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Abstract – This paper examines the dependence of 

the emission of greenhouse gases including CO2, N2O 
and CH4 on social, economic and demographic factors. 
Feature selection is used to identify the most influential 
parameters, and emissions are modeled using three 
regression techniques, including linear regression, 
principal component regression and partial least 
square regression. The models are evaluated for key 
implications.  
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1. Introduction 

 

Increasing levels of greenhouse gases are 
considered to be the main cause of the abnormal rise 
in Earth temperature (reported to be around 0.4 to 
0.8°C over the past century and around 2°C by the 
end of the century). This impacts biodiversity, 
agriculture, and humans as well as ocean salinity, 
precipitation, wind patterns and extreme weather 
conditions such as hurricanes [1]. 
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CO2 accounts for the highest share of greenhouse 
gases. Earth warming is due to CO2 trapping heat 
radiating from its surface. Modern industrial activity 
has increased atmospheric CO2 levels from 280 parts 
per million volume (ppmV) to 560 ppmV in the last 
150 years. This two-fold increase in CO2 
concentration is expected to lead to a warmer and 
dryer condition across the globe [2, 3]. 

Oxides of nitrogen and sulphur (like N2O or SO2) 
as well as methane (CH4) are the next major 
components of greenhouse gases, and these are 
inevitable outcomes of industrialization and 
commercial and inorganic fertilizers, and they may 
impact the atmosphere in many ways, causing soil or 
water acidification and deforestation. N2O and CH4 
are estimated to account for 25% to global warming 
[4]. N2O also depletes the atmospheric ozone layer 
[5]. 

Identifying possible causes and interrelations 
between greenhouse gases and various socio-cultural 
or economic factors can help identify potential 
solutions to the problem. Many studies have 
predicted and modeled relationships between climate 
change and socio-economic patterns. Diverse 
hypotheses exist about the interrelation between 
climatic conditions and socio-economic outcomes. 
Sànchez-Marrè et al. [6] examine four socio-economic 
scenarios to assess climate change impacts. The 
future of plants is expected to be highly sensitive to 
climate change and physiological effects of increased 
atmospheric CO2 concentrations [2]. 

Most environmental systems have data reflecting 
uncertainty and incompleteness, and this may be due 
to defects in online sensors or offline data collection 
errors. This may lead to uncertain reasoning, faulty 
diagnosis or incorrect decision support for unsafe 
operations [6].  

This study uses three different regression 
techniques to model the emission of greenhouse 
gases as a function of different socio-economic and 
demographic factors. A supervised feature selection 
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criterion brings out the most significant parameters in 
greenhouse phenomena. Prediction for training and 
test sets is compared, and suitable inferences are 
drawn. 

 
2. Related Work 
 

Effects of increases in CO2 levels and climate 
change on the storage of carbon and the ecosystem 
are modeled in Schimel et at. [7] for the whole 
twentieth century, and a good agreement around 25% 
is observed for three different models simulating a 
land carbon sink from CO2 and climate effects. The 
study suggests that abandoned farm land and 
deforestation are one of the major causes of climate 
change. 

Keenan et al. [8] consider the large uncertainty 
entailing prediction and compare results using two 
different modeling approaches, namely niche-based 
and process-based models, to speculate on three 
forest species based on climate data from Spain. 
They find forest productivity to increase 300% in the 
mechanistic process-based model from increased 
atmospheric CO2 concentrations for the 2050-2080 
period relative to other models.  

Projected changes in the growth of mountain 
conifers and sub-Mediterranean and Temperate 
region trees are examined in Benito Garzón et al. [9] 
using a random forest model using four 
intergovernmental panels on climate change (IPCC) 
scenarios, and predicted results indicate most of the 
vegetation except for some Mediterranean species 
showing clear declines in the coming decades. 

Nowack et al. [10] propose a linear regression 
algorithm to predict sudden changes in ozone 
distribution in comparison to the pre-industrial era. 
Modeled using atmospheric temperature as the sole 
input, the regression predicts three-dimensional 
ozone distributions on a monthly or daily basis. The 
predicted ozone distribution of the stratosphere is 
found to outperform fixed climatology models. The 
model uses small training data, suggesting 
computationally efficient methods for modeling 
ozone distribution in long-run climate simulations. 

Climate changes are noted in [11] to consider 
infectious diseases spread by mosquitoes and water-
borne diseases. Humans are susceptible to such 
diseases due to malnutrition from climate stress, 

altered food or increased ultra-violet radiation, 
indicating the need for interdisciplinary cooperation 
to study and prevent such possibilities. 

A set of new solvents is proposed in Venkataraman 
and Alsberg [12] for absorbing industrial CO2 
through ionic salts with melting points below 100°C 
for improved alternatives to conventional alkanol-
amines, which reflect some drawbacks such as rapid 
chemical degradation, corrosivity, and toxicity. 
Mesbah et al. [13] examine the solubility of CO2 in 
ionic liquids in a super-critical state in various 
temperature and pressure conditions. The absorption 
rate is estimated using a multi-layer perceptron 
(MLP) neural network for accurate metrics including 
R² and MSE. 

Teepe et al. [14] investigate the effects of soil 
trafficking using atraditional skid trail system to 
measure N2O and CH4changes in soil compaction by 
skid trails and to evaluate changes in atmospheric 
trace gases for their contributions to greenhouse 
effects. 

Previous research focuses on the relationship 
between atmospheric CO2 concentration and climate 
over geological periods over millions of years [15] to 
estimate current levels of global warming. Breeker et 
al. [16] report the CO2 paleobarometer to suggest 
that atmospheric CO2 reaches 3,000 ppmV during 
the Permian and Mesozoic ages ranging 50 and 300 
million years ago. 

Sànchez-Marrè et al. [6] discuss the inherent 
complexity, uncertainty and scale-multiplicity of the 
intelligent environmental decision support system 
(IEDSS). An able system is expected to integrate 
huge volumes of data on complex interactions 
between multiple scales involving physical, 
chemical, biological, ecological, social and economic 
sub-processes, and their spatio-temporal and 
stochastic characteristics may enhance the 
complexity and uncertainty. 

 
3. Methodology 

 

Various methods are used in literature to discover 
the interrelation between phenomena thought to be 
related to one another through a cause-and-effect or 
concomitant relationship. This section describes the 
important features and source of the dataset and 
presents three approaches for finding inherent 

    
 (a) (b) (c) (d) 

Figure 1. Density plots of (a) consumer_price, (b) pop_growth, (c) invest_foreign, and (d) log.mod (invest_foreign) 
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patterns in variables for climate and society. They are 
applied to the dataset in Section 4 to determine 
possible causes and effects of rising levels of 
greenhouse gases. 

 
3.1. Dataset 

 

The UNEP [17] provides a large data repository on 
climate and many associated factors for most 
countries. The paper uses some part of the data 
relevant to the study’s focus, that is, the cause of 
increased greenhouse gas levels. The reference year 
is 2010, marking the beginning of the decade to be 
completed.  

  The dataset contains information for 129 
countries and includes 19 input variables (Table 1.) 
and 3 output variables for the emission of CO2, N2O 
and CH4. 

 
3.2. Data Preprocessing 

 

 The data are first prepared by eliminating 
countries with more than 25% missing data, and then 
those variables with more than 25% missing data. 
This provides a dense dataset of size 109×22, with 
only 4.7% of missing values overall. These values 
are imputed using the mice package in R with the 
pmm method.1 

   Some variables including three output variables 
are abnormally skewed around 0, a few even having 
negative values. Figure 1. shows the density plot of 3 
variables, namely consumer_price, pop_growth and 
invest_foreign), where log transformation is used in 
the last case. 

 

Table 1. Variables in the dataset 

No. Variable Description 
A. Input Variables 

1. consumer_price  consumer price index 
(2000 = 100) 

2. food_production_variability  per capita food 
production variability 

                                                           
1 EDGAR: Model Estimations EDGAR v.4.2 FT2010 
    Electronic Data Gathering, Analysis, and Retrieval system 

3. food_supply_variability  per capita food supply 
variability 

4. forest_area  forest area 
5. for_biomass_above_ground  above-ground biomass 

in forests 
6. for_carbon_above_ground  carbon in above-

ground biomass in 
forests 

7. for_carbon_below_ground  carbon in below-
ground biomass in 
forests 

8. for_plantation_change  forest plantation 
annual change 

9. hdi  human development 
index (HDI) 

10. invest_foreign foreign direct 
investment - net 
inflows 

11. pop_agriculture  economically active 
population in 
agriculture 

12. pop_agriculture_female  (same as 11) - female 
13. pop_agriculture_male  (same as 11) - male 
14. pop_density  population density 
15. pop_growth  population growth rate 
16. pop_total_water_perc  improved drinking 

water coverage - total 
population 

17. pop_rural_water_perc  (same as 16) - rural 
population 

18. pop_urban_water_perc  (same as 16) - urban 
population 

19. solid_fuels  population using solid 
fuels  

B. Output Variables 
I. edgar_co2_total Emissions of CO2 - 

Total (EDGAR) 
II. edgar_n2o_total Emissions of N2O - 

Total (EDGAR) 
III. edgar_ch4_total Emissions of CH4 - 

Total (EDGAR) 
 
The log-modulus transformation [18] is defined as 
 

, ( )sign (l ) 1 log.mod ) g | |( ox xx ⋅ +=

    
 (a) (b) (c) 

Figure 2. Prediction of CO2 emission with (a) Linear (b) Principal Component and (c) Partial Least Square Regressions 
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which retains the sign of the variable together with 
the logarithmic transformation of variables. A few 
variables skewed abnormally around 0 have been 
subjected to this log-modulus transformation. 
     The whole data are centered and scaled before 
performing PCR or PLSR, so that variables with 
higher values do not unnaturally affect results and 
degrade regression performance. 

 
3.3. Feature Selection 

 

 Feature selection is an important module of any 
modeling since the linear dependency between 
variables or multicollinearity can be ascertained. A 
simple subset evaluation method together with a 
greedy (“best first”) heuristicis used, and the output 
variable (emission of CO2, N2O or CH4) is employed 
as the indicator for supervised selection. The analysis 
is conducted in the WEKA[19] explorer with 10-fold 
cross-validation to yield 3 to 6 significant variables. 
Section 4 shows the results. 

 
3.4. Linear Regression(LR) 

 

 A popular model for explaining the relative 
importance and role of different factors is multiple 
linear regression, a linear equation of the form 

 
 

 

with error of estimation e. The coefficient a is 
estimated using the principle of least squares and 
obtained as 

. 
 
3.5. Principal Component Regression (PCR) 

 

  Multi-collinearity or inter-dependence between 
variables is a common phenomenon rendering a 
simple linear regression model unnecessarily 
cumbersome. This may be simplified by using only 
the first few principal components for output 
prediction. This may be performed by first resolving 
X into a matrix of scores T and a matrix of loadings P 

 

 

 
 

using singular value decomposition (SVD) and then 
determining the coefficients as  
 

, 
 

where e is minimized by altering the rank of T, 
typically through cross-validation. 

  One serious drawback to PCR is that it considers 
no output variables in estimates, so principal 
components optimized through X alone may not be 
optimal for predicting the most accurate output y. 

 
3.6. Partial Least Square(PLS) Regression 

 

 The aforementioned drawback is removed in PLS, 
where the coefficient a is computed such as to 
minimize the estimation error e (instead of ε): 

 

. 
 

where R is estimated iteratively from the relationship 
 

. 
 

     PLS can be considered a supervised version of 
PCR and some compromise between LR and PCR, 
where LR considers only the correlation between X 
and y, whereas PCR reduces the dimensionality of 
data without considering better prediction of y and 
PLS achieves both objectives. Algorithms are 
considered in depth in [20]. 

 
4. Results and Discussion 

 
      The results of feature selection, along with the 
models for three different regression techniques 
discussed in Sections 3.4, 3.5 and 3.6, are presented 
in this section. 
 
4.1. Selected Features 

 

The subset evaluation method in the WEKA 
explorer provides three sets of variables as 
significant, namely one each for three output 
variables CO2, N2O and CH4. Table 2. shows the 
results. 
 

y Xa e= +

( ) 1T Ta X X X y
−

=

X T P ε= +

( ) 1T Ta P T T T y
−

=

( ) 1T Ta R T T T y
−

=

T X R=
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Table 2. Significant features for each output variable 
along with merit of the selected subset 

Input variable  Output CO2 N2O CH4 

for_biomass_above_ground    
for_carbon_above_ground    
for_carbon_below_ground    
for_plantation_change    
hdi    
pop_agriculture    
pop_agriculture_male    
pop_growth    
Merit of subset found 0.607 0.800 0.784 

 
4.2. Regression Results 

 

      The dataset for 129 countries is split into a 
training set (107 countries) and a test set (22 
countries), and this partition is kept constant 
throughout all analyses. Three models are built using 
the training set, namely linear regression, principal 
component regression and partial least square 
regression, and their validity is evaluated for both 
training and test sets to evaluate any overfitting. The 
results are summarized in Table 3. 
      The two metrics for assessing the predictive 
quality are  
 
 

, 

, 

where is the estimated value of the output variable 
y, with  as the mean. 
     The results are graphically presented only for the 
test set prediction of CO2. Figure 2. shows the 
predicted vs. actual plots for CO2 for three regression 
methods. In comparison to Table 3., linear regression 
shows the best performance, meaning that all factors 
are somewhat necessary in predicting CO2 emissions. 
The number of factors (k) in PCR and PLSR is the 
highest for CO2, and this is indicated in the results in 
Table 2., which requires nearly twice (or 1½ times) 
the number of variables for predicting CO2 as 
compared to N2O (or CH4), providing clear indication 
of the complexity of CO2 emissions relative to other 
two gases. 
 
Table  3. Performance of the three regression models on 
the training and test sets in predicting CO2, N2O and CH4 
 

Output 
variable 
&Method 

k Train 
MSE 

Test 
MSE 

Train 
R² 

Test 
R² 

CO2 LR 19 0.237 0.228 0.831 0.774 
CO2 PCR 14 0.250 0.233 0.809 0.675 
CO2 PLSR 9 0.246 0.238 0.809 0.681 
N2O LR 19 0.108 0.193 0.900 0.702 
N2O PCR 16 0.110 0.214 0.805 0.671 
N2O PLSR 5 0.117 0.196 0.794 0.703 
CH4 LR 19 0.100 0.196 0.908 0.706 
CH4 PCR 14 0.106 0.196 0.813 0.710 
CH4 PLSR 5 0.106 0.196 0.813 0.711 

 

k is the number of components used in the regression 
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Figure 3. Root mean square errors (RMSE) for different latent components in predicting (a) CO2, (b) N2O, (c) CH4 with 
Principal Component Regression (PCR) and (d) CO2, (e) N2O, (f)CH4 with Partial Least Square Regression (PLSR) 
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5. Conclusions 
 

     The results show the interrelation between 
greenhouse gas emissions and socio-economic factors 
to be complex and the models built on them are prone 
to uncertainty from data collection. However, the 
future of the Earth appears grave due to the rise in 
temperature and consequential climatic and anthropo-
ecological changes. Three regression models of 
varying sparsity are built to predict the level of 
greenhouse gases emitted by countries as a function 
of 19 parameters for economic and demographic 
conditions. The simplest linear correlation performs 
well in most cases with minimal errors, but more 
sparse models, namely principal component 
regression and partial least square regression, provide 
better performance by taking into account fewer latent 
variables. Although CO2 appears to be hard to predict, 
perhaps due to multiple sources of emissions, N2O 
and CH4 appear relatively simpler to model with as 
few as 5 parameters providing equivalent results. This 
is consistent with the results for feature selection, 
which shows 3 to 6 variables forming a sufficient 
subset to predict emission levels. However, an R² 
value of around 70% appears to be the threshold for a 
majority of models, which may be attributed to data 
uncertainty, imprecision and incompleteness. More 
complicated models based on neural networks or deep 
learning may be used to gain insights into more 
intricate aspects of involved phenomena. 
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