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RESUMEN 

 

Los Modelos Aditivos Generalizado (GAM) son extensiones semi-paramétricas de los 

modelos lineales generalizados, en donde el predictor lineal no es simplemente una 

combinación lineal de las variables explicativas, sino que es una combinación lineal 

de funciones suavizadas de las variables explicativas. Los GAM pueden ser utilizados 

para predecir la distribución y abundancia de la vegetación acuática. Las macrófitas 

son un componente clave en los humedales artificiales construidos para mejorar la 

calidad del agua. El objetivo de este trabajo fue aplicar GAM para predecir la 

abundancia de la vegetación acuática sumergida en un humedal construido. Se estudió 

el efecto de variables topográficas y el día del año sobre la abundancia de la vegetación 

en tres años de estudio. Para evitar la sobredispersión de la variable abundancia debida 

a la gran proporción de ceros, se trabajó primero con los modelos de ocurrencia 

(presencia-ausencia) y abundancia dado que la especie está presente por separado. 

Luego, para combinar las predicciones de ambos modelos, se comparó: (1) el uso de 

umbrales de ocurrencia para convertir las probabilidades predichas de ocurrencia a 

datos de presencia/ausencia utilizando la predicción de abundancia condicional para 

los sitios donde se predijo la presencia de la especie, con (2) el producto de las 

predicciones de los modelos de ocurrencia y de abundancia condicional. Ambas 

aproximaciones fueron comparadas basándose en la suma de cuadrados residual. Cada 

modelo ajustado se utilizó para predecir dentro de cada año y para años desconocidos. 

Las predicciones se evaluaron mediante validación cruzada, a partir del área bajo la 

curva para los modelos de ocurrencia, y el coeficiente de correlación para abundancia 

condicional. Se obtuvieron buenas predicciones para predecir dentro de un mismo año. 

Sin embargo, los modelos no fueron muy buenos para predecir años desconocidos. En 

este trabajo fue posible realizar predicciones de vegetación acuática sumergida y 

evaluar variables que afectan su distribución y abundancia.  

 

Palabras clave: modelos aditivos generalizados, ocurrencia, abundancia, predicción 

conjunta 
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GENERALIZED ADDITIVE MODELS APPLIED TO PREDICT 

ABUNDANCE AND OCCURRENCE OF SUBMERGED AQUATIC 

VEGETATION IN A CONSTRUCTED WETLAND 

 

SUMMARY 

 

The Generalized Additive Models (GAM) are semi-parametric extensions of 

Generalized Linear Models, where the linear predictor is not simply a linear 

combination of the explanatory variables, but is a linear combination of smooth 

functions of the explanatory variables. GAM can be used to predict macrophytes 

distribution and abundance. Macrophytes are key components in artificial wetlands 

constructed to improve water quality. The aim of this study was to apply GAM to 

predict the abundance of submerged aquatic vegetation in a constructed wetland. The 

effect of topographical variables and day of the year on the vegetation abundance 

during three years was studied. To avoid overdispersion of the abundance variable due 

to de high proportion of zeros, we initially worked with the occurrence (presence or 

absence) and the abundance given the specie is present models separately. Later, to 

combine both model predictions, we compared: (1) the use of occurrence thresholds 

to convert the predicted probabilities of occurrence to presence/absence data using the 

prediction of conditional abundance for the sites where a presence was predicted, to 

(2) the method of multiplying the predictions by the conditional abundance 

predictions. Both approaches were compared based on the sum squared residuals. Each 

adjusted model was used to predict within a year and to predict unknown years. 

Predictions were evaluated with cross-validation, estimating the area under the curve 

for occurrence models, and the correlation coefficient for conditional abundance 

models. We obtained good predictions to predict within a year. However, models were 

not as good in making predictions for unknown years. In this work it was possible to 

make good predictions of submerged aquatic vegetation and to identify the variables 

that affect their distribution and abundance.  

 

Keywords: generalized additive models, occurrence, abundance, joint prediction 
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1.    INTRODUCCIÓN 

 

1.1. LOS HUMEDALES ARTIFICIALES Y LA VEGETACIÓN ACUÁTICA 

 

Los humedales son áreas inundadas de forma temporal o permanente, funcionan como 

sumidero de nutrientes y zonas de amortiguación (Greenway, 2007). Los humedales 

construidos son diseñados para simular los procesos que naturalmente tienen lugar en 

los humedales. En este sentido, los humedales artificiales permiten mejorar la calidad 

del agua (Vymazal et al., 2006). Un factor de suma importancia para incrementar la 

calidad del agua es la interacción entre los componentes bióticos y abióticos de estos 

sistemas, favoreciendo procesos de remoción, reciclaje, o acumulación de 

contaminantes y nutrientes a través de procesos físicos, químicos, y biológicos (Reddy 

y D'Angelo, 1997; Mitsch y Gosselink, 2000; Wetzel, 2001; Williams, 2002). 

Específicamente, la vegetación acuática es un componente clave en la remoción de 

nutrientes del agua. Los tallos y hojas de las plantas reducen la velocidad y turbulencia 

del agua, causando filtración y sedimentación de las partículas orgánicas e inorgánicas, 

y remoción de nutrientes. Además, las macrófitas proporcionan una superficie para el 

desarrollo de perifiton y microorganismos que colaboran en el consumo de los 

nutrientes presentes en el agua (Greenway, 2007). La comprensión de la distribución 

y abundancia de la vegetación acuática ayuda a comprender el funcionamiento de los 

humedales construidos y mejorar el diseño de dichos sistemas. Sin embargo, la 

modelación de la vegetación no es un fenómeno trivial. 

 

1.2. MODELOS ADITIVOS GENERALIZADOS 

 

Los modelos de regresión han sido ampliamente utilizados en ecología para predecir 

la vegetación de diversos ecosistemas. Sin embrago, los análisis más clásicos muchas 

veces no se ajustan a la naturaleza de los datos en ecología. Los modelos lineales 

generalizados (GLM) incluyen características de los modelos lineales, pero permiten 

trabajar bajo distribuciones no normales y con estructuras de varianza no constante 

(Hastie y Tibshirani, 1990). En los GLM se asume una relación llamada función de 
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enlace entre la media de la variable de respuesta y la combinación lineal de las 

variables explicativas. Por otro lado, los modelos aditivos generalizados (GAM) son 

extensiones semi-paramétricas de los GLM, y presentan una mayor flexibilidad para 

modelar diferentes estructuras de datos. Los GAM proveen un marco general para 

extender los modelos lineales permitiendo funciones no lineales de las variables 

explicativas, lo cual permite potencialmente hacer predicciones más precisas y más 

realistas para la variable de respuesta. En lugar de utilizar una relación a priori entre 

los parámetros, son modelos dirigidos por los datos, ya que se basan en los propios 

datos para especificar la forma que tiene el modelo (Yee y Mitchell, 1991). La función 

de enlace en estos modelos establece una relación entre la media de la variable de 

respuesta y una función suavizada de la variable explicativa (Hastie y Tibshirani, 1986, 

1990). Los GAM se pueden escribir de la siguiente manera: 

𝑌𝑖 = 𝛽0 + ∑ 𝑓(𝑥𝑖𝑗)

𝑝

𝑗=1

+ 𝜀𝑖 

     = 𝛽0 + 𝑓1(𝑥𝑖1) + 𝑓2(𝑥𝑖2) + ⋯ + 𝑓𝑝(𝑥𝑖𝑝) + 𝜀𝑖 

𝑔(𝐸(𝑌)) = 𝛽0 + 𝑓1(𝑥𝑖1) + 𝑓2(𝑥𝑖2) + ⋯ + 𝑓𝑝(𝑥𝑖𝑝) 

donde 𝑌 es la variable de respuesta con una distribución perteneciente a la familia 

exponencial, 𝛽0 el intercepto, 𝑓(𝑥𝑖𝑗) la función suviazada de las variables explicativas 

y 𝜀𝑖 los residuales. Son modelos aditivos porque las funciones para cada variable 

explicativa se estiman de forma separada, y luego se suman todas sus contribuciones. 

Esto permite examinar el efecto de cada variable de respuesta sobre la variable de 

respuesta de forma individual mientras que se mantienen las otras variables fijas. Los 

GAM proporcionan un compromiso de gran utilidad entre los modelos lineales y los 

totalmente no paramétricos.  
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1.3. MODELADO DE VEGETACIÓN ACUÁTICA 

 

La variable abundancia de vegetación usualmente presenta una gran proporción de 

ceros (Barry y Welsh, 2002). La presencia de una gran proporción de ceros es muy 

común en datos de campo, y es una forma particular de sobre-dispersión (McCullagh 

y Nelder, 1989). Para hacer frente a este problema se han desarrollado diversos 

enfoques como ser: el uso de distribuciones delta lognormal (Aitchison y Brown, 1957; 

Pennington, 1983), métodos delta de aproximación de la varianza (Stefánsson, 1996), 

la distribución binomial negativa (Warton, 2005), y las distribuciones cero-inflados 

(Welsh et al., 1996). Welsh et al. (1996) modelaron la ocurrencia y la abundancia dado 

que la especie está presente por separado para hacer frente a la gran proporción de 

ceros. Luego, Barry y Welsh (2002) propusieron combinar las predicciones de los 

modelos de ocurrencia y abundancia condicional a través del producto de las 

predicciones. Por otro lado, uno de los temas que aún no está resuelto en los modelos 

de ocurrencia es cuál es la mejor estrategia para seleccionar un umbral de ocurrencia 

para transformar las predicciones de ocurrencia en datos de presencia/ausencia. 

Existen muchas aproximaciones para determinar umbrales, por ejemplo métodos 

arbitrarios en donde un valor fijo se establece como umbral, o métodos que buscan 

maximizar la concordancia entre los valores observados y predichos para selección de 

un umbral (Liu et al., 2005; Jiménez-Valverde y Lobo, 2007). Los GAM son una 

herramienta eficaz para predecir la abundancia de vegetación, y es posible aplicar la 

partición de los datos de abundancia en ocurrencia y abundancia condicional para 

hacer frente a la gran proporción de ceros de estos datos.  
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1.4. OBJETIVOS DE INVESTIGACIÓN 

 

El objetivo principal de este trabajo es predecir la abundancia de la vegetación acuática 

sumergida en un humedal construido en una cuenca agrícola intensiva utilizando 

modelos aditivos generalizados. 

 

Como objetivos específicos, se buscó: 

a) implementar modelos aditivos generalizados para modelar vegetación acuática con 

gran proporción de ceros. 

b) comparar estrategias para incorporar predicciones de ocurrencia y de abundancia 

condicional para predecir la abundancia de la vegetación. 

c) evaluar el desempeño de las diferentes estrategias en base a ajuste y capacidad 

predictiva de los modelos 

d) predecir vegetación acuática sumergida dentro de años y para años desconocidos 

Esta tesis consta de un capítulo de introducción, un artículo de investigación, y los 

resultados, discusión y conclusiones generales del trabajo de investigación. Se 

planifica enviar el artículo a la revista Ecological Modelling 

(http://www.journals.elsevier.com/ecological-modelling/). 
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2. GENERALIZED ADDITIVE MODELS APPLIED TO PREDICT 

ABUNDANCE AND OCCURRENCE OF SUBMERGED AQUATIC 

VEGETATION IN A CONSTRUCTED WETLAND 

 

2.1. SUMMARY 

 

The Generalized Additive Models (GAM) are semi-parametric extensions of 

Generalized Linear Models, where the linear predictor is not simply a linear 

combination of the explanatory variables, but is a linear combination of smooth 

functions of the explanatory variables. GAM can be used to predict macrophytes 

distribution and abundance. Macrophytes are key components in artificial wetlands 

constructed to improve water quality. The aim of this study was to apply GAM to 

predict the abundance of submerged aquatic vegetation in a constructed wetland. The 

effect of topographical variables and day of the year on the vegetation abundance 

during three years was studied. To avoid overdispersion of the abundance variable (due 

to de high proportion of zeros) we initially worked with the occurrence (presence or 

absence) and the conditional abundance (abundance data when there is the specie is 

present) separately. Later, to combine both model predictions, we compared: (1) the 

use of occurrence thresholds to convert the predicted probabilities of occurrence to 

presence/absence data using the prediction of conditional abundance for the sites 

where a presence was predicted, and (2) the method of multiplying the predictions of 

ocurrence by the conditional abundance predictions. Both approaches were compared 

based on the sum squared residuals. Each adjusted model was used to predict within a 

year and to predict unknown years. Predictions were evaluated with cross-validation, 

estimating the area under the curve for occurrence models, and the correlation 

coefficient for conditional abundance models. We obtained good predictions to predict 

within a year. However, models were not as good in making predictions for unknown 

years. In this work it was possible to make good predictions of submerged aquatic 

vegetation and to identify the variables that affect their distribution and abundance.  

 

Keywords: generalized additive models, occurrence, abundance, joint prediction 
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2.2. RESUMEN 

 

Los Modelos Aditivos Generalizado (GAM) son extensiones semi-paramétricas de los 

modelos lineales generalizados, en donde el predictor lineal no es simplemente una 

combinación lineal de las variables explicativas, sino que es una combinación lineal 

de funciones suavizadas de las variables explicativas. Los GAM pueden ser utilizados 

para predecir la distribución y abundancia de la vegetación acuática. Las macrófitas 

son un componente clave en los humedales artificiales construidos para mejorar la 

calidad del agua. El objetivo de este trabajo fue aplicar GAM para predecir la 

abundancia de la vegetación acuática sumergida en un humedal construido. Se estudió 

el efecto de variables topográficas y el día del año sobre la abundancia de la vegetación 

en tres años de estudio. Para evitar la sobredispersión de la variable abundancia debida 

a la gran proporción de ceros, se trabajó primero con los modelos de ocurrencia 

(presencia-ausencia) y abundancia dado que la especie está presente por separado. 

Luego, para combinar las predicciones de ambos modelos, se comparó: (1) el uso de 

umbrales de ocurrencia para convertir las probabilidades predichas de ocurrencia a 

datos de presencia/ausencia utilizando la predicción de abundancia condicional para 

los sitios donde se predijo la presencia de la especie, con (2) el producto de las 

predicciones de los modelos de ocurrencia y de abundancia condicional. Ambas 

aproximaciones fueron comparadas basándose en la suma de cuadrados residual. Cada 

modelo ajustado se utilizó para predecir dentro de cada año y para años desconocidos. 

Las predicciones se evaluaron mediante validación cruzada, a partir del área bajo la 

curva para los modelos de ocurrencia, y el coeficiente de correlación para abundancia 

condicional. Se obtuvieron buenas predicciones para predecir dentro de un mismo año. 

Sin embargo, los modelos no fueron muy buenos para predecir años desconocidos. En 

este trabajo fue posible realizar predicciones de vegetación acuática sumergida y 

evaluar variables que afectan su distribución y abundancia.  

 

Palabras clave: modelos aditivos generalizados, ocurrencia, abundancia, predicción 

conjunta 
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2.3. INTRODUCTION 

 

2.3.1. CONSTRUCTED WETLANDS AND AQUATIC VEGETATION 

 

Wetlands are recognized for their functions as a sink of nutrients and buffer zones 

(Greenway, 2007). Constructed wetlands are engineering systems designed to simulate 

the processes that occurs in natural wetlands, having a more controlled environment 

to improve water quality (Vymazal et al., 2006). The interaction between biotic and 

abiotic components of wetlands are vital to achieve an increase in water quality due to 

the removal, recycling, or accumulation of contaminants and nutrients by physical, 

chemical, and biological processes (Reddy and D'Angelo, 1997; Mitsch and Gosselink, 

2000; Wetzel, 2001; Williams 2002). Specifically, macrophytes are key components 

in removing nutrients because the stems and leaves of plants reduce the water speed 

and turbulence, causing filtration and sedimentation of organic and inorganic particles, 

and therefore removing nutrients. Furthermore, macrophytes provide a surface for the 

development of periphyton and microorganisms that in turn remove nutrients 

(Greenway, 2007). Understanding the distribution and abundance of aquatic 

vegetation will allow us to comprehend constructed wetlands and improve wetland 

design. However, vegetation modelling is not a trivial phenomenon. 

 

2.3.2. GENERALIZED ADDITIVE MODELS 

 

Regression analyzes have been widely used in ecology to predict vegetation in diverse 

ecosystems. Generalized Linear Models (GLMs; McCullagh and Nelder, 1989) 

include characteristics of linear models but allow working under non-normal 

distributions with non-linear models and with non-constant variance structures (Hastie 

and Tibshirani, 1990). A link function between the mean of the response variable and 

the linear combination of the explanatory variables is therefore assumed. Generalized 

Additive Models (GAMs; Hastie and Tibshirani, 1990) are semi-parametric extensions 

of the GLMs, performing the parameterization process similar to GLMs, but allowing 

predictors to be modelled as either parametric or non-parametric (Guisan et al., 2002). 
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Instead of using an a priori relationship between explanatory variables, GAMs are 

data-driven models where a smoothing function is estimated from the data (Yee and 

Mitchell, 1991). The link function of GAM establishes a relationship between the 

mean of the response variable and the smooth function of the explanatory variable 

(Hastie and Tibshirani 1986, 1990). Therefore, GAM have more flexibility for 

modeling different data structure like bi-modal, skewed or zero-inflated distributions. 

These models can be written as:  

𝑌𝑖 = 𝛽0 + ∑ 𝑓(𝑥𝑖𝑗)

𝑝

𝑗=1

+ 𝜀𝑖 

where 𝑌𝑖 is the response variable with an exponential family distribution, 𝛽0 the 

intercept, ∑ 𝑓(𝑥𝑖𝑗)
𝑝
𝑗=1  the sum of the smoothed functions of the j-th explanatory 

variables and 𝜀𝑖 the residuals. 

 

2.3.3. MODELING AQUATIC VEGETATION 

 

Abundance data have usually a large proportion of zeros (Barry and Welsh, 2002). The 

problem of extra zeros is very common in field data, and is a particular form of over-

dispersion (McCullagh and Nelder, 1989). To deal with this problem many approaches 

have been developed; the use of lognormal delta distributions (Aitchison and Brown, 

1957; Pennington, 1983), delta method approximation of variance (Stefánsson, 1996), 

negative binomial distribution (Warton, 2005), and zero inflated distributions (Welsh 

et al., 1996). Specifically, Welsh et al. (1996) modeled separately occurrence and 

abundance given the species is present. Later, Barry and Welsh (2002) proposed a 

method to combine occurrence and conditional abundance predictions by using their 

product. One of the issues that still remains largely unsolved is the best strategy to 

select an occurrence threshold to transform the probabilities predictions into 

presence/absence data. There are many approaches to determining thresholds, for 

example arbitrary fixed values such as a threshold of 0.5, or methods that maximize 

the agreement between observed and predicting distribution for choosing the threshold 
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value (Liu et al., 2005; Jiménez-Valverde and Lobo, 2007). However, when combining 

occurrence and conditional abundance to estimate total abundance, methods have 

disregarded the thresholding approach. The objective of this work was to extend 

generalized additive models for predicting total abundance of submerged aquatic 

vegetation species in a constructed wetland, to determine the most relevant explanatory 

variables to predict total abundance and to evaluate its predictive ability by modelling 

both occurrence and conditional abundance in a single model evaluating thresholding 

alternative. 

 

2.4. MATERIALS AND METHODS 

 

2.4.1. Study area and sampling strategy 

 

The study area was a constructed wetland in an intensive agricultural watershed in the 

State of Iowa, USA (4667000 Northing, 442700 Easting). The mean area is 300 m2 

and the mean depth is 0.54 m. Aquatic vegetation of the wetland was implanted, and 

the predominant submerged aquatic vegetation species are: Potamogenton illinoensis, 

Ceratophyllum demersum, Chara sp., and Potamogeton natans. Repeated surveys over 

years and dates were conducted surveying four times in 2010, two in 2011, and three 

in 2012 (Table 2). At each survey, we set-up approximately 30 transects perpendicular 

to the direction of the water flow. Within each transect, several sampling locations 

were established, conforming a data set of 987 sampling points. At each station, a 20 

by 20 cm quadrat was established and submerged aquatic vegetation (SAV) cover 

percentage and water depth were recorded. Aquatic vegetation was modeled only for 

species presented in at least 10% of total stations. 

 

2.4.2. Calculated variables 

 

Terrain, curvature, and relative position variables such as aspect, ruggedness, littoral 

slope, topographic index and roughness were calculated from water depth data using 
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R software (R Development Core Team 2014, Table 1). The survey day was calculated 

as a Julian day independently for each year. 

 

Table 1. Calculated variables as predictors. 

Variable Description 

Littoral slope It is the maximum rate of change of slope between each cell and its 

neighbours. 

 

Aspect  Orientation of the slopes measure by Indices of northness and 

eastness. 

 

Roughness  Measure of terrain complexity that represents the ratio of surface 

area to planar area.  

 

Ruggedness  Terrain complexity grid which combines variation in slope and 

aspect into a single measure. 

 

 

2.4.3. Data analysis 

 

We adjusted a GAM for occurrence and conditional abundance separately following 

Welsh et al. (1996). Later, we combined the predictions from occurrence and 

conditional abundance to obtain total abundance predictions.  

The predictor variables used in the models were: topographic variables (water depth, 

aspect, ruggedness, littoral slope, topographic index and roughness) included as 

smooth terms using penalized splines, and Julian days used as a linear term. For the 

smooth functions we used thin plate regression splines and the degree of smoothness 

of the smooth function was estimated by generalized cross-validation for each case. 

Analyses were conducted in R project (R Development Core Team, 2014) and GAMs 

were adjusted using mgcv library (Wood, 2006).  
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2.4.3.1. Modeling occurrence 

 

To model species occurrence (presence or absence), a GAM with a binomial 

distribution and logit link function was used. The adjusted GAM was: 𝑌𝑖 = 𝛼 +

∑ 𝑓(𝑋𝑖𝑗) + 𝜀𝑖
𝑛
𝑗=1 , where 𝑌𝑖 = 𝑙𝑜𝑔𝑖𝑡(𝑝) = log (

𝑝

1−𝑝
) and p is the probability of a 

species being present, 𝛼 is the intercept, and ∑ 𝑓(𝑋𝑖𝑗)𝑛
𝑗=1  the sum of smoothed 

functions of the explanatory variables. Because our final goal was to model total 

abundance, we used the same set of explanatory variables for occurrence and 

conditional abundance. Therefore, variable selection was performed following a 

forward selection process based on the sum of the Akaike Information Criterion (AIC) 

values from the occurrence and conditional abundance models (Akaike, 1973). The 

AIC takes into account the complexity and goodness of fit of the model.  

Model predictions were evaluated with a 10-fold cross-validation. Data were randomly 

divided into training (90%) and testing (10%) sets. The training set was used to adjust 

the models and to make predictions for the test set. This process was simulated 1000 

times. The ability of the occurrence models to discriminate among sampling stations 

with and without species was compared using the area under the receiver operating 

characteristic curve (ROC). Briefly, the ROC is a graphical representation of the 

sensitivity as a function of (1-specificity). The area under the ROC (AUC) is an 

indicator of the predictive power of the model. If the AUC is less than 0.5 it indicates 

that the model ranks poorly, and if it is equal to 1 it indicates a perfect classification. 

In this case a perfect classification means that the model predicts the presence when 

the species is really present and absences when it is not present. The AUC value was 

calculated for each iteration and a confidence interval was constructed using the 0.025 

and 0.975 quantile of the empirical distribution of the AUC. 

 

 

 

 

 



 12 

2.4.3.2. Modeling conditional abundance 

 

To model the abundance given the specie is present, the same general procedure as 

above was followed. However, a Gaussian distribution with a log link function was 

used instead. The adjusted GAM was: 𝑌𝑖 = 𝛼 + ∑ 𝑓(𝑋𝑖𝑗) + 𝜀𝑖
𝑛
𝑗=1 , where Yi is the 

percent of cover of submerged aquatic vegetation at the sampling quadrat, 𝛼 is the 

intercept, and ∑ 𝑓(𝑋𝑖𝑗)𝑛
𝑗=1  the sum of smoothed functions of the explanatory variables. 

Explanatory variables were again selected with the forward approach using the sum of 

AIC values from occurrence and conditional abundance models. To assess the 

predictive ability of the model we estimated the correlation coefficient (𝑟
(𝑌𝑖, 𝑌𝑖

̂)
) 

between observed and predicted conditional abundance. The correlation coefficient 

was estimated for each iteration and a confidence interval was constructed using the 

0.025 and 0.975 quantile of the empirical distribution of the coefficient of correlation. 

 

2.4.3.3. Modeling total abundance 

 

To provide a unique set of predictions for total abundance generated from the selected 

models of occurrence and conditional abundance, two approaches were proposed. As 

a first approach, predictions of total abundance were estimated as the product of the 

estimated occurrence probability and conditional abundance predictions. Therefore, if 

the prediction of occurrence is zero, total abundance is zero. However, if the prediction 

of occurrence is different of zero total abundance is weighted by the probability of 

occurrence. The second approach for estimating the predictions of total abundance use 

different thresholds of occurrence. We evaluated a sequence of thresholds between 0 

and 1 to determine the best threshold. If the prediction of occurrence is less than the 

threshold value, total abundance is zero. Otherwise, total abundance takes the value of 

the predicted conditional abundance. The Sum of Square Residuals (SSR) estimated 

as the sum of squares of the difference between observed abundance and predicted 

values was used to evaluate model performance. SSR was estimated for the product of 
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predictions (first approach) and for each threshold between zero and one for the second 

approach. We selected the approach and the threshold with the lowest SSR.  

The predictions of the best approach were evaluated based on a 10-fold cross-

validation simulated 1000 times was done. We estimated the correlation coefficient 

(𝑟
(𝑌𝑖, 𝑌𝑖

̂)
) between observed and predicted total abundance and the root mean squared 

error prediction estimated as: 𝑅𝑀𝑆𝐸𝑃 = √
∑ (𝑌𝑖−𝑌�̂�)2𝑛

𝑖=1

𝑛
, where 𝑌𝑖 is the observed value 

and 𝑌�̂� is the prediction. For both indicators, a confidence interval was constructed 

using the 0.025 and 0.975 quantile of their empirical distribution. 

 

2.4.3.4 Data sets 

 

A within year predictions of total abundance was obtained for each species present in 

at least 10% of the total sample stations, and for total submerged aquatic vegetation 

(SAV). SAV occurrence was estimated as the occurrence of any species at each 

location, while abundance was estimated as the sum of individual species abundance. 

Models were therefore fit for Potamogeton sp. in 2010, 2011, and 2012, C. demersum 

in 2010, and for SAV in 2010, 2011, and 2012. Additionally, a global model for all the 

years was adjusted for Potamogeton sp., C. demersum, and SAV, including year as a 

linear predictor. The abundance of the remaining species was evaluated in the global 

model as a smoothed term for Potamogeton sp. and C. demersum. Finally, models for 

each year were evaluated to predict unknown years, and the same cross-validation 

structure was used to evaluate model performance.  
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2.5. RESULTS 

 

2.5.1. Sampling characterization  

 

A total of 993 locations were registered during the three-year survey. A summary of 

the explanatory variables is shown in Table 2. Briefly, the mean depth was similar for 

all the surveyed years, and the topographic variables were of the same order, but littoral 

slope showed a smaller mean in 2010 than 2011 and 2012. Submerged aquatic 

vegetation (SAV) was observed at 62% of the registered stations in 2010, at 61% in 

2011, and at 90% in 2012 (Figure 1). In 2012 not only the observed occurrence but 

also the mean abundance of SAV was higher than the years before. In 2010 the species 

C. demersum and Potamogeton sp. were dominant. C. demersum was observed at 34% 

of the total locations, while Potamogeton sp. at 30% of the locations in this year (Table 

2). The stations in 2010 with Potamogeton sp. had a mean water depth of 0.58 m and 

a maximum of 1.37 m, and C. demersum a mean water depth of 0.82 m and a maximum 

of 1.96 m. Potamogeton sp. was the dominant specie in 2011 and 2012 being observed 

at 59% and 85% of the locations respectively (Table 2). C. demersum declined its 

observed frequency and abundance through the years, while Potamogeton sp. 

increased both occurrence and abundance throughout the years. In 2011, the stations 

with Potamogeton sp. had a mean water depth of 0.45 m and a maximum of 1.19 m, 

and in 2012 the mean depth of the stations with Potamogeton sp. was 0.54. Other SAV 

species recorded during the surveys were: P. natans (1%) and Chara sp. (1%) in 2010, 

P. natans (0.5%) in 2011, and Chara sp. (10%), P. natans (2%) and C. demersum (2%) 

in 2012.  
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Figure 1. Abundance of submerged aquatic vegetation (SAV) observed in the years 

2010, 20111 and 2012. Sampling locations with the observed percentage of cover of 

SAV is shown. 
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Table 2. Survey description: sampling characterization, topographic variables 

characterization, and observed species occurrence frequency and conditional 

abundance (mean and standard deviation between brackets). 

  2010 2011 2012 

Surveys (julian day) 154, 194, 243 and 283 141 and 182 67, 97 and 127 

# total locations 395 208 390 

# location with vegetation 243 127 351 

Topographic variables       

    Depth (m)        0.579 (0.369)    0.520 (0.338) 0.519 (0.307) 

    Littoral slope (degrees)            0.0589 (0.0504)    2.843 (2.403) 2.506 (2.972) 

    Aspect (degrees)        176.2 (102.7)  173.4 (104.1)    184.5 (111.9) 

    Ruggedness (m)       0.047 (0.041)   0.040 (0.033) 0.047 (0.042) 

    Roughness (m)         0.1527 (0.128)     0.1310 (0.107)  0.150 (0.128) 

    Topographic index           0.0024 (0.0211) -    0.0008 (0.015) 

Occurrence †       

    Po 0.30 0.59 0.85 

    Cd 0.34 0.05 0.02 

    SAV 0.62 0.61 0.90 

Conditional abundance †       

    Po 58.98 (32.26) 59.05 (34.59) 72.58 ( 30.64) 

    Cd 50.07 (26.24) 31.14 (36.68) 6.94 (6.82) 

    SAV 59.12 (28.07) 59.61 (34.45)        76.4 (29.4)  
† Cd: C. demersum, Po: Potamogeton sp., SAV: total submerged aquatic vegetation. 

 

 

 

 

2.5.2. Occurrence and conditional abundance models 

 

The selected models for occurrence and conditional abundances for the two species 

and total SAV in each year included sampling day as a linear term, and depth, day by 

depth, and the topographic variables aspect or ruggedness as smoothing terms (Table 

3, Figure 2 and 3). These models had high predictive values, with AUC values larger 

than 0.5, and large correlation values for abundance prediction. The smallest predictive 

values were obtained for Potamogeton sp. in 2012 (Table 3). The best approach for 
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modelling occurrence and conditional abundance together was the product of the 

predictions of occurrence and conditional abundance, as is shown for C. demersum in 

2010 (Figure 4). The thresholding approach had larger SSR values than the product 

predictions approach for all the situations. The correlation between the observed 

abundance and the predictions obtained by the product had values between 0.42 for 

Potamogeton sp. in 2012 and 0.74 for Potamogeton sp. in 2010. The observation and 

the predictions are shown in Figure 5. 

The global models (Table 3) for Potamogeton sp., C. demersum and SAV included 

either year as a linear term, or the linear term day and its interaction with year. Models 

also included a smooth function of depth and the topographic index (Table 3). 

Although the abundance of C. demersum was included as a smooth function for the 

model adjusted in Potamogeton sp. and viceversa, the abundance of the other species 

was not included as a explanatory variable in global models after the forward selection 

process. The approach used for calculating the total abundance predictions in the 

global models was also the product of the predictions of occurrence and conditional 

abundance. We also found very good predictions for models combining all years (Table 

3). Higher values of AUC (higher than 0.50) were observed for the occurrence model. 

The estimated correlation coefficients were higher for total abundance than for 

conditional abundance, but always larger than 0.31 (observed in the Potamogeton sp. 

global model). 
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a 

b 

Figure 2. Partial additive terms of the adjusted models for occurrence (a) and conditional abundance (b) 

for C. demersum in 2010 for each one of the selected explanatory variables: depth, ruggedness and day. 

Dashed lines indicate 95% confidence intervals for occurrence and conditional abundance prediction.  
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a 

b 

c 

d 

e 

f 

Figure 3. Partial additive terms of the adjusted models for occurrence (a, c, e) and conditional abundance 

(b, d, f) for Potamogeton sp. in 2010 (a, b), 2011 (c, d) and 2012 (e, f) for each one of the selected 

explanatory variables: depth, aspect, ruggedness, littoral slope, and day. Dashed lines indicate 95% 

confidence intervals for occurrence and conditional abundance prediction.  
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Table 3. Selected models for the combined analysis of occurrence and conditional abundance. For occurrence, model fit is indicated with the area 

under the curve (AUC). The correlation of observed values and cross-validation predicted values ( 𝑟
(𝑌𝑖, 𝑌𝑖

̂)
) is reported for the conditional abundance 

model and for the combined model of total abundance. Rooted mean squared error prediction (RMSEP) is reported for total abundance. Mean 

values of the 1000-iterations are shown, confidence intervals from the empirical distributions are indicated between square brackets. 

 

    Occurrence 

model 
 Conditional 

abundance model 
 Total abundance model 

Year Species † # Selected variables ‡ AUC  𝑟
(𝑌𝑖, 𝑌𝑖

̂)
  𝑟

(𝑌𝑖, 𝑌𝑖
̂)

 RMSEP 

2010 Cd 136 Day + s(Dep) + s(Dep*Day) + s(Rug) 0.78 [0.77; 0.78]  0.53 [0.46; 0.57]  0.71 [0.69; 0.72] 20.00 [19.55; 20.62] 

2010 Po 120 Day + s(Dep) + s(Dep*Day) + s(Asp) 0.78 [0.77; 0.78]  0.56 [0.53; 0.59]  0.74 [0.73; 0.75] 21.77 [21.40; 22.23] 

2010 SAV 243 Day + s(Dep) + s(Dep*Day) + s(Asp) 0.76 [0.75; 0.76]  0.45 [0.42; 0.47]  0.64 [0.63; 0.65] 27.85 [27.56; 28.16] 

2011 Po 122 Day + s(Dep) + s(Dep*Day) + s(Rug) 0.75 [0.74; 0.76]  0.52 [0.42; 0.58]  0.71 [0.69; 0.72] 27.73 [27.12; 28.49] 

2011 SAV 127 Day + s(Dep) + s(Dep*Day) + s(Rug) 0.75 [0.75; 0.76]  0.58 [0.54; 0.61]  0.72  [0.71; 0.74] 27.32 [26.75; 28.02] 

2012 Po 332 Day + s(Dep) + s(Dep*Day) + s(Lit) 0.62 [0.61; 0.63]  0.27 [0.23; 0.30]  0.42 [0.40; 0.45] 34.75 [34.27; 35.33] 

2012 SAV 351 Day + s(Dep) + s(Dep*Day) + s(Rug) 0.64 [0.63; 0.65]  0.33 [0.30; 0.36]  0.53 [0.51; 0.54] 30.79 [30.40; 31.25] 

All Cd 156 Year + s(Dep) + s(Top) 0.72 [0.71; 0.72]  0.42 [0.39; 0.45]  0.58 [0.57; 0.60] 48891 [175077; 181017] 

All Po 574 Year + Day + s(Dep) + s(Top) + Year*Day 0.78 [0.78; 0.79]  0.31 [0.28; 0.33]  0.67 [0.65; 0.68] 30.94 [30.46; 31.78] 

All SAV 721 Year + s(Dep) + s(Top) 0.69 [0.69; 0.70]     0.34 [0.31; 0.36]  0.52 [0.51; 0.52] 33.82 [33.73; 33.97] 

† Cd: C. demersum, Po: Potamogeton sp., SAV: total submerged aquatic vegetation.  
‡ Dep: depth, Rug: ruggedness, Asp: aspect, Lit: littoral slope, Top: topographic index. 
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Figure 4. Model comparison for C. demersum abundance in 2010: Residuals sum of 

squares (SSR) as a function of different threshold values for occurrence. The total 

predictions were calculated either as the product of the predictions of occurrence and 

conditional abundance (solid line), or the abundance predictions for different 

occurrence threshold values (dots). 
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Figure 5. Observation (first column) and predictions (second column) of total 

abundance of C. demersum in 2010 (a), and Potamogeton sp. in 2010 (b), 2011 (c) and 

2012 (d). 
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2.5.3. Unknown year predictions 

 

We obtained reasonable good predictions of occurrence for unknown years (Table 4). 

However, we found a value of AUC smaller than 0.5 for C. demersum-2010 predicting 

C. demersum-2012. We had good predictions for conditional and total abundance when 

using the year 2010 predicting 2011 for C. demersum, but not for Potamogeton sp.  
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Table 4. Unknown year predictions. Models where estimated for one year and used to predict an unknown year. For occurrence, model 

fit is indicated with the area under the curve (AUC). The correlation of observed values and cross-validation predicted values ( 𝑟
(𝑌𝑖, 𝑌𝑖

̂)
) 

is reported for the conditional abundance model and for the combined model of total abundance. Rooted mean squared error prediction 

(RMSEP) is reported for total abundance. Mean values of the 1000-iterations are shown, confidence intervals from the empirical 

distributions are indicated between square brackets. 

 

      
Occurrence 

model 
  

Conditional 

abundance model 
  

Total abundance model 

Specie† 
Training 

year 

Predicted 

year 
AUC   r   r RMSEP 

SAV 2010 
2011 0.67 [0.67; 067]    0.39 [ 0.34;  0.43]   0.61 [ 0.59;  0.63] 32.07   [31.61; 32.56] 

2012 0.50 [0.50; 0.50]    0.11 [ 0.05;  0.16]   0.24 [ 0.17;  0.28] 76.09   [75.72; 76.29] 

SAV 2011 2012 0.56 [0.56; 0.56]   0.18 [ 0.01;  0.23]   0.19 [ 0.17;  0.20] 76.58‡ [76.39; 76.76] 

Po 2010 
2011 0.55 [0.52; 0.57]   -0.09 [-0.17; -0.05]   0.18 [ 0.11;  0.22] 46.02   [44.76; 48.56] 

2012 0.54 [0.51; 0.56]    0.05 [-0.01;  0.09]    0.03 [-0.04;  0.06] 52.45   [47.82; 73.85] 

Po 2011 2012 0.56 [0.54; 0.57]    0.17 [-0.08;  0.24]   0.16 [ 0.12;  0.19] 72.00   [71.49; 71.79] 

Cd 2010 
2011 0.56 [0.56; 0.57]    0.60 [ 0.21;  0.82]   0.19 [ 0.12;  0.26] 11.38   [10.76; 12.07] 

2012 0.47 [0.45; 0.50]    0.07 [-0.67;  0.72]   -0.01 [-0.02; -0.01]   1.45   [  1.45;   1.45] 
†
 Cd: C. demersum, Po: Potamogeton sp., SAV: total submerged aquatic vegetation. 

‡ An extreme value of 1.081e+10 was omitted.  
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2.6. DISCUSSION 

 

The two step approach to modelling data with high proportion of zeros provides a way 

to generate abundance prediction when there is overdispersion, we modeled abundance 

only when the species is present and the occurrence separately (Welsh et al., 1996).  

We compared two approaches to obtaining total abundance predictions (the product of 

the predictions approach and the thresholding approach), both of them combined the 

occurrence and conditional abundance predictions. The thresholding approach is a 

very well-known method, where a specific threshold is chosen to transform occurrence 

probabilities into presence/absence data. However, choosing the appropriate threshold 

method remains challenging (Liu et al., 2005; Jiménez-Valverde and Lobo, 2007). The 

product of the predictions approach is a recent method proposed in 2002 (Barry and 

Welsh, 2002). In this work, we compared the thresholding approach using all possible 

thresholds between 0 and 1, to the product of occurrence and conditional abundance 

predictions. Although the use of thresholding is a well-established method and highly 

successful, we found that weighting the conditional abundance by probabilities of 

occurrence was better for all the adjusted models. Although the product of predictions 

approach was proposed by Barry and Welsh (2002) and used for example by Jensen et 

al. (2005), Gómez and Defeo (2012), Lauria et al. (2015) and Parra et al. (2016), our 

work is the first that compared both approaches. 

With this work we were able to obtain very good predictions of total abundance of the 

aquatic vegetation for different years and in the global models using all the years. The 

high degree of correlation between the predicted and observed values indicates that we 

can reliably predict total abundance using this models. This was also seen by Jensen 

and collaborators (2005). They also found that inter-annual predictions (unknown 

years) were not as good as intra-annual predictions as seen in this work. This could be 

because of differences between years that are not considered in the variables used in 

the models. As seen in Drexler and Ainsworth (2013) GAMs are successfully for 

predicting abundance, additionally to their exploratory use and a tool for identifying 
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influential environmental variables. We had better predictions for total abundance 

when the occurrence and conditional abundance predictions are combined, having 

better predictive ability than conditional abundance. The predictions produced a spatial 

map very similar to that based on observations, although it was generated using 

unknown data within the year. 

Predicting for new years was challenging. The very low correlation coefficients 

observed in the models of total submerged aquatic vegetation and Potamogeton sp. 

adjusted in both 2011 and 2012 to predict 2010 could be a consequence that in 2011 

and 2012 there is only one dominant species and is difficult to predict stations where 

there are two possible dominant species.  

Other methods can be used to make predictions, one of these is the classification tree 

method. However, when working with fine scales as in this work, GAM are preferred 

(Thuiller et al., 2003). Classification tree analysis showed lower accuracy than 

generalized methods (linear and additive models), especially at small scales. However, 

the performance of GAM was constant for all scales (Thuiller et al., 2003). This 

comparison was made for occurrence data. It is desirable to compare other methods to 

the performance that we have in this work, for example comparing classification trees 

to evaluate their use for zero-inflated data. 

Species occurrence and their abundance could be affected by environmental variables 

such as water temperature, salinity, pH, light penetration (water clarity), fetch or 

nutrients concentration (Al-Kenzawi, 2007, 2009; Herb and Stefan, 2006; Spencer and 

Ksander, 1991 which were not considered in this work and could improve models for 

make better predictions. It is desirable to adjust a model for more than one wetland, 

that includes other information regarding to each wetland as climatic and location data, 

to have a model capable to predict in more than one situation, and to explore the 

capacity of the model of making predictions for unknown years if we include new 

explanatory variables in the models not considered in this work.  
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3.  RESULTADOS 

 

3.1. CARACTERIZACIÓN DEL MUESTREO 

 

Un total de 993 localidades se registraron durante los tres años de estudio. La 

profundidad media fue similar para todos los años estudiados, y las variables 

topográficas eran del mismo orden para todos los años, pero la pendiente litoral mostró 

una media menor de 2,011 en 2010 y 2012. La vegetación acuática sumergida (SAV) 

se observó en el 62% de las estaciones registradas en 2010, en el 61% en 2011, y en el 

90% en 2012. En 2012 no sólo la ocurrencia observada de SAV fue superior a los años 

anteriores, sino también la abundancia media. En 2010 las especies C. demersum y 

Potamogeton sp. fueron dominantes. Se observó C. demersum en el 34% de las 

estaciones totales, mientras que Potamogeton sp. en el 30% de las estaciones de este 

año. En 2010 las estaciones con Potamogeton sp. tenían una profundidad media de 

0,58 m y un máximo de 1,37 m, y C. demersum una profundidad de 0,82 m, y un 

máximo de 1,96 m. Potamogeton sp. fue la especie dominante en 2011 y 2012, se 

observó en el 59% y el 86% de las estaciones respectivamente. C. demersum 

disminuyó su frecuencia y abundancia observada a través de los años, y Potamogeton 

sp. aumentó su presencia y abundancia. En 2011, las estaciones con Potamogeton sp. 

tenían una profundidad media de 0,45 m y un máximo de 1,19 m, y en 2012 la 

profundidad media de las estaciones con Potamogeton sp. fue de 0,54 m. Otras 

especies de SAV registrados durante los muestreos fueron: P. natans (1%) y Chara 

sp. (1%) en 2010, P. natans (0,5%) en el año 2011, y Chara sp. (10%), P. natans (2%) 

y C. demersum (2%) en el año 2012. 

 

3.2. MODELOS DE OCURRENCIA Y ABUNDANCIA CONDICIONAL 

 

Los modelos seleccionados de ocurrencia y abundancia condicional para las dos 

especies y para SAV total en cada año incluyeron día de muestreo como un término 

lineal, y las funciones suavizadas de profundidad, día por profundidad, y las variables 

aspecto o robustez. Estos modelos presentaron valores de AUC mayores a 0.5 en todos 
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los casos, y altos valores del coeficiente de correlación para los modelos de 

abundancia. Los valores predictivos más pequeños se obtuvieron para Potamogeton 

sp. en 2012. Para combinar las predicciones de ocurrencia y abundancia condicional 

el método que dio una menor suma de cuadrado residual fue el producto de las 

predicciones en todos los casos. El enfoque de umbrales siempre tuvo valores de SSR 

más grandes que el enfoque de producto de las predicciones. La correlación entre la 

abundancia observada y las predicciones de abundancia total (obtenidas como el 

producto) presentó valores entre 0.42 para Potamogeton sp. en 2012 y 0,74 para 

Potamogeton sp. en 2010.  

Los modelos globales seleccionados de Potamogeton sp., C. demersum y SAV total 

incluyeron año y día como término lineal, además de la interacción entre ellos para 

Potamogeton sp. Los tres modelos incluyeron la función suavizada de profundidad y 

del índice topográfico. El enfoque utilizado para el cálculo de las predicciones de la 

abundancia total también fue el producto de las predicciones para los modelos globales 

como se observó anteriormente. 

 

3.3. PREDICCIONES PARA AÑOS DESCONOCIDOS 

 

Las predicciones para años desconocidos no fueron tan buena como las predicciones 

realizadas dentro de un mismo año. El coeficiente de correlación estimado para la 

abundancia condicional y total fue alta para el año 2010 prediciendo 2011 y 2012, para 

el año 2011 prediciendo 2012, y para 2012 prediciendo 2011. Se observaron valores 

bajos de estimación de los modelos ajustados en SAV-2011 para predecir SAV-2010 

y en SAV 2012 para predecir SAV-2010. Los casos mencionados también están 

relacionados con altos valores de la RMSEP. Hay un valor extremo de RMSEP en 

SAV-2011 predecir SAV-2012 en este caso la mediana de la RMSEP se 77.0, 1.081e 

+ 10 es un valor extremo observado en una de las 1000 iteraciones realizadas. 

Los menores valores de AUC para Potamogeton sp. se observaron en los modelos 

ajustados en Po-2011 para predecir Po-2010 y Po-2012 para predecir Po-2010, esto 

también es visto en abundancia total con bajos coeficientes de correlación y valores 
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altos de RMSEP. Para C. demersum el modelo ajustado en 2010 predice de forma 

diferencial los dos años, siendo mejores las predicciones para 2011. 

A pesar de la abundancia de C. demersum se incluyó como predictora para el modelo 

ajustado de Potamogeton sp. y viceversa, la abundancia de la otra especie no fue 

incluida en la selección ya que no se veía un decremento del AIC. 
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4. DISCUSIÓN Y CONCLUSIONES 

 

La partición de los datos totales en datos de ocurrencia y abundancia condicional 

proporciona un método simple para generar predicciones cuando existe una alta 

proporción de ceros a fin de evitar sobredispersión (Welsh et al., 1996). 

Se compararon dos enfoques que combinan las predicciones de los modelos de 

ocurrencia y abundancia condicional para la obtención de las predicciones de la 

abundancia total. La selección de un umbral específico para transformar las 

probabilidades de ocurrencia en datos de presencia/ausencia es un método muy 

conocido. Sin embargo, la elección del umbral adecuado sigue siendo un reto (Liu et 

al., 2005; Jiménez-Valverde y Lobo, 2007). En este trabajo, en lugar de seleccionar el 

mejor umbral se compararon todos los umbrales posibles entre 0 y 1. El producto de 

las predicciones de ambos modelos fue propuesto por Barry y Welsh (2002). Aunque 

el uso de umbrales es un método bien establecido, se encontró que el producto de las 

predicciones de abundancia por las probabilidades de ocurrencia predicha fue mejor 

para todos los modelos ajustados (C. demersum en 2010, Potamogeton sp. y SAV en 

2010, 2011 y 2012, y para los modelos globales). Aunque el producto de las 

predicciones fue propuesto por Barry y Welsh (2002) y ha sido utilizado en diversos 

trabajos como ser: Jensen et al. (2005), Gómez y Defeo (2012), Lauria et al. (2015) y 

Parra et al. (2016), nuestro trabajo es el primero que compara ambos enfoques. 

Con este trabajo hemos sido capaces de obtener muy buenas predicciones de la 

abundancia total de la vegetación acuática para diferentes años y en los modelos 

globales que utilizan todos los años. El alto grado de correlación entre los valores 

predichos y observados indica que podemos predecir de forma fiable la abundancia 

total utilizando estos modelos. Esto también fue visto por Jensen et al. (2005). Sin 

embargo, ellos también encontraron que las predicciones inter-anuales (para años 

desconocidos) no son tan buenas como las predicciones intra-anuales. Esto podría ser 

debido a diferencias entre años que no se consideran en las variables utilizadas en los 

modelos. Como plantean Drexler y Ainsworth (2013) los GAM pueden ser utilizados 
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con éxito para predecir abundancia, además de su uso exploratorio como una 

herramienta para la identificación de las variables ambientales influyentes.  

La ocurrencia de especies y su abundancia podrían verse afectados por las variables 

ambientales tales como la temperatura del agua, salinidad, pH, penetración de la luz, 

concentración de nutrientes, entre otros (Al-Kenzawi, 2007, 2009; Herb y Stefan, 

2006; Spencer y Ksander, 1991). Sería deseable incorporar dichas variables para 

mejorar futuras predicciones.  

A futuro se planten comparar diferentes métodos de predicción para datos faltantes y 

comparar su desempeño; además de incorporar más humedales al análisis incluyendo 

datos climáticos y de localización, entre otros. 
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