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Abstract 22 

Background: The prediction of biogeographical patterns from a large number of driving 23 

factors with complex interactions, correlations and non-linear dependences require 24 

advanced analytical methods and modelling tools. This study compares different 25 

statistical and machine learning models for predicting fungal productivity 26 

biogeographical patterns as a case study for the thorough assessment of the performance 27 

of alternative modelling approaches to provide accurate and ecologically-consistent 28 

predictions. 29 

Methods: We evaluated and compared the performance of two statistical modelling 30 

techniques, namely, generalized linear mixed models and geographically weighted 31 

regression, and four machine learning models, namely, random forest, extreme gradient 32 

boosting, support vector machine and deep learning to predict fungal productivity. We 33 

used a systematic methodology based on substitution, random, spatial and climatic 34 

blocking combined with principal component analysis, together with an evaluation of the 35 

ecological consistency of spatially-explicit model predictions. 36 

Results: Fungal productivity predictions were sensitive to the modelling approach and 37 

complexity. Moreover, the importance assigned to different predictors varied between 38 

machine learning modelling approaches. Decision tree-based models increased prediction 39 

accuracy by ~7% compared to other machine learning approaches and by more than 25% 40 

compared to statistical ones, and resulted in higher ecological consistence at the landscape 41 

level. 42 

Conclusions: Whereas a large number of predictors are often used in machine learning 43 

algorithms, in this study we show that proper variable selection is crucial to create robust 44 

models for extrapolation in biophysically differentiated areas. When dealing with spatial-45 
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temporal data in the analysis of biogeographical patterns, climatic blocking is postulated 46 

as a highly informative technique to be used in cross-validation to assess the prediction 47 

error over larger scales. Random forest was the best approach for prediction both in 48 

sampling-like environments as well as in extrapolation beyond the spatial and climatic 49 

range of the modelling data. 50 

 51 
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1 Background 67 

Understanding the biogeographical patterns of organisms in natural ecosystems and 68 

predicting their distribution is a fundamental challenge in environmental sciences (Ehrlén 69 

and Morris, 2015). This entails a deep understanding of their distribution across space 70 

and time underpinning ecological mechanisms, which becomes increasingly complex 71 

with an increasing amount of factors driving these patterns and the possible interactions 72 

and nonlinear dependencies between them (Dixon et al., 1999; Ye et al., 2015). Such 73 

complex interrelationships require advanced data analytic methods and modelling tools 74 

to yield realistic predictions of natural ecosystem attributes and processes. 75 

Statistical methods traditionally used for this purpose aim at accounting for several 76 

elements that govern these natural mechanisms, trying to reach a parsimonious and robust 77 

understanding of ecological patterns (Wood and Thomas, 1999). However, since 78 

conventional parametric approaches may over-simplify nonlinear relationships between 79 

variables and over- or under-estimate the influence of some drivers, conventional 80 

parametric approaches may result in poor predictions and/or descriptions of reality (Ye et 81 

al., 2015), especially for the analyses of large databases. To overcome potential 82 

limitations of classic statistical approaches in big data analysis, the increased computing 83 

power has led to recent considerable growth in the use of analytical methods based on 84 

artificial intelligence such as machine learning (Christin et al., 2019). 85 

Machine learning algorithms are increasingly being used in species distribution and 86 

ecological niche modelling (Prasad et al., 2006; Culter et al., 2007; Hannemann et al., 87 

2015; Liang et al. 2016; Prasad, 2018; Gobeyn et al., 2019), forest resources (Stojanova 88 

et al., 2010; Görgens et al., 2015) and climate change studies (Thuille, 2003; Bastin et al., 89 

2019), among others. To determine to what extent these "new" methodologies can 90 

contribute to improving our understanding and prediction capacity within the field of 91 
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environmental sciences, comparative studies are required between those models that have 92 

been used historically and those fed by artificial intelligence algorithms (Özçelik et al., 93 

2013; Diamantopoulou et al., 2015; Hill et al., 2016; Bonete et al., 2020). Yet, many 94 

machine learning algorithms have been developed in recent years, and each of them may 95 

be more or less appropriate depending on the specific tasks and research objectives 96 

(Thessen, 2016). This highlights the need for systematic studies allowing for discerning 97 

the most suitable methodology according to a given research objective and data. Although 98 

several studies have analysed the performance of different analytical approaches (Hill et 99 

al., 2016; Bonete et al., 2020; Mayfield et al., 2020), existing ecological research 100 

addressing systematic assessments and comparisons of alternative modelling and 101 

predictive methods is scarce, making it difficult to provide clear methodological 102 

recommendations about the suitability of different approaches. Besides, in the field of 103 

environmental sciences, often, extrapolations in biophysically differentiated areas are 104 

required, which makes it necessary to take even more into account the data spatial 105 

dependencies. Due to data spatial autocorrelation, random cross-validations lead to over-106 

optimistic error estimates (Bahn and McGill, 2013; Micheletti et al., 2014; Juel et al., 107 

2015; Gasch et al., 2015; Roberts et al., 2017; Meyer et al., 2018; Meyer et al., 2019a), 108 

which makes it necessary to use proper, complementary validation methods such as 109 

spatial cross-validation (Le Rest et al., 2014; Pohjankukka et al., 2017; Roberts et al., 110 

2017; Meyer et al., 2018; Valavi et al., 2018). Moreover, spatial dependencies in the data 111 

can lead to a misinterpretation of some predictors outside the sampling range (Meyer et 112 

al., 2018, 2019a). 113 

Biogeographical patterns of fungal dynamics over large scales are a highly relevant 114 

question in ecology given the key role of fungi in forest ecosystems (Stokland et al., 2012; 115 

Mohan et al., 2014), especially in fungi-tree symbiosis. However, due to their great 116 
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diversity and differential ecological requirements (Glassman et al., 2017), as well as the 117 

difficulty of monitoring their dynamics and the large array of potential drivers (Büntgen 118 

et al., 2013), little is known of fungal dynamics over large scales. The prediction of 119 

biogeographical patterns of fungal dynamics requires large fungal datasets with a correct 120 

taxonomic identification of the specimens and a consistent sampling methodology across 121 

space and time to avoid sample bias (Hao et al., 2020).  122 

In particular, the spatially-explicit prediction of fungal productivity, i.e. mushroom 123 

fruiting patterns, is a key feature of fungal dynamics inasmuch as it is tightly related to 124 

the supply of multiple provisioning, regulating and cultural ecosystem services (Boa, 125 

2004). However, the high correlation between mushroom production and meteorological 126 

conditions among other drivers (Taye et al., 2016; Alday et al., 2017; Collado et al. 2019) 127 

makes the prediction of mushroom production challenging, especially in Mediterranean 128 

ecosystems where there is a high inter-annual variability of climatic conditions. The long 129 

period of potential fruiting of different mushroom species, as a result of their adaptation 130 

to the recurrent climatic patterns of a dry summer followed by a wet autumn (Barnard et 131 

al., 2015), makes mushroom yields dependent on a large number of variables. 132 

Precipitation and temperatures on a weekly scale can be the factors that lengthen, shorten 133 

or shift the fruiting period (Gange et al., 2007; Kauserud et al., 2008; Kauserud et al., 134 

2009; Büntgen et al., 2012), and also those that modulate mushroom production to a 135 

higher degree (Karavani et al., 2018). The large number of variables involved and their 136 

presumed interactions may often yield a misconception that fungal productivity is highly 137 

stochastic or very difficult to predict. Previous research to estimate mushroom 138 

productivity over large scales has been mainly based on mixed-effects modelling (de-139 

Miguel et al., 2014; Sánchez-González et al., 2019). Despite being a valid approach, it 140 
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may have certain limitations that are worth assessing in comparison with alternative 141 

methods that remain unexplored. 142 

This study compares different statistical and machine learning models in estimating 143 

mushroom productivity at the landscape level, together with a systematic methodology to 144 

determine the best approach to predict mushroom production in forest ecosystems. Using 145 

climatic and biophysical data together with in situ fungal records collected weekly over 146 

more than 20 years on a hundred permanent plots, we developed spatially explicit, high-147 

resolution continuous maps of mushroom productivity that were also used in the selection 148 

of the most suitable methods for predicting this ephemeral and important forest resource. 149 

We tested six most widely used predictive models to date, namely, generalized linear 150 

mixed-effects models (GLMM), and compared them with geographically weighted 151 

regression models (GWR), as well as with alternative state-of-the-art machine learning 152 

algorithms such as random forest (RF), extreme gradient boosting (XGB), support vector 153 

machine (SVM) and deep learning (DL) models. 154 

2 Methods 155 

2.1 Study area and sampling plots 156 

The study area was Catalonia region, northeastern Spain, in the western Mediterranean 157 

basin. The forest ecosystem types considered in this study were the main Mediterranean 158 

pine forest ecosystems that represent the majority of the forest area of the study region, 159 

namely, pure stands of Pinus halepensis, P. sylvestris, P.pinaster, P.nigra and P.uncinata 160 

and mixed stands of P. halepensis and P. nigra, and of P. sylvestris and P. nigra. We used 161 

a dataset that gathered information from 98 permanent monitoring plots for fungal 162 

dynamics sampled on a weekly basis during the main mushroom fruiting period, between 163 

August and the end of December and from 1997 to 2019. The plots were distributed 164 
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randomly and proportionally to the relative surface of the different pine forest ecosystems 165 

(Bonet et al., 2010) (Figure S1). Data were aggregated to an annual basis to create 166 

predictive models to estimate annual mushroom productivity. More information about the 167 

sampling methods and data can be found in Bonet et al. (2004), Martínez de Aragón et al. 168 

(2007) and Table 1. 169 

Table 1. Summary of mushroom, climate and physical data of the 98 sampled plots. 170 

 Min. 1st  quart. Median Mean 3rd quart. Max. 

Mushroom yield (kg ha-1 year-1) 0.00 9.14 47.62 104.46 138.97 1345.78 

Slope (degrees) 3.00 12.00 18.00 18.07 23.00 37.00 

Aspect (degrees) 4.00 58.00 179.00 166.50 282.00 360.00 

August precipitation (mm) 0.00 14.56 29.07 42.10 62.10 170.89 

September precipitation (mm) 0.21 37.59 54.94 59.01 77.51 202.79 

October precipitation (mm) 4.62 32.50 56.08 73.46 90.13 254.23 

August mean temperature (ºC) 14.62 20.03 22.71 22.05 24.20 27.31 

September mean temperature (ºC) 9.47 16.10 18.39 17.86 20.02 23.74 

October mean temperature (ºC) 7.24 12.36 14.15 13.81 15.58 19.19 

August max. temperature (ºC) 17.93 25.08 28.34 28.12 30.27 39.26 

September max. temperature (ºC) 13.61 21.04 23.48 23.43 25.84 33.24 

October max. temperature (ºC) 10.98 16.77 18.76 19.03 20.84 29.05 

August min. temperature (ºC) 0.93 11.95 14.36 13.27 15.87 19.04 

September min. temperature (ºC) -1.19 8.50 10.77 9.86 12.33 17.29 

October min. temperature (ºC) -6.80 4.95 7.46 6.24 8.83 13.50 

 171 

 172 
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2.2 Climate and biophysical data 173 

Meteorological data for each sampling plot was obtained from the interpolation and 174 

altitudinal correction of daily weather of 201 meteorological stations from the Catalan 175 

Meteorological Service and the Spanish Meteorological Agency. Interpolation was 176 

conducted with “meteoland” R package (De Cáceres et al., 2018) that uses a modification 177 

of the DAYMET methodology (Thornton et al., 1997; Thornton and Running, 1999). 178 

Likewise, to determine the typical climatic conditions across the whole study region, we 179 

used the mean of the interpolated daily weather variables for the period between 1991 180 

and 2016 with 1-km resolution. We computed the accumulated monthly rainfall from 181 

August to October and the mean, maximum and minimum monthly temperatures for the 182 

same period, coinciding with the main mushroom fruiting period. 183 

The total area covered by the different pine forest ecosystems was retrieved from the 184 

CORINE habitats map (Commission of the European Community, 1991). The 185 

biophysical variables such as elevation, slope, aspect and stand basal area were obtained 186 

at 20-m resolution from the first cover of the LIDARCAT Project 187 

(http://territori.gencat.cat/es/detalls/Article/Mapes_variables_biofisiques_arbrat) based 188 

on different LiDAR flights between 2008 and 2011 with a point density of 0.5 points/m2. 189 

2.3 Analytical methods  190 

We used and compared six different analytical methods to predict annual mushroom 191 

productivity. Two analytical approaches were based on statistical methods, namely, 192 

generalized linear mixed-effects models (GLMM) and geographically weighted 193 

regression (GWR), whereas the other four analytical methods were based on alternative 194 

machine learning approaches, namely, random forest (RF), extreme gradient boosting 195 

(XGB), support vector machine (SVM) and deep learning (DL). 196 
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2.3.1 Statistical modelling 197 

We used a two-stage modelling approach to take into account the high frequency of 198 

“zero” production values in many sample plots over time (Hamilton and Brickell, 1983; 199 

de-Miguel et al., 2014; Karavani et al., 2018; Collado et al., 2018). The high occurrence 200 

of these values arise from the small size of the plots and the stochastic nature of 201 

mushroom emergence (de-Miguel et al., 2014).  202 

The first stage determines the probability of mushroom emergence, according to binomial 203 

data of presence/absence, using a logistic regression π(X)=E(Y|X) and a logit link 204 

function to represent the conditioned mean of Y given X (Eq. 1 and 2). 205 

𝜋(𝑥𝑘) = 𝐸(𝑌|𝑥𝑘) = 11+𝑒−𝑔(𝑥𝑘) (1) 206 

𝑔(𝑥𝑘) = ln ( 𝜋(𝑥𝑘)1−𝜋(𝑥𝑘)) = 𝛽0 + 𝛽𝑘𝑥𝑘 (2) 207 

where π(xk) is the probability of mushroom occurrence, g(xk) the logit transformation of 208 

π(xk), Y is the dependent variable (mushroom presence/absence), xk is kth independent 209 

variable, β0 is the intercept parameter and βk is the regression coefficient for kth 210 

independent variable. 211 

The second stage was based on the modelling of the production of non-zero production 212 

values at logarithmic scale using linear regression y=E(log(Y)|X) + ε. Logarithmic 213 

transformation allows to limit the production range in the interval [0, ∞), depending on 214 

the values of X (Eq. 3). The proportional bias of the logarithmic regression was corrected 215 

with the Snowdon’s bias correction factor (Snowdon, 1991) based on the ratio of the 216 

arithmetic sample mean and the mean of the back-transformed predicted values from the 217 

regression (Eq. 4): 218 

ln(𝑝𝑟𝑜𝑑) = 𝛽0 + 𝛽𝑘𝑥𝑘 + 𝜀 (3) 219 
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𝐶𝐹 = 𝑌/�̂� (4) 220 

where ln(prod) represents the non-zero production of mushrooms at logarithmic scale, β0 221 

is the intercept parameter, βk the regression coefficient for kth independent variable, ε the 222 

random error of the deviation of the observations from the conditioned mean of ln(Y) and 223 

Y/=ŷ is the ratio between the mean of observed and the mean of predicted values of the 224 

sapling units. 225 

Finally, the total production of mushrooms was obtained from the product of the 226 

probability of appearance and the conditioned production of non-zero values (Eq. 5). 227 

𝑦𝑖𝑒𝑙𝑑 =  𝜋(𝑥𝑘) 𝑒ln(𝑦𝑖𝑒𝑙𝑑) 𝐶𝐹 (5) 228 

where π(xk) is the probability of mushroom occurrence, ln(yield) represents the production 229 

of mushrooms at logarithmic scale and CF is bias correction factor. 230 

2.3.1.1 Generalized Linear Mixed Models 231 

Due to mushrooms sampling methodology, where annually data was taken from a 232 

network of permanent plots, we used Generalized Linear Mixed Models GLMM (de-233 

Miguel et al., 2014; Karavani et al., 2018; Collado et al., 2018). This method can consider 234 

the spatial and temporal autocorrelation among observations (Pinheiro and Bates, 2000) 235 

adding random effects to segment the data into different groups according to year and 236 

plot. In the proposed mixed-effects models only random effects on model interception 237 

were considered. All the models were fitted using the “glmer” function from the “lme4” 238 

R package (Bates et al., 2014). 239 

2.3.1.2 Geographically Weighted Regression 240 

GWR is a non-stationary modelling technique that describes the spatially varying 241 

relationships between the dependent variable and the explanatory variables (Páez and 242 
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Wheeler, 2009). Coefficients of a GWR-based model are given by the spatial location of 243 

data and can be estimated for any new location. This means that given a grid, the estimated 244 

coefficients for each point in space vary continuously as a function of the spatial 245 

heterogeneity of the relationships.  246 

Coefficients for each regression point were calibrated using the data around itself. Due to 247 

the annual sampling methodology and the geographical distribution of plots, some plots 248 

were grouped denser in some areas and less dense in others. Consequently, we used an 249 

adaptive window according to the spatial density of our plots (Georganos et al., 2017). 250 

Occurrence and conditional production models, as well as the optimal data value for 251 

adjusting the adaptive window, were obtained from the "ggwr" and "gwr.set" functions, 252 

respectively, of the R package "spgwr" (Bivand el al., 2014). 253 

2.3.2 Machine learning modelling 254 

2.3.2.1 Decision trees-based models (random forest and extreme gradient boosting) 255 

RF algorithm (Breiman, 2001) is based on an ensemble learning method that detects 256 

general patterns present in observed data using a defined number of decision trees. Trees 257 

are grown independently of each other, achieving less correlation between them. This is 258 

achieved by selecting a random subset of the predictors, in each node, to be chosen as the 259 

best candidate for use in each of the divisions (Breiman, 2001).  260 

The hyperparameters that we tuned in the RF models were the number of trees and the 261 

optimal number of predictor candidates to be chosen in each node. The first one was tuned 262 

by training a sequence of models with 1 tree and up to 500, other things being equal, to 263 

locate the minimum number of trees required to minimize the prediction error. Once this 264 

value was set, we evaluated the optimal number of predictor candidates to be chosen in 265 

each node in a similar way, picking the one that minimizes the error while growing less 266 
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correlated forests. In both cases, cross-validation was used (randomly splitting 95% of 267 

the data for training and the remaining 5% for validation) and 20 models were trained for 268 

each combination of hyperparameters (Table S3). Hyperparameters tuning and model 269 

training were done with the R-package “RandomForest” (Liaw and Wiener, 2002). 270 

Unlike RF, the technique of gradient boosting (Friedman, 1999) does not create each 271 

decision tree independent of each other, but rather the trees are built sequentially. Thus, 272 

each constructed tree uses the information on the previously cultivated trees (Jamet et al., 273 

2013). XGB is a specific implementation of the boosting method that allows finding the 274 

best tree by minimizing the loss function using a minimum amount of resources (Chen 275 

and Guestrin, 2016). To minimize model overfitting, XGB is basically based on two 276 

techniques: shrinkage and column subsampling. This means that, in each iteration, a 277 

fraction of the observed data is used to grow the next tree, using the weighted information 278 

from each of the previous trees. 279 

As in RF-hyperparameters tuning, we used cross-validation by training 20 models for 280 

each hyperparameters combination. We tuned the number of iterations, in a range 281 

between 1 and 100, according to the learning rate (eta) to improve the prediction accuracy 282 

and optimize the XGB algorithm. Next, we tuned the depth of the model trees and finally, 283 

since this depends on the others, the gamma regularization parameter to avoid model 284 

overfitting (Table S4). The R-package "xgboost" (Chen and He, 2020) was used here to 285 

train the XGB models and tune their hyperparameters. 286 

2.3.2.2 Support Vector Machine 287 

SVM (Cortes and Vapnik, 1995) was created to solve classification problems by adjusting 288 

a hyperplane that delimited the different categories while minimizing the distance 289 

between the hyperplane and the closest points. Although its main purpose was to be used 290 
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in classification problems, later updates have made this algorithm applicable to regression 291 

tasks, using the same principles with which it was conceived. In the case of regression, a 292 

tolerance margin is established, corresponding to the support vectors, and an appropriate 293 

hyperplane is defined to adjust the data.  294 

A radial-based kernel function was used both to train the SVM models and to select their 295 

optimal hyperparameters. The cost and gamma hyperparameters were tuned to each other 296 

based on a cross validation of the predictions made by 20 models, with values between 1 297 

and 50 and between 0.1 and 0.9, respectively (Tale S5). SVM models and their hyper-298 

parameter tuning were done using the R-package "e1071" (Meyer et al., 2019). 299 

2.3.2.3 Deep Learning 300 

Machine learning includes those algorithms that generate models from patterns in a data 301 

set, making it interesting for the analysis of complex and non-linear data (Olden et al., 302 

2008). While other machine learning algorithms find patterns among the variables used 303 

to train the models, DL is able to detect and extract undescribed characteristics directly 304 

among the highly dimensioned data (Christin et al., 2019). These characteristics have led 305 

to an increase in the use of these algorithms in recent years in ecology (Christin et al., 306 

2019). 307 

As in the tuning of the best hyperparameters for each of the others machine learning 308 

model, we proposed different candidate structures, given by the following set of 309 

hyperparameters, for the DL models network. We trained models with 1, 2 and 3 hidden 310 

layers with a "relu" regularization function and a final layer with a single node and the 311 

same regularization function. For each structure, we used hidden layers with 8, 16, 32, 64 312 

and 128 nodes in each one. To reduce overfitting, we randomly dropped out (setting to 313 

zero) 50% of output features of the layer during training. We evaluated each structure 314 
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from the cross-validation of the predictions of 20 models to minimize the prediction error 315 

(Table S6). We used the R-package "keras" (Allaire and Chollet, 2019) to train the final 316 

DL models and the different proposed structures. 317 

2.3.3 Model and variable selection and evaluation 318 

Statistical model evaluation and variable selection was based on the current knowledge 319 

of forests and mushroom ecology, the statistical significance of model parameters 320 

(p<0.05 or t>|1.96|), the variance inflation factor (VIF) to quantify the severity of 321 

multicollinearity and the parsimony principle. To check the sensitivity/specificity of the 322 

binomial classification models we used Receiver Operator Characteristic (ROC) curves, 323 

using the R package “ROCR” (Sing et al., 2005). 324 

To assess whether GWR improved GLMM due to the non-stationary nature of data and 325 

to avoid introducing an improvement that was not attributed to the type of modelling, the 326 

same explanatory variables as in GLMM were used. To test the non-stationarity of the 327 

independent variables of GWR models, the local parameters were compared with global 328 

GLMM coefficients. The probability of incorporating non-stationary variables increases 329 

if the estimated coefficient of the variable in GLMM (± standard error) is outside the 1st 330 

and 3rd quartile of the GWR model coefficient (Propastin, 2009). 331 

For each of the four machine learning algorithms, two types of models were adjusted. The 332 

first ones were trained using a total of 15 biophysical variables (Table 1), while the second 333 

ones were trained using a subset of them. This subset was determined from the same 5 334 

variables used in the statistical models, including climate predictors only. This allowed 335 

us to assess separately the prediction accuracy due to the analytical method, and the 336 

prediction accuracy due to differences between predictors or the number of explanatory 337 

variables.  338 
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Due to the randomness in the training stage of RF and XGB algorithms, and for 339 

consistency with the methodology used for SVM and DL models, 50 models were trained 340 

from 50 bootstrapping iterations, selecting randomly 95% of the data.  341 

In machine learning-based approaches, the relationship between predictors and 342 

mushroom productivity was assessed based on partial dependence plots (PDPs), a low-343 

dimensional graphical rendering between variable pairs, in order to determine whether 344 

this relationship lacked ecological sense (within a set of specific predictors, and in this 345 

particular case, corresponding to the training data set). 346 

2.3.4 Evaluation of the predictive performance and mapping 347 

Since the main purpose of this study was to develop models to accurately predict 348 

mushroom productivity, this entails the evaluation of the predictive performance of the 349 

resulting models also outside of the range of the training (or fitting) region. With the aim 350 

of determining the similarities between sampled plots and the territory where it was used 351 

to estimate the mushroom yield, a principal component analysis (PCA) based on the 352 

models' predictors was used. In addition, to evaluate and compare the predictive accuracy 353 

of the models, different cross-validation strategies were used (Roberts et al., 2017). This 354 

validation was done by comparing the determination coefficient (R2), root mean squared 355 

error (RMSE) and mean absolute error (MAE) of observed (using 95% of the data) against 356 

predicted (i.e. the remaining 5% of the data) values of each model using 50 bootstrapping 357 

iterations. To inspect in depth, the source of the errors in the models, the mean square 358 

deviation (MSD) was estimated and also decomposed in additive components, namely, 359 

squared bias (SB), nonunity slope (NU) and lack of correlation (LC) (Gauch et al., 2003). 360 

The alternative cross-validation strategies utilized were: 361 

i. Substitution: the testing data was part of the same training data 362 
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ii. Random: the training and testing data set were selected randomly 363 

iii. Spatial blocking: to avoid underestimating the prediction error due to the spatial 364 

structure of the data the training and testing data were strategically and non-randomly 365 

selected (Roberts et al., 2017). The two data sets were selected in different geographical 366 

areas, selecting a randomly plot and blocking the closest plots as testing data. 367 

iv. Climate blocking: since plots were spatially distributed among different bioclimatic 368 

areas, we conducted an environmental blocking (Valavi et al., 2018) considering the 369 

differences in climatic conditions between plots. Similar to spatial blocking (Roberts et 370 

al., 2017), we used the two-dimensional space described by the first two PCA components 371 

(based on the sets of five and twelve climatic model predictors, respectively) to select the 372 

training and testing datasets from different climatic areas. In this 2-D space, one plot was 373 

randomly selected and blocked as testing data together with a giver number of 374 

neighbouring plots.  375 

A 10% and 20% blocking was also considered to determine the error in climatic and 376 

geographical areas more different from the sampled data (as a comparison it was also 377 

done in the random blocking), providing a more differentiated dataset of training and 378 

testing. 379 

To generate the landscape-level mushroom productivity maps based on RF, XGB, SVM 380 

and DL, we used the mean estimation of the 50 trained models. Otherwise, estimates from 381 

statistical models were the result of the empirical model predictions, fitted with 100% of 382 

data. These maps were constructed with a resolution of 1 km in accordance with the 383 

resolution of the climatic data. As a result of the estimates of the 50 models, spatially 384 

explicit relative standard error (SE) maps were also created for each methodology. 385 
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The final maps were evaluated on the basis of knowledge about fruiting patterns, and also 386 

on whether they followed ecologically logical patterns (related to climatic conditions). 387 

Therefore, we would expect smoothed estimates across the territory and conditioned by 388 

the variations of those most important variables in each model. 389 

3 Results 390 

3.1 Relationships between dependent and explanatory variables 391 

Statistical models showed a statistically significant and positive relationship of mushroom 392 

productivity with rainfall in August, September and October (both in conditioned 393 

production and occurrence models). On the other hand, conditioned production and 394 

occurrence models also showed a statistically significant and negative relationship with 395 

the maximum temperature of August and October, respectively (Tables S1 to S3). Yet, 396 

the coefficients of GWR models varied according to geographical location (Table S3 and 397 

Figure S2), describing certain non-stationarity in both precipitation and temperature. 398 

Within GLMM models, PDPs showed an almost linear relationship between the amount 399 

of precipitation between August and October and mushroom productivity in the model fit 400 

data range. In contrast, GWR showed an accelerated growth in productivity by increasing 401 

rainfall, which was accentuated in those locations with a higher precipitation regression 402 

coefficient. Besides, and similarly in GLMM and GWR, the maximum temperature in 403 

August showed a decelerated decrease in productivity by increasing temperature, while 404 

the maximum temperature of October, even though it showed a negative relation, resulted 405 

in little relevance in mushroom productivity for the range of values of the fitting data 406 

(Figure 1). 407 

Different machine learning models resulted in rather similar relationships between 408 

variables although, due to the particularities of each algorithm, the patterns changed 409 
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slightly between approaches. In contrast to the relationships in GLMM and GWR models, 410 

some of the machine learning models did not show monotonically increasing or 411 

decreasing relationships between dependent and explanatory variables. This monotony 412 

was often broken at the extremes of the range of values of the predictor variables, where 413 

the amount of data to train the models was lower (Figure 1). Moreover, machine learning 414 

methods also showed differences in the importance assigned to different predictors. Thus, 415 

XGB identified some variables as very important compared to other predictors. 416 

Specifically, in the models trained with 15 variables, XGB showed a greater importance 417 

of precipitation in August, September and October, minimum temperature in October and 418 

aspect. In addition, precipitation of August resulted in having further greater importance 419 

in the models trained with 5 variables. Conversely, the importance detected by RF and 420 

SVM to the whole array of predictors was more homogeneous. RF showed a greater 421 

importance to the same variables as XGB, while the most important variables in SVM 422 

were precipitation in September and October, average temperature in August and 423 

September, and minimum temperature in August (Figure 2). 424 

Figure 1. Relationship between annual mushroom productivity and August, September 425 

and October precipitation and maximum temperatures in September and October (these 426 

variables are the variables used in the statistical models and the five variables machine 427 

learning models). Yellow (random forest), blue (extreme gradient boosting), violet 428 

(support vector machine), purple (deep learning), light blue (generalized linear mixed 429 

models) and light green (geographically weighted regression) colours refer to the 430 
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different modelling techniques. Continuous line includes the models that use the five 431 

variables and the dashed line the machine learning models trained with 15. 432 

Figure 2. Standardized variable importance value used to train random forest (RF), 433 

extreme gradient boosting (XGB) and support vector machine (SVM) models with 15 (A) 434 

and 5 (B) variables. Variable importance values represent the contribution of each 435 

variable to predict the annual mushroom productivity. 436 

GLMM and GWR fitted models and their coefficients are shown in the supplementary 437 

material in Table S1 to S3. Likewise, machine learning hyperparameters can be found in 438 

the supplementary material in Figure S3 to S6. 439 

 440 

 441 

 442 
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3.2 Predictive accuracy of different methods 443 

In general, machine learning models showed better predictive accuracy compared to 444 

statistical models. Above all, models based on decision trees, and more specifically RF, 445 

stood out as the models with the lowest error. RF, XGB and SVM models trained with 15 446 

variables showed lower errors than the same ones trained with five variables, while DL 447 

models resulted in similar prediction error regardless the amount of predictors.  Moreover, 448 

RF trained with five variables resulted in lower or similar error compared to XGB and 449 

SVM models trained with 15 variables (Figure 3 and Table S4). 450 

Figure 3. Cross-validation of estimated total mushroom production (kg ha-1 year-1) using 451 

random forest (RF), extreme gradient boosting (XGB), support vector machine (SVM) 452 

and deep learning (DL) trained with 15 and 5 variables and generalized linear mixed 453 

models (GLMM) and geographically weighted regression (GWR). Pointed line shows the 454 

equality line and the dashed one the best fit between predicted and observed values. It 455 

shows mean absolute error (MAE), root-mean-squared error (RMSE) and coefficient of 456 

determination (R2) of the relation for each technique. 457 

The assessment of the predictive performance based on random blocking resulted in lower 458 

accuracy compared to spatial and climatic blocking in RF, XGB and SVM models. This 459 
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trend was not so obvious in DL or statistical models. In climate blocking, the prediction 460 

error increased with increasing proportion of blocking data, denoting lower predictive 461 

accuracy of fungal productivity (Table S4) in areas with very different climatic conditions 462 

compared to the training data (Figure 4). Most machine learning models, based on finding 463 

patterns in supplied training data, showed very low errors when making predictions in a 464 

similar environment as the training data (substitution), i.e. approximately 50% and 75% 465 

lower error in RF and XGB, respectively, compared to random blocking. Overall, RF was 466 

the approach with lower error, being lower in models trained with 15 variables than those 467 

trained with five variables (105 and 114 respectively in a random blocking and 110 and 468 

111 in a climate blocking). Compared to the other tested models (in terms of RMSE in 469 

random blocking), RF results in an improvement between 7 and 31% in the models trained 470 

with 15 variables and between 4 and 26% in the RF models trained with 5 variables (Table 471 

S4). 472 

Although in all the analytical approaches the main source of the error was due to the 473 

variation between training and testing data (i.e. lack of correlation, LC), the statistical 474 

models also resulted in high NU value, leading to under- or overestimation of annual 475 

mushroom productivity for certain ranges of the data. In GLMM, where the slope of the 476 

best linear fit between observed and predicted values was greater than 1, there was a clear 477 

underestimation. Moreover, GWR showed a slope between 0 and 1, leading to a 478 

production overestimation. On the contrary, machine learning models corrected this 479 

under- or overestimation by reducing the NU value and approximating the slope to 1 480 

(Table S4). 481 

 482 

 483 
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Figure 4. Similarity between the annual meteorological data of the sampled plots (used to 484 

train the models) and the average climatology of the Catalan pine forests (used to predict). 485 

Graphs show the climatology of the different pixels (grey) that form the map of pine 486 

forests in Catalonia from a two-dimensional representation based on a principal 487 

component analysis (PCA). The meteorological characteristics of the registered plots are 488 

shown from a density map of points within the bivariate space. Within this space, each 489 

pixel of pine forests matches a value of meteorological records density, being able to 490 

extrapolate this information to a map of the study region, obtaining a spatially explicit 491 

map of the similarity between these two datasets. (A.i) (A.ii) correspond to the similarities 492 

by creating a bivariate space resulting from PCA of 5 climatic variables (which can be 493 

used for the less dimensioned models), while (B.i) and (B.ii) are based on a PCA of 12 494 

climate variables (which can be used in the models trained with 15 climatic variables). 495 
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3.3 Mapping and accuracy of predictions at the landscape level 496 

The spatially explicit predictions at the landscape level from each model resulted in rather 497 

similar general patterns (Figure 5). Namely, they predicted higher productivity in the 498 

northern areas of the study region, characterized by higher altitudes, i.e., Pyrenees 499 

mountain range. Also, the different models reproduced similar patterns within these areas 500 

according to variations in local topography. In addition, RF, XGB and SVM models 501 

trained with 15 predictors (not in DL) yielded higher estimates of mushroom productivity 502 

in coastal areas compared to the same algorithms based on a subset of 5 predictors. 503 

RF, XGB and SVM trained with 15 variables also resulted in less smoothed predictions 504 

of mushroom yield across the territory compared to estimates based on the subset of 5 505 

predictors. Furthermore, SVM produced illogical predictions below 0 kg·ha-1·year-1 in a 506 

few spatially localized areas when 5 variables were used, and scattered throughout the 507 

territory when using 15 predictors. In contrast, DL resulted in very smoothed estimates 508 

across the territory, contrary to the maps obtained from all the other machine learning 509 

methods (Figure 5). 510 

Figure 5. Landscape-level prediction of total annual mushroom productivity, using 511 

random forest (RF), extreme gradient boosting (XGB), support vector machine (SVM) 512 
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and deep learning (DL) trained with 15 and 5 variables, respectively, and generalized 513 

linear mixed models (GLMM) and geographically weighted regression (GWR) fitted 514 

using 5 predictors. 515 

In addition, the mushroom productivity predictions based on RF, XGB, SVM and GWR 516 

ranged between 0, in the less productive areas, and approximately 300 and 400 kg·ha-517 

1·year-1. Slightly lower productivity was detected using GLMM and DL for the most 518 

productive sites, i.e. not exceeding 200 kg·ha-1·year-1in any point of the study area. 519 

ML models trained with 5 variables resulted in rather low relative SE in practically all 520 

the study area, whereas the models based on 15 predictors resulted in high relative SE in 521 

the coastal areas, i.e. those areas with the most different bioclimatic conditions compared 522 

to the training data. Finally, predictions using DL with 15 variables showed a high relative 523 

SE throughout the whole territory (Figure S7). 524 

4 Discussion 525 

To our knowledge, this is the first study addressing a systematic evaluation of the 526 

predictive performance of alternative statistical and machine learning models to predict 527 

mushroom productivity, and one of the few systematic comparisons between these 528 

different predictive approaches within the field of ecological research. This was 529 

conducted using one of the largest datasets (if not the largest one) for fungal productivity 530 

monitoring, based on consistent sampling methodology and taxonomic identification of 531 

mushrooms over more than 20 years on nearly a hundred permanent sampling plots, 532 

randomly distributed throughout the study region, which contributes to overcoming most 533 

of the practical problems related to the existence of available data for modelling fungal 534 

resources (Hao et al., 2020). 535 
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When dealing with complex ecological interactions between multiple potential 536 

explanatory variables, our results show that statistical models, specially GLMM, clearly 537 

seem to have lower predictive performance compared to artificial intelligence-based 538 

approaches, in line with previous research (e.g. Smoliński and Radtke (2016) and Schratz 539 

et al. (2019)). They were less accurate and produced large over- or underestimation of 540 

mushroom productivity, making them unreliable for such purposes compared to other 541 

alternatives. On the other hand, statistical models can be good candidates for detecting 542 

the most appropriate variables to be used in machine learning models and unravel 543 

environmental-ecological relationships between them (Shmueli, 2010; Schratz et al., 544 

2019), since the inherent statistical assumptions that shape these models allow the 545 

relationships between data in a set of probability distributions to be correctly 546 

approximated. However, adding a spatial factor to the statistical models was able to 547 

correct for the strong underestimation of GLMM in high productivity values. By 548 

considering a spatial component, we were able to find stationary patterns in the predictors, 549 

denoting that climatic conditions do not affect equally across the study area. 550 

As demonstrated here, choosing a subset of variables from statistically significant 551 

predictors in statistical models can help us to deal with some drawbacks. A problem with 552 

selecting a single subset of variables from a machine learning models is that, due to the 553 

algorithm itself, the significance is adjusted differently and could be inappropriate for 554 

some of them. For example, within decision tree algorithms, XGB determines the variable 555 

to be used in each node of the tree among the total of variables of a model, while RF does 556 

it within a subset of them, giving greater probability of being chosen to those less 557 

important variables (Hastie et al., 2001). On the other hand, and depending on the 558 

relationship between variables, the importance of a set of correlated variables can be 559 

distributed among the different predictors (giving lower importance to each one of them), 560 
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but the total importance that this set represents in the predictive performance is 561 

remarkable (Toloşi and Lengauer, 2011). This can cause that when discarding the less 562 

important variables, this set of predictors is omitted, causing a notorious drop in predictive 563 

performance. Moreover, in a group of correlated variables where there is only one true 564 

predictor (the one that implies real causality), machine learning algorithms could give 565 

similar values of importance to the whole set of variables (Archer and Kime, 2007), 566 

actually hiding the true predictor. Consequently, each machine learning algorithm give a 567 

different importance to each variable. Therefore, to identify the variables that could best 568 

explain the processes that occur in natural ecosystems and/or use the variable importance 569 

to select a subset of predictors to train a more parsimonious model, the above 570 

considerations should be taken into account.  571 

Based on the prediction error of different models, it would seem logical to think that 572 

models trained with 15 variables are better at achieving the goal of predicting mushroom 573 

productivity (they have lower predictive error) compared to models based on five 574 

predictors. However, they have some remarkable drawbacks. Using a larger amount of 575 

variables one can account for more information about potential environmental drivers. 576 

This might seem useful, because such information can help to improve predictions in 577 

specific cases. However, using a larger number of variables also increases exponentially 578 

the dimensions of the ecosystem space, commonly known as curse of dimensionality 579 

Hughes (1968), which makes it more difficult to match the ranges of the modelling data 580 

in extrapolation to a broader study area. In addition, not taking into account the data 581 

spatial dependencies may increase the likelihood of getting out-of-bag misinterpretations 582 

with increasing number of predictor variables (Meyer et al., 2018, 2019a). Conversely, 583 

using fewer variables results in higher similarity (in terms of climatic conditions) between 584 

the training and testing data. In particular, by creating a 2-D space based on PCA using 585 
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five climatic variables, the entire prediction zone was practically similar to the training 586 

data, while by using twelve climatic variables it decreases considerably (Figure 4). 587 

Compared to other alternative environmental blocking approaches (Valavi et al., 2018), 588 

our climatic blocking approach allowed us to identify the similarity between training and 589 

testing data as well as select the same amount of data in each blocking strategy. Assuming 590 

that spatial or climatic blocking are proper approaches to estimate the error in 591 

geographically (Roberts et al., 2017; Meyer et al., 2019a) or climatically different areas, 592 

and random blocking informs about the error in similar areas, we can determine which 593 

strategy will be best in each case. Knowing this, we can expect that random blocking may 594 

be more informative of the error of mushroom productivity estimates made by 5-variable 595 

models. On the other hand, in the spatial or climatic blockade it may be more correct to 596 

estimate the error of the estimates made by 15-variable models. In this way we can see 597 

that, in those areas where the error of the estimates of the 15-variable models is given by 598 

the spatial block and in the 5-variable models by the random block, a lower error is 599 

achieved with the second set of models. This is evident throughout the coastal zone of the 600 

study area and in the higher parts of the Pyrenees mountain range, where the error will be 601 

lower when using models with a smaller number of variables. Thus, it seems that 602 

parsimony can be useful model selection criterion not only for statistical methods, but 603 

also for machine learning algorithms (Coelho et al., 2018). 604 

As noted, statistical models do not seem to be competitive compared to machine learning 605 

approaches due to poor predictive performance. Among the machine learning models, the 606 

DL approach had the highest prediction error and also resulted in biogeographic patterns 607 

that did not seem to agree with the expected climatic variations throughout the study area. 608 

In turn, SVM yielded illogical negative values of mushroom productivity in some areas. 609 

Therefore, the best candidate methods are the decision trees-based algorithms, i.e. RF and 610 
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XGB. Between both approaches, RF is preferable since it fits very well for this type of 611 

predictions, where the error mostly arises from the high variability of the studied 612 

ecological item (Hastie et al., 2001). This results in RF having the lowest error in all 613 

criteria analysed (Table S4), being better at estimating in sampling-like environments as 614 

in extrapolation. By estimating a value from the mean between the values given by a set 615 

of trees that are little, or not, correlated between them, it allows to reduce the variance. 616 

This study shows that, although machine learning algorithms allow, due to their 617 

characteristics, to fit models using a large number of variables, it may be advisable to 618 

make a selection of predictors to reduce the multidimensional space defined by the data 619 

to be predicted and thus become more similar to training data. This does not only allow 620 

us to address the selection of the best modelling approach to predict mushroom 621 

productivity; it also provides a methodology, due to the current paucity of data to build 622 

process-based models (Hao et al., 2020), that can be reasonably used in extrapolation out 623 

of the range of the modelling data. This is especially relevant in a context of global 624 

change, where climatic conditions are predicted to change over the years beyond the 625 

historical climatic ranges. 626 

 627 
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Supplementary Material 947 

3.1 Fitted models 948 

3.1.1 Statistical models 949 

Here we show the fitted GLMM and GWR models (coefficients are in Table S1 to S3) It 950 

should be noted that the coefficients of GLMM and GWR are particular and different 951 

from the general form of the conditioned mushroom production (S1) and the logit 952 

transformation of the logistic regression (S2) 953 

ln(𝑝𝑟𝑜𝑑) = 𝛽0 + 𝛽1 ln(𝑃𝑎𝑢𝑔+𝑠𝑒𝑝+𝑜𝑐𝑡) + 𝛽2ln(𝑇𝑚𝑎𝑥𝑠𝑒𝑡) (S1) 954 

𝑔 = 𝛽3 + 𝛽4ln(𝑃𝑎𝑢𝑔+𝑠𝑒𝑝+𝑜𝑐𝑡) + 𝛽5𝑇𝑚𝑎𝑥𝑜𝑐𝑡 (S2) 955 

 956 

Table S1. Fixed GLMM coefficients. β1, β2, β3 significance were calculated from t-957 

value, while β3, β4, β5 from p-value. 958 

Coefficients Estimate Std. Error Significance 

β0 2.858 2.203 1.298 

β1 1.048 0.156 6.680 

β2 -1.535 0.628 -2.442 

β3 6.437 4.999 0.198 

β4 2.149 0.598 0.000 

β5 -2.591 0.961 0.007 

 959 

 960 

 961 
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Table S2. Random GLMM coefficients. 962 

Coefficient Minimum 1st quantile Median 3rd quantile Maximum 

β0 -1.748 -0.408 0.096 0.425 1.323 

β3 -2.043 -0.395 0.359 0.821 1.363 

 963 

Table S3. GWR models coefficients. 964 

Coefficient Minimum 1st quantile Median 3rd quantile Maximum 

β0 -4.207 -2.932 -0.612 0.298 0.980 

β1 1.439 1.580 1.738 2.231 2.636 

β2 -2.233 -1.724 -1.482 -1.398 -0.786 

β3 -7.908 -5.375 1.853 7.018 29.509 

β4 0.736 1.177 1.830 2.610 3.517 

β5 -7.096 -1.775 -1.453 -1.261 -0.654 
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965 
Table S4. Model error in terms of root mean squared error (RMSE) and mean squared error (MSE) and his decomposition in squared bias 

(SB), nonunity slope(NU) and lack of correlation (LC) for random forest models (RF), extreme gradient (XGB), support vector machine 

(SVM), deep learning (DL), generalized linear mixed models (GLMM) and geographically weighted regression (GWR) models trained 

with 5 (.5) and 15 (.15 variables.  
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Supplementary figures 966 

 967 

Figure S1. Study area, distribution of mushroom productivity monitoring plots (red 968 

points) and pine forest ecosystems represented by the sample plots (green area) 969 

Coordinates system: WGS 84 / UTM zone 31N. 970 

 971 

 972 

 973 
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Figure S2. GWR coefficient estimates according to geographical location. Coefficient of 974 

precipitation amount from August to October (A) and maximum temperature in August 975 

(B) in conditioned production model. Coefficient of precipitation amount from August to 976 

October (A) and maximum temperature in October (D) in occurrence model (C). 977 

 978 

 979 

 980 

 981 

 982 

 983 

 984 

 985 
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 986 

Figure S3. Hyperparameters selection for Random forest algorithm. (A) and (B) 987 

corresponds to random forest models trained with 5 variables while (C) and (D) to those 988 

trained with 15. For the trained models with 5 and 15 variables we chose 200 trees per 989 

each model and 1 and 5 variables to be chosen randomly in each division, respectively. 990 

 991 

 992 

 993 

 994 

 995 

 996 
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 997 

Figure S4. Hyperparameters selection for Extreme gradient boosting algorithm. (A) to 998 

(D) corresponds to extreme gradient boosting models trained with 5 variables white (E) 999 

to (H) to those trained with 15. We chose 20 number of rounds and an eta of 0.1 for each 1000 

model while choosing a depth of 5 and no regularization (gamma=0). 1001 

 1002 

 1003 

 1004 

 1005 

 1006 

 1007 
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 1008 

Figure S5. Hyperparameters selection for Support vector machine algorithm. Different 1009 

lines correspond to the value of the hyperparameter cost. (A) refers to support vector 1010 

machine models trained with 5 variables while (B) to those trained with 15. We chose a 1011 

gamma value of 0.3 and a cost of 10 for the 5-variable model while 0.1 and 10 respectively 1012 

for the 15-variable model. 1013 

 1014 

 1015 

 1016 

 1017 

 1018 
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 1019 

Figure S6. Hyperparameters selection for Deep learning algorithm. (A) to (C) refers to 1020 

deep learning models trained with 5 variables while (D) to (F) to those trained with 15. 1021 

(A) and (D) show ferments per 1 each with an activation function "relu" while (B) and 1022 

(E) 2 and (C) and (F) 3. A final layer with a single output value and a "relu" activation 1023 

function is added to all of them. In between each layer a dropout layer has been added 1024 

which randomly selects 50% of the data for training. The different lines of each graph 1025 

show the dimensionality of the output space.  1026 
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Figure S7. Spatially explicit standard error map of the 50 model estimations 1027 



Figures

Figure 1

Relationship between annual mushroom productivity and August, September and October precipitation
and maximum temperatures in September and October (these variables are the variables used in the
statistical models and the �ve variables machine learning models). Yellow (random forest), blue (extreme
gradient boosting), violet (support vector machine), purple (deep learning), light blue (generalized linear
mixed models) and light green (geographically weighted regression) colours refer to the different
modelling techniques. Continuous line includes the models that use the �ve variables and the dashed line
the machine learning models trained with 15.



Figure 2

Standardized variable importance value used to train random forest (RF), extreme gradient boosting
(XGB) and support vector machine (SVM) models with 15 (A) and 5 (B) variables. Variable importance
values represent the contribution of each variable to predict the annual mushroom productivity.



Figure 3

Cross-validation of estimated total mushroom production (kg ha-1 year-1) using random forest (RF),
extreme gradient boosting (XGB), support vector machine (SVM) and deep learning (DL) trained with 15
and 5 variables and generalized linear mixed models (GLMM) and geographically weighted regression
(GWR). Pointed line shows the equality line and the dashed one the best �t between predicted and
observed values. It shows mean absolute error (MAE), root-mean-squared error (RMSE) and coe�cient of
determination (R2) of the relation for each technique.



Figure 4

Similarity between the annual meteorological data of the sampled plots (used to train the models) and
the average climatology of the Catalan pine forests (used to predict).



Figure 5

Landscape-level prediction of total annual mushroom productivity, using random forest (RF), extreme
gradient boosting (XGB), support vector machine (SVM) and deep learning (DL) trained with 15 and 5
variables, respectively, and generalized linear mixed models (GLMM) and geographically weighted
regression (GWR) �tted using 5 predictors.
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