3,4].

Pond modelling is normally applied as a mathematical description of physical, chemical or
biological states or processes occurring inside ponds. Using a model could help to investigate such
processes and their mechanisms, so one could design better experiments and comprehend the results [5].
Many model construction and identification studies are conducted using generalised linear models
(GLMs) and corresponding identification algorithms. GLMs are simple and often provide an adequate
and interpretable description of how the inputs affect the output [6]. Applications of GLMs can be
found in many scientific fields, including medicine, biology, agriculture, economics, engineering,
sociology, geology, etc. The purposes of GLMs are: (1) Establish a causal relationship between the
outcome variable Y and predictor variables x1, x2, . . . , xn; (2) predict Y based on a set of values of x1,
x2, . . . , xn; and (3) screen variables x1, x2, . . . , xn, to identify which variables are more important than
others to explain the response variable Y, so that the causal relationship could be determined more
efficiently and accurately [7]. For prediction purposes, these can sometimes outperform non-linear
models, especially in situations with limited numbers of training cases [6]. In short, GLMs find a line
that minimize the errors between the line and the experimental data points. There are a number of
different definitions of “best fit,” and, therefore, a number of different development methods of GLMs
that result in somewhat different fitted lines. By far, the most common is the “ordinary least-squares
regression”. The least-squares method minimises the sum of the squares of the deviations of the
theoretical data points from the experimental ones [7].

Recently, modelling has served as an important, low-cost tool for better description and
improved understanding of WSP systems [8]. Models were developed that either focussed on
hydrodynamics [9–11] or biochemical processes [12,13], or on both of them [14–16]. However,
development of these models is time-intensive and requires understanding of mechanisms driving
the processes in the systems. Additionally, the models require large datasets for calibration and
validation; hence, very few applications of the calibrated and validated model can be found in pond
modelling [14]. In this regard, data-driven models appear to be an optimal choice, as they can
deliver considerable practical values in specific case studies with limited resources of time, data and
mechanistic understanding.

In wastewater treatment facilities, dissolved oxygen (DO) plays a crucial role in the biodegradation
of organic matter, control of odours and removal of pathogens. Hence, aeration costs normally account
for 40–60% of the total energy consumption of a wastewater treatment plant (WWTP). On the other
hand, DO is naturally supplied by algal photosynthetic process in WSPs, which reduce the operational
costs and constrain potential risks from the emission of volatile organic compounds by avoiding
mechanical aerations [17]. Due to the dependence of algal metabolisms on day–night cycles, highly
fluctuated DO levels can affect the performance of WSPs. Additionally, when discharged into water
bodies, DO in the effluent might comprise various implications from the ecological and environmental
points of view, as it can affect aquatic organisms living in the water bodies. However, from previous
pond design and operation guidelines [18,19], DO was identified only as an additional parameter for
effluent quality monitoring and evaluation of pond performance. Similarly, pond modellers scarcely
paid attention to the variables. To the authors’ knowledge, only two mechanistic models of Kayombo,
Mbwette, Mayo, Katima and Jorgensen [13] and Banks, et al. [20] applied mathematical models to
investigate the oxygen balance in facultative ponds (FPs). However, both models include no hydraulic
processes and insufficient biochemical processes that can considerably affect the mass balance of
oxygen in the ponds. The issues can be found in most biogeochemical pond models, since this is
a challenge for modelling the complexity of the systems [8].



Water 2020, 12, 1930 3 of 18

This study aimed to develop a GLM application to investigate the key driving factors of
DO variability in WSPs. To this end, we conducted three sampling campaigns at Ucubamba WSP
(Ecuador), collecting information about not merely the oxygen level but also the physicochemical,
hydromorphological and meteorological variables. Subsequently, we applied different data partitioning
and cross-validation strategies in model development, to take into account the spatial and temporal
effects on the oxygen dynamic of WSPs and to identify the best predictive performing models.
Such models could help in the management of the WSP and provide insights into oxygen-related
processes for further development of advanced models for WSPs.

2. Materials and Methods

2.1. Study Area

The Ucubamba WSP is located at 2◦52′21′′ S, 78◦56′30′′ W, at an altitude of 2400 m above sea
level and is designed to treat the domestic effluent from the city of Cuenca (Ecuador). The annual
average temperature is 14 ◦C. The dry season is between June and December, and the rainy season
is between January and May. The total surface of the WSP is 45 ha and the hydraulic retention time
(HRT) is 11.5 days [21]. The WSP is in operation since 1999 by the Municipal Company ETAPA
(Empresa Municipal de Telecomunicaciones, Agua Potable, Alcantarillado y Saneamiento) in Cuenca,
Ecuador. Wastewater entering the WSP first passes through a pre-treatment step (screening and
grit chamber). After this primary treatment, the wastewater is divided into two identical flow lines
(Figure 1). Wastewater flows into an aerated lagoon, which contains mechanical floating aerators to
provide oxygen for the removal of organic matter. The HRT is relatively short (i.e., two to three days).
The total area of the aerated lagoons is 6 ha, with a depth of 4.5 m (two times 3 ha). Subsequently,
the aerated wastewater flows from the aerated lagoon into the FPs, where further removal of soluble
BOD takes place. The total area of the FPs is 26 ha, with a depth of 2 m (two times 13 ha) and the
theoretical HRT is five to six days. The MPs are the last stage in the biological treatment chain and
mainly remove pathogens [22]. The total area of the MPs is 13 ha with a depth of 1.8 m (7.4 ha in MPs
from line 1 and 5.6 ha in line 2) and the HRT is three to four days. With no inclination, the bottom of
the ponds is well-sealed by geotextiles to avoid seepage.
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2.2. Sampling Scheme

In order to have representative samples for the whole pond, each pond was divided into 6 sections
longitudinally and 4 sections transversally. Sampling was done at nine different locations (S1–S9)
across the FPs and MPs, to measure the physical, chemical and biological characteristics (Figure 1).
At each location, a multi-probe YSI 6600V2-2 (YSI Xylem Inc., Yellow Springs, Ohio, USA) was used to
measure DO, chlorophyll a and water temperature at two depths, i.e., 30 cm below the water surface
and 15 cm above the sediment layer of the ponds. Due to sludge accumulation at locations 1 and 2 of
the FPs, only samples at 30 cm below the water surface were collected for these two locations. At the
same time, a sampling device (Teledyne ISCO, model 6712, Teledyne Isco Inc, Wierde, Belgium) was
used to collect the water samples at different locations and depths; three samples from the locations
at a similar distance from the inlet (e.g., locations 1, 2 and 3) were mixed as one sample, resulting in
3 mixed samples per pond and per depth. These mixed samples were sent to the lab in ETAPA for
biochemical oxygen demand (BOD) analysis using American Public Health Association methods (code
5210) [23]. Three sampling campaigns were implemented on 25 and 26 July (T1), 14 and 15 August (T2)
and 26 and 27 August (T3) in 2013. At each sampling time, one WSP line was sampled over the course
of one day, starting from 8:00 to 17:00. Average air temperature, solar radiation and wind speed were
obtained from the Meteorological Station of CELEC Hidropaute, located approximately 600 m away
from the WSP.

2.3. Model Construction and Diagnostics

2.3.1. Variables Used to Develop Models

GLMs were applied to predict the DO levels of both FPs and MPs. The Statistical Package for the
Social Sciences (SPSS) version 22 by IBM was used for model construction and the coefficients of the
variables were obtained by backward regression method [24]. The approach begins by including all
predictors in the model and then calculating the contribution of each one by looking at the significance
value of the t-test, which was used to test whether the coefficient was different from 0, for each predictor.
This significance value was compared against a removal criterion (which could be either an absolute
value of the test statistic or a probability value for that test statistic). If a predictor met the removal
criterion (i.e., if it did not make a statistically significant contribution to how well the model predicted
the outcome variable) it was removed from the model and the model was re-estimated including only
the remaining predictors. The contribution of the remaining predictors was then reassessed in a similar
fashion, until only significant predictors were left in the model. In this study, the default stepping
method criterion in SPSS was used for variable selection. Variables could be entered or removed from
the model, depending on the significance (probability) values in the t-test. A variable was entered into
the model, if the significance value of its t-test was less than 0.05 (Entry value) and was removed if the
significance level was greater than 0.1 (Removal value).

Six variables, i.e., chlorophyll a, BOD, water temperature, solar radiation, wind speed and air
temperature, were always used as predictors in the models, given the mass balance of oxygen in the
ponds. While the main oxygen sources in the WSP system were photosynthesis and the direct exchange
of atmospheric oxygen through the air/water interface, oxygen consumption was mostly done by
aerobic bacteria for mineralizing organic matter and nitrification process [25]. Additionally these six
variables, depths ranging from 5 to 175 cm from the water surface, and timing (the time-points when
the samples were taken) ranging from 8:00 to 17:00, were used in some of the models to test whether
this inclusion would result in better model performance. The general predictive model of the DO was
showed as follows:

DO = β0 + β1× Chl + β2×BOD5 + β3×WT + β4 × SR + β5 ×WS + β6 × AT
+β7 × Depth + β8 × Timing

(1)
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where Chl: Chlorophyll a; BOD: Biological oxygen demand; WT: Water temperature; SR: Solar radiation;
WS: Wind speed; and AT: Air temperature;

2.3.2. Model Development

Different data partitioning strategies were made to develop predictive models of DO. These
strategies took into account the potential effects of sampling campaigns (T1, T2 and T3), depth (surface
and bottom), pond types (FP and MP), pond lines (lines 1 and 2), ponds (FP1, FP2, MP1 and MP2) and
sampling timing (morning and afternoon) (Figure 2). The data partitioning generated seven types of
datasets—(1) a complete dataset; (2) three campaign-specific datasets; (3) three depth-specific datasets;
(4) six depth-and-pond-type-specific datasets; (5) four depth-and-pond-line-specific datasets; (6) eight
depth-and-pond-specific datasets; and (7) eight depth-and-pond-specific datasets, taking into account
the Timing factor. From these datasets, two-third of the datasets were used for training the models and
one-third of the datasets were used for validating the trained models. From the combination of the
data partition and cross validation, 83 models were produced in total. Details of the 83 models can be
found in Supplementary Material S1.Water 2020, 12, x FOR PEER REVIEW 4 of 18 
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2.3.3. Model Diagnostics and Assessment

The presence of outliers in the dataset was detected and checked by a number of measures provided
in SPSS, such as Cook’s distance, standardised residuals, average leverage, Mahalanobis distance,
standardised DFBeta (in SPSS, DFBeta is defined as the difference between a parameter estimated using
all cases and that estimated when one case is excluded) and Covariance ratio (CVR). Additionally,
assumptions of GLMs were also taken into account, following the guidelines of Zuur, et al. [26].
Major assumptions of GLMs are—(1) homoscedasticity, which could be checked by the plot of the
standardised residuals and the standardised predicted values; (2) independent errors, which could
be checked by a Durbin–Watson test. As generally accepted, the Durbin–Watson value should be in
the range of 1–3, and the closer to 2, the better; (3) multicollinearity, which could be determined by
a variance inflation factor (VIF) > 10 and (4). Normally distributed errors, which could be observed



Water 2020, 12, 1930 6 of 18

by histogram of the standardised residuals and the normal probability plot of standardised residuals.
For prediction purpose, it is not necessary to meet all assumptions, especially in ecological data, where
the assumptions are difficult to meet and, therefore, evaluation of the models preferably focuses on the
validity of the predictions in the new data. However, better predictions would result from a model
that satisfied its underlying assumptions.

2.4. Model Comparison

In this study, two measures were used to compare the predictive accuracy of the models. They were
the mean absolute error (MAE), showing how different the predicted value was from the observed
value, and the symmetric mean absolute percentage error (SMAPE), showing the difference of the
predicted and the observed value in percentage. MAE is a common measure of predictive accuracy [27]
and is defined as the average sum of the absolute difference between the observed and the predicted
values, while SMAPEs exist in several versions. Since predicted DO could be negative and the DO
values especially near the bottom could be close to 0, SMAPEs formula introduced by [28] was used in
this study and was modified to have the range from 0 to 100%. The MAE and SMAPE obtained during
the validation of models constructed for different types of datasets were compared with each other and
the optimal models were those that had the smallest MAE and the smallest SMAPE. The formulas to
calculate MAE and SMAPE were as follows:

MAE =
1
n

n∑
i=1

|Oi − Fi| (2)

SMAPE (%) =

 1n
n∑

i=1

|Oi − Fi|

(|Oi|+ |Fi|)

 × 100% (3)

where Oi is the observed value and Fi is the predicted value and n is the number of data points.

2.5. Model Parameters and Their Importance

The coefficients of the models are important parameters, as they give information about the
relationship between the outcome variable and each predictor variable. If the coefficient was positive,
there was a positive relationship between the predictor variable and the outcome variable, while
a negative coefficient represent a negative relationship [29]. Moreover, the coefficients also provide
information about to what degree each predictor variable affects the outcome variable, if effects of
all other predictor variables were held constant. Due to the difference in units of measurement of
the predictor variables, standardised coefficients were preferably used to interpret the importance
of each predictor variable [30]. The standardised coefficients represent the number of standard
deviations that the outcome would change, as a result of one standard deviation change in the predictor.
The standardised beta values were all measured in standard deviation units and so were directly
comparable, therefore, they provided a better insight into the ‘importance’ of a predictor variable in
the model. The degree of importance of the predictor variable to the outcome variable can be known
by comparing the absolute values of the standardised coefficients. The larger the absolute value of the
standardised coefficient, the more important the predictor variable.
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3. Results

3.1. Variability of Physicochemical and Biological Parameters and Climatic Conditions in the Ponds

The sampling campaign was done in three different sampling times (T1, T2 and T3) to collect the
data for modelling dissolved oxygen (DO) in both FPs and MPs. The variability of physicochemical
and biological parameters and climatic conditions are showed in Supplementary Material S2. The data
of chlorophyll a differed highly between the sampling times and depths (surface vs. bottom), which
could be related to the timing of sampling (morning or afternoon). Chlorophyll a concentration also
differed between the two depths within the pond and between the two different ponds (FPs vs. MPs).
In general, the concentration of chlorophyll a at the surface was higher than that at the bottom and
the concentration of chlorophyll a in the FPs was higher than that in the MPs. Specifically, the algal
biomass near the water surface was around double that at the bottom. This proportion was lower in
the FPs (around 1.5) but higher in the MPs (around 2.5). Higher algal biomass could also be found in
the FPs compared to their consecutive ponds, i.e., 354.8 and 161 µg Chl a L−1

. The concentration of
BOD followed more or less the same pattern as chlorophyll a, except that there was no large variability
of BOD concentration between the three different sampling times, which could be appointed to the
quite stable BOD removal efficiency of the system. It was also observed that the concentration of BOD
decreased from the FPs to MPs by a factor of two, i.e., 33.7 and 18.8 mg L−1. Water temperature did not
change that much between the three sampling times, and fluctuated around 18–19 ◦C. Additionally,
water temperature seemed to be homogenous throughout the water column and between the two pond
types. Related to the climatic conditions, only air temperature remained unaltered, i.e., 16.8 ± 2.1 ◦C,
while wind speed and especially solar radiation did change a lot across the three sampling times,
i.e., 2.4 ± 1.0 m s−1 and 469.2 ± 223.8 W m−2, respectively. As DO was in fact influenced by the BOD
concentration and the diurnal activity of algae, it also showed a large variability across the three
sampling times (Figure 3). Between the two pond types, DO across the three sampling times had
a larger variability in FPs than in MPs. There was also a difference of DO between the surface and
bottom of both FPs and MPs. Within line 1 of the WSP, there was a decrease of DO from FP 1 to MP 1,
in both the surface and the bottom, while in line 2 of the WSP, DO throughout the ponds were more
or less the same in both the surface and the bottom layers. From the outlet part of FP1 to MP1 inlet,
DO values near the water surface dropped about 70%, i.e., from above 10 mg O2·L−1 to around 3 mg
O2·L−1, while the oxygen level remained similar between the two ponds in the upper line.

3.2. Optimal Models for Prediction of Dissolved Oxygen in the Ponds

In total, 83 different models were built from seven data partitioning and cross-validation strategies
(Figure 2). The best-performing model(s) (the one with lowest MAEs and SMAPEs in both the training
and validation periods) of each dataset was selected as the representative model(s) of that dataset
and then compared to each other to find the optimal models for prediction of DO in the WSP
(Figures 4 and 5). The obtained results showed that the optimal models were the ones constructed
separately for ponds and depths, as in general they had lowest MAEs and SMAPEs among the others.
The details of all models constructed for all datasets can be found in Supplementary Material S3.
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Figure 5. Symmetric mean absolute percentage error of the models with the best predictive performance
in different data partitioning and cross-validation strategies. Among seven strategies, only four strategies
(S1, S4, S6 and S7) resulted in high predictive performing models, which were pond and depth-specific.
FP = Facultative pond; MP = Maturation pond; S = Surface; and B = Bottom.

Related to predictive accuracy, it can be seen from Table 1 that MAE varied in the range of
0.22–2.75 mg L−1 in the training period and 0.74–3.54 mg L−1 in the validation period. To express the
predictive accuracy in percentage, SMAPEs were also calculated and it was in the range of 2.35–38.70%
in the training period and 10.88–71.62% in the validation period. In general, among the ponds, the model
of MPs performed better than those of FPs, and within a pond, the models for the surface performed
better than those for the bottom. This was supported by the higher MAEs and SMAPEs values in the
optimal models of FPs, compared to those of MPs, and in the optimal models for the bottom compared
to those for the surface (Table 1).

3.3. Importance of the Predictor Variables

In GLMs, standardised coefficients are used to determine the degree of importance of each
predictor variable to the outcome variable [29]. They are also used to determine to what degree
each predictor variable affects the outcome variable, if all other predictor variables are kept constant.
The overview of the parameters of the optimal models and their important statistics are shown in
Table 2. It can be seen from the values of the standardised coefficients that chlorophyll a was the most
important predictor variable in all models for the surface of the ponds, while in the models for the
bottom, BOD was the most important variable to DO, except for the model of MP1. Particularly, in the
model of FP1 at the surface chlorophyll a, BOD and air temperature made a significant contribution
to the prediction of DO. They all had a positive relationship with DO, indicating that an increase of
each variable will result in an increase of DO. Among the three predictor variables, chlorophyll a was
the most important one as it had the highest standardised coefficient (0.713), while air temperature
was the second important one (0.626) and BOD was the third important one (0.268). The values of
the standardised coefficients also indicated that as chlorophyll a increased by one standard deviation
(109.10µg L−1), DO increased by 0.713 standard deviation, which was equal to 0.713× 5.90 = 4.21 mg L−1

(Table 2). Similarly, an increase of one standard deviation of air temperature (2.09 ◦C) and BOD
(7.74 mg L−1) would result in an increase of 3.69 (0.626 × 5.90) and 1.58 (0.268 × 5.90) mg L−1 DO,
respectively. Similar interpretations could be made for the other models, based on the values of the
standardised coefficients in the last column of Table 2.



Water 2020, 12, 1930 10 of 18

Table 1. Predictive accuracy of the optimal models.

Pond Training
Dataset

Validation
Dataset

Full Optimal Model
MAE ± sd (mg L−1) SMAPE ± sd (%)

R2
Training Validation Training Validation

FP1_Surface T2T3
FP1_Surface

T1
FP1_Surface

DO = −43.718 + 0.039Chl +
0.204BOD + 1.772AT 1.59 ± 0.73 3.06 ± 2.74 11.75 ± 14.17 11.01 ± 10.03 0.909

FP1_Bottom T2T3
FP1_Bottom

T1
FP1_Bottom DO = −9.550 + 0.447BOD 2.75 ± 2.20 3.52 ± 3.00 38.70 ± 31.49 20.08 ± 24.08 0.540

MP1_Surface T1T2
MP1_Surface

T3
MP1_Surface DO = −2.024 + 0.012Chl + 0.007SR 0.54 ± 0.46 0.74 ± 0.43 17.50 ± 21.64 17.64 ± 10.07 0.854

MP1_Bottom T1T2
MP1_Bottom

T3
MP1_Bottom DO = 7.470 − 0.445WT + 0.095AT 0.22 ± 0.18 0.79 ± 0.46 30.61 ± 17.28 49.19 ± 30.84 0.391

FP2_Surface T1T3
FP2_Surface

T2
FP2_Surface

DO = −40.463 + 0.014Chl + 0.201BOD
+ 1.448WT + 0.496AT 1.07 ± 0.67 3.54 ± 2.62 12.66 ± 9.47 20.91 ± 10.35 0.752

FP2_Bottom T1T3
FP2_Bottom

T2
FP2_Bottom DO = −2.494 + 0.119BOD 0.29 ± 0.22 1.19 ± 1.10 25.29 ± 13.71 51.89 ± 25.79 0.424

MP2_Surface T1T2
MP2_Surface

T3
MP2_Surface

DO = −15.016 + 0.016Chl + 1.952WT+
0.004SR − 0.947WS − 0.969AT 0.32 ± 0.27 1.14 ± 0.77 2.35 ± 2.00 10.88 ± 6.42 0.885

MP2_Bottom T1T2
MP2_Bottom

T3
MP2_Bottom DO = −5.773 + 0.018Chl + 0.407BOD 0.55 ± 0.32 1.30 ± 1.35 13.51 ± 12.82 71.62 ± 33.56 0.624

FP = Facultative pond; MP = Maturation pond; DO = Dissolved oxygen; Chl = Chlorophyll a; BOD = Biological oxygen demand; WT = Water temperature; SR = Solar radiation;
WS = Wind speed; AT = Air temperature; MAE = Mean absolute error; SMAPE = Symmetric mean absolute percentage error and sd = Standard deviation.
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Table 2. Model parameters and the importance of the predictor variables.

Model Model Parameter Mean Standard
Deviation

Unstandardised Coefficient Standardised
Coefficient

95% Confidence Interval
for Coefficient Change of DO by Change

of Each Variable †
Coefficient Standard Error Lower Bound Upper Bound

FP1
Surface

DO 11.28 5.90

Constant −43.718 5.975 −56.533 −30.904

Chlorophyll a 430.22 109.10 0.039 0.005 0.713* 0.028 0.049 4.21

BOD 41.67 7.74 0.204 0.068 0.268* 0.058 0.351 1.58

Air temperature 16.87 2.09 1.772 0.238 0.626* 1.263 2.282 3.69

FP1
Bottom

DO 5.17 5.31

Constant −9.550 4.050 −18.375 −0.725

BOD 32.93 8.72 0.447 0.119 0.735* 0.187 0.707 3.90

MP1
Surface

DO 2.46 1.89

Constant −2.024 0.511 −3.113 −0.935

Chlorophyll a 245.73 108.63 0.012 0.002 0.678* 0.008 0.016 1.28

Solar radiation 228.86 121.67 0.007 0.002 0.448* 0.004 0.010 0.85

MP1
Bottom

DO 0.402 0.369

Constant 7.470 2.299 2.571 12.370

Water temperature 18.59 0.86 −0.445 0.143 −1.035* −0.750 −0.139 −0.38

Air temperature 12.60 3.25 0.095 0.038 0.833* 0.014 0.176 0.31
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Table 2. Cont.

Model Model Parameter Mean Standard
Deviation

Unstandardised Coefficient Standardised
Coefficient

95% Confidence Interval
for Coefficient Change of DO by Change

of Each Variable †
Coefficient Standard Error Lower Bound Upper Bound

FP2
Surface

DO 4.92 2.58

Constant −40.463 10.646 −63.462 −17.463

Chlorophyll a 343.74 128.96 0.014 0.003 0.691* 0.006 0.021 1.78

BOD 31.67 6.87 0.201 0.061 0.536* 0.070 0.333 1.38

Water temperature 18.21 0.66 1.448 0.659 0.371* 0.025 2.871 0.96

Air temperature 15.88 2.06 0.496 0.216 0.396* 0.029 0.962 1.02

FP2
Bottom

DO 0.60 0.49

Constant −2.494 1.046 −4.773 −0.215

BOD 25.93 2.70 0.119 0.040 0.651* 0.032 0.207 0.32

MP2
Surface

DO 6.87 1.14

Constant −15.016 12.656 −42.590 12.558

Chlorophyll a 242.92 63.72 0.016 0.002 0.910* 0.011 0.021 1.04

Water temperature 19.32 0.23 1.952 0.688 0.387* 0.453 3.451 0.44

Solar radiation 568.57 193.24 0.004 0.001 0.604* 0.001 0.006 0.69

Wind speed 3.73 1.05 −0.947 0.174 −0.871* −1.326 −0.558 −0.99

Air temperature 18.89 0.46 −0.969 0.376 −0.386* −1.787 −0.151 −0.44

MP2
Bottom

DO 2.51 1.05

Constant −5.773 1.723 −9.446 −2.100

Chlorophyll a 67.04 33.85 0.018 0.006 0.592* 0.005 0.032 0.62

BOD 17.33 2.63 0.407 0.082 1.016* 0.233 0.581 1.07

Note: * p < 0.05; † the change of DO (mg L−1) when there was a change of one standard deviation of a variable while the effects of all other variables were kept constant.
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4. Discussion

4.1. Variability of the Physicochemical and Biological Parameters and Climatic Conditions in the Ponds

As the timing of sampling differed for each location, it could affect the variability of variables such
as chlorophyll a and climatic conditions, which made it difficult to compare the difference of variables
between the three sampling times. This was supported by the data of line 2, which was always sampled
in the morning and, therefore, varied less between the three sampling times. In general, DO and
chlorophyll a showed a large difference and variability between the two depths, between the two pond
types and across the three samplings. The variability of these two parameters reflected the temporal
and spatial dynamics of the micro-algal photosynthesis taking place in the ponds, as the variability of
climatic conditions across the sampling times was also observed. Although it had a higher organic
loading, the average DO in FPs was higher than that in the MPs. This could be associated with the
higher chlorophyll a in the FPs, resulting in higher photosynthesis. This finding was in line with what
is normally observed in most WSPs [31]. According to Pearson [31], total algal biomass, as determined
by the chlorophyll a concentration in FPs, is usually higher than that in the subsequent MPs of the
same series. This probably reflects the reduction in the available nutrients, and the increased grazing
pressures by the zooplankton population that occurs in the more aerobic conditions prevailing in
MPs [32]. Additionally, there was a logical difference of chlorophyll a and DO concentration between
the surface and bottom of the WSP. Although repeated samplings were not done at the same times of
the day, the average concentration of chlorophyll a and DO near the surface were always higher than
that near the bottom. This could be associated with the photosynthesis of microalgae that occurred
stronger at the surface of the ponds because of the sunlight [33]. However, it was also interesting to
note that the maximum concentration observed in the WSP was 500 µg L−1, which was considered to
be low, according to Mara [1], as the chlorophyll a concentration in “healthy” WSPs is usually in the
range of 500–2000 µg L−1. Therefore, more samplings and long-term data collection should be done to
figure out whether this low concentration of chlorophyll a was related to short-term data collection,
or this could be a characteristic of a WSP operating at a high altitude [34–38].

BOD in the WSP did not show a large variability between the surface and the bottom, within
a pond and across the three sampling times. First, this could be related to the use of mixed samples of
BOD, resulting in less variability of BOD values between different locations. Second, it should be noted
that the BOD samples were unfiltered BOD, causing the presence of algae in the samples to interfere
with BOD values. The latter could be the case in this study, as it was reported by Gerardi [39] that
in the BOD test, algae consumed DO to break down the substrate. When they die in the BOD bottle,
they become substrate for heterotrophic bacteria in the BOD bottle that respire using DO. Consequently,
these processes inflate the value of the BOD test in WSPs. Therefore, in order to determine the real
BOD value, algae must be filtered from the sample tested for BOD.

The WSP in this study was situated at an altitude of 2400 m above sea level, in the Sierra of the
Andes, the southern region of Ecuador, featuring a subtropical highland climate. The average daily
temperature was relatively constant throughout the year. Consequently, there was no large difference
on the average temperature between the dry and wet seasons. However, the daily fluctuations in
temperature over 24-h periods are much more pronounced, meaning that temperature stratification
can occur during daytime [38,40]. However, this was not the case in this study as no large difference
and variability of water temperature between the surface and the bottom was observed in the ponds.
This result implied that mixing (at least during the sampling period) occurred inside the system, which
could be related to the wind and the hydraulic conditions of the ponds.

4.2. Model Comparison

The 8 optimal models (Table 1) selected for prediction of DO were the best-performing ones
among the 83 models that were evaluated based on predictive accuracy (MAEs and SMAPEs). These
optimal models were obtained as follows. First, different models developed from one type of dataset
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were compared to each other regarding their predictive performance, based on MAEs and SMAPEs,
in both the training and validation periods. Second, the optimal model(s) of different dataset types
were compared to each other, based on the same criteria, to obtain the optimal models.

In general, the optimal models of pond-and-depth-specific datasets had lower predictive accuracy
compared to the optimal models of a complete dataset and depth-and-pond-type-specific datasets.
Related to the optimal models of pond-and-depth-specific datasets with the Timing factor, it should be
noted that these models were the same optimal models of pond-and-depth-specific datasets, without
including Timing. When the factor was included, it resulted in only a small increase of the predictive
performance of the model. For example, in the case of the model for DO at the surface of MP2, MAEs
decreased from 0.32 and 1.14 to 0.29 and 0.99 mg L−1 in the training and validation periods, respectively,
and the SMAPEs decreased from 2.35 % and 10.88 % to 2.10 % and 9.46 % in the training and validation
periods, respectively. Since DO dynamics in the ponds follow diurnal circles [20], timing was expected
to have a strong effect on model predictive performance, this was not the case in this study.

4.3. Predictive Accuracy of the Optimal Models

MAE is one of the most commonly reported measures of predictive accuracy [41]. In this study,
it was used to compare the predictive accuracy, which is the difference between the observed and
predicted values of DO in the constructed models. Since this measure did not give the predictive
accuracy in percentage, it is possible that a model with a small MAE could have a high SMAPE [28].
Therefore, SMAPEs were used alongside MAEs in selecting the optimal models. Additionally, predictive
accuracy (MAEs and SMAPEs) was evaluated in both the training and validation periods, to increase
the reliability of the selected optimal models, following the bias-variance trade-off principle [42]. It was
shown, based on the measures of predictive accuracy, that the models of MPs performed better than
those of FPs. This could be associated with the fact that FPs stabilise the incoming wastewater with
varying BOD concentrations from the aerated ponds, resulting in high variability of many related
parameters and creating a more dynamic and turbulent environment inside these ponds. Moreover,
as FPs receive a higher organic loading than MPs, this would create a more dynamic algal community
than the one in MPs [40,43]. As a result, oxygen produced by algae in FPs becomes more dynamic
(variability) than in MPs, which in turn affected the models being trained. This was supported by the
MAEs and SMAPEs showed in Table 2, where the MAEs of DO in the MPs (0.22–0.55 mg L−1 and
0.74–1.30 mg L−1 in the training and validation periods, respectively) was lower than that in the FPs
(0.29–2.75 mg L−1 and 1.19–3.54 mg L−1 in the training and validation periods, respectively). Similarly,
SMAPEs of MPs (2.35–30.61% and 10.88–71.62% in the training and validation periods, respectively)
were also lower than those of FPs (11.75–38.70% and 11.01–51.89% in the training and validation
periods, respectively).

4.4. Importance of the Predictor Variables in the Optimal Models

As seen in Table 2, chlorophyll a was the most important predictor variable of the models for the
surface of the ponds, indicating that algae played an important role in driving DO at the surface of the
WSPs. This result was in line with the literature, where it was reported that most oxygen production
takes place at the surface of WSPs [44]. This result was useful for the pond manager to steer DO in the
ponds, as to obtain a high concentration of DO at the surface of the WSPs, the pond manager should
focus on the maintenance of a healthy algal biomass in the ponds, so that it can provide sufficient DO
for organic matter oxidation through heterotrophic bacteria and minimise ecological impacts when
pond the effluent is discharged into the water bodies [16]. Related to the models for the bottom of the
ponds, BOD was the most important predictor in 3 out of 4 models, indicating the effect of BOD on the
bottom DO.

Although chlorophyll a and the BOD variables were present in most of the optimal models, their
coefficients were lower than other variables in the same optimal model, which could imply that they
might not be the most influential variables on the output of DO. However, their presence in the models
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revealed that they were good representative predictors for the prediction of DO in the ponds, reflecting
the influence of photosynthesis and organic loading. However, DO dynamics in the ponds were also
affected by other physicochemical parameters, such as water temperature and climatic conditions.
Therefore, these variables were also included in the optimal models with high coefficients, which
indicate their strong effect on DO during the period that the data was collected. This finding again
confirmed the high complexity of WSPs, as any process that occurs in the ponds is influenced/driven
by a large number of physical, chemical, biological and environmental factors [45].

4.5. Application and Limitations of the Models

The GLMs developed in this study showed good prediction accuracy and reliable performance,
which could be used as a useful tool to predict DO in the ponds. They also provided primary insights
into important variables driving DO in the ponds. However, it should be noted that the coefficients of
BOD were positive in all optimal models. The reason for this could be due to the presence of algae
in the samples, which was believed to interfere with the results of the BOD analysis [39]. This could
narrow the range of the BOD values and, therefore, might affect the coefficients of BOD. Another reason
could be associated with short-term sampling data, which might not capture the whole variability of
the physicochemical and biological parameters of the WSP.

It is important to collect enough data to obtain reliable GLMs [46]. However, due to resource and
time constraints, only a limited number of short-term data was collected to develop and validate the
models. This might limit the reliable application of models in predicting DO year-round, and affects
the predictive power of GLMs in general. As seen in Table 2, the optimal models of both FPs and
MPs predicted DO precisely in the training period. However, when they were used to predict a new
dataset (validation), there was a small drop in their predictive power, implying that the optimal models
were not generalised well and still needed to be further improved. More data should be collected to
develop more reliable models before other causal reason(s), such as modelling techniques and methods,
are addressed.

Many regression techniques are available for the development of predictive models and the
application of different techniques would lead to different optimal models. In this study, backward
regression was chosen, as it is a widely used method for developing GLMs, for prediction purpose [46].
Since the backward selection method relies on the algorithm-selecting variables, based on mathematical
criteria, many authors argue that this takes many important methodological decisions out of the
hands of the researcher [47]. The models derived by the algorithm often take advantage of sampling
variability or sampling error, which is implied when the statistical characteristics of a population are
estimated from a subset or sample of that population, and so decisions about which variables should
be included are based on slight differences in their semi-partial correlation [48]. However, these slight
statistical differences might contrast dramatically with the theoretical importance of a predictor to
the model. There was also a danger of over-fitting (having too many variables in the model that
essentially made little contribution to predicting the outcome) and under-fitting (leaving out important
predictors) of the model [49]. Due to these disadvantages, a number of data points, which were not
used in training models, were used to validate the models and the predictive accuracy of the models
was evaluated in both the training and validation periods, so that the predictive power of the optimal
model was maximised.

One of the largest limitations of GLMs applied in ecological data is the assumptions it has to
meet [50]. Violation of GLMs assumptions is one of the reasons that makes model generalisation
difficult. However, as the constructed models are used for prediction purpose, violation of these
assumptions was considered to be less important, since the performances of the models were already
evaluated based on their predictive accuracy (MAEs and SMAPEs). Moreover, due to the nature of the
ecological data, which normally has a high variability between the data points, meeting all assumptions
of GLMs is difficult to obtain in practice. However, it should be noted that when the assumptions of
GLMs are met, the model could be accurately applied to the population of interest.
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5. Conclusions

Three different sampling times were considered to collect physical–chemical and biological
parameters, and the climatic conditions for the development of the predictive model of DO in a WSP
in Cuenca, Ecuador. The results of this study showed that:

• There was a large variability of chlorophyll a, DO, and climatic conditions across the three sampling
times. Within a pond, higher concentration of chlorophyll a and DO were observed near the
surface than near the bottom. Between the two pond types, chlorophyll a and DO in the FPs were
higher than those in the MPs. No large variability of BOD within a pond was observed across the
three sampling times but there was a decrease of BOD from FPs to MPs.

• Among the 83 models developed based on different data partitioning and cross-validation
strategies, the 8 models developed specifically for each pond and each depth were the optimal
ones. These optimal models depict varying MAEs of DO in the range of 0.21–2.75 mg L−1, in the
training period and 0.54–3.54 mg L−1 in the validation period, and SMAPEs of dissolved oxygen
were in the range of 3.18–38.70% in the training period and 7.54–89.24% in the validation period.
Among the 8 optimal models, the optimal models of MPs performed better than those of FPs
and within a pond, the optimal models for the surface seemed to perform better than those for
the bottom.

• Among the variables used to predict dissolved oxygen, chlorophyll a and BOD appeared to be
representative predictor variables. Additionally, water temperature and climatic conditions also
highly influenced DO.

• The effect of the timing variable (expressed at the time points the samples were taken) did not
show a strong effect on the prediction of DO.

• The results of this study are valuable in the management of WSP and provide basic insights into
oxygen-related processes, which could help in further development of advanced models for WSPs.

• Despite the limitation of the data-driven approach for global extrapolation, it is expected that the
data partitioning and cross-validation strategies developed in this study, could be widely applied
to identify the optimal models for prediction purposes.

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/12/7/1930/s1.
Supplementary Material S1: Overview of model development; Supplementary Material S2: Variability of
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the model development.
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