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Predicting ecological footprint based on global macro indicators in G-20 countries using 71 

machine learning approaches  72 

 73 

Abstract 74 

Paying attention to human activities in terms of land grazing infrastructure, crops, forest products and 75 

carbon impact, the so-called ecological impact (EF) is one of the most important economic issues in the 76 

world. In the present study, data from global databases were used. The ability of the penalized regression 77 

approach (PR including Ridge, Lasso and Elastic Net) and artificial neural network (ANN) to predict 78 

EF indices in the G-20 over the past two decades (1999-2018) was depicted and compared. For this 79 

purpose, 10-fold cross-validation was used to assess predictive performance and to specify a penalty 80 

parameter for PR models. Based on the results, a slight improvement in prediction performance was 81 

observed over linear regression. Using the Elastic Net model, more global macro indices were selected 82 

than Lasso. Although Lasso included only some indicators, it still had better predictive performance 83 

among PR models. Although the findings using PR methods were only slightly better than linear 84 

regression, their interest in selecting a subset of controllable indicators by shrinking the coefficients and 85 

creating a parsimonious model was apparent. As a result, penalized regression methods would be 86 

preferred, using feature selectivity and interpretive considerations rather than predictive performance 87 

alone. On the other hand, neural network-based models with higher values of coefficients of 88 

determination (R2) and values lower of RMSE than PR and OLS had significant performance and 89 

showed that they are more accurate in predicting EF. The results showed that the ANN network could 90 

provide considerable and appropriate predictions for EF indicators in the G-20 countries. predictions 91 

Keywords: Ecological footprint, prediction, variable selection, machine learning, G-20 countries  92 

1.Introduction 93 

The presence of at least ten predictor variables in a linear regression model can theoretically cause 94 

multi-collinearity and over-fitting and increase the out-of-sample error. Such a model would produce 95 

unbiased estimates with significant variance, which may be completely inaccurate  (Efron et al. 2004); 96 

in addition, the predictability of this model on testing set will be weak. (Cherlin et al. 2018). To deal 97 
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with these shortcomings of linear regression and reduce the variance of estimates and improve 98 

predictions, regulatory techniques (so-called penalized regression (PR)) have been proposed by 99 

introducing a slight bias into model estimation (Tibshirani 1996; Zou 2006; Hastie et al. 2009). This 100 

method creates reliable degrees of reliable and stable estimates by penalizing high coefficients and 101 

shrinking them to zero and adding a grade of bias when model training. When using predictive models, 102 

bias and variance play a key role in determining the model. Obtaining the best point between the error 103 

due to bias and variance and balancing it is called bias-variance trade-off. In this trade-off between 104 

complicated and straightforward models, medium complexity is the best possible. Bias is related to a 105 

failure to fit the training set, and variance is related to a failure to fit the testing set. A simple model has 106 

high bias and small variance, and in the case of a complex model, its opposite is true. Bias and variance 107 

can be reduced, which can minimize the mean squared error (MSE). MSE = Bias2 +  variance +108  Irreducible error, Bias = E[β̂𝓍] − β∗𝓍  and  Variance = E[(β̂𝓍)2] − E[β̂𝓍]2. Here, β* is a “true” 109 

parameter.  110 

In general, three PR techniques have been widely welcomed in studies: Ridge (Hoerl and Kennard 111 

1970; Le Cessie and Van Houwelingen 1992), Lasso (Least Absolute Shrinkage and Selection Operator) 112 

(Tibshirani 1996, 1997) as well as the Elastic Net (EN) (Zou and Hastie 2005). Ridge regression (RR) 113 

shrinks the regression coefficients toward zero using ℓ2- norm regularization (Le Cessie and Van 114 

Houwelingen 1992). To fit the training set less than ordinary squares (OLS), the coefficient values in 115 

this method are regularized by hyper-parameter λ. And because it is less sensitive to extreme variances, 116 

such as outliers, this technique can be better generalized. . Also, since RR does not impose a confidence 117 

limit, normal distribution errors are not assumed. The Lasso penalty value is adjusted using the ℓ1- 118 

norm setting (Tibshirani 1996), leading to variable selection and creating a sparse model. 119 

The combination of RR and Lasso's properties is considered a particular case, i.e., EN, by setting 120 

the rule of ℓ2 and ℓ1-norm regularization (Zou and Hastie 2005). In general, these sparse models 121 

confirm bias coefficient estimates with less variance, thus improving prediction accuracy with lower 122 

MSE. By using these techniques, accuracy and simplicity are balanced. These strategies have yielded 123 

promising results for dealing with high-dimensional correlated datasets (e.g., DNA-124 



 

5 

microarray/genomic studies) (Hastie et al. 2009; Waldron et al. 2011; Waldmann et al. 2013). Recently, 125 

good results have been reported using PR techniques in examining low-dimensional data in studies 126 

(e.g.,Porzelius et al. 2010; Ambler et al. 2012; Göbl et al. 2015). 127 

Non-selective variable and engineering techniques, namely artificial neural networks (ANN), 128 

proposed by McCulloch and Pitts (1943), are processing systems inspired by human brain neural 129 

networks (Van Gerven and Bohte 2017). Relatively untreated data is managed directly using neural 130 

networks and the network is trained with potentially acceptable results (Mignan and Broccardo 2020). 131 

So far, several ANN forms have been released, but they all have an analogous framework. (Devillers 132 

1996). Thus, a basic ANN is created by connecting multiple layers such as input, output, and hidden 133 

layer (s) to transmit information from one artificial neuron to another (Sözen et al. 2005). A three-layer 134 

ANN is illustrated in Figure 1 , and each layer contains its weight matrix, bias input, and output vectors. 135 

A set of input predictions is 𝓍𝒾 received by the network, their average weight is calculated by 𝓌 using 136 

the summation function, then output 𝓎 is generated using some activation functions.  137 

 138 

Figure 1: An ANN with an input layer (consisting of five predictors) connected to the hidden layer 139 

(with three neurons) 140 

 141 

In other words, the inputs are received by a node, combined and amplified by weight and bias 142 

coefficients, and then adjusted through a non-linear activation function ‘𝒦’ (Khan and Roy 2018). 143 

𝒻𝒿(𝓍) = 𝒦∑(𝓍𝒾𝓌𝒾𝒿) 144 

Here, 𝒻𝒿 is the input to the 𝒿th neuron of the next layer. The ultimate output is passed through a transfer 145 

function that shows the summed input as the output value. The logistic (sigmoid) function is the most 146 

widely used transfer function, which uses the feature of  non-linearity in the mapping method (Dunn et 147 

al. 2004): 148 

ℊ(𝓍) = 11 + ℯ−𝓍 149 
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In fact, statistical optimization approaches in this method are performed as an iterative method of 150 

forward and backward paths (epochs) to minimize some loss functions (error) and learn weights 151 

(regression coefficients) and biases (intercepts) of inputs. 152 

 153 

 154 

The activation functions are used to link weights to find the output at each layer in the forward pass. 155 

The result of a forward pass is considered as the new output of the prediction. After evaluating the 156 

derivatives of the error function between the predicted outputs and the actual outputs, the backward 157 

pass starts. Derivative findings are propagated backward, weights are updated, and new error terms are 158 

processed for that layer. For each layer, this method is repeated until the input layer is obtained again. 159 

The amount of training is indicated by the epochs number and the learning rate and should be considered 160 

in front of the validation or test set to avoid over-fitting (Waldmann 2018). Variable selection using 161 

ANN is made so that the neural network is trained with all the predictor variables in the input layer. To 162 

remove the predictors from the input layer, a backward propagation algorithm is applied.  Relevant 163 

input nodes and their connection weights are deleted. Subsequently, the input weight for model training 164 

is corrected by reducing the error in subsequent iterations. Other suitable settings may be required to 165 

remove unusual input nodes (Tetko et al. 1996). ANN learns from experience and recognizes 166 

relationships between variables even when there is no tangible relationship (Bandyopadhyay and 167 

Chattopadhyay 2007). In modeling with ANN, the number of hidden layers and hidden nodes is 168 

important. Improper selection of these parameters affects the model's ability to generalize. Two issues 169 

can occur in these cases: 1) underfitting: When the network has poor performance in the training set 170 

and cannot match performance with the data and cannot perform well in the test set. 2) overfitting: 171 

When the network has remarkable performance in the training set and adapts the performance very 172 

close to the data, but is unable to generalize unseen data (Janković et al. 2020). 173 

2. Literature review 174 

The inhumane effects of global warming and environmental degradation threaten the global economy 175 

and a challenging issue against humanity in the 21st century. The world is trying to prevent the spread 176 
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of ecological degradation by enacting laws and regulations at the national and international agreements. 177 

Improper consumption patterns and lifestyles have destroyed everything that has formed in nature over 178 

millions of years. There are conflicting arguments about the destruction of the environment and natural 179 

resources. Human needs have changed ecosystems through ecological pressures such as land use 180 

change, resource extraction and deforestation, and overfishing and pollution  (Rudolph and Figge 2017). 181 

Economic and industrial growth leads to increased extraction and consumption of national resources, 182 

which causes environmental unsustainability. On the other hand, the abundance of natural resources 183 

can discourage fossil fuel consumption by reducing imports (Ahmed et al. 2019). Ecological 184 

degradation through increasing desertification and its devastating effects on agriculture, especially in 185 

developing countries, is a serious concern(Nathaniel et al. 2019). The effect of human activities on the 186 

earth's available resources is called ecological footprint (EF) (Alola et al. 2019), which is used to survey 187 

the quality of the environment. The EF indicator measured by global hectares of land (gha) determines 188 

how much biologically productive land space is needed to provide the resources needed and absorb the 189 

population's waste(Ahmed et al. 2020). . 190 

From 1961 to 2010, demand for renewable resources increased by about 140% (from 7.6 billion to 191 

18.1 billion gha), so that the planet's bio-production will not be adequate to meet human needs. (Galli 192 

et al. 2015). We have been living in ecological conditions since the 1970s, which shows that the use of 193 

the planet's resources is more than its ability to recreate resources, according to the EF Atlas (Network 194 

2010).It takes one and a half times as much time to reproduce the resources we consume in a year 195 

(Ahmed et al. 2019). (Rees 1992; Wackernagel et al. 1999). This global issue developed in the 1990s 196 

(Rees 1992; Wackernagel et al. 1999) and has attracted the attention of many researchers in various 197 

fields, policymakers and so far (Including studies by Ogata 2002; Curutchet et al. 2012; Hynes and 198 

Wang 2012; Ciarreta et al. 2014; Enfedaque and Martínez 2014; Robert and Castañeda 2014; Kattumuri 199 

2018; Sarkodie 2018; Daigle and Vasseur 2019; Kotcher et al. 2019; Wang et al. 2019). Over the past 200 

ten years, the EF in the European Union has increased further, reaching 4.6 gha/person in 2016. The 201 

EU ranks second after North America in regions with the highest EF (6.6 gha/capita) (Gogonea et al. 202 

2020). The growing gap between EF and biological capacity reduces land production capacity, leading 203 
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to climate change, food shortages, and biodiversity loss (Rashid et al. 2018). In recent literature, the EF 204 

has been studied as a compressive and comprehensive indicator for understanding the effects of human 205 

activities on the natural environment. (Ahmed et al. 2019). Ahmed et al. (2020) defined EF as a means 206 

of tracking the impact of human activities on ecosystems in terms of six land categories: arable land, 207 

fishery ground, grazing land, forests (wood and fuelwood), forest required to absorb CO2 emissions 208 

(carbon footprint), and built-up land (infrastructure footprint). Janković et al. (2020) stated that the EF 209 

could be considered a sustainability metric as every human activity leaves a footprint on the planet. In 210 

addition, EF can be considered as an element of demand and use of natural resources.  The consequences 211 

are famine, water shortages, and competition over resources, which mainly affect the vulnerable 212 

populations of developing countries. (Rudolph and Figge 2017). Figge et al. (2017) stated that the 213 

current form of globalization increases the pressures on the environment and its degradation, and leads 214 

to the incompatibility of human demand with the land carrying capacity. Ahmed et al. (2020) also cited 215 

human activities, including mining and deforestation and chain saw operations, as the most important 216 

causes of natural habitat destruction and water, soil, and air pollution. According to these arguments, 217 

the empirical study of the role of natural resources in environmental sustainability cannot be agreed. 218 

Although natural resources have increased EF, some studies have reported the opposite(Hassan et al. 219 

2019; Zafar et al. 2019). In this regard, the relationship among gross domestic product (GDP), primary 220 

and renewable energy utilization (REC), trade openness and environment-related indicators such as 221 

CO2 and EF has been investigated. (Usman et al. 2020). For example, a negative relationship between 222 

GDP (mainly from tourism), total energy consumption (TEC), trade openness and urbanization 223 

population (UP) and EF was reported for 144 countries (Ozturk et al. 2016). More attention has been 224 

paid to environmental responses to population dynamics, energy consumption, economic growth, 225 

carbon emissions (mainly CO2) and several other significant factors (Alola et al. 2019). Energy demand 226 

is expected to increase by 80% between 2013 and 2035 (Nathaniel and Khan 2020). In short, global 227 

warming has been attributed to many factors, such as CO2 emissions (Nathaniel et al. 2019). The 228 

European Union (EU) policies are to guide member countries in achieving the sustainable development 229 

goals (SDGs) towards sustainable development and environmental quality. For example, climate 230 
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change in 2030 contains a proposal to minimize greenhouse gas emissions by at least 40% compared to 231 

1990 emissions. In general, with the development of large economies such as the United States, China, 232 

and some European countries, there are still environmental concerns that have attracted the attention of 233 

governments, environmentalists, and policymakers. (Alola et al. 2019). The potential effects of 234 

environmental degradation are so severe that a solution must be found to reduce it and requires large 235 

investments  (Chai et al. 2016; Ozturk et al. 2016; Gergel et al. 2017).  236 

To date, most studies of ecological footprint have examined the relationship between indicators.  237 

Undoubtedly, studies on the relationship between natural resources and comprehensive environmental 238 

indicators such as EF are not enough, and more research is needed to move towards a sustainable 239 

environment. Therefore, a statistical look at the ecological footprint and its factors and its prediction 240 

using different models seems necessary. Compared to classical prediction models, the efficiency and 241 

performance of ANNs have been the subject of many studies (Crossa et al. 2017; Van Gerven and Bohte 242 

2017; Cherlin et al. 2018; Cabaneros et al. 2019; Cai et al. 2019; Biesbroek et al. 2020; He and Chalise 243 

2020; Mignan and Broccardo 2020). A group of 20 emerging and industrialized countries with strong 244 

economies called the G-20 account for about 80% of the world's total primary energy consumption and 245 

82% of CO2 emissions in international energy management (Röhrkasten et al. 2016). The decisions and 246 

actions of the G-20 countries have had a significant impact on global energy systems due to their 247 

innovative activities and the use of renewable energy. More details are available at 248 

https://www.g20.org. To reduce the deterioration of the environment, studying EF using machine 249 

learning techniques is attractive and not without merit. To our knowledge, there is no such study. 250 

Therefore, this paper uses machine learning (ML) in EF research and evaluates their potential benefits 251 

in the G-20 countries over the last two decades. In the current study, these models were trained, 252 

validated, and then tested to evaluate their comprehensive statistical analysis performance.  253 

3.Materials and methods 254 

3.1. Descriptive statistics and data preparation  255 

The data needed to examine ecological footprint indicators over the last two decades (from 1999 to 256 

2018) were extracted from https://databank.worldbank.org, http://www.fao.org/, 257 

https://www.g20.org/
https://databank.worldbank.org/
http://www.fao.org/
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https://freedomhouse.org/, and https://data.footprintnetwork.org. To help make decisions more 258 

effective in the G20, we considered three dependent variables (outputs), i.e., Ecological Footprint (EF), 259 

Ecological Footprint vs. Biocapacity (EFB), Ecological Footprint vs. Biocapacity (TEFB), and fifteen 260 

global macro indicators (predictors): Total Population (TPOP), Total Fertility Rate (TFR), Agriculture 261 

Products (AP), Gross Domestic Product (GDP), Gross Fixed Capital Formation (GFC), Renewable 262 

Energy Consumption (REC), Carbon Dioxide Emissions (CO2E), Renewable Consumption (RE), Total 263 

Energy Consumption (TEC), Urbanization Population (UP), PMP (Particulate Matter Pollution), 264 

International Covenant on Civil and Political Rights (ICRL) and Political Rights of Public Relations, 265 

Civil Liberties (PRPRCL). The studied predictor variables and their sources are introduced in Table 1, 266 

and some descriptive information of the data set during the last two decades is presented in Table 2.  267 

 268 

Table 1: Introduction and definition of studied factors 269 

Table 2: Overall descriptive statistics of variables 270 

 271 

Table 3 shows the descriptive statistics of the predictor variables for each country. The normality of the 272 

residuals (errors) of the linear regression model and their autocorrelation were investigated using 273 

Shapiro-Wilk and Durbin-Watson tests. This statistic test was defined to consider the correlation 274 

between the residues as follows: 275 

D = ∑ (ℯ𝒾 − ℯ𝒾−1)2𝓃𝒾=2∑ ℯ𝒾2𝓃𝒾=1  276 

Where D in the range 1.5-2.5 indicates no correlation between the residues. After fitting in the initial 277 

model, multicollinearity was examined using VIF (Variance Inflation Factor (Myers and Myers 1990)) 278 

as follows:  279 

VIF = 11 − ℛ𝒾2 280 

Finally, the initial fitted model's validation was depicted (for instance, Figure 2).  281 

Figure 2: Normally distributed residuals for EF 282 

https://freedomhouse.org/
https://data.footprintnetwork.org/
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 283 

Statistical procedures and model configuration 284 

If we consider a standard multiple linear regression model as follows:𝓎 =  1β0  +  𝒳β +  ℯ 285 

that 𝓎 is a response variable vector, 𝒳 = 𝓍𝒾1,…, 𝓍𝒾𝓅 is a predictor variables matrix, β0 is the intercept, 286 β = β1, …, β𝓅 is a regression coefficients vector, and ℯ is an error terms vector, assuming normal 287 

distribution ℯ  ̴ 𝒩 (0, 𝜎ℯ2). In this case,  β0 and βs coefficient values be estimated by minimizing the 288 

residual sum of squares (RSS) (Waldmann et al. 2013)as: 289 

β̂0, β̂(OLS) ≝ arg minβ0,βϵℝ𝑝∑ (𝓃𝒾=1 𝓎𝒾 − β0 −∑ 𝓍𝒾𝒿β𝒿𝓅𝒿=1 )2 290 

Anda PR coefficients is expressed as: 291 

β̂0, β̂(PR) ≝ arg minβ0,βϵℝp∑ (𝓃𝒾=1 𝓎𝒾 − β0 −∑ 𝓍𝒾𝒿β𝒿𝓅𝒿=1 )2⏟                    Loss function + λP(λ, β)⏟    Penalty function 292 

Here, to prevent overfitting and control the penalty function's shrinkage amount of contraction, the 293 

hyper-parameter λ tunes the equation. In fact, bias-variance trade-off is set by this hyperparameter. Its 294 

amount is directly related to bias and inversely associated with variance, i.e., with increasing lambda, 295 

bias increases and variance decreases.  296 

By applying an ℓ2-norm penalized least squares criterion [i.e., P (λ, β)  =  λ ‖β‖ℓ2] on the linear 297 

regression coefficients(Hoerl and Kennard 1970) , the RR estimates are obtained as follows:   298 

β̂0, β̂(RR) ≝ arg minβ0,βϵℝ𝑝 [∑ (𝓃𝒾=1 𝓎𝒾 − β0 −∑ 𝓍𝒾𝒿β𝒿𝓅𝒿=1 )2 + λ∑ ‖β𝒿‖22𝓅𝒿=1 ] 299 

In RR, the shrinkage value is tuned so that no variable is exactly zero and only reduces their 300 

variance, so the estimates are biased. 301 

In another case of PR, the values of the coefficients are obtained by applying the Lasso constraint 302 

(i.e., an ℓ1-norm penalized least-squares as P (λ, β)  =  λ ‖β‖ℓ1)(Tibshirani 1996). An important 303 

feature of Lasso is that it allows the coefficients to be exactly zero, thus selecting the variable. If we 304 
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consider 𝓍𝒾𝒿 to be standardized so that 
∑ 𝓍𝒾𝒿𝒾𝒩 = 0 and 

∑ 𝓍𝒾𝒿2𝒾𝒩 = 1,then the lasso coefficients are estimated 305 

as follows: 306 

 307 

β̂0, β̂(LASSO) ≝ arg minβ0,βϵℝ𝑝 [∑ (𝓃𝒾=1 𝓎𝒾 − β0 −∑ 𝓍𝒾𝒿β𝒿𝓅𝒿=1 )2 + λ∑ ‖β𝒿‖1𝓅𝒿=1 ] 308 

The EN method is another mode of PR that uses a combination of two penalties applied in RR and 309 

Lasso on the coefficients  (Zou and Hastie 2005):  310 

β̂0, β̂(EN) ≝ arg minβ0,βϵℝ𝑝 [∑ (𝓃𝒾=1 𝓎𝒾 − β0 −∑ 𝓍𝒾𝒿β𝒿𝓅𝒿=1 )2 + λ∑ (12 (1 − α)‖β𝒿‖22 + α‖β𝒿‖1)𝓅𝒿=1 ] 311 

where 0 ≤ α ≤ 1 is a penalty weight. If α is equal to 1, EN functions like Lasso but modifies how it deals 312 

with high correlated variables (Waldmann et al. 2013).  313 

Cross-validation and parameter optimization 314 

To maintain the original distribution of variables, the data in both train and test sets were scaled through 315 

a min-max normalization method. 70% of the data was used to training the models, and the rest was 316 

used for testing. In this study, the performance of the models was evaluated using the 10-fold cross-317 

validation method. The whole data was randomly divided into ten equal subsets. A subset of the 318 

validation set was considered for testing the model, and the remaining K-1 subset was used to train the 319 

model. This method reduces the dependence of performance on the test-training set and reduces the 320 

variance of the performance criteria and confirms that the results are free from any sampling bias (James 321 

et al. 2013). The lambda value, which minimizes the cross-validation prediction error rate in the training 322 

set, is considered the optimal value, automatically determined using the cv.glmnet function. By default 323 

10-fold cross-validation, the cv.glmnet function sets the optimal lambda value to provide the simplest 324 

model. In fact, the proper model lies within one standard error of optimal lambda, i.e., lambda.1se. If 325 

the lambda is equal to lambda.1se we will have a simpler model than the lambda equal to lambda.min, 326 

but it may be slightly less accurate. Choosing lambda values for each fold Fi was performed by the 327 

following cross-validation technique:  328 
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ϵ𝓃,λ ≝ (𝓎𝓃 − β̂𝒫ℛℱ𝒾,λ𝓍𝓃)2     ∀𝓃ϵ ℱ𝒾 329 

that β̂𝒫ℛℱ𝒾,λ was estimated on 𝒟 − ℱ𝒾 (here, 𝒟 = {xn, yn} and ℱ𝒾is the data not including the 𝒾th fold). 330 𝒾th fold was used as a test set and the rest of the data as the training set. So, λ was chosen as: 331 

λ𝓍−𝓋𝒶ℓ = argminλ 1𝒩∑ 𝒩ϵ ℱ𝒾,λ𝓃=1  332 

3.2. Performance evaluation  333 

The behavior of the models was evaluated when introducing new data using the following criteria: MSE 334 

(Mean Squared Error), RMSE (Root Mean Squared Error), MAD (mean absolute deviation), MAE 335 

(Mean absolute error), (lower values indicate suitable fit) and R-squared values (Determination 336 

coefficient). By considering n as the total number of observations: 337 

𝑀𝐴𝐸 = ∑ |ℯ𝒾|𝓃𝒾=1𝓃  338 

𝑀𝐴𝐷 = ∑ |𝓎𝒾 − �̅�|𝓃𝒾=1 𝓃  339 

𝑀𝑆𝐸 = ∑ (𝓎𝒾 − �̂�𝒾)2𝓃𝒾=1 𝓃  340 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 341 

𝑅2 = 1 − ∑ (𝓎𝒾 − �̂�𝒾)2𝓃𝒾=1∑ (𝓎𝒾 − �̅�)2𝓃𝒾=1  342 

It should be noted that the mentioned analyses were performed in Linux Ubuntu by R 4.0. (R Core 343 

Team, 2020) program using different packages. 344 

4. Results and discussion 345 

Ecological footprint as a measure of human demand for natural capital can help people understand 346 

consumption and its impact on the planet and convince local leaders to improve people's well-being by 347 

investing in it. According to Table 3, the United States, Canada, and Australia's EF indicator is higher 348 

than the other G-20 countries.  349 
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Table 3: Descriptive statistics of the predictor variables in G-20 countries 350 

 351 

According to Table 3, in Canada, the average EF was 4.89, which means that the country's people need 352 

4.89 gha per person to meet their needs for resources and ecological waste. The value of this index is 353 

lower for Australia and is reported at about 4.6 hectares. This result highlights the unsustainable global 354 

nature of the Australian lifestyle, particularly energy and animal products, with significant inequities 355 

between western countries such as Australia and developing countries (Verones et al. 2017). India, 356 

Indonesia, and Korea. India, Indonesia can be mentioned as countries with the lowest EF values. The 357 

average EF in the United States is about 50% higher than in most European countries, accounting for 358 

more than 20 percent of the world's environmental degradation and 13 percent of the world's greenhouse 359 

gas emissions (Dietz et al. 2007). 360 

Obviously, correlation does not indicate causality; Although finding causation is not the goal of the 361 

present study, it can be helpful to to evaluate the potential relationships between parameters, especially 362 

between independent and dependent variables. The corresponding P-value for variables whose 363 

correlation was not significant (P>0.05), has been specified in Figure 3.  364 

Figure 3: Correlation plot of the variables 365 

 366 

According to Figure 3, there was a significant correlation between some predictors and the response 367 

variable. The existence of multi-collinearity could cause high variability in the regression model, which 368 

confuses. For example, there is a significant correlation of 0.70 between "ICRL" and "GDP" and they 369 

are also correlated with the response variable (EF). We fitted the regression model based on these two 370 

variables, the "GDP" coefficient was positive and the "ICRL" coefficient was negative, meaning that 371 

"GDP" has a positive effect on "EF" and the other has a negative effect. Once again, we fit the model 372 

based on each of these variables separately, the coefficient of each variable was unexpectedly positive. 373 

This means that the regression coefficient for each variable depends on what other variables are included 374 

in the model, in addition, the coefficients of these correlated variables become over-inflated. These 375 

coefficients fluctuated sharply, indicating that they are more prone to over-training sets (i.e., high 376 



 

15 

variance in the bias-variance trade-off space). VIF can be used to find correlated variables, but this 377 

index does not always specify which variables should be removed (Myers and Myers 1990). A better 378 

option to solve the problem is to use PR to monitor the estimation of coefficients.  PR models impose 379 

constraints on the value of the coefficient and shrink them towards zero. These constraints reduce the 380 

amount and fluctuations of the coefficient and variance of the model. Feature importance is shown in 381 

Figure 4.  382 

Figure 4: Shrinkage and variable selection using PR 383 

 384 

According to Figure 4-A, some coefficients obtained from the linear regression model (OLS) have 385 

a significant variance. Therefore, to deal with this problem and multi-collinearity, using PR models 386 

seems reasonable (Kuhn and Johnson 2013). All features (predictors) have been retained in the model 387 

using RR but have been severely shrunk in weight compared to OLS (Figure 4- B vs. 4- A). PR models 388 

with less fixed parameters than OLS are less exposed to the over-fitting training set. Although OLS may 389 

perform better than PR on training data, the PR model is better generalized to new data in the presence 390 

of extreme variance. In general, a predictive model aims to increase outcome prediction rather than 391 

considering underlying cause structures (Yarkoni and Westfall 2017). However, both viewpoints of 392 

predictive and causal share some resemblances.  Statistically, the model that has the best estimate is not 393 

necessarily the most effective in predicting real-world results (Shmueli 2010). Lasso allows some 394 

coefficients to be exactly zero and, in the case of correlated variables, holds only one variable and sets 395 

the rest to zero (Wei et al. 2015). Therefore, this approach leads to variable selection and presents the 396 

final model with fewer parameters, as seen in Figure 4-C. Based on this, the coefficients of "Year", 397 

"TOP", "UP" and "PROTOCOL" have been shrunk to zero, creating a parsimonious model. In this way, 398 

Lasso allows us to focus on the strongest predictions to understand how the TEFB will change. In other 399 

words, in the variable selection process, "CO2E", "GFC" and "GDP" were identified as the most 400 

important variables. Not surprisingly, EF is strongly associated with these macro-global indicators. It 401 

is noteworthy that "Year", "TPOP" and "UP" are of little importance, indicating that they are not the 402 
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main drivers of EF prediction in the PR model. Figure 4 confirms the results of Table 4, with the most 403 

accurate prediction obtained by the Lasso followed by the EN and the RR.  404 

Table 4: Comparison of validation of prediction for ecological footprint indicators in G-20 countries 405 

using linear and penalized regression models 406 

In fact, the reality may be much more complex than a proposed model. Hence, there is no assurance 407 

that the events that are routinely reviewed are so simple that they can be approximated by models that 408 

are understandable to humans (Yarkoni and Westfall 2017). "Everything should be made simple as 409 

possible, but not simpler – ALBERT EINSTEIN”. In Figure 4-D, EN behaves by shrinking and selecting 410 

variables as a combination of RR and Lasso. Totally, PR models performed better than OLS, with decent 411 

R-squared and stable RMSE values.  412 

Plots of test MSE by λ value and the PR models’ practical aspects are demonstrated in Figures 5, 6 413 

and 7 for EF, EFB and TEFB.  414 

Figure 5: 10-fold CV mean squared error (MSE) across the λ values for EF 415 

Figure 6: 10-fold CV mean squared error (MSE) across the λ values for EFB 416 

Figure 7: 10-fold CV mean squared error (MSE) across the λ values for TEFB 417 

 418 

The upper part of the plots illustrates the 10-fold CV mean squared error (MSE) across the λ values, 419 

and the lower part depicts coefficient values of predictors versus shrinkage parameters. The first and 420 

second vertical dashed lines correspond to the λ value with the minimum MSE and the maximum λ 421 

value within one standard error of the minimum MSE. T This shows how much the coefficients can be 422 

limited while still predicting the utmost accuracy. In the figures shown, the x-axis above shows the 423 

number of model variables. RR reduced the coefficient of the variables to almost zero, but did not 424 

reduce any to zero, and all variables remained in the model. Indeed, RR has shrunk correlated variables 425 

relative to each other rather than allowing one to be positive and the other to be negative. Therefore, we 426 

reduced the data noise, which makes the model more accurate in identifying real signals. As shown in 427 

Figure 6, the model improvement and the automatic variable selection are represented by increasing the 428 

λ values via the Lasso method. Our output shows the decrease in the number of predictor variables in 429 
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the Lasso model when log (λ) → -5. These variables are likely to be strongly correlated with other data, 430 

causing their coefficients to be inflated. The advantage of EN is that it allows adjustment via RR with 431 

the Lasso variable selection feature.  432 

The studied models are assessed based on the highest determination coefficient (R2) and the least 433 

RMSE values. Besides, MSE, MAD, and MAE values are also available in Tables 4 and 5. Table 4 434 

indicates the comparison of validation of EF indicators prediction using OLS and PR. According to 435 

Table 4, PR methods have a relative improvement in predictive performance comparable to linear 436 

regression. In this study, Lasso selected fewer variables; however, the predictive performance of this 437 

method was favorable for all three indicators. The superiority of PR models is not only because of their 438 

predictive ability but also because of their ability to select variables and interpretive considerations. For 439 

EF, the RMSE and R2 values of the Lasso model were 0.642 and 0.752, respectively, while these values 440 

were 1.910 and 0.663 for EFB. In the end, the best performance for the index TEFB was achieved by 441 

the Lasso model with RMSE of 1.467 and R2 of 0.617. 442 

As shown in Figures 8, 9 and 10, the best neural networks achieve superior performance with the 443 

least error obtained for EF indicators (EF, EFB and TEFB) were obtained by a single hidden layer 444 

containing six neurons, two hidden layers containing 4 and 2 And 5 and 3, respectively. For each 445 

indicator, the most suitable neural networks are presented in two plots. In the upper plots, the weights 446 

are calculated using the backpropagation algorithm.  447 

 448 

The blue line represents the term bias. In the lower plots, the weight values of the variables are 449 

marked using the line thickness as positive coefficients in black and negative coefficients in gray. The 450 

degree of the color of the variables in the input layer is also commensurate with their importance. 451 

Figure 8: The best neural networks for EF 452 

Figure 9: The best neural networks for EFB 453 

Figure 10: The best neural networks for TEFB 454 

 455 
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To compare neural network performance criteria with the OLS model, we performed rescaling on 456 

variables. Compared to the linear model (LM), the proper performance of ANN models on the test set 457 

for visual comparison is shown in Figure 11. According to Figure 11, the ANN predictions are centered 458 

around the line more than those made by LM.  459 

Figure 11: The appropriate ANN models’ performance compared to the linear model (LM) on the 460 

test set 461 

 462 

Figure 12 shows the change in each predictor while keeping the other predictors at quantiles values 463 

for models suitable for EF indicators. The profiling method uses the generated / learned model to predict 464 

new values, which sets a prediction through its full range while having all but one predictor level. This 465 

was repeated in several static predictors (e.g., Quan standards) and repeated for all predictors.  466 

Figure 12: Changing each predictor while holding other predictors at quantiles for the suitable 467 

models 468 

 469 

The resulting graphs have an exciting insight into the performance of the model. A significant side 470 

effect in estimating all the different predictor effects in this way is that the amplitude of the response 471 

values provides a new measure of the importance of the variable. Some of them have not changed with 472 

the change in other predictors. Some of them are very depressed or have significantly different curves 473 

than the maximum. Predict validation for EF indicators using ANN compared to OLS is presented in 474 

Table 5.  475 

Table 5: Comparison of validation of prediction for ecological footprint indicators in G-20 countries 476 

using linear regression and artificial neural networks 477 

As shown in Table 5, the MSE, RMSE, MAD, and MAE for ANN models are lower than those of 478 

the LM. In addition, the performance of ANN neural network models in predicting new data was better 479 

than the OLS model. For EF, the ANN model with six neutrons had better performance. But, for the 480 

other two indicators, the two-layer model performed better. This was expected due to its remarkable 481 

flexibility / nonlinearity. Obtained RMSE and R2 for EF in the appropriate ANN model were 0.413 and 482 
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0.9082, respectively; corresponding values were 0.350, 0.991, and 0.695 and 0.941 for EFB and TEFB. 483 

Overall, the results obtained are consistent with studies conducted and literature in this area. By studying 484 

environmental impact prediction using neural network modeling, Spitz and Lek (1999) concluded that 485 

ANNs can learn the complex relationships between ecological variables and evaluate the impact and 486 

produce operational predictions. They suggested that reasonable predictions could help managers take 487 

preventive, protective and compensatory measures.  488 

The use of modified ML models for climate change raises forecasts on a time scale. It delivers 489 

outstanding results to support climate adaptation, emphasizing drought warnings and helping to change 490 

general climate policy. (Huntingford et al. 2019). Using ML models, in particular, K-nearest neighbor 491 

regression, random forest regression and artificial neural networks to predict EF based on energy 492 

parameters (natural gas resources, coal resources, oil resources, wind resources, solar photovoltaic 493 

sources), hydropower, nuclear and other renewable resources) led to impressive results (Janković et al. 494 

2020). Ma et al. (2012) developed an EF model to calculate the per capita EF of 24 countries. Their 495 

results show that the EF model based on support vector machine performs well. According to (Tsanas 496 

and Xifara 2012; Robinson et al. 2017), ML models also understand energy system functionality in the 497 

context of complex human interactions. Furthermore, using ML models for conventional energy 498 

systems and alternative and renewable energy systems was promising and valuable in the study of 499 

Voyant et al. (2017). Saleh et al. (2015) reported that their findings could even be practical and helpful 500 

in industrial performance, especially for executives to make effective decisions for business 501 

performance by considering the costs of CO2 monitoring.  502 

5. Conclusions 503 

In this study, we present the application of PR and ANN to EF to predict it based on global macro 504 

indicators in G-20 countries. The results show that EF values are at the top of the G20 in the United 505 

States, Canada, Australia, the European Union and Germany. In this, It was important to use PR 506 

approaches to identify important global macro indicators. Among the PR methods, Lasso was 507 

parsimonious in selecting variables but performed better. Still, the number of indicators selected by AN 508 

was higher, meaning that this model was generous in selecting variables. 509 
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But overall, there was no significant difference in variable selection and therefore interpretation 510 

between Lasso and EN. Understanding both the characteristics of variable selection and predicting each 511 

model is essential for informed decision-making. For example, translating a well-predicting forecasting 512 

model with many indicators may be difficult in a brief tool. In contrast, an interpretable model with 513 

poor predictive performance may call into question the usefulness of such indicators  (Greenwood et al. 514 

2020). The results showed better predictive performance of the PR compared to the OLS, albeit slightly. 515 

The ANNs have shown the highest prediction accuracy compared to the PR models evaluated. In 516 

general, the results showed that both types of models could predict EF indicators. In conclusion, the 517 

relatively simple ANN architecture performed better than the PR models in predicting EF using global 518 

macro indicators in the G-20.  519 
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Table 1: Introduction and definition of studied factors 685 

Variable Definition Measurement units Sources link 

TPOP Total Population 10 4people WDI 

TFR  Total Fertility Rate  Births per woman WDI 

AP  Agriculture Products Gross Production Value (contestant=2010 US$) FAO 

GDP  Gross Domestic Product   per capita (constant 2010 US$) WDI 

GFC  Gross Fixed Capital Formation % of GDP WDI 

REC  Renewable Energy Consumption Million tones oil equivalents WDI 

CO2E  Carbon Dioxide Emissions Metric tons per capita WDI 

RE  Renewable Consumption Million tons oil equivalent per capita WDI 

TEC Total Energy Consumption Calculated by Divided by GDP to total energy consumption WDI 

UP Urbanization Population % of total population WDI 

PMP  Particulate Matter Pollution (mg/m3) WDI 

https://databank.worldbank.org/id/943666e1?Report_Name=Data
http://www.fao.org/home/en/
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 686 

ICRL International Covenant on Civil and Political Rights Average for Political Rights and Civil Liberties (1-7)  Freedom House 

PRPRCL Political Rights of Public Relations, Civil Liberties Average for Political Rights and Civil Liberties (1-7) Freedom House 

EF  Ecological Footprint Number of Earths GFN 

EFB  Ecological Footprint vs Biocapacity  gha per person GFN 

TEFB  Ecological Footprint vs Biocapacity gha GFN 

https://freedomhouse.org/
https://data.footprintnetwork.org/
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Table 2: Overall descriptive statistics of variables 687 

Variables Overall mean ± SE CV (%) Range 

TPOP 232324647.52±4512334.08 155.38 1.37E+09 

TFR 1.95±0.01 28.3 3.12 

AP 66610.55±1505.43 180.8 651188.8 

GDP 24129.54±213.71 70.86 53848.98 

GFC 23.3±0.08 26.37 33.73 

REC 3.15±0.05 138 20.52 

CO2E 1094.67±22.49 164.39 9154.59 

RE 14.62±0.17 91.38 51.78 

TEC 525.98±8.53 129.74 3107.17 

UP 72.77±0.19 20.72 64.42 

PMP 26.5±0.29 88.05 96.18 

ICRL 4.15±0.02 31.06 4.5 

PRPRCL 2.32±0.02 83.8 6 

EF 2.51±0.02 55.29 5.39 

EFB 3.53±0.06 125.02 19.47 

TEFB 3.56±0.04 91.03 24.86 

The variables were defined in Table 1. CV: Coefficient of variation, known as relative standard deviation (RSD), 688 

defines as CV% = σμ × 100 689 

 690 

 691 

 692 
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Table 3: Descriptive statistics of the predictor variables in G-20 countries 693 

G-20 Countries 

EF    EFB    TEFB    

Mean±SE CV(%) Skewness Kurtosis Mean±SE CV(%) Skewness Kurtosis Mean±SE CV(%) Skewness Kurtosis 

Argentina 1.9±0.05 10.64 0.25 -1.44 1.72±0.02 4.41 0.31 -1.33 6.62±0.04 2.95 -1.17 2.02 

Australia 4.6±0.1 9.63 -0.09 -1.58 14.58±0.41 12.68 0.20 -1.43 14.76±0.7 21.35 1.81 3.46 

Brazil 1.65±0.03 7.50 0.07 -1.67 9.43±0.13 5.94 0.28 -1.36 3.44±0.32 42.04 3.12 9.67 

Canada 4.89±0.05 4.27 0.45 -0.63 16.37±0.27 7.29 1.25 1.67 5.51±0.06 4.85 0.24 -1.11 

China 1.73±0.11 27.42 -0.26 -1.61 1.73±0.02 4.40 0.20 -1.47 2.93±0.16 23.77 -0.40 -1.38 

European Union 3.03±0.06 9.51 1.79 3.34 3.01±0.01 1.51 0.13 -0.29 1.93±0.17 39.89 0.00 -2.09 

France 2.95±0.04 6.20 -0.93 1.07 2.74±0.04 5.83 -0.81 0.47 2.67±0.03 5.30 -0.41 0.39 

Germany 3.62±0.25 31.27 -1.53 0.95 1.65±0.01 3.57 -0.10 -0.91 3.02±0.02 3.16 0.27 -1.29 

India 0.59±0.02 17.36 0.00 -1.73 1.01±0.03 13.17 -0.04 -1.75 3.68±0.44 53.14 2.18 3.41 

Indonesia 0.87±0.03 13.80 0.28 -1.35 1.69±0.04 9.73 -2.66 7.84 1.49±0.03 9.04 0.14 -1.35 

Italy 2.94±0.06 9.13 -0.32 -1.14 0.99±0.03 12.35 1.64 2.08 1.55±0.06 17.74 -0.98 -0.64 

Japan 1.08±0.17 69.72 1.15 -0.32 2.8±0.02 3.04 -1.06 0.55 6.22±0.09 6.76 -0.30 -0.62 

México 1.62±0.04 10.88 -0.99 1.09 1.33±0.04 12.30 1.01 0.33 2.8±0.06 9.22 0.09 -1.07 
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Skewness = ∑ (xi−x̅)3ni=1(n−1)×σ3 , Kurtosis = ∑ (xi−x̅)4ni=1(n−1)×σ4  694 

Russia 2.98±0.08 12.73 -1.28 1.44 1.8±0.05 13.41 2.17 3.48 5.19±0.08 7.20 -0.41 0.17 

Saudi Arabia 2.88±0.14 21.70 -0.13 -1.53 1.7±0.03 8.10 -1.58 2.64 0.57±0.03 21.52 -0.02 -1.85 

South Africa 1.95±0.04 8.81 -0.48 -0.93 1.09±0.02 8.05 0.08 -0.89 3.38±0.05 7.23 0.21 -1.26 

Korea 0.75±0.04 22.63 -0.16 -1.78 0.63±0.01 8.94 -0.41 -0.67 0.69±0.01 5.14 0.29 -1.20 

Turkey 1.79±0.05 13.20 -0.51 -0.98 1.58±0.03 7.30 0.23 -1.50 1.53±0.03 7.95 -0.02 -1.25 

United Kingdom 3.1±0.08 10.90 -0.47 -0.91 1.17±0.02 6.38 0.09 -1.20 1.17±0.02 6.37 0.03 -1.20 

United States 5.27±0.08 6.60 0.05 -1.32 3.66±0.02 2.72 0.54 -0.43 1.96±0.26 59.70 1.13 0.40 
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Table 4: Comparison of validation of prediction for ecological footprint indicators in G-20 countries using linear 695 

and penalized regression models 696 

 Method MSE RMSE MAD MAE R2 

EF OLS 0.469 0.685 0.444 0.536 0.722 

 RR 0.438 0.662 0.336 0.517 0.737 

 Lasso 0.418 0.642 0.318 0.507 0.752 

 EN 0.433 0.658 0.329 0.523 0.749 

EFB OLS 5.765 2.401 1.770 1.949 0.604 

 RR 4.456 2.111 1.590 1.711 0.643 

 Lasso 3.648 1.910 1.493 1.607 0.663 

 EN 4.601 2.145 1.704 1.719 0.641 

TEFB OLS 3.658 1.912 1.424 1.530 0.559 

 RR 2.570 1.603 1.388 1.432 0.587 

 Lasso 2.153 1.467 1.083 1.350 0.617 

 EN 2.318 1.522 1.348 1.443 0.591 

 697 
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Table 5: Comparison of validation of prediction for ecological footprint indicators in G-20 countries using linear 698 

regression and artificial neural networks 699 

 Method MSE RMSE MAD MAE R2 

EF OLS 0.469 0.685 0.444 0.536 0.722 

 NN_2 0.239 0.489 0.214 0.349 0.866 

 NN_4 0.195 0.442 0.156 0.274 0.889 

 NN_6 0.170 0.413 0.117 0.230 0.908 

 NN_8 0.247 0.497 0.151 0.273 0.864 

 NN_4.2 0.175 0.418 0.167 0.252 0.902 

 NN_5.2 0.190 0.436 0.118 0.243 0.898 

 NN_5.3 0.191 0.437 0.106 0.246 0.891 

 NN_6.3 0.195 0.442 0.115 0.242 0.893 

EFB OLS 5.765 2.401 1.770 1.949 0.604 

 NN_2 0.346 0.589 0.463 0.494 0.976 

 NN_4 0.227 0.476 0.206 0.308 0.983 

 NN_6 0.285 0.534 0.212 0.326 0.979 

 NN_8 0.469 0.685 0.182 0.410 0.965 

 NN_4.2 0.123 0.350 0.177 0.241 0.991 

 NN_5.2 0.128 0.357 0.172 0.251 0.991 

 NN_5.3 0.284 0.533 0.201 0.318 0.980 

 NN_6.3 0.134 0.367 0.161 0.228 0.990 
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TEFB OLS 3.658 1.912 1.424 1.530 0.559 

 NN_2 0.808 0.899 0.605 0.725 0.903 

 NN_4 0.985 0.993 0.544 0.691 0.888 

 NN_6 1.961 1.400 0.460 0.828 0.783 

 NN_8 1.121 1.059 0.356 0.647 0.866 

 NN_4.2 1.561 1.249 0.305 0.656 0.866 

 NN_5.2 1.246 1.116 0.291 0.623 0.856 

 NN_5.3 0.484 0.695 0.401 0.511 0.941 

 NN_6.3 0.684 0.827 0.316 0.531 0.918 

 700 

 701 

Figure 1: An ANN with one input layer (consisting of five predictors) connected to the hidden layer (with three 702 

neurons) 703 

 704 
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 705 

 706 

Figure 2: Normally distributed residuals for EF 707 

 708 
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 709 

Figure 3: Correlation plot of the variables 710 

 711 
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 712 

Figure 4: Shrinkage and variable selection using PR 713 

 714 

 715 
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 716 

Figure 5: 10-fold CV mean squared error (MSE) across the λ values for EF 717 
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 718 

Figure 6: 10-fold CV mean squared error (MSE) across the λ values for EFB 719 
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 720 

Figure 7: 10-fold CV mean squared error (MSE) across the λ values for TEFB 721 
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Figure 8: The best neural networks for EF 722 
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 723 

 

Figure 9: The best neural networks for EFB 724 
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Figure 10: The best neural networks for TEFB 725 
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 726 

Figure 11: The appropriate ANN models’ performance compared to the linear model (LM) on the test set727 
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 728 

Figure 12: Changing each predictor while holding other predictors at quantiles for the suitable models 729 
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