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ABSTRACT

Computational Learning Framework for Carbon Emissions
Predictions Incorporating a RReliefF Driven Features Selection and
an Iterative Neural Network Architecture Improvement

Antonio Marcio Ferreira Crespo, Ph.D.

Concordia University, 2020

Environmental protection is being progressively considered as paramount condition for the
planet's continued habitability. After the Kyoto Protocol signature in 1997, governments, industry
stakeholders and academia began to work on the development of effective and efficient
environmentally driven policies and economic mechanisms, and the proper design of such
parameters is critically dependent on carbon emissions projections. In such scenario, inaccurate
carbon emissions predictions may be one of the root factors leading to the overall ineffectiveness
of the European Union environmental regulatory framework.

Therefore, the present thesis introduces a novel computational learning framework for
carbon emissions prediction incorporating a RReliefF driven features selection and an iterative
neural network architecture improvement. Our learning framework algorithmic architecture
iteratively chains the features selection process and the backpropagation artificial neural network
(NN/BP) architecture design based on the data assessment accomplished by the RReliefF
algorithm. Thus a better features set - NN/BP architecture combination is obtained for each
specific prediction target.

The implemented framework was trained and validated with real world data obtained from
the European Union (Eurostats), the International Energy Agency, the Organization for Economic
Co-operation and Development, and the World Bank. The validation dataset comprised 26
potential predictors covering the period 1990 - 2014. Additionally, a case study was conducted
with a new dataset comprising data obtained from the World Resources Institute's Climate
Data Explorer (CAIT), and the World Bank database. The case study dataset comprises 24
potential predictors covering the period 1970 - 2014.

The learning framework also features an Explainable Artificial Intelligence (XAI) module
that provides explanations of the predictions in terms of global features impact and local features

weights. The global model explanations are computed by means of partial dependence functions,
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while local model explanations are computed by means of the interpretable model-agnostic
explanations (LIME) algorithm.

The framework evaluation against current mainstream machine learning models, and its
benchmarking comparing to recent published researches on carbon emissions prediction indicates
that our research contribution is relevant and capable of supporting the improvement of
environmental policies. The learning framework outcomes are also expected to provide some
ground for future researches targeting carbon emissions causality analysis, as well as potential

improvements on both ANNs and XAI techniques.
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1 INTRODUCTION

Environmental protection is being progressively considered as paramount condition for the
planet's continued habitability. In the 21st century reality, development and sustainability can no
longer be treated independently, and all environment protection initiatives shall be supported. The
United Nations (UN) Conference on Environment and Development Rio Ec092 - Earth Summit,
held by Rio de Janeiro in 1992, can be considered the first global attempt towards a blueprint for
sustainable development. Since then, a series of important events fostered the progressive
construction of an effective climate change avoidance regulatory framework.

After the Kyoto Protocol signature in 1997, governments, industry stakeholders and academia
began to work on the development of effective and efficient environmentally driven policies and
economic mechanisms. In such context, the European Union (EU) current efforts in support to
sustainable development and climate change avoidance comprises three main challenges, i.e.
GHG emissions reduction, consistent increment on energy production from renewables
(Renewable Energy Directive - RED), and increase in energy efficiency (Energy Efficiency
Directive - EED).

Within the EU environment protection framework, the European Union Emissions Trading
System (EU-ETS) was launched in 2005, and it currently covers approximately 45% of EU28
(EU27) polluting emissions. The EU-ETS implementation observed a staggered approach, and
2020 is the last year of the third phase, as presented below.

* EU-ETS phase 1 (2005-2007) - the absence of reliable data on actual emissions and
consequent wrong estimations led to allowances surplus:
— Allocated allowances: 6370 MtCO2-eq;
- CO2 emissions: 6215 MtCO2.
e EU-ETS phase 2 (2008-2012):
— Allocated allowances: 11373 MtCO2-eq;
— Carbon emissions: 9613 MtCO2.
* EU-ETS phase 3 (2013-2020):
— Allowances surplus in 2017: 1.6 billion.

The observed evolution of the EU trading system indicates it sustained and substantial

structural supply-demand imbalance that kept distorting the market and compromising the

scheme effectiveness as an emissions reduction driver (Crespo and Wang, 2020).



Moreover, notwithstanding the systematic and continued EU28 efforts and policies addressing
the reduction of carbon emissions, the EU member States' projections converge to an EU-wide
total GHG emissions reduction of at most 32%, which falls short of the 40% target for 2030. EU-
ETS specific projections indicate that the stationary installations could reach a 10% reduction on
emissions between 2020-2030, which is insufficient for the accomplishment of the 2030
reduction target of 43% compared to 2005 levels (International Energy Agency, 2020).

Thus, inaccurate carbon emissions predictions may be one of the root factors leading to the
overall ineffectiveness of the EU28 (EU27) environmental regulatory framework. Therefore the
achievement of the European Union ambitious targets will require additional policies resulting
from new holistic and creative approaches targeting carbon emissions predictions.

In such scenario, and considering the findings related to the EU-ETS experience, our
contribution explored the following research opportunities: a) market based climate change
avoidance policies efficiency could be relevantly improved by a better accuracy on carbon
emissions trends prediction; b) there is a crucial need for more accurate carbon emissions
predictions better supporting each climate change avoidance initiative (i.e. EU-ETS, EED, RED)
by considering the particularities of industry / economy sectors under their coverage; and c)
machine Learning methods and techniques have the potential capacity to grasp such
particularities from economic and energy consumption indicators, what might lead to more

realistic carbon emissions forecasts.

1.1 Research Objectives
The present document records the research leading to the development of the Computational

Learning Framework for Carbon Emissions Predictions Incorporating a RReliefF Driven Features
Selection and an Iterative Neural Network Architecture Improvement. The design of such
iterative learning framework fulfills the following research objectives: a) improve overall carbon
emissions forecast accuracy by the ad hoc definition of the predictors set and of the neural
network architecture according to specific economy/industry sectors, in the context of the
European Union; b) provide explanations on the impacts of the selected features on the carbon
emissions predictions, in order to effectively support the design and implementation of
environmental initiatives and policies.

The developed framework incorporates the state-of the-art RReliefF (Robnik-Sikonja and

Kononenko, 2003) algorithm for the assessment and selection of the most relevant environmental



related predictors set. Such algorithm was innovatively engineered with a backpropagation neural
network, aiming at the conformation of a forecast framework able to improve its architecture
according to the selected predicting features. The framework evaluation against current
mainstream machine learning models, and its benchmarking comparing to recent published
researches on carbon emissions prediction indicates that our research contribution is relevant and
capable of supporting the improvement of environmental policies effectiveness.

Moreover, in order to better support the design of more effective CO2 related environmental
policies, the designed prediction framework incorporates a module featuring an Explainable
Artificial Intelligence (XAI) approach. In such module we implemented partial dependence
functions for global model explanations (Friedman, 2001), and the local interpretable model-
agnostic explanations (LIME) algorithm (Ribeiro et al., 2016), for local model explanations. The

two techniques combined accomplished the explanation of the learning framework predictions.

1.2 Research Contribution
Within our research we designed and implemented a computational learning framework for

carbon emissions predictions incorporating a RReliefF driven features selection method, and an
iterative neural network architecture improvement.

The Relief family of algorithms (Kira and Rendell,1992; Robnik-Sikonja and Kononenko,
2003) incorporates the ability to probabilistically qualify non-linear features' correlations in a
dataset. Such features assessment is accomplished by a non-parametric and non-myopic
technique that runs in low order polynomial time.

The RReliefF algorithm outcomes are attributes weights that feature a probabilistic
interpretation, i.e. the weights are proportional to the difference between two conditional
probabilities: the probability of the attribute's value being different conditioned on the given
nearest hit, and on the nearest given miss.

Within the learning framework, prediction candidates (features) are ranked based on the
weights computed by RReliefF, and iteratively used to jointly define the best features set as well
as the best neural network architecture, in terms of prediction accuracy.

The designed framework is composed by four modules, i.e.: 1) The Features Engineering
Module (FEM); 2) the Model Generation Module (MGM), 3) the Model Evaluation Module
(MEM), and 4) the Predictions Explanation Module (PEM), which will be described in session 4.

The Features Engineering Module and the Model Generation Module iteratively interdependent



design comprises the core innovative contribution of our research.

The learning framework features and corresponding taxonomy of our research approach is

introduced below.

* Theory / Domain: Computational Learning Theory / Statistical Learning Theory.

e Learning Approach: Machine Learning.

* Machine Learning (ML) Method: Supervised Learning;

ML Algorithm: ANN - BP.

Data Processing:

Features Engineering Method: RReliefF-BFE;
Search Method: Backward Feature Elimination (BFE);
Feature ‘Quality’ Assessment Algorithm: RReliefF;

Ad hoc feature selection defined per economy/industry sector.

Explainable AI Approaches / Methods:

Global Explanation: marginal effects analysis / partial dependence functions - partial
dependence plots;

Local Explanation: perturbation approach / Local Interpretable Model-agnostic
Explanations - LIME.

To the best of our knowledge, our proposed learning framework is the first to implement an

iterative Neural Network architecture improvement supported by a Backward Feature

Elimination search method driven by the RReliefF algorithm. The framework iteratively learns

(NN/BP architecture, features subset) on ad hoc basis, i.e. specifically for each economy /

industry sector.



2 BACKGROUND AND RELATED WORK

2.1 European Union Emissions Trading System Effectiveness Analysis
According to the recent European Environment Agency (EEA) Indicator Assessment on GHG

emission trends and projections (European Environment Agency, 2018a), total EU GHG
emissions reductions, excluding those ones deriving from land use, land use change and forestry
(LULUCEF), reached 22.4% and 21.9% bellow 1990 levels in 2016 and 2017 respectively.

The 2017 reduction is equivalent to 15.3% bellow 2005 levels, while GHG emissions from
sectors covered by the EU-ETS in the same year were 26.4% below 2005 levels, when
considering scheme scope adjustment of approximately 331 MtCO2 for 2005. The EU GDP
though grew by approximately 53% between 1990 and 2016. The European Union emission
intensity with reference to the EU GDP decreased by almost 50% between 1990 and 2014
(European Commission, 2015a). Figure 1 presents both emissions and emissions intensity of the
economy trends between 2005 and 2017. When considering 2005 as reference, emissions

intensity in 2017 is approximately 30% lower.

Total GHG Emissions, EU-ETS GHG Emissions and
Emissions Intensity (EU28)
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Figure 1 - EU28 historical GHG emissions with scope adjustment and emission intensity. (Crespo and Wang, 2020)



Thus it is possible to imply that the EU continues to successfully decouple GHG emissions and
GDP, and it is clear that the emissions intensity of the European economy had a marked decrease
that reflected, to some extent, the systematic and consistent greening efforts addressing GHG
emissions, as well as energy production and efficiency. However, additional factors contributed
for the occurrence of such phenomenon.

The reductions on GHG emissions and emission intensity of economy accomplished since
1990 is attributed to a combination of several factors, e.g. use of renewables, less carbon
intensive fuels, improvements in energy efficiency, economy structural changes and economic
recession. An increased contribution of services and a lower share of the energy-intensive
industries for total GDP, in association with the 2008 economic crises are amongst the most
influential reducing factors. According to the World Bank database, the value added by EU
industry (as percentage of its GDP, with reference to basic prices) decreased from about 29% in
1990 to 21.98% in 2017, when services and industry respectively contributed with 74% and
25.6% of EU GDP, with reference to purchaser prices (Crespo and Wang, 2020).

Along with the 2008 economic crisis and the structural shift observed in the European
economy, the GHG emissions reduction accomplished by the EU are mostly due to contributions
provided by the power generation / fuel combustion sector, throughout all European climate
change avoidance initiatives. Hereafter then it will be demonstrated that it was particularly true

for the EU-ETS.

2.2 EU-ETS GHG Emissions Trends
In 2005 EU-ETS emissions represented approximately 45% of EU verified emissions, while in

2017 such coverage comprised 40% of the total, when its reduction reached 26.4% of 2005
levels, which is already below the 2020 reduction target.

When considering the scheme scope adjustment, the EU-ETS emissions presented an almost
continuous decrease trend throughout its phases, as can be observed in figure 2. The scope
adjustment was designed to reflect the scheme coverage evolution, as previously described in
table 1, and as such, it compensates for the increment in the number of States, installations and

gases observed within 2005-2012.
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Figure 2 - EU-ETS historical CO2 emissions with scope adjustment. (Crespo and Wang, 2020)

Notwithstanding overall marked reduction, the industry sectors' contributions for the
decreasing trend were not proportional. Figure 3 demonstrates that the overall reduction was due
to the power generation segment contribution. The segment is the greater emitter, responsible for
approximately 66% of EU-ETS emissions in 2017, which represents a clear evolution from the
72% contribution in 2005.

Overall EU emissions related to the production of heat and electricity decreased from 4355
MtCO2 in 1990 to 3352 MtCO2 in 2016. Energy efficiency itself has notably grown, i.e. in 2005
EU production marked more than 900 Mtoe, with a consistent decrease trend leading to
approximately 760 Mtoe in 2015 and 755.4 Mtoe in 2016.

Specifically regarding the installations under the EU-ETS, in addition to the contributions
verified during phase 1 and 2, the power sector decreased its emissions from 1345 MtCO2 by the
end of 2012 to 1148 MtCO2 in 2017, or 14.65% in 5 years, equivalent to a reduction of 20.44%
compared to 2005 levels, not considering the scope adjustment. The continued power sector
decrease trend, in contrast to the other stationary installations trend, may be explained by a
combination of two possibly correlated factors, i.e. changes in the energy source mix and a
differentiated policy for carbon allowances allocation (Crespo and Wang, 2020).

The energy sources mix is continuously shifting to greener profiles; in 2005 renewables and
fossil fuels (coal, oil, and natural gas) represented approximately 13.3% and 57.3% of the energy
matrix, reaching 27.9% and 41.5% by 2016. In the same year, approximately 30% of the

electricity consumed in the EU derived from renewable sources (RES), with the RES mix mainly



composed by hydropower (36%), wind (32%), solar photovoltaic (12%), and solid biomass
(European Environment Agency, 2018b).

And although solid, liquid and gaseous biofuels still provide the largest share of total
renewable energy, being heavily used in heating, electricity generation and transport, wind and
solar energy relative shares are consistently rising: in 2016, the EU produced 26.0 Mtoe from
wind energy, more than five-fold increase compared with 2004; in the same year, solar energy
(photovoltaic and thermal) provided 13.4 Mtoe, more than 19 times as much as in 2004. And
importantly, as aforementioned from 2013 on the sector was not eligible to be granted allowances
for free. (Crespo and Wang, 2020).

The aviation segment still contributes with a small part of to EU-ETS emissions, however it
currently shows a sharp increase trend. Estimates contained in the EEA Annual EU GHG
Inventory 1990-2016 and Inventory Report 2018 indicates that worldwide international aviation
emissions increased 115% between 1990 and 2016 (European Environment Agency, 2018c).
During phase 3, so far, EU-ETS aviation emissions showed a consistent increase trend, with a
variation of approximately 21.5% between 2013 and 2017.

The aviation permits (EUAA) distribution was practically set on a fixed basis for the current
EU-ETS phase, i.e. 36 MtCO2 annually, with 82% of the permits allocated for free, 15%
distributed by auctioning, and 3% reserved for distribution to fast-growing aircraft operators and
new entrants. When considering EU28, phase 3 allowances supply for aviation covered so far
64.7% of its needs; as a consequence, the aircraft operators had to buy and surrender EUAs as
complement, with annual figures around 17 MtCO2. Thus, the aviation industry did not have
relevant influence on global EU-ETS performance.

The other industrial stationary installations had a reduction right after the 2008 economic
crises, which was followed by a rebound to pre 2008 levels by the end of 2013; since then such
emissions remained practically stable. According to the European Environment Agency (2018a),
the uncertainty for GHG emissions calculation is about 6%, and for trends calculation is 1%.

(Crespo and Wang, 2020).
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Figure 3 - EU28 emissions by industry sector. (Crespo and Wang, 2020)

Figure 4 allows for a more detailed analysis of the other stationary installations emissions
trends. Cement and steel related industries presented an important emissions reduction during
EU-ETS first two phases, which was followed by stagnation around 150 MtCO2 in the third
phase. Chemical industries in turn presented a marked increase and reached almost 80 MtCO2 in

2017, which provided compensation for the cement and steel industries reductions.
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Figure 4 - EU28 emissions by industry segment, excluding the power generation sector. (Crespo and Wang, 2020)

Therefore, it is clear that the EU-ETS did not effectively drive GHG emissions reduction
among installations outside the energy sector, and the scheme policy for the allocation of
allowances might give some clues about such phenomenon. According to the EEA 2018-14 report
(European Environment Agency, 2018d), in 2017 the installations producing iron and steel, coke,
and metal ore, as well as the ones producing pulp, paper and cardboard had a substantial balance
of free allocations compared to verified emissions, while the plants producing cement and lime,
and chemicals had parity. Such conditions may partially explain the trends shown in figure 3, as

discussed hereafter.

2.3 EU-ETS Allowances Allocation Issues
In phase 1, the pilot phase, the absence of reliable data on actual emissions and consequent

wrong estimations led to allowances surplus that drove its price to zero by 2007. 6370 MtCO2-eq
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allowances were allocated between 2005 and 2007, for emissions of approximately 6215 MtCO2.
In such scenario, carbon price dropped to near €0/tCO2, hence the scheme did not drive a
consistent industry greener trend nor presented significant cost-effective results during the pilot
phase. During this phase the EU-ETS covered approximately 45% of total EU GHG emissions
and presented an increase trend, despite the slight reduction observed on total EU emissions.

Phase 2 had a marked reduction on emissions. With reference to 2005 levels, by the end of
phase 2 first year EU-ETS installations emitted 5% less; by the end in 2012 its emissions were
17% lower. Nevertheless such relevant reduction shall be put under perspective, because when
the emissions intensity indicator is taken into consideration, it becomes clear that the reduction
was mostly due to lower production levels driven by the 2008 economic crises. As can be
observed in table 2, the emission intensity of the economy was 72.90% in phase 2 first year and
72.92% 1n its last year, while EU-ETS contribution to EU emissions as a whole remained stable
on about 42%.

Table 1. EU28 total emissions, EU-ETS emissions, EU emission intensity
of GDP, and EU-ETS emissions coverage.

EU (EU28) Verified EU-ETS (EU28) EMISSION
EU-ETS
GHG Emissions Verified GHG INTENSITY
Year Emissions
(with scope Emissions (with scope | (Emissions/GDP -
Coverage
adjustment) adjustment) 2005 reference)

2005 5220 2345 100.00% 44.92%
2006 5208 2351 93.58% 45.14%
2007 5160 2371 80.23% 45.95%
2008 5042 2230 72.90% 44.23%
2009 4673 1977 75.60% 42.31%
2010 4777 2024 77.81% 42.37%
2011 4620 1984 69.66% 42.94%
2012 4557 1943 72.92% 42.64%
2013 4462 1882 68.48% 42.18%
2014 4291 1787 63.71% 41.65%
2015 4319 1776 72.80% 41.12%
2016 4293 1724 72.01% 40.16%
2017 4317 1727 69.12% 40.00%
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Therefore, although reliable emissions data were available in phase 2, a new large surplus of
allowances and credits once again heavily impacted carbon prices. Along with the 2008 economic
crises, the Directive 2004/101/EC also contributed to the persistence of such undesirable market
imbalance. Total allowances allocation, comprising EUAs, CERs and ERUs, achieved 11373
MtCO2e whilst verified emissions registered 9613 MtCO2. Such oversupply of allowances and
the consequential carbon low price continued to negatively impact the scheme effectiveness in
terms of emissions reduction accomplishment.

As a whole, the first EU-ETS two phases were marked by difficulties in stabilizing of the
carbon price, when the total allocated allowances registered an annual average of approximately
2088 MtCO2, and verified emissions registered an annual average of approximately 1978
MtCO2. In the same period the volume of auctioned allowances (EUA) increased from 0 to 115
MtCO2, while 663 MtCO2e CER and 375 MtCO2e ERU were injected in the market, what
clearly contributed to the undesirable and persistent surplus of allowances. By the end of 2012,
more than 1 billion allowances were rolled over to the next phase and, in such scenario low-
carbon investments were postponed. Figure 5 presents the verified emissions progression,
allowances allocation and carbon price for phase 2 and phase 3 up to 2017. (Crespo and Wang,

2020).

EU-ETS Historical Emissions, Allowances and Carbon Price (EU28)
2500 €18.00

€16.00

2000 €14.00

€12.00

1500
€10.00

MtCO2-eq

€8.00

1000 | >
€6.00
5 €4.00
€2.00
0 €0.00

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Year

Carbon Price (€/t CO2 - closing year)

(=]
o

Historical Emissions WuuTotal Allocated Allowances (EUA/EUAA) ====Carbon Price (€/t CO2 - closing year)

Figure 5 - EU-ETS historical emissions, allocated and surrended allowances, and carbon price 2005-2017.
(Crespo and Wang, 2020)
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These findings led the European Commission to carry out a thorough review of the system in
order to improve its effectiveness for the third and current phase. Auctioning and benchmark
respectively replaced free allocation and grandfathering as driving principles for allowances
allocation. Hence in the first year of phase 3 the volume of auctioned allowances soared to 1103
MtCO2.

In order to address the persistent allowances surplus, the Commission followed some other
strategies such as back-loading, cap and annual linear reduction factor review, scope extension,
restriction on international credits utilization and the implementation of discretionary carbon
price management mechanisms. Additionally, the power sector installations were enforced to buy
all of the required allowances.

A back-loading measure enforced by the Commission regulation (EU) 176/2014 postponed the
auction of 900 million allowances, initially planned to be available between 2014 (400 million),
2015 (300 million) and 2016 (200 million), and supposed to be back on market in 2019 (300
million) and 2020 (600 million). The allowances surplus then started to decline in 2015, when the
European Union emitted 10% of world GHG, and kept declining for the next two years.

Nevertheless, the drastic reduction on the amount of permits allocated for free and the change
from grandfathering to benchmark as the free allocation driving policy did not immediately
impact the permits surplus nor the carbon price. In 2017 the allowances surplus still was about
1.6 billion, and this substantial structural supply-demand imbalance keeps distorting the market
and compromising the scheme effectiveness as an emissions reduction driver, e.g. other stationary
installations emissions are stagnated near 2005 levels.

Such scenario compelled the EU to put in place, from 2019 on, the Market Stability Reserve
(MSR), a market resilience-improving mechanism that incorporated the aforementioned back-
loaded allowances (European Environment Agency, 2018c). The MSR aims at neutralizing the
allowance surplus negative impacts, and at improving the system's resilience to future shocks.
Thus an automatic rule-set process will adjust the annual supply of allowances to be auctioned
when the number of units in circulation is outside a predefined range, i.e.: a) whenever the
surplus exceeds 833 million units, 12% of the allowances in circulation are to be placed in the
MSR instead of being auctioned; b) whenever the surplus is less than 400 million units, 100
million allowances are to be released from the MSR via future auctions. The Decision (EU)

2015/1814 even prescribed that the back-loaded permits supposed to re-enter the market in 2019
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and 2020, as well as unused NER permits were directly deposited in the MSR.

Besides the lack of accurate emissions information during the pilot phase and the unforeseen
economic crises during phase two, it is difficult to state clearly the reasons why the EU-ETS
governance framework was not able to address properly the persistent structural market
imbalance. Nevertheless, a study developed by the International Emissions Trading Association
(IETA) indicates that the effects accrued from the RED and the EED might have contributed for
such distortion. According to the IETA estimates (International Emissions Trading Association,
2015), for the period between 2008 and 2020, EED contribution for the surplus could reach about
515 MtCO2, while RED could have reduced the demand for allowances in approximately 210
MtCO?2. Therefore, the lack of proper assessment on environmental policies overlapping effects
should be considered as one of the reasons why the EU-ETS performance is not as expected.

Finally, the EU-ETS features in support to the avoidance of carbon leakage also seem to
jeopardize the scheme effectiveness by contributing for the allowances surplus persistence. The
list of flaws may include the inadequate criteria for the definition of the industry segments
exposed to carbon leakage risks, and an overestimating process for allowance allocation.

By the end of the current phase though, a combination of factors positively impacted the
carbon market. The scheme design improvements put in place during phase 3 combined with the
adjustments planned for phase 4 seem to have effectively addressed the concerns towards the
structural allowances surplus, which motivated market speculation on the increasing need for
permits to cope with ascending industrial output levels. As a result, EUA prices soared from
€5.52/tCO2 in January 2017 to €24.10/tCO2 in December 2018. However, the emissions figures
for 2018 are yet to be published, thus it is not possible to assess how the carbon prices recent
upward movement impacted the EU-ETS emissions trend.

In summary, notwithstanding the planned EU-ETS design evolution and the accompanying
policy improvements as regards to the Effort Sharing Decision (ESD), the Renewable Energy
Directive (RED) and Energy Efficiency Directive (EED), the EU member States' projections
converge to an EU-wide total GHG emissions reduction of at most 32%, which falls short of the
40% target for 2030. EU-ETS specific projections indicate that the stationary installations could
reach a 10% reduction on emissions between 2020-2030, which is insufficient for the
accomplishment of the 2030 reduction target of 43% compared to 2005 levels.

Therefore the achievement of the EU ambitious targets will require additional policies
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resulting from new holistic and creative approaches targeting carbon emissions trends prediction

and efficient allowances allocation processes. (Crespo and Wang, 2020).

2.4 Carbon Emissions Prediction - Relevant Related Work
A myriad of researches analyzed carbon emissions behavior, and attempted to predict it by

means of several different approaches, methods and techniques, and considering different
emissions impacting factors (predictors). Econometric approaches were used by Guan et al.
(2008), Anger (2010), Li and Lu (2015), Robalino-Lopez et al. (2016), Scott et al. (2017), Mi et
al. (2017). And Game Theory emerged as one of the preferred approaches to address decision-
making and supply chain challenges linked to carbon emissions and carbon policies, as in Chang
and Chang (2016), Yang et al. (2017), Yang et al. (2018), and Xu et al. (2018).

Whereas General Equilibrium Theory (Wang and Wang (2015), Gavard et al. (2016), Zhang et
al. (2017)), Operational Research (Cui et al. (2017), Hong et al. (2018)), Index Number Theory
(Wang et al. (2017), Solaymani et al. (2019)), Variational Inequality Theory (Allevi et al. (2018)),
and Grey Systems Theory (Jiang et al. (2020)) also played an important role in support of such
studies, a significant number of researches opted for the application of techniques within the
Statistical and Computational Learning domain. Table 2 provides a summary of the reviewed
studies.

Table 2. Methodologies, techniques, and predicting variables for carbon emissions
predictions.

PROBLEM ANALYSIS
E
AUTHOR PROBLEM SCOPE METHODOLOGY TECHNIQU
Analysis of carbon emissions behaV}or coTlsmermg ‘ ' . AT | Tmtsntiants ATt
Guan et al. features such as population, carbon intensity, economic ~ Environmental Analysis / .
: . . . Structural Decomposition
(2008) production structure, consumption pattern and Macroeconomic Analysis Analysis
consumption per capita. Y
Anger Carbon policies impacts on aviation industry CO2 Econometrics. Energy-Environment-Economy
(2010) emissions. General Equilibrium Theory. model for Europe (E3ME).
Chan Carbon emissions prediction (predictors: crude oil Multivariate co-integration
@ Oal Og) consumption, coal consumption, natural gas Statistical Analysis / Learning Granger causality / Vector Error
consumption). Correction Modeling
Wang & Price and marlfet strategies 1mpact.s on oil refinery, iron o Sl Gongal B
/ steel processing, cement production and power General Equilibrium Theory.
Wang (2015) . . (CGE).
generation carbon emissions.
Empirical Model Decomposition
] . . . . . EMD). li
Li & Lu Carbon price prediction (predictors: GDP, carbon Signal Analysis / ( i Geinera 1zeq .
(2015) intensity, energy consumption) Econometrics Autoregressive Conditional
% Y ' ' Heteroskedastic Process
(GACH).
A. Robalino- . . . .
Lonez et al Carbon emissions prediction (predictors: GDP, energy Systems Theory / Systems Dynamics / Kaya
@ Opl 6) ’ consumption, economy structure, energy intensity). Econometrics Identity
Chang & . .
. Infi Th E E Anal / Shapl
Chang. Carbon emissions quotas allocation. nformation Theory (Entropy) / ntropy Analysis apiey
2016) Game Theory. value.
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AUTHOR

PROBLEM SCOPE

PROBLEM ANALYSIS
METHODOLOGY

TECHNIQUE

Gavard et al.

Emissions Trading Systems integration impacts on

General Equilibrium Theory.

Computable General Equilibrium

(2016) carbon prices (CGE)
Yang et al. Supply chain f:ompetition considering price and i ey S s G,
(2017) product greening level.
Zhang et al. TISSIONS rgdlng Sy§tems Tntegratmn and carbon e Computable General Equilibrium
quotas allocation efficiency impacts on carbon General Equilibrium Theory.
(2017) o (CGE).
emissions.
Environmentally-extended
Scott et al. . . . . L
2017) Industry production driven carbon emissions. Econometrics. Multi-region Input-Output
Analysis (EE-IOA).
. . . . Predictive R i
Hong et al. Carbon allowance price prediction (predictors: oil . . redictive Regression .
Statistical Learning. Bagged (bootstrap aggregation) /
(2017) brent, natural gas, coal). .
Decision Tree
Cui et al. Environmental policies impacts on airline pollution OR Data Envelopment Analysis
(2017) abatement costs. (DEA).
Carbon emissions prediction based on .. .
. . . Index Decomposition Analysis
energy use (predictors: sectoral energy intensity, energy . R
. . (logarithmic mean Divisia index
Wang et al consumption structure, production structure Index Number Theory LMDI) / Structural
(2017) (technology), total production output (economy (Decomposition Analysis). .. .
. Decomposition Analysis (D&L
growth), final demand structure (consumption pattern), method)
total final demand). )
Mi et al. Analygls of (T,arbon emissions behav10t consTdermg the Bl Aaio IPAT / Input-output A.n.alyms /
following drivers: population, carbon intensity, . . Structural Decomposition
(2017) . . Macroeconomic Analysis .
consumption pattern and consumption volume. Analysis
Liu et al Computational Learning
2017) ’ Carbon emissions predictions. Theory / Statistical Learning Neural Networks
Theory / Chaos Theory
Zhou et al. Carbon emissions prediction (predictor's: thermaI. . Computationgl Feaming ‘ Neural Networks / Particle
power capacity, thermal power generation, urbanization — Theory / Statistical Learning .
(2017) Swarm Optimization (PSO)
rate, GDP) Theory
Carbon emissions prediction (predictors: coal
consumption, primary industry GDP, secondary Computational Learning Neural Networks / Principal
Sun et al. . Lo . . . .
2017) industry GDP, tertiary industry GDP, population, Theory / Statistical Learning Component Analysis (PCA) /
urbanization level, transport, power generation, steel Theory / Grey Systems Theory ~ Grey Model
production, total investments, final consumption).
Hong et al. . . . . .
2018) Supply chain structure impacts on carbon emissions. OR Dynamic Programming.
Allevi et al. . L . . . . . . .
2018) Closed supply chain carbon emissions analysis. Variational Inequality Theory. Partial Differential Equations.
Yang et al. Dual suppl'y ?hain remanufacturing strategy impact on i ey S s G,
(2018) carbon emissions.
Zhou et al. Carbqn emissions predlf:tl‘on (predlctor‘s: GDP, Sl Lusattag ) Gresy Support Vector Mac}nr}e (SVM)/
urbanization rate, electricity consumption, coal Particle Swarm Optimization /
(2018) . . Systems Theory . .
consumption, thermal power capacity) Grey Relation Analysis
Xu et al. Cejn'trallzed/dec.er{trallzed dual channel §upply chain G gy S el G,
(2018) pricing and emissions abatement strategies.
Lietal. Carbon emissions prediction (predictors: energy Computational Learning Neural Networks
(2018) consumption, i.e. coal, oil, and natural gas). Theory / Statistical Learning. Support Vector Machine (SVM)
Song et al. Carbon allowance price prediction (predictors: Stochastic Processes Fuzzy Stochastic Differential
(2019) demand-related policies). ) Model.
Solaymani et Carbon emissions drivers analysis Index Number Theory Logarithmic Mean Divisia Index
Vi g I .
al. (2019) Y (Decomposition Analysis). (LMDI) Method.
Carbon emissions prediction (predictors: coal
consumption, primary sector GDP, secondary industry
GDP, tertiary industry GDP, final consumption, Support Vector Machine /
Sun et al. population, power generation, exports, urbanization Computational Learning Particle Swarm Optimization/
(2019) level (%), investments, transportation, fuel and power Theory / Statistical Learning. Principal Component Analysis /
purchase price index, cement production, urban green Neural Networks
areas, total retail sales of consumer goods, finished
steel production,).
Jiang et al. Carbon emissions prediction (predictors: inward Grey Systems Theory Grey Multivariable Verhulst
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PROBLEM ANALYSIS

AUTHOR PROBLEM SCOPE METHODOLOGY TECHNIQUE
(2020) foreign direct investment, outward foreign direct model.
investment)
Carbon emissions prediction: total population,
household consumption level, urbanization level, GDP  Computational Learning Neural Networks / Particle
Wen et al. per capita, primary industry GDP, secondary industry Theory / Statistical Learning Swarm Optimization / Random
(2020) GDP, tertiary industry GDP, commercial department Theory / Evolutionary Forest / Support Vector Machine
GDP, total energy consumption, and total retail sales of ~ Computation / Genetic Algorithm

social consumer goods.

The literature review provided fundamental insights on the existing carbon emissions
impacting factors and how to apply them in emissions prediction models. It was noted that the
researches benefiting from Computational Learning and Statistical Learning theories were the
ones providing more information regarding how the predictors (or the availability / choice of
different predictors) impacts prediction confidence level and accuracy.

The literature review also allowed us to identify some very important challenges related to
carbon emissions prediction, when considering the amount and diversity of potential predictors.
Firstly, a particular predictor correlation to a specific target varies depending on the scenario /
region. Secondly the systematic generation of trustworthy carbon emissions information started
in the 1990 decade, and its availability is restricted to some parts of the world.

Thirdly, carbon emissions can be characterized as a worldwide multisectoral interconnected
phenomenon, e.g. the pollution outcomes international flights may have contributing components
spread in all continents if we consider the airline headquarters location, the flight route (origin-
overfly area-destination), the aircraft manufacturer (engines manufacturer, fuselage manufacturer,
tires manufacturer, etc.), the fuel producer (petroleum, biofuels).

As an additional example, consider, a huge transnational enterprise may move its heavily
polluting production to regions where carbon policies are less strict or even inexistent (carbon
leakage). In such scenario, carbon emissions prediction models should be scalable in order to
progressively cover broader scopes and process more data.

However, such required scalability would lead to the use of an increasing number predictors
(predicting model features space dimension), what would not be accompanied by additional
instances, once the availability of trustworthy data is limited. Thus, any intended predicting
model should be capable of addressing data related characteristics such as non-linearity,
heteroskedasticity, endogeneity, and dimensionality.

The overall insights accrued from the literature review drove us to choose a computational

learning / statistical Learning approach for the design of our prediction framework. It was also
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noted that, considering the nature of carbon emissions related data, it would be generally
impossible to work with any parametric learning method. Additionally, fitting high-dimensional
statistical models often requires the use of non-linear parameter estimation procedures
(Javanmard and Montanari, 2014). Therefore, we opted for Neural Networks as the core learning

model of our proposed predicting framework.

18



3 RESEARCH DATA

The level of trust attributed to the outcomes of any Artificial Intelligence / Machine Learning
(ML) implementation is assessed by processes such as verification and validation. The ML
verification is defined as the process of determining that a model implementation and its
associated data accurately represent the developer's conceptual description and specifications.
The ML validation, often referred as ML evaluation, is described as the process of determining
the degree to which a model outcome and its associated data properly address the real world
problem from the perspective of the intended uses of the model.

Therefore, the applicability and the reliability of a ML solution is strictly dependent upon the
proper combination ML algorithm - data, i.e. the characteristics of the data are crucial in
determining the ML algorithm to be used, as well as the features engineering method. Hereafter
then we present and analyze the data used to verify and validate the proposed iterative learning

framework.

3.1 Learning Framework Validation Data
Our research focused on the European Union - 28 States (EU28), and used datasets comprising

data obtained from the European Union (Eurostat), International Energy Agency (IEA),
Organization for Economic Co-operation and Development (OECD), and World Bank (WB)
databases. The Learning Framework performance evaluation and benchmarking dataset is

described as follows.

* Sources: Eurostat (2020), IEA (2020), OECD (2020), World Bank (2020).
* Scope:

- EU28;

- 1990-2017,

— Total CO2 emissions / sectoral CO2 emissions;

— 26 economic / energy indicators (candidate predictors).
* Data Aggregation Levels:

- Regional;

— Annual;

— Total Emissions / Energy Industries / Industries / Commerce — Public Services / Transport

/ Residential / Aviation.

Tables 3 and 4 introduce the prediction targets and potential predictors explored in our
research.
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Table 3. Learning framework validation prediction

targets - MtCO2 / IEA.

T1 - Total CO2 Emissions

T2 - CO2 Emissions from Energy Industries

T3 - CO2 Emissions from Energy Intensive Industries

T4 - CO2 Emissions from Commercial and Public Services

T5 - CO2 Emissions from Transport

T6 - CO2 Emissions from Residences

T7 - CO2 Emissions from Aviation

Table 4. Learning framework validation candidate predictors.

A1 - GDP (constant million 2010 USD / World Bank)

A14 - Final Consumption (expenditure of households
current prices million Euro / Eurostat)

A2 - GDP(current prices million Euro / Eurostat)

A15 - Final Consumption (expenditure current prices
million Euro / Eurostat)

A3 - Population (Eurostat)

A16 - Primary Energy Consumption (Mtoe / IEA)

A4 - Temperature (HDD / Eurostat)

A17 - Final Energy Consumption (MTtoe / IEA)

A5 - Temperature (CDD / Eurostat)

A18 - Energy Use (KGOE per capita / World Bank)

A6 - Technology Innovation (GERD per GDP / OECD)

A19 - Energy Intensity Level of Primary Energy (M] /
per GDP PPP 2011 USD / World Bank)

A7 - Technology Innovation (GERD million PPP 2010 USD /
0ECD)

A20 - Energy Intensity Level of Primary Energy (Kgoe
per GDP PPP 2011 USD / World Bank)

A8 - Technology Innovation (GERD per GDP / World Bank)

A21 - Energy Intensity of GDP (Kgoe per thousand Euro
Chain Linked Volumes 2010 / Eurostat)

A9 - Technology Innovation (GERD million 2010 USD / World
Bank)

A22 - Coal Total Primary Energy Supply (Ktoe / IEA)

A10 - Technology Innovation (GERD per GDP / Eurostat)

A23 - 0il Total Primary Energy Supply (Ktoe / IEA)

A11 - Technology Innovation (GDP per direct material input PPP
2010 USD per kg / OECD)

A24 - Natural Gas Total Primary Energy Supply (Ktoe /
IEA)

A12 - Technology Innovation (GDP per direct material input PPP
current USD per kg / OECD)

A25 - Biofuels and Waste Total Primary Energy Supply
(Ktoe / IEA)

A13 - Final Consumption (gross national expenditure current
USD / World Bank)

3.2 Data Analysis and Descriptive Statistics

A26 - Non Combustion Electricity Generation (Ktoe /
IEA)

In this section we provide a deeper analysis of our data, which corroborated our choice for the

design of a learning framework combining neural networks and the RReliefF algorithm. Firstly

we submitted the data to a distribution analysis in order to assess the suitability of parametric and

non-parametric ML methods. Secondly, prediction targets and candidate predicators were

assessed for potential correlation.

3.2.1 Data Distribution Analysis

The prediction targets and the candidate predictors were assessed for Normal, LogNormal,
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Weibull, and Gamma distributions, by means of the following tests: a) Chi-Square, b) Anderson-
Darling, ¢) Cramer-von Misses, and d) Kolmogorov-Smirnov. The distribution analysis outcomes
are presented in Appendix 1, with all tests indicating the non-parametric nature of our research
data.

Among such tests, the Chi-Square significance is the strongest indicator that a distribution is a
good fit, where a value greater than 0.05 indicates that the data may likely fit the distribution, and
the higher the significance the better the distribution fit. Table 5 presents the Chi-Square
significance values for our dataset, what corroborate our conclusion on the need for a non-
parametric ML method such as NN.

Table 5. Chi-Square distribution test significance values.

Chi-Square Distribution Test - Significance Value
Prediction Distribution Feature Distribution

Target Normal LogNormal Gamma Weibull Normal LogNormal Gamma Weibull
T1 0 0 0 0.0004 Al 0 0 - 0.0004

T2 0.0007 0 0.0001 0.0048 A2 0.2875 0.0819 - 0.411
T3 0.0699 0.0286 0.0449 0.1076 A3 0.2335 0.2319 - 0.1921
T4 0.0018 0.0017 0.0018 0.0006 A4 0.4418 0.4456 0.4445 0.1177
T5 0.2726 0.1867 0.2159 0.4149 A5 0.7403 0.9326 0.9064 0.6198
T6 0.0037 0.0006 0.0012 0.0317 A6 0.0122 0.0179 0.016 0.0025
T7 0.0013 0 0.0001 0.0052 A7 0.643 0.3706 - 0.7653
A8 0.001 0.0019 0.0015 0.0001

A9 0.5328 0.5129 - 0.5075

A10 0.0178 0.0246 0.0223 0.0032

Al1 0.0236 0.0385 0.0332 0.0051

A12 0.0087 0.0203 0.0158 0.0016

A13 0.0001 0.0001 - 0.0001

Al14 0.2646 0.0795 - 0.3873

A15 0.3037 0.082 - 0.4162

Al6 0.5339 0.5798 0.5659 0.2806

A17 0.6358 0.6357 0.6377 0.5899

A18 0.3493 0.3115 0.3245 0.5072

A19 0.3418 0.1561 0.2235 0.4834

A20 0.4753 0.3137 0.3792 0.5814

A21 0.488 0.3151 0.3832 0.7899

A22 0.028 0.0316 - 0.0063

A23 0 0 - 0.0005

A24 0.1974 0.0572 - 0.3792

A25 0.0105 0.0935 - 0.0242

A26 0.0216 0.0108 - 0.1238

3.2.1 Data Correlation Analysis
Pearson's coefficient is a test that measures the statistical association between two continuous

variables as a function of the covariance observed between them. It provides information about
the magnitude of the association, or correlation, as well as the direction of the relationship.
The results of the Pearson correlation test are bound by some important assumptions regarding

the tested data, i.e. the variables should be normally distributed, a feature linearity and
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homoskedasticity. The test outcomes are values ranging -1 to +1, where +1 indicates a perfect
positive relationship, -1 indicates a perfect negative relationship, and a 0 indicates no relationship
exists; strong correlations are indicated by values between + 0.5 and + 1. The research data was
submitted to the test, and table 6 presents the potential predictors listed in order of correlation
strength.

Table 6. Pearson correlation test coefficients for prediction target T1.

Pearson Product-moment Correlation / Target: Total CO2 Emissions (MtCO2) (*) p-value is less than 0.05
Predictor Coefficient p-value Predictor Coefficient p-value (**) p-value is less than 0.01
A18(WB) 0.9668816  1.07E-09 *** A7 (OECD) .0.8692267 1.23E-05 *** (***) p-value is less than 0.001
A6 (OECD) -0.9513449 1.52E-08 *** A9 (WB) -0.8683733  1.29E-05 ***
A10 (EV) -0.9453401 3.38E-08 *** A25 (IEA) -0.8499821 3.05E-05 ***
A23 (IEA) 0.9381434  7.88E-08 *** A3 (EU) -0.8264887  7.92E-05 ***
A16 (IEA) 0.9357116  1.03E-07 *** A24 (IEA) 0.7928254  2.49E-04 ***
A8 (WB) -0.9335975 1.28E-07 *** A15 (EU) -0.7707846  4.74E-04 ***
A22 (IEA) 0.9290128  2.02E-07 *** A14 (EU) -0.7617238  6.06E-04 ***
A17 (IEA) 0.9266759  2.51E-07 *** A2 (EU) -0.7524735  7.70E-04 ***
Al11(WB) -0.9137785  7.54E-07 *** Al(WB) -0.6586972  5.52E-03 **
A12 (OECD) -0.910324  9.84E-07 *** A13 (WB) -0.5127864 4.22E-02 *
A21 (EU) 0.9017806  1.82E-06 *** A4 (EEA) 0.3722717  1.56E-01

A19 (WB) 0.8834384  5.73E-06 *** A5 (EEA) -0.1650201  5.41E-01
A20 (WB) 0.8834384 5.73E-06 *** A26 (IEA) -0.0055333 9.84E-01

The analysis of the Pearson's test outcomes flags down some important insights. The predictor
A18 (Energy Use) shows the strongest correlation with the total CO2 emissions, what is in
accordance with the knowledge accrued from the literature review. However, as regards to the
predictor A3 (population), the test result is counterintuitive, as it indicates a strong negative
relationship between population and CO2 emissions; the literature review also contradicts such
negative correlation.

Figure 3 provides the visualization of the predictors A18 and A3, and corroborates the
Pearson's test outcome. A deeper analysis of the test outcome raises another important flag, i.e.
the predictor A4 (Temperature HDD) shows an irrelevant correlation with total CO2 emissions,
and considering the research scope (Europe 28), such outcome seems inconsistent with the real-

world energy consumption dynamics.
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The combined analysis of table 6 and figure 6 indicates potential non-linearity between the
variables, as well as eventual additional violations of the Pearson's test assumptions. Thus there is
the need for a more sophisticated correlation analysis of the data, and as such, we submitted it to
the Spearman correlation test and to the Hoeffding’s D Statistic test.

Spearman correlation uses ranks instead of assumptions about the distributions of the two
variables and, as such, it analyzes the association between variables according to ordinal
measurement levels. Thus, the test does not assume that the variables are normally distributed,
and it can be applied to the cases in which the Pearson's assumptions (continuous-level variables,
heteroskedasticity, and normality) are not fulfilled.

Similarly to the Pearson's test, Spearman analysis outcomes are values between -1 and +1, and
the test results are representative once the data can be ordinally arranged and the scores on one
variable can be monotonically related to the other variable.

The Hoeffding’s D test (Hoeffding, 1948) measures the independence of the data sets by
computing the distance between the product of the marginal distributions under the null
hypothesis and the empirical bivariate distribution. The test is able to identify linear / non-linear,
monotonic / non-monotonic functions, and also non-functional relationships. The test outcome is
a value between -0.5 and +1 where larger values indicate stronger relationships, and there is no
information about the variables correlation direction.

We then continued the analysis of the potential abnormal results related to the predictors A3
and A4. Table 7 presents the results of the aforementioned tests, and it is possible to observe that
A3 increases its relative correlation level as the test sophistication is improved. Moreover,
Spearman test result corroborates the abnormal negative relationship between population and

total carbon emissions.
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Table 7. Potential predictors ranking according to the specified tests outcomes, for T1.

Pearson Product-moment Correlation /
Target: Total CO2 Emissions (MtCO2)

Spearman Rank-order Correlation / Target:
Total CO2 Emissions (MtCO2)

Hoeffding's D Correlation / Target: Total
CO2 Emissions (MtCO2)

Coefficien

Predictor  Coefficient p-value Predictor Coefficient  p-value Predictor p-value
A18 (WB) 0.9668816  1.07E-09 *** A18 (WB) 0.970588  4.72E-10 *** A18 (WB) 0.721872 1.00E-08 ***
A6 (OECD) -0.9513449  1.52E-08 *** A23 (IEA) 0.917647 5.53E-07 *** A10 (EV) 0.578183 1.00E-08 ***
A10 (EV) -0.9453401 3.38E-08 *** A16 (IEA) 0.914706  7.01E-07 *** A6 (OECD) 0.573296 1.00E-08 ***
A23 (IEA) 0.9381434  7.88E-08 *** A17 (IEA) 0.9 2.05E-06 *** A16 (IEA) 0.526377 1.00E-08 ***
A16 (IEA) 0.9357116  1.03E-07 *** A6 (OECD) -0.894118 3.01E-06 *** A23 (IEA) 0.505369 1.03E-08 ***
A8 (WB) -0.9335975  1.28E-07 *** A10 (EV) -0.888072 4.37E-06 *** A21 (EV) 0.478291 2.59E-08 ***
A22 (IEA) 0.9290128  2.02E-07 *** A22 (IEA) 0.879412  7.19E-06 *** A8 (WB) 0.477941 2.62E-08 ***
Al17 (IEA) 0.9266759  2.51E-07 *** A8 (WB) -0.797059 2.18E-04 *** Al17 (IEA) 0.445612 7.88E-08 ***
A1l (WB) -0.9137785  7.54E-07 *** A21 (EV) 0.788235  2.86E-04 *** A22 (IEA) 0.439309 9.76E-08 ***
A12 (OECD) -0.910324  9.84E-07 *** A19 (WB) 0.782353  3.41E-04 *** A9 (WB) 0.433707 1.18E-07 ***
A21 (EV) 0.9017806  1.82E-06 *** A20 (WB) 0.782353  3.41E-04 *** A19 (WB) 0.43254 1.23E-07 ***
A19 (WB) 0.8834384  5.73E-06 *** A9 (WB) -0.755882 7.06E-04 *** A20 (WB) 0.421919 1.76E-07 ***
A20 (WB) 0.8834384  5.73E-06 *** Al1 (WB) -0.752941 7.61E-04 *** A7 (OECD) 0.396008 4.26E-07 ***
A7 (OECD) -0.8692267  1.23E-05 *** A12 (OECD) -0.752941 7.61E-04 *** A3 (EU) 0.39274 4.77E-07 ***
A9 (WB) -0.8683733  1.29E-05 *** A3 (EU) -0.75 8.20E-04 *** A25 (IEA) 0.39274 4.77E-07 ***
A25 (IEA) -0.8499821  3.05E-05 *** A25 (IEA) -0.75 8.20E-04 *** A15 (EV) 0.377451 8.02E-07 ***
A3 (EU) -0.8264887  7.92E-05 *** A7 (OECD) -0.747059 8.82E-04 *** A1l (WB) 0.360177 1.44E-06 ***
A24 (IEA) 0.7928254  2.49E-04 *** A15 (EV) -0.726471 1.44E-03 ** A12 (OECD) 0.360177 1.44E-06 ***
A15 (EU) -0.7707846  4.74E-04 *** A2 (EU) -0.705882 2.25E-03 ** A2 (EU) 0.312208 7.39E-06 ***
Al4 (EV) -0.7617238  6.06E-04 *** Al4 (EV) -0.705882 2.25E-03 ** Al4 (EV) 0.312208 7.39E-06 ***
A2 (EU) -0.7524735  7.70E-04 *** A24 (IEA) 0.688235 3.20E-03 ** A24 (IEA) 0.236111 1.49E-04 ***
Al (WB) -0.6586972  5.52E-03 ** Al (WB) -0.597059 1.46E-02 * Al (WB) 0.197362 4.52E-04 ***
A13 (WB) -0.5127864  4.22E-02 * A13 (WB) -0.505882 4.56E-02 * A4 (EEA) 0.076564 2.07E-02 *
A4 (EEA) 0.3722717  1.56E-01 A4 (EEA) 0.4 1.25E-01 A26 (IEA) 0.015173 1.92E-01
A5 (EEA) -0.1650201  5.41E-01 A26 (IEA) 0.229412  3.93E-01 A13 (WB) 0.014006 2.01E-01
A26 (IEA) -0.0055333  9.84E-01 A5 (EEA) -0.091176 7.37E-01 A5 (EEA) -0.00852 5.27E-01

As regards to A4, the joint results imply that none of the tests were able to properly assess the

correlation level between temperature and CO2 emissions. In such scenario, the next data
analysis step comprised the use of a state-of-the-art computationally efficient, non-myopic, and
non-parametric algorithm able to indicate and weight complex patterns of association, i.e. the
RReliefF algorithm. Once a target variable is defined, RReliefF scores the correlated variables
with values ranging from -1 (worst) to +1 (best).

Table 8 presents the outcomes of the aforementioned analysis. The Hoeffding’s D test and the
RReliefF algorithm do not provide information about the variables correlation direction, thus
Pearson’s and Spearman’s outcomes are presented in terms of absolute value.

Although the RReliefF score for feature A3 does not contradict the information obtained by the
other tests, the analysis of the score attributed to feature A4 indicates a very high level of relative
correlation between temperature (A4) and CO2 emissions, whilst such condition was not

apparent in the other tests outcomes. Consequently, such discrepancy between the tests was
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further investigated.

Table 8. Data correlation tests comparative perspective for target T1.

Pearson Spearman Hoeffding's D . Pearson  Spearman Hoeffding's D )
Feature . R . RReliefF Feature . . X RReliefF
Correlation Correlation Correlation Correlation Correlation Correlation
Al 0.6587 0.5971 0.1974 0.0021 Al14 0.7617 0.7059 0.3122 0.0103
A2 0.7525 0.7059 0.3122 0.0187 Al5 0.7708 0.7265 0.3775 0.0086
A3 0.8265 0.7500 0.3927 0.0217 Al6 0.9357 0.9147 0.5264 0.0801
A4 0.3723 0.4000 0.0766 0.1016 Al17 0.9267 0.9000 0.4456 0.0728
A5 0.1650 0.0912 -0.0085 -0.0181 A18 0.9669 0.9706 0.7219 0.0698
A6 0.9513 0.8941 0.5733 0.0520 A19 0.8834 0.7824 0.4325 0.0525
A7 0.8692 0.7471 0.3960 0.0295 A20 0.8834 0.7824 0.4219 0.0525
A8 0.9336 0.7971 0.4779 0.0392 A21 0.9018 0.7882 0.4783 0.0636
A9 0.8684 0.7559 0.4337 0.0319 A22 0.9290 0.8794 0.4393 0.0558
A10 0.9453 0.8881 0.5782 0.0281 A23 0.9381 0.9176 0.5054 0.0578
All 0.9138 0.7529 0.3602 0.0553 A24 0.7928 0.6882 0.2361 0.1191
Al12 0.9103 0.7529 0.3602 0.0609 A25 0.8500 0.7500 0.3927 0.0104
A13 0.5128 0.5059 0.0140 -0.0295 A26 0.0055 0.2294 0.0152 0.0771

The aggregation level of the data is a characteristic that may adversely bound the effectiveness
of such tests. Therefore, the next research step comprised the analysis of the CO2 emissions in a
lower level of aggregation, i.e. the test of emissions data of specific industry / economy sectors.
Figure 7 shows the comparison between the emissions from commercial and public services (T4)

and temperature (A4).
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The similarities among the curves are relevant, and table 9 confirms such observation by
presenting the results of the Hoeffding’s D correlation analysis, where one may observe the
feature A4 listed as the most relevant one when T4 is the target variable. The application of the
Hoeffding’s D test to a carbon emissions dataset featuring a lower level of aggregation confirmed

the outcome of the previous RReliefF analysis.

Table 9. Hoeffding's D statistic test for prediction target T4.

Rank Feature Measure p-value Rank Feature Measure p-value
1 Ad 0.2464  6.94E-05 *** 14 Al 0.0716  2.46E-02 *
2 A16 0.2369  1.45E-04 *** 15 A9 0.0670 2.87E-02 *
3 A17 0.2055 3.57E-04 *** 16 Al1 0.0663  2.94E-02 *
4 A24 0.1967 4.60E-04 *** 17 Al12 0.0663  2.94E-02 *
5 A18 0.1406  2.63E-03 ** 18 A3 0.0587 3.82E-02 *
6 A20 0.1228 4.53E-03 ** 19 A25 0.0587 3.82E-02 *
7 A19 0.1094 7.01E-03 ** 20 A23 0.0579  3.93E-02 *
8 A6 0.1083 7.27E-03 ** 21 A15 0.0497  5.23E-02
9 A10 0.0957 1.10E-02 * 22 A7 0.0409  7.18E-02
10 A8 0.0909 1.29€-02 * 23 A22 0.0236  1.37E-01
11 A21 0.0847 1.58E-02 * 24 Al13 0.0018 3.36E-01
12 A2 0.0758 2.12E-02 * 25 A26 0.0000 3.64E-01
13 Al4 0.0758 2.12E-02 * 26 A5 -0.0412 1.00E+00

Based on such conclusions, the next research step consisted of the expansion of the RReliefF
analysis to our research dataset in its entirety, while taking the carbon emissions with a lower
level of aggregation, i.e. total emissions split into sectoral emissions (table 1). Table 10 presents
the results of the RReliefF scoring for our research data.

And still analyzing the feature A4, it is possible to observe a strong correlation towards the
target T6 (residential emissions), what is confirmed by the exploratory visualization in figure 8.
Such findings confirmed the applicability of the RReliefF algorithm to assess (score and rank) the
correlation level of our research data, and qualified its use in our learning framework features

engineering process.
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Table 10. RReliefF scores for the research validation dataset.

Continuous Target and Continuous Predictors Variable Importance Weight Analysis_RReliefF

Predictor Importance on Target Variable

Predictor Tl T2 T3 T4 T5 T6 T7
Al 0.0269 0.0441 -0.0015 -0.0334 0.0348 -0.0018 0.0147
A2 0.0264 0.0397 0.0078 -0.0228 0.0316 0.0048 0.0164
A3 0.0373 0.0543 0.02 -0.0283 0.0383 -0.0078 0.0248
A4 0.0469 0.0149 -0.002 0.0891 -0.0086 0.124 -0.0563
A5 -0.1044 -0.0813 -0.0378 -0.065 -0.0236 -0.0839 0.0176
A6 0.0528 0.0355 0.0437 0.0239 0.0241 0.0325 -0.007
A7 0.0425 0.0447 0.0078 -0.0093 0.0278 0.0223 0.0003
A8 0.0568 0.039 0.0532 0.0241 0.0257 0.035 -0.0069
A9 0.0512 0.0533 0.0046 -0.0024 0.0305 0.0271 0.0003
A10 0.0538 0.0396 0.0503 0.0171 0.0333 0.0294 -0.0095
All 0.067 0.0664 0.0336 0.0025 0.0379 0.0246 -0.0038
A12 0.0656 0.069 0.0349 0.0052 0.0397 0.0275 -0.0049
A13 -0.0161 -0.0136 0.0239 0.0113 0.0154 -0.0284 0.072
Al14 0.017 0.0272 0.0149 -0.0204 0.0272 0.0027 0.0131
A15 0.0185 0.0292 0.0158 -0.0204 0.0275 -0.003 0.0219
Al6 0.0582 0.0417 0.0455 0.0612 0.0288 0.0486 0.0303
A17 0.0283 -0.0017 0.0298 0.1019 0.0182 0.064 0.013
A18 0.0403 0.0183 0.0279 0.0773 0.0255 0.0571 0.0058
A19 0.0615 0.0582 0.0199 -0.0009 0.0287 0.0424 0.005
A20 0.0197 0.0231 0.0012 -0.0125 0.0159 0.0181 -0.0148
A21 0.0685 0.0622 0.0254 0.0042 0.0283 0.0496 0.0028
A22 0.1227 0.1367 -0.017 -0.0373 0.0652 0.0334 0.0038
A23 0.0476 0.0231 0.0483 0.055 0.0237 0.056 -0.0251
A24 0.0018 -0.0023 0.0091 0.0759 0.0279 0.0519 0.0039
A25 0.0243 0.0326 0.0342 -0.0114 0.0271 -0.0008 0.0117
A26 -0.0316 -0.0168 -0.0262 0.0437 -0.0138 0.0143 -0.0057
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4 RESEARCH METHODS

Our research main outcome comprises the design and implemention a computational learning
framework for carbon emissions predictions incorporating a RReliefF driven features selection
method, and an iterative neural network architecture construction.

The Relief family of algorithms (Kira and Rendell,1992; Robnik-Sikonja and Kononenko,
2003) incorporates the ability to qualify attributes in a dataset as a function of the Euclidean
distance computed between neighbouring instances. Such non-parametric and non-myopic
algorithms are able to capture non-linear relationships, and run in low-order polynomial time.

The algorithms outcomes are attributes weights probabilistically computed (Robnik-Sikonja
and Kononenko, 2003). Figure 9 graphically presents the designed framework, composed by four
modules: the Features Engineering Module (FEM), the Model Generation Module (MGM), the
Model Evaluation Module (MEM), and the Prediction Explanation Module (PEM).

4.1 Features Engineering and RReliefF Algorithm

In the proposed learning framework, the features engineering and the model generation (i.e.
NN architecture design) are iteratively accomplished by two modules, i.e. the Features
Engineering Module (FEM) and the Model Generation Module (MGM), as can be observed in
figure 9.

The FEM accomplishes the data dimensionality and quality treatment. Such combined
treatment is done by a RReliefF driven Backwards Feature Elimination (BFE) aiming at: a)
selecting relevant predictors, in order to reduce the dataset features space and avoid the
dimensionality curse; b) reducing the computational complexity of the learning algorithm
featured in the MGM; ¢) improving the accuracy of predictions; d) facilitating the interpretation
of results, and; e) reducing the data storage space. The feature selection process observes the

notation presented in tablel1.
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Table 11. RRelief algorithm notation.

Number of training instances: n (1) Number of features (attributes): a  (2)
Number of training instances (user defined; m < n) used to update W: m  (3)
Vector of Attributes (features): A, 4,,...,4, (4)
Instance Space (examples): I, I5,..., L, (5)
R; € I:randomly selected target instance  (6)
T(*): prediction value  (7) k: nearest instances I;  (8)
Nyc: weights for different ()  (9) Ny 4: weights for different attribute  (10)
NycgaalA]: weights for different prediction and different attribute  (11)

.o dq(i,)) rank(R;,I ;)\?2
ai,j) =og———— (12 (R
) 2= @D (12) dl(l']) =e ( [ ) (13)

rank(R;, I;): rank of instance /; in a sequence of instances ordered by the distance from R;  (14)

o: user defined parameter contolling the influence of the distance  (15)

|value (A,1;)—value (A,l,)|

dlff (AP 11! 12) = max(A)—min(A) (16)

The RReliefF Algorithm, as presented in figure 10, uses as input a vector of attribute values
[A] and predicted value T for each training instance I, and provide as outcome a vector W

containing the score of the attributes.

1. setall Ny, Nga [A], Nicgda [A], W [A] to 0;

2. fori:=1 to m do begin

3 randomly select instance R;;

4, select K instances /; nearest to R;;

5 for j := 1 to k do begin

6. Nac := Nyc +diff(z(-),Ri,15) - d(i, J)

7. for A := 1 to a do begin

8 Naa[A] := Naa|A] + diff(A, R;, 1) - d(i, J);
9 NacsadalA] := NacgaalA] + diff(z(-),Ri, I;)-

10. diff(A,R;,1;) - d(i, j):
1. end;

12. end;

13. end;

14. forA:=1toado

15. W [A] = NdC&dA [A}f’deC - (NdA [A] — NdC&dA [AD;’(m —Ndc);

Figure 10 - RReliefF algorithm (Robnik-Sikonja and Kononenko, 2003).
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As observed in the algorithm steps 8 and 9, RReliefF uses equation 16 for the iterative update
of features weights according to theirs probabilistic relevance for the predictions. The intuition
behind such weights computation as an expression of probabilistic relevance is conveyed by

equation 17.

WIA] = PdiffCldiffA . PdiffA _ 1- PdiffCldiffA) . PdiffA

(17)
Pairsc 1= Pyirsc

In the formulation of equation 17, Py;sf4 represents the probability of having different values
of A within the nearest instances, Py;src represents the probability of having a different
prediction within the nearest instances, and Pyirrc|aiffa Tepresents the probability of having a

different prediction given a different value of A within the nearest instances.

4.2 Iterative Neural Network Architecture Design
Within the FEM, the initial features A; ... A,¢ (potential predictors) are scored by the RReliefF

algorithm, the features then are indexed and ranked based on the attributed scores, what leads to a
rearranged feature set. Next step, the interaction with the MGM starts, i.e. the rearranged features
set is fed to the Backpropagation Neural Network Architecture (NN/BP), the network is trained
and the vector containing the current learning framework status (features subset, NN/BP
architecture, NN/BP prediction accuracy) is stored. Subsequently, new features subsets are
created by backward feature elimination, the NN/BP is trained with the new subset, and the
learning framework status vector is updated. The NN/BP featured in the MGM has the following
characteristics:

* Feed-forward network v(x) defined as follows:

v(x) = fEWEFLI(WEL L FA(Wx)...)) (18)
* Number of layers: 3;

* Hidden layer activation function (transfer function): logistic (sigmoid), defined as
follows:

fri) = (19)
Yool 4 e
* Training method: backpropagation;
¢ Normalization method: unit interval;

* Training cost (loss) function: residual sum of squares, defined as follows:
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RSS = D (i —v(x)?  (20)

where:
y; is the i*" value of the target variable;
x; is the i*" value of the predicting variable;

v(x;) is the predicted value of y;.

As previously mentioned, the FEM and the MGM interact in an iterative way, and such
interaction allows for an innovative BFE/RReliefF driven improvement for the NN/BP, i.e. the
number of neurons in the hidden layer is changed along with the features subsets, and the
learning framework status vector is updated accordingly. Once framework stop conditions are
achieved, the status vector encloses the best features subset and the best NN/BP architecture in

terms of prediction accuracy.

4.3 Learning Framework Evaluation
As observed in figure 9, the Model Evaluation Module (MEM) built in the implemented

learning framework features the best NN/BP architecture (MGM outcome) and feeds it with the
evaluation dataset. The module also features three additional ML models (Support Vector
Machine - SVM, Gradient Boosting Machine - GBM, and Random Forest - RF), which are used
to complement (benchmarking) the learning framework performance evaluation. The results of
the benchmarking are presented in the next subsection, along with the overall assessment of the

proposed framework performance.

4.3.1 Original Contribution
To the best of our knowledge, our proposed learning framework is the first to implement an

iterative neural network architecture improvement supported by a Backward Feature Elimination
search method driven by the RReliefF algorithm (Crespo et al., 2021).

The framework iteratively learns (NN/BP architecture, features subset) on ad hoc basis, i.e.
specifically for each economy / industry sector. The implemented framework evaluation /
validation processes benefited from real world data accrued by the EU, OECD, IEA, and the
World Bank. The whole dataset covers the period 1990 - 2017, and the training and test datasets
were determined in accordance to the Pareto principle for data sampling.

Table 12 presents the accuracy (Root Mean Square Error - RMSE for the test dataset) of the

proposed learning framework for the totality of the EU28 CO2 emissions as well as for sectoral
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emissions. The table also presents the accuracy for the experiment control NN/BP, the framework
featuring NN/BP supported by plain BFE (NN/BP-BFE), and the framework featuring NN/BP
supported by RReliefF driven BFE (NN/BP-RReliefF/BFE).

The accuracy figures in table 12 demonstrate the improved performance of the proposed
learning framework when compared to the control NN/BP, as well as to other possible framework
designs. The table also presents the number of predictors in the learned features subset, and the
number of neurons in the hidden layer.

As observed in table 12, the proposed approach combining backward feature elimination,
RReliefF feature qualification, and iterative improvement of the NN/BP architecture effectively
boosted the carbon emissions prediction accuracy for the EU28 scope dataset.

The computational complexity of the neural network is O(h%), where h is the number of
hidden layers and a is the number of features (predictors), and the training process converged in
less than 100 epochs, with a learning rate of 0.1. The RReliefF algorithm computational
complexity is O(n.m.a), where n is the number of training instances, and m is the number of
training instances used by the algorithm to update the weights. The computational environment
featured the CPU Intel 19-9900k supported by the GPU NVIDIA RTX 2080 (8Gb) and 32 Gb
DDR4 RAM, and the whole prediction process took approximately 1 hour (average) per
prediction target. Appendix 2 encloses complete information about the computational

environment used in the research.
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Table 12. Computational learning framework evaluation figures (Crespo et al., 2021).

Model P t
Industry / Economy odel Parameters /

37

Prediction Accuracy Methods
Sector .
Metric
NN- Proposed
NN Control NN-BFE RReliefF/BFE ~ Framework
#Predictors 26 15 17 21
Total Emissions (T1) # Neurons HL 3 3 3 7
RMSE (MtCO2) 692.5226 191.9399 145.2302 143.2545
#Predictors 26 9 24 18
Energy Industries
Emissions (T2) # Neurons HL 3 3 3 7
RMSE (MtCO2) 264.1396 55.5251 80.3972 53.0494
#Predictors 26 8 12 20
Industry Emissions # Neurons HL 3 3 3 3
(T3)
RMSE (MtCO2) 139.3530 5.6810 7.6481 5.6749
. #Predictors 26 11 5 18
Commercial and
Public Services # Neurons HL 3 3 3 5
Emissions (T4) RMSE (MtCO2) 15.8050 10.9382 9.0678 6.4312
#Predictors 26 21 14 21
Transport Emissions # Neurons HL 3 3 3 5
(T5)
RMSE (MtCO2) 63.3391 29.1528 40.6110 26.5271
#Predictors 26 12 12 16
Residential (T6) # Neurons HL 3 3 3 5
RMSE (MtCO2) 99.7645 24.2505 22.3417 21.9795
#Predictors 26 19 13 12
Aviation (T7) # Neurons HL 3 3 3 4
RMSE (MtCO2) 6.9858 6.9283 6.9406 6.9285




4.3.2 Learning Framework Validation
The validation of the original contribution provided by the proposed learning framework

consisted of two different analysis. Firstly, its outcomes were compared to three current
mainstream ML models (i.e. SVM, GBM, RF) using our research dataset. Secondly, our accuracy
figures were benchmarked against the results of recently published researches targeting carbon
emissions prediction.

In the validation process we worked with mean absolute percentage error - MAPE as the
accuracy metric, and focused on the prediction target T1 (total CO2 emissions). Thus the best
performing model (MAPE performance) designed by our proposed learning framework features 7
neurons in the hidden layer, and 16 predictors out of the candidates presented in table 3, i.e.: A18,
A4, A23,A16,A8,A17,A10, A6, A22, A12, A11, A25, A9, A7, A24, and A26.

The trained framework achieved 2.28% accuracy performance (MAPE) on the test dataset, and
table 13 allows us to benchmark the result of the proposed learning framework with the results of
other NN/BP implementations.

Table 13. Computational learning framework benchmarking figures (MAPE) for
prediction target T1 - Total EU28 Carbon Emissions-NN/BP specific (Crespo et al., 2021).

Method NN/BP | NN/BP | NN/BP- N:\IL/S%P NN/BP | NN/BP | NN/BP- NN/BP-
Proposed (Zhou (Sun et CT (Liu (Zhou (Sunet | PCA (Sun [ RF (Wen
(Zhou
. Framework etal, al., etal, P etal, al., etal, etal,
Comparison 2017) 2017) 2017) 2017" 2018) 2019) 2019) 2020)
Parameters )
EU28 China China China China China China China China
Scope
1990 1993 1980 1960 1993 1995 1990 1990 1997
2017 2014 2014 2011 2014 2014 2016 2016 2017
Test Instances (years) 5 5 5 5 5 5 5 5 4
# Predictors 16 (26) 5 11 3 5 5 24 24 7 (17)
MAPE 2.28 5.07 5.49 3.43 2.53 3.72 4.03 2.87 8.09

Table 14 compares the result of our proposed framework with the results of three ML models
(GBM, RF, SVM) supported by plain BFE, and using our research dataset, as well as against the
results of recently published researches models other than NN/BP.
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Table 14. Computational learning framework benchmarking figures (MAPE) for the
prediction target T1 - Total EU28 Carbon Emissions-mainstream ML models (Crespo et al.,
2021).

Method Econometric/ | ./ (Sun SVM-RF | FGMVM
Proposed GBM- RF- SVM- System el (Wen et (Jiang et
. Framework BFE BFE BFE Dynamics 2017’) al., al.,
Comparlson [6] 2020) 2020)
Parameters
EU28 EU28 EU28 EU28 Ecuador China China China
Scope
1990 1990 1990 1990 1980 1980 1997 2008
2017 2017 2017 2017 2010 2014 2017 2016
Test Instances (years) 5 5 5 5 - 5 4 2
. 16 (26) 17 19 6 (26) 25 11 7 (17) 3
# Predictors (26) (26)
MAPE 2.28 7.05 7.98 17.58 15.96 5.77 13.37 15.14

The figures in tables 13 and 14 reinforce the relevance of the results accrued by our research,
and confirm ANNs as a powerful algorithm capable of processing a large amount of non-linear
and non-parametric data. The RReliefF algorithm, in turn, efficiently assess and rank the
predicting variables (features) by effectively addressing non-linear relationships, time series,
noisy and correlated features, as well as features interactions of high order (complex patterns
associations).

The iterative combination of these two algorithms produced a powerful and scalable prediction
tool able to process huge datasets featuring complex and incomplete data. The improved ad hoc
learning capability of our framework makes it potentially applicable to any region in the world,
and for any level of data aggregation

Whereas our original contribution represents an important step towards the better design and
implementation of environment protection initiatives and policies, its effectiveness would be
greatly enhanced once combined with an explainable Artificial Intelligence (XAI) technique,

given the black-box nature of ANN algorithms.

4.3 Predictions Explanation

The learning framework evaluation process provided solid evidence on the effectiveness of our
proof of concept (POC). However, the framework real-world applicability would immensely
benefit from the potential understanding about how predictors (features) influenced the
predictions. Such crucial knowledge would be key in supporting the design of effective carbon
emissions reduction initiatives, policies and investments.

In such scenario, global and local (i.e. time period and/or feature-wise restricted) predictors

impact analysis could greatly support the conception and implementation of broad / focused,
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short-medium-long term environmental actions, moreover those ones required due to the

occurrence of disruptive events such as natural disasters or economic crises.

4.3.1 Explainable Artificial Intelligence - XAI

Within the Al / ML domain, explainability is understood as the extent to which the internal
mechanics of an algorithm can be explained in human terms. Additionally, the proper
understanding and application of the explainability concept requires the interpretability
definition, i.e. the extent to which an Al / ML device allows for the understanding / anticipation
of its behavior, upon changes in the inputs or on the algorithmic parameters.

Explainable Artificial Intelligence (XAI) is one of the most recent and relevant research focus
within the Computational / Statistical Learning and Data Science domains. Whereas traditional
Software Engineering rely on mature testing and verification processes in order to guarantee the
quality of the designed applications, Al devices and Machine Learning applications, most of the
times, require additional analysis to assess whether they are trustworthy, as regards to the impacts
of their outcomes on human beings.

Regarding ML outcomes, it is critically important to ensure that its predictions accuracy
performance relies on valid features (predictors) computations, i.e. the ML model is providing the
right answer for the right reasons. Such requirement is particularly challenging when dealing with
black-box ML models such as Artificial Neural Networks (ANN) and Support Vector Machines
(SVM), moreover when their uses take place in areas such as diagnostic medicine, safety and
security, public services, finance and insurance, and policy making.

In such context, a ML solution featuring a global XAI capability would reveal the modeled
relationship among predictors and prediction targets, yet eventually subject to relevant
approximations. Additionally, the inclusion of local XAl capability would allow the model to
provide insights accrued from explanations / interpretations derived from specific dataset
portions.

Specifically addressing our research, although ANNs are top performing, non-parametric and
scalable algorithms, they lack the required algorithmic transparency (in terms of weights and
bias) to adequately support policy making and decision-making processes targeting the complex
environmental challenges.

Therefore, in order improve the applicability of our POC, tool we added an XAI module
(PEM) featuring the capacity to unravel the relationships between the predictors and the
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predictions in both global and local perspectives.

4.3.2 Global Explanations - Partial Dependency
In order to unravel predictors-predictions relationships on a global level, the Predictions

Explanation Module features a partial dependency technique based on Friedman (2001). Consider
our prediction function v (i.e. the ANN), data features X = [Ay,4,,...,4,] = [As, A_g], where
Ay is the feature to have the partial dependency computed, and A_g = (A4, ..., Ag_1,Ag41, ..., Ag)
for a total number of features (predictors) a, and n training data records (instances). The partial

dependence function v at Ay is then defined by:
Vs(4s) = EA_S [v(4s, Ag)] = fV(As'A—s) dP(A_s) (21)

As demonstrated by equation 21, the partial dependence v, is expressed in terms of the
expectation of v over the marginal distribution of all features in to A_g. Given that each A has its
own dependence function, which provides the average value of v when Ay is fixed and A_g varies
over its marginal distribution dP(A_y). However, the true function v and dP(A_;) are not know,
thus the Monte Carlo method is applied and the dependence function is practically estimated by

averaging over the training data records:

n

1
) ==Y v(AuAL)  (22)

i=1

Finally, a specific feature global impact on the prediction is computed as the difference
between the maximum dependence value minus the It is important to highlight that the partial
dependence function relies on the assumption that the features in A are not correlated. Although
the violation of such assumption is expected to redound in inconsistent average computations (i.e.
unlikely / impossible impact values), the numerical and graphical outcomes of the learning

framework allows us to eventually identify and disregard such undesirable results.

4.3.3 Local Explanations - Linear Interpretable Model-agnostic Models - LIME
Regarding local explanations, the implemented XAI module applies a Perturbation Approach,

according to which inputs in the neighbourhood of a specific instance are perturbed, and the
consequential variations on the outputs are used to assess the predictive impact of this instance
(Robnik-Sikonja and Bohanec, 2018).

Among the methods within the XAI Perturbation-based approach, our learning framework was
featured with the Local Interpretable Model-agnostic Explanations - LIME (Ribeiro et al., 2016).

LIME is a scalable method that creates local interpretable surrogate models (explanations) around
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a given instance in order to estimate how data points influence the global model predictions.

LIME translates the explanation problem into an optimization problem. The search space
comprises explanations generated by the local interpretable surrogate models g € G, where G is a
class of interpretable models. Locality is defined by a proximity measure 7 (x, z) expressing the
distance between an instance z and x. The interpretability degree of the surrogate model is
assessed by means of a complexity measure (g). Thus, by considering f(x) the model to be
explained, the local fidelity measure £ (f, g, m) express how unfaithful g is in approximating f
in the locality . Finally the LIME outcome ensuring both interpretability and local fidelity is
defined by:

e(x) =argmin L(f,g,m) + Q(g) (23)
gEG

Within the learning framework XAI module, the model to be explained is defined as
f(x) =v(x) (i.e. the ANN). G comprises ridge regression models for the perturbed sample
z' € Z (perturbed samples dataset), such that g(z’) = B, - z'. The complexity measure Q(g) is

expressed in terms of non-zero coefficients in the linear model,  is defined by the Euclidian
distance, and the local fidelity is computed as square loss. We thus define:
L(f.g.m) = Z n(x,z) (v(z) —g(2))* (24)
7,267
From a general perspective, for each prediction to be explained, LIME algorithm permutes
(perturbation) the observation n times; the statistics for each variable are extracted and
permutations are then sampled from the variable distributions. The model to be explained then
predicts the outcome of all permuted observations, and the algorithm calculates the Euclidian
distance from all permutations to the original observation, and selects the m features with highest
absolute weight in a ridge regression fit of the complex model outcome.
Afterwards a simple model is fitted to the permuted data, explaining the complex model
outcome with the m features from the permuted data weighted by its distance to the original
observation. And finally, the algorithm extracts the feature weights from the simple model and

use them to explain the local behavior of the complex model.
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S EXPERIMENTATION RESULTS AND DISCUSSION

Upon validation of the developed learning framework, and in order to reinforce the
applicability of our research contribution, we used a different datasets and different prediction

targets, as presented hereafter.

5.1 European Union (EU28) Total CO2 Emissions Case

This case study targets EU28 total CO2 emissions (MtCO2, excluding land use, land-use
change, and forestry - LULUCF), as recorded by the World Resources Institute's Climate Data
Explorer (CAIT). The potential predictors, obtained from the World Bank (WB) database, include
24 candidate indicators, covering the period 1970 - 2014 (as presented in table 15 below).

Table 15. EU28 case study candidate predictors.

Candidate Predictors (prediction model features)

A1l -Total Energy Use (MtOE / WB) A13 - Population (WB)

A2 - Fossil Fuel Energy Use (MtOE / WB) A14 - Temperature (Population Weighted HDD / Eurostat)

A3 - Alternative and Nuclear Energy Use (MtOE / WB) A15 - Temperature (Population Weighted CDD / Eurostat)

A4 - Combustible Renewables and Waste Energy Use (MtOE / WB) A16 - GDP (Current M USS / WB)

A5 - Total Electricity Production (GWh / WB) A17 - GNI (Current M USS / WB)

A6 - Total Electricity Use (GWh / WB) A18 - Final consumption expenditure (current M USS / WB)

A7 - Electricity Production_Coal (GWh / WB) A19 - General government final consumption expenditure (current M USS / WB)
A8 - Electricity Production_Oil (GWh / WB A20 - Households and NPISHs Final consumption expenditure (current M USS / WB)
A9 - Electricity Production_Natural Gas (GWh / WB) A21 - Adjusted net national income (current M USS$ / WB)

A10 - Electricity Prodcution_Nuclear (GWh / WB) A22 - Air transport_Freight (million ton-km / WB)

A11 - Electricity Production_Hydroelectric (GWh / WB) A23 - Air transport_Passengers carried / WB)

A12 - Electricity Prodcution_Renewables (GWh / WB) A24 - Education expenditure (current M USS / WB)

With the object of validating the learning framework with the new dataset, we conducted 4
experiments and analyzed their accuracy performance. The training dataset for the control
experiments (i.e. Control 1 and Control 2) consisted of the 1970 - 2005 period instances, and the
learning framework predicted CO2 emissions for the period 2006 - 2014. The control
experiments configuration relies on the Pareto principle for data sampling, and aims at assessing
the framework performance under ideal conditions.

The actual experiments (i.e. Experiment 1 and Experiment 2) have as training input the
candidate predictors instances of the 1970 - 2009 period, and the predictions covers the 5 years
period 2010 - 2014, what resembles the common EU-ETS CO2 emissions allocation timespan.

Table 16 presents the framework accuracy performance, for all experiment configurations.
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Table 16. Learning framework accuracy performance for different experiment
configurations, for prediction target EU28 Total CO2 emissions.

Experiment Configuration (Prediction Model Complexity Best Accuracy Performance
. Learning | Predicted | # Predictors | # Neuros RMSE MAE
Experiment Error Type MPE (% MAPE (%
5 Instances | Instances | (features) HL b (MtCO2) (MtCO2) (%) (%)
Control 1 21 9 Test Error 235.4859 187.3018 2.4809 4.9159
36 9
Control 2 17 8 Training Error | 179.2002 145.3326 0.9703 3.4755
Experiment 1 19 7 Training Error | 234.8836 177.4893 3.3558 4.2183
40 5
Experiment 2 22 8 Test Error 155.4359 120.1669 1.0530 3.5018

As can be observed in table 16, the learning framework performed well in all experiment
configurations, what confirms the proof of concept (POC) findings presented in chapter 5.
Among the actual experiments, Experiment 2 presented the best accuracy performance for all
computed metrics.

In order to ensure the value of our implemented learning framework, we benchmarked
experiment 2 against two multiple linear regression baseline models. The baseline model 1
features all the 24 candidate predictors for this case study. Baseline model 2 features the 22
predictors as selected by the learning framework, and the results are showed in table 17.

Table 17. Learning framework accuracy performance for different experiment
configurations, for prediction target EU28 Total CO2 emissions.

Prediction Target: Total CO2 Emissions
. . # Accuracy Performance
Experiment I:\i:;:l;i T:::;::: Predictors | Error RMSE MAE MPE (%) | MAPE (%)
(features) | Type (MtCo2) | (MtCO2)
Baseline model 1 24 Test Error| 396.7206 | 354.2928 | -10.3835 | 10.3835
Baseline model 2 40 5 22 Test Error| 312.6989 | 283.5342 | -8.2977 8.2977
Experiment 2 22 Test Error| 155.4359 | 120.1669 | 1.0530 3.5018

Regarding the baseline linear models, regularization techniques (Lasso, Ridge) did not increase
the their accuracy performance and, as such, we confirm the value of our research contribution.
Therefore, Experiment 2 configuration will be used hereafter in order to present and discuss all

the outcomes provided by the implemented learning framework.

5.1.1 Learning Framework Outcomes and Predictions Explanation
Experiment 2 configuration predicted CO2 emissions for the years 2010, 2011, 2012, 2013 and

2014, with accuracy performance of 3.5018% MAPE and 155.4359 MtCO2 RMSE. Although

such accuracy performance might reassure the relevance of our research contribution, the
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potential explanation on how predictors contributed to the predictions would greatly improve its
effectiveness in supporting the delineation of environment protection initiatives and policies.
Therefore, we present hereafter the outcomes of XAl module featured in our learning framework.

At this point it is extremely important to highlight that the exploration of the XAI domain is in
its very beginning. Thus, this part of our contribution is not intended to provide definitive and
robust explanations as regards to the predictors impacts. It is rather meant to provide educated
insights useful for both research paths, i.e. XAl domain exploration, and Climate Change

avoidance efforts.

5.1.1.1 Global Explanation
The XAI global explanation method featured in our learning framework, as presented in

section 4.3.2, provided the outcomes summarized in table 18. The features impacts are presented
in three different forms, i.e.: a) the absolute partial dependence function outcome values
('Impact'); b) the feature contribution percentage values ('Pct'); and c¢) the standardized outcome
values, with the greater contribution set to 1 (Std_Impact). We then ranked the features according
to their standardized impact on the predictions, as presented in figure 11.

Table 18. Predictors global impact- EU28.

Partial Dependence Function Outcomes - Total CO2 Emissions (T1)
Feature Impact Pct_Impact | Std_Impact | |Feature Impact Pct_Impact | Std_Impact
Al 144.13285410.03646731(0.21281584 ( |A21 144.69434810.03660937 | 0.2136449
Al10 318.319437(0.08053856 | 0.47000678 | (A22 81.230962 [0.02055239|0.11993959
All 223.392462|0.05652092 [ 0.32984467 | |A23 138.388991|0.03501404 | 0.20433488
Al3 91.2514313|0.02308769 (0.13473507 | |A24 427.127003|0.10806816 | 0.63066392
Al4 410.683082(0.10390765 | 0.60638406| (A3 112.279696|0.02840808 | 0.16578384
Al6 139.346322|0.03525626 | 0.2057484 | [A4 25.8080618|0.00652974 ( 0.03810626
Al7 118.0481340.02986757]0.17430108 | |A5 108.234275]0.02738455|0.15981067
Al8 47.8574516| 0.0121085 |0.07066275( |A6 77.5376221(0.01961793|0.11448628
Al19 29.4748616 (0.00745749|0.04352039| (A7 327.297902(0.08281022 | 0.48326371
A2 677.265635(0.17135618 1 A8 49.3176515|0.01247795(0.07281877
A20 56.323643 | 0.01425054 | 0.0831633 A9 204.37348 | 0.0517089 | 0.30176266

The partial dependence function only indicates the absolute impact values, and such values are
computed over the whole prediction period; in our research case, the impact figures refer to the
period 2010 - 2014. Thereafter, the analysis of the ranked predictors clearly confirms how
impacting the use of fossil fuel (feature A2) is. Such finding, however, only corroborates to the
common understanding about the CO2 emissions dynamics, what leads us to a deeper analysis of

predictors with less clear and/or straightforward impacts.
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Figure 11 - Standardized features impact - EU28 Total CO2
emissions.

The second greater impacting feature, i.e. education expenditure (A24), makes an interesting
research case, and definitely should lead us to further investigation. Figure 12 presents the scatter
plot for the scaled values for total CO2 emissions (T1) and A24 for the training dataset. We
observe in the figure the following elements: a) the least-squares linear regression curve (solid
line); b) a loess non-parametric local regression curve (dashed line); c¢) the loess curves for the
positive and negative root-mean-square residuals from the original loess curve (dot-dashed lines);

and d) the univariate marginal boxplots.
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Figure 12 - Scatter plot and linear models for T1 - A24.

The regression curves were studied so that we could assess the possibility of implementing the
predictions by means of simpler models. And the loess models on the residuals helped us to
understand conditional spread and asymmetry in the error, also in the attempt to potentially solve
the prediction problem with less complex models. Such models, however, performed very poorly
on test data.

Figure 13 presents the effect plot representing how our neural network architecture modeled
the relationship between T1 and A24 in the context of our dataset (training data), considering the

data complexities discussed in Chapter 3, and help us understand why the simpler models failed.
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Figure 13 - Effect Plot for T1 - A24.

Figure 13 presents a completely different model when compared to the simpler regression
models. Moreover, in figure 14 we observe the outcomes of the partial dependence function, over
the learning framework predictions (years 2010-2014), in terms of a partial dependence plot.
Such plot depicts how the neural network model fitted the relationship between T1 and 24 over

the test dataset, as explained in section 4.3.2, and corroborates the suitability of a more complex
ML model.
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Figure 14 - Partial Dependence Plot for T1 - A24.
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The third greater feature A14 (i.e. temperature - HDD) impacting dynamics study is also worth
furthering in future work, mainly considering the findings presented in section 3.2.1. The
following figure 15 combines the scatter plot, the effect plot, and the partial dependence plot for
the predictor A14, and also allows us to accomplish a deeper analysis of its influence of the CO2
emissions.

Based on such analysis, we acknowledged, for instance, how important heating issues (heating
methods, heating efficiency, commercial buildings and households thermal preparation, etc.) are
in the context of CO2 emissions. We also know that climate and weather phenomena directly
determine temperature patterns, usually conditioned by seasonal and / or specific local factors. In
such scenario, a more granular analysis would greatly contribute to a better understanding of the

predictor-prediction influence dynamics.
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Figure 15 - Scatter Plot, Effect Plot, and Partial Dependence Plot joint presentation for T1 - A14.
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When it comes to the further investigation of the predictors impacting dynamics, it is important
to bare in mind the ANN capacity to grasp complex non-linear relationships as well as eventual
correlations among features. In such context, we might expect, for instance, an increase in energy
production from oil leading to a reduction on total predicted CO2 emissions, once such increase
drives to the reduction of energy production from coal, which is a more polluting process.

The identification of the aforementioned phenomenon, similarly to the challenges faced on the
T1-A14 relationship, requires the analysis of the predictors' impacts on a local level, which may
be accomplished by means of the outcomes provided by the local explanation method featured in

our learning framework.

5.1.1.2 Local Explanations
In order to explore the potentialities of our learning framework local explanation capability, we

will continue the analysis of the relationship between the predictor A14 (temperature HDD) and
the total CO2 emissions. As explained in section 4.3.3, tables 19, 20, 21, 22, and 23 compiles the
explanations of the predictions for the years 2010, 2011, 2012, 2013, and 2014 respectively,
considering the local impact of each of the 22 predictors.

In the tables we can observe the following values: a) the actual emissions; b) the learning
framework surrogate linear model intercept (constant); c) the learning framework prediction
accomplished by the surrogate linear model; d) the surrogate linear local model R-squared
measure (R2); e) the computed features' weights (local Ridge regression model coefficients); f)
the influence intervals.

Regarding the influence intervals, the figures presented in the tables indicate the values of the
predictor (observed / to be maintained) that had driven / would drive such predictor to impact the
prediction as indicated by the attributed feature weight.

We then continued the investigation of temperature HDD (A14) impacts on the predictions,
this turn by means of local explainability. The figures in table 19, for instance, indicate that
temperature values kept under 0.632 (scaled value) led to a very mild negative impact (i.e. -

9.177758829) on total CO2 emissions in 2010.
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Table 19. Prediction local explanation - EU28 2010.

T1 - Year (case): 2010
Framework
Actual Surrogate Surrogate | Surrogate
. Model Feature [Feature Weight| Influence Interval
Emissions Model Model R2
Intercept .
Prediction

A2 16.70921252 0.713 < A2
Al4 -9.177758829 0.632<A14
Al 26.23353674 0.788 < Al
A8 102.0943548 0.665 < A8
A7 -70.18413094 A7 <=0.644
Al3 43.04655374 A13 <= 0.406
A24 -128.7303733 A24 <=0.124
All -202.095464 0.689 < A11
Al6 45.00174737 Al6<=0.127
A20 15.64716751 A20<=0.137

3709.97065 |3612.03796 | 3658.06924 ( 0.94102422 A2l 87.98202268 A21<=0.127
A4 -17.630824 0.5049 < A4
A18 53.71611893 A18 <=0.138
Al7 -131.0937024 Al17<=0.127
Al19 16.69259266 |0.138 <A19 <=0.400
A5 23.03029779 0.914 < A5
A22 -0.007659697 0.741 < A22
A10 -56.27366059 0.902 < A10
A6 201.6021454 0.905 < A6
A3 31.65827713 | 0.285 < A3 <=0.766
A23 19.64687642 A23 <=0.109
A9 -21.83605346 0.566 < A9

In table 20, for the year 2011, we observe that temperature values kept under or (at most) equal
to 0.337 (scaled value) led to a (slightly greater, whilst still very mild) negative impact (i.e. -
18.41449669) on emissions. As regards to 2012 (table 21), values kept between 0.438 and 0.632
lead to a positive impact (i.e. 20.0605607) on emissions. On 2013 though, as presented in table
22, the aforementioned temperature values led to a huge positive impact (i.e. 325.2005964) on
total CO2 emissions. Finally, in the year 2014 (table 23) we observe that temperature values kept
under or (at most) equal to 0.337 led to a huge negative impact (i.e. -264.9825967) on the
emissions. And such findings indicate consistency between the global and the local explanations
implemented techniques. The local explanation tables for the training dataset are compiled in

Appendix 4.
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Table 20. Prediction local explanation - EU28 2011.

T1 - Year (case): 2011

Framework
Actual surrogate Surrogate | Surrogate Feature
Emissions Model Model Model R2 Feature Weight Influence Interval
Intercept .
Prediction
A2 -44.708506 | 0.606 < A2<=0.713
Al4 -18.414497 Al4 <=0.337
Al -22.844961 | 0.513<A1<=0.715
A8 -44.084863 | 0.461 < A8 <=0.665
A7 13.4062302| 0.644 < A7<=0.797
Al13 -133.90062 A13 <=0.406
A24 67.7996364 0.591 < A24
All -2.8847993 All<=0.457
Al6 66.2222044 0.592 < Al6
A20 25.4649633 0.601 < A20
3562.2537613933.658913991.24147 (0.99827398 A2l "121.46384 0.595 <A21
A4 -44.433791 A4 <=0.0681
A18 35.5982139 0.601 < A18
Al7 160.619934 0.592 < A17
Al19 -43.049409 0.592 < A19
A5 8.3738199 | 0.372<A5<=0.639
A22 -44.840295 0.741 < A22
Al0 205.744496 | 0.274 < A10 <= 0.805
A6 -42.347954 | 0.377 < A6 <=0.638
A3 15.0122752 A3 <=0.285
A23 66.8022629| 0.263 < A23 <=0.609
A9 -44.48793 0.566 < A9
Table 21. Prediction local explanation - EU28 2012.
T1 - Year (case): 2012
Framework
Actual Surrogate Surrogate | Surrogate Feature
Emissions Model Model Model R2 Feature Weight Influence Interval
Intercept .
Prediction
A2 -268.14672 | 0.470 < A2 <= 0.606
Al4 20.0605607 | 0.438 < A14 <= 0.632
Al -131.18377 Al<=0.513
A8 -97.512199 | 0.461 < A8 <= 0.665
A7 -33.237177 0.865 < A7
Al3 120.685974 A13 <=0.406
A24 -148.97633 A24<=0.124
All -59.43559 Al11<=0.457
Al6 -58.506108 Al16<=0.127
A20 -33.534844 A20<=0.137
3513.81632|4630.49356 |3812.08003 | 0.98970941 A2l -112.67576 A21 <=0.127
A4 91.9854981 0.5049 < A4
Al8 71.9225408 A18<=0.138
Al7 -46.053591 Al7 <=0.127
Al19 112.850595 A19<=0.138
A5 -12.209662 | 0.372 < A5 <=0.639
A22 -27.288562 A22 <=0.140
Al10 -14.089269 A10<=0.274
A6 28.4678414 | 0.638 < A6 <=0.905
A3 -80.055045 A3<=0.285
A23 -4.1697561 |0.263 < A23 <= 0.609
A9 -137.31215 | 0.224 < A9 <= 0.566
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Table 22. Prediction local explanation - EU28 2013.

T1 - Year (case): 2013

Framework
Surrogate
A,Ctl,jal Model SO ST LU Feature FeaFure Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A2 147.718748 A2 <=0.470
Al4 325.200596 | 0.438 < A14 <=0.632
Al 75.8844676 Al<=0.513
A8 173.586787 A8 <=0.338
A7 -34.190307 | 0.644 < A7 <=0.797
A13 -105.17006 | 0.406 < A13 <=0.640
A24 148.949336( 0.392 < A24<=0.591
All -512.68439 0.689 < A1l
Al6 -157.44196 0.592 < Al6
A20 74.5297742| 0.404 < A20<=0.601
3433.9392813607.85209|4203.034510.98706912 A21 113.976237 0.595<A21
A4 -33.778555 0.5049 < A4
A18 -32.521886 | 0.405 < A18 <=0.601
Al7 16.6719962 0.592 < A17
Al19 13.606445 0.592 < A19
A5 144.874964 | 0.372 < A5 <= 0.639
A22 -134.6204 | 0.140 < A22 <=0.363
A10  [145.787843 A10 <=0.274
A6 2.07286224| 0.377 < A6 <= 0.638
A3 69.0586435| 0.285 < A3 <=0.766
A23 -7.071713 | 0.263 < A23 <=0.609
A9 160.742994] 0.224 < A9 <= 0.566
Table 23. Prediction local explanation - EU28 2014.
T1 - Year (case): 2014
Framework
Surrogate
A.ctL.JaI Model SUTOEEN || SUTTCCETES Feature FeaFure Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A2 -296.64813 A2 <=0.470
Al4 -264.9826 Al14 <=0.337
Al -9.5412737 Al<=0.513
A8 -49.322855 A8 <=0.338
A7 -137.60411 A7 <=0.644
Al3 168.094198 0.805 < A13
A24 27.1974996 0.591<A24
All -22.139102 0.689 <A1l
Al6 -168.80832 0.592 < Al6
A20 -18.279535 0.601 < A20
3246.993684627.91838|3263.07105]0.96633996 A2l ->4.195235 0.595 < A21
Ad -69.215558 0.5049 < A4
A18 -37.815498 0.601 < A18
Al7 -135.93829 0.592 < Al17
Al19 -33.874442 0.592 < A19
A5 75.7487551 A5 <=0.372
A22 -13.194805 [ 0.363<A22<=0.741
A10 151.741288 A10<=0.274
A6 -150.4886 A6<=0.377
A3 -80.407627 0.946 < A3
A23 15.0448258 0.609 < A23
A9 -260.21791 A9 <=0.188
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5.2 Canada Emissions Case
The learning framework was also applied for the prediction of Canadian emissions. This case

study targeted total CO2 emissions, as well as emissions from transportation, and residential
buildings and commercial/public services. Table 24 presents the candidate predictors, i.e.
Canadian economic/energy indicators gathered from the World Bank databases, covering the

period 1960 - 2014.

Table 24. Canada case study candidate predictors.

Candidate Predictors (prediction model features)

A13 -Merchandise imports (current M USS / WB)

A14 - Households and NPISHs Final consumption expenditure
(current M USS / WB)

Al -Total energy use (MtOE / WB)
A2 - Alternative and nuclear energy use (Mtoe / WB)

A3 - Combustible renewables and waste energy use
(Mtoe / W:) ! W W gyu A15 - Final consumption expenditure (current M USS / WB)
A16 -General government final consumption expenditure
(current M USS / WB)

A17 - Urban population (WB)

A4 - Total electricity production (GWh / WB)

A5 - Electricity production_Hydroelectric (GWh / WB)
A6 - Electricity production from oil, gas and coal (GWh /
WB)

A7 - Electricity production_natural gas (GWh / WB)

A18 - Food production index (2004-2006 = 100 / WB)

A19 - Aquaculture production (metric tons / WB)

A20 - Transport services (% of commercial service exports /
WB)

A21 - Transport services (% of commercial service imports /
WB)

A8 - Electricity production_coal (GWh / WB)

A9 - Electricity production_oil (GWh / WB

A10 - Electricity prodcution_Nuclear (GWh / WB)
A11 - Electricity production from renewable sources,
excluding hydroelectric (GWh / WB)

A12 - Merchandise exports (current M USS / WB)

A22 - Transport services (% of service exports, BoP / WB)
A23 - Transport services (% of service imports, BoP / WB)

A24 - Merchandise trade (current M USS / WB)

Table 25 presents the performance of the learning framework on predicting CO2 emissions, as
previously mentioned. The performance figures, for the three predicting targets, demonstrates the

consistency and robustness of our research contribution

Table 25. Learning framework accuracy performance for Canada case studies.

Canada Case Studies
Model Complexity Best Accuracy Performance
Learning [Predicted # #
E i t RMSE MAE
xperimen Instances |Instances| Predictors | Neuros | Error Type MPE (%) |[MAPE (%)
(Mtco2) | (Mtco2)
(features) HL
Canada - Total 9 9 test 10.5362 9.9820 1.2744 1.9058
Canada - Transportation | 20 (1960- | 5(2010- 13 9 test 52355 | 4.0486 | 2.4433 | 2.4433
2009) 2014)
Canada - Residential
Buildings/Commercial- 12 8 test 2.9453 2.4345 1.1734 3.2677
Public Services
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5.2.1 Canada Total CO2 Emissions
The learning framework predicted total Canadian CO2 emissions with MAPE performance of

1.9058%. The predicting model features 9 neurons (hidden layer) and 9 predictors, which were
ranked by RReliefF as follows: A23 (transport services, % of service imports), A22 (transport
services, % of service exports), A20 (transport services, % of commercial service exports), A21
(transport services, % of commercial service imports), Al (total energy use), Al7 (urban
population), A6 (electricity production from oil, gas and coal), A8 (electricity production from
coal), and A3 (combustible renewables and waste energy).

Table 26 and figure 16 present the global explanation outcomes for the Canadian total CO2
emissions for the predictions 2010 - 2014.

Table 26. Predictors global impact - Canada / total CO2

emissions.

Partial Dependence Function Outcomes - Total CO2 Emissions /
2010 - 2014

Feature Impact Pct_Impact Std_Impact

Al 16.50184891 | 0.216323947 0.70326394

Al7 23.46465952 | 0.307599941 1

A20 4.103792775 5.38E-02 0.174892492

A21 6.917601827 9.07E-02 0.294809384

A22 0.717612262 9.41E-03 3.06E-02

A23 6.937871511 9.09E-02 0.295673223

A3 3.489040442 4,57E-02 0.148693419

A6 8.460628872 | 0.110911004 0.360569002

A8 5.689986775 7.46E-02 0.242491768
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As can be observed in figure 16, urban population and total energy use were the main drivers
of CO2 emissions for the period 2010 - 2014. Such impacts can be better analyzed by means of

the local explanations provided by the learning framework, as presented in tables 27, 28, 29, 30,

and 31.

AT

Al

Ab

A23

A2l

AB

A3

A2

0.0

0.2 0.4

0.6

0.8 1.0

Figure 16 - Standardized features impact - Canada total CO2
emissions.

Table 27. Prediction local explanation - Canada 2010 / total CO2 emissions.

Total CO2 Emissions - Year (case): 2010 / MtCO2

Framework
Actual surrogate Surrogate Surrogate Feature
o Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept ..
Prediction
A23 20.2320708 A23<=0.143
A22 19.0529393 A22 <=0.166
A20 -13.011613 A20<=0.165
A21 35.4211879 A21<=0.132
527.263262 |306.756096 | 548.3443575 | 0.78325513 Al 126.375308 0.855< A1l
Al7 55.6209404 0.744 < A17
A6 22.7066019 0.800 < A6
A8 2.75491345] 0.613<A8<=0.763
A3 -27.564087 | 0.533 < A3 <=0.805




Table 28. Prediction local explanation - Canada 2011 / total CO2 emissions.

Total CO2 Emissions - Year (case): 2011 / MtCO2

Framework
Actual surrogate Surrogate Surrogate Feature
. Model & Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept ..
Prediction
A23 31.4410302| 0.143 < A23 <=0.293
A22 10.7273701 A22 <=0.166
A20 18.7981503 A20<=0.165
A21 -2.585209 | 0.132<A21<=0.271
522.774854(230.391147(556.1237521(0.83403484 Al 172.766559 0.855< A1
Al17 113.102245 0.744 < A17
A6 4.510506 0.800 < A6
A8 -13.163365 [ 0.613 < A8 <=0.763
A3 -9.8646817 | 0.533 < A3 <=0.805

Tables 27, 28, 29, 30, and 31 allows for a more detailed perspective on how each predictor

impacted the total CO2 emissions in each particular case (year), and the local explanations

present a high level of consistency with the global explanation outcomes.

However, we may observe that urban population and total energy use, i.e. predictors A17 and

A1 (whilst again indicated as the two most impacting drivers) appeared in a different order, with

A1 being identified, from a local explanation perspective, as the most impacting predictor. Such

discrepancies are to be subject to future investigation.

Table 29. Prediction local explanation - Canada 2012 / total CO2 emissions.

Total CO2 Emissions - Year (case): 2012 / MtCO2

Framework
Actual Surrogate Surrogate Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 19.8259389 A23<=0.143
A22 -11.774899 A22 <=0.166
A20 31.153174 A20<=0.165
A21 28.9831467 A21<=0.132
517.721728(203.269713 |540.9957849 | 0.84545818 Al 161.338818 0.855< A1
Al7 79.1598358 0.744 < A17
A6 8.42477553| 0.565 < A6 <=0.800
A8 13.6126907| 0.305<A8<=0.613
A3 7.00259064 0.805< A3
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Table 30. Prediction local explanation - Canada 2013 / total CO2 emissions.

Total CO2 Emissions - Year (case): 2013 / MtCO2

Framework
Surrogate
Actual Surrogate Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 36.0820365 A23<=0.143
A22 7.80463291 A22 <=0.166
A20 14.8018395 A20<=0.165
A21 36.082037 A21<=0.132
519.1885281233.145147 | 539.9633652 | 0.83471627 Al 107.478418 0.855 <Al
Al7 60.0863115 0.744 < A17
A6 6.19191333| 0.565 < A6 <=0.800
A8 17.5965745| 0.305<A8<=0.613
A3 20.6944551 0.805 < A3

Table 31. Prediction local explanation - Canada 2014 / total CO2 emissions.

Total CO2 Emissions - Year (case): 2014 / MtCO2

Framework
Surrogate
Actual Surrogate Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept ..
Prediction
A23 -8.2660458 A23<=0.143
A22 5.60502543 A22 <=0.166
A20 11.9284325 A20<=0.165
A21 10.9882845 A21<=0.132
540.614809|234.807686 [ 539.9862407 | 0.78252619 Al 169.377926 0.855 < Al
Al7 90.1071538 0.744 < A17
A6 11.4888438 0.800 < A6
A8 43.8837694 | 0.305<A8<=0.613
A3 -29.934835 0.805< A3

As final insights, both the global and local explanations indicates that urban population,

energy production and transportation are important drivers of the Canadian CO2 emissions, thus

requiring special attention as regards to the design and implementation of carbon policies and

initiatives.

5.2.2 Canada Transportation Sector Emissions

The learning framework predicted Canadian transportation sector CO2 emissions with MAPE

performance of 2.4433%. The predicting model features 9 neurons (hidden layer) and 13

predictors, which were ranked by RReliefF as follows: A22 (transport services, % of service
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exports), A20 (transport services, % of commercial service exports), A23 (transport services, %
of service imports), A21 (transport services, % of commercial service imports), Al (total energy
use), A3 (combustible renewables and waste energy), A8 (electricity production from coal), A17
(urban population), AS (hydroelectricity production), A6 (electricity production from oil, gas and
coal), A4 (total electricity production), A2 (alternative and nuclear energy use), and A9
(electricity production from oil).

Table 32 and figure 17 present the global explanation outcomes for the Canadian transportation
sector CO2 emissions for the predictions 2010 - 2014.

Table 32. Predictors global impact - Canada / transport CO2
emissions.

Partial Dependence Function Outcomes -Transport CO2
Emissions / 2010 - 2014

Feature Impact Pct_Impact Std_Impact
Al 5.304277162 | 0.190890863 0.856336597
Al17 1.81784139 | 0.06542066 0.293477144
A2 1.712584988 | 0.061632682 0.27648427
A20 2.014999421 7.25E-02 0.32530686
A21 0.92180542 3.32E-02 0.148818716
A22 0.595833834 2.14E-02 9.62E-02
A23 0.294364934 1.06E-02 4.75E-02
A3 1.654392745 5.95E-02 0.26708956
A4 3.121937568 | 0.112352605 0.504013895
A5 6.194149802 | 0.22291569 1
A6 1.697024026 6.11E-02 0.273972067
A8 0.813886067 2.93E-02 0.131395929
A9 1.643864644 5.92E-02 0.265389875
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Figure 17 - Standardized features impact - Canada
Transport CO2 emissions.

As can be observed in figure 17, electricity production and total energy use were the most
important factors for transportation CO2 emissions, in the period 2010 - 2014. Such impacts can
be better analyzed by means of the local explanations provided by the learning framework, as

presented in tables 33, 34, 35, 36, and 37.



Table 33. Prediction local explanation - Canada 2010 / transport CO2 emissions.

Transport - Year (case): 2010 / MtCO2

Framework
Surrogate
A_CtL_'aI Model surrogate | Surrogate Feature Fea'Fure Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A22 -3.877988483 A22 <=0.166
A20 13.43889475 A20<=0.165
A23 0.443588579 A23 <=0.143
A21 -5.643092001 A21<=0.132
Al 49.30024093 0.855< Al
A3 -5.885100777| 0.533 < A3 <=0.805
164.671311 (76.5880882 | 169.03715 [ 0.99755481 A8 11.49114891 | 0.613 < A8<=0.763
Al7 13.44215089 0.744 < A17
A5 -10.57513911 0.849 < A5
A6 11.73627134 0.800 < A6
A4 -21.76811904 0.859 < A4
A2 20.80121646 0.855< A2
A9 19.54498551 [ 0.250 < A9 <=0.403

Table 34. Prediction local explanation - Canada 2011 / transport CO2 emissions.

Transport - Year (case): 2011 / MtCO2

Framework
Actual Surrogate Surrogate | Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A22 -16.555381 A22 <=0.166
A20 24.5858122 A20<=0.165
A23 14.8993744( 0.143 < A23<=0.293
A21 31.5650105| 0.132 < A21<=0.271
Al 48.7720091 0.855< A1
A3 12.8068542 | 0.533 < A3 <=0.805
159.73277 (83.1663379|165.394678|0.91199492 A8 11.7611189( 0.613 <A8<=0.763
Al7 5.79013813 0.744 < A17
A5 -16.16365 0.849 < A5
A6 -9.2580775 0.800 < A6
A4 -36.491171 0.859< A4
A2 5.77857357 0.855 < A2
A9 4.73772939 A9 <=0.250
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Table 35. Prediction local explanation - Canada 2012 / transport CO2 emissions.

Transport - Year (case): 2012 / MtCO2

Framework
Surrogate
A,Ctlfal Model SRIICLEE | UL Feature Fea'Fure Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A22 -1.5124353 A22 <=0.166
A20 8.9185495 A20<=0.165
A23 -2.6660927 A23<=0.143
A21 3.36061322 A21<=0.132
Al 41.996091 0.855 <A1l
A3 -3.2322644 0.805< A3
160.453764 (81.7620155164.947719 10.92210452 A8 7.45107054 | 0.305<A8<=0.613
Al7 17.3990555 0.744 < A17
A5 -8.2746889 0.849 < A5
A6 18.5933879| 0.565 < A6 <=0.800
A4 5.0561166 0.859< A4
A2 -1.5539351 0.855 < A2
A9 -2.3497643 | 0.250 < A9 <=0.403

Table 36. Prediction local explanation - Canada 2013 / transport CO2 emissions.

Transport - Year (case): 2013 / MtCO2

Framework
Surrogate
A_CtL_jaI Model surrogate | Surrogate Feature Fea'Fure Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A22 -15.28407264 A22 <=0.166
A20 0.788742313 A20<=0.165
A23 0.444386721 A23 <=0.143
A21 26.87100834 A21<=0.132
Al 43.24603504 0.855 <A1l
A3 -0.297346538 0.805 < A3
161.599596 | 76.6940003 | 165.64411 (0.98213673 A8 13.09856584 [ 0.305 < A8 <=0.613
Al17 12.50770695 0.744 < A17
A5 -20.16688416 0.849 < A5
A6 18.10622615 | 0.565 < A6 <=0.800
A4 7.777174081 0.859< A4
A2 -2.943974714 0.855 < A2
A9 4.802546374 | 0.250 < A9 <=0.403
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Table 37. Prediction local explanation - Canada 2014 / transport CO2 emissions.

Transport - Year (case): 2014 / MtCO2
Framework
Actual Surrogate Surrogate | Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction

A22 -5.9683494 A22 <=0.166
A20 8.69340426 A20<=0.165
A23 12.4600116 A23 <=0.143
A21 16.7842689 A21<=0.132

Al 27.0804422 0.855< A1

A3 6.17168097 0.805 < A3

168.76135 (88.3837607 | 169.99571 |0.91917546 A8 4.32171631| 0.305 < A8 <=0.613

Al7 11.5312003 0.744 < A17

A5 -12.30918 0.849 < A5

A6 9.42810137 0.800 < A6

A4 4.28202308 0.859 < A4

A2 2.69960938 0.855 < A2

A9 -3.5629793 | 0.250 < A9 <=0.403

Here it is important to make some important remarks, i.e. both the global and local
explanations indicates that urban population, energy production and transportation are important
drivers of the Canadian CO2 emissions, thus requiring special attention as regards to the design

and implementation of carbon policies and initiatives.

5.2.3 Canada Residential Buildings, Commercial and Public Services Emissions
The learning framework predicted Canadian residential buildings, commercial and public

services CO2 emissions with MAPE performance of 3.2677%. The predicting model features 8
neurons (hidden layer) and 12 predictors, which were ranked by RReliefF as follows: A23
(transport services, % of service imports), A22 (transport services, % of service exports), A20
(transport services, % of commercial service exports), A21 (transport services, % of commercial
service imports), Al (total energy use), A9 (electricity production from oil), A17 (urban
population), A8 (electricity production from coal), A6 (electricity production from oil, gas and
coal), A3 (combustible renewables and waste energy), A4 (total electricity production), and A5
(hydroelectricity production).

Table 38 and figure 18 present the global explanation outcomes for the Canadian residential

buildings, commercial and public services CO2 emissions for the period 2010 - 2014.
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Table 38. Predictors global impact - Canada / residential
buildings, commercial and public services CO2 emissions.

Partial Dependence Function Outcomes -
Residential Buildings - Commercial and Public
Services (T5) / 2010 - 2014
Feature Impact Pct_Impact | Std_Impact
Al 4.35029658 |0.17156639(0.81052022
Al7 1.02606887| 4.05E-02 |0.19117077
A20 0.76932664 | 3.03E-02 |0.14333616
A21 3.18881286(0.12575996 | 0.59411979
A22 1.1504513 | 4.54E-02 |0.21434493
A23 1.15506031| 4.56E-02 ]0.21520366
A3 1.59601161| 6.29E-02 |0.29735896
A4 3.35300812(0.13223547|0.62471163
A5 0.75717954( 2.99E-02 |0.14107298
A6 0.5861665 | 2.31E-02 | 0.1092109
A8 5.36728942(0.21167441 1

A9 2.05667348 | 8.11E-02 |0.38318662
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Figure 18 - Standardized features impact - Canada

residential buildings, commercial and public services CO2

emissions.



Figure 18 indicates that energy generation and use, and transportation are key factors

impacting CO2 emissions in Canada. Such impacts can be better analyzed by means of the local

explanations provided by the learning framework, as presented in tables 39, 40, 41, 42, and 43.

Table 39. Prediction local explanation - Canada 2010 / residential buildings, commercial
and public services CO2 emissions.

Residential Buildings - Commercial and Public Services - Year (case): 2010 / MtCO2

Framework
Actual Surrogate Surrogate Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 6.87873336 A23<=0.143
A22 -2.2645985 A22 <=0.166
A20 11.8422239 A20<=0.165
A21 1.4666742 A21<=0.132
Al 18.1348675 0.855< A1l
72.684752 |53.4989426 ( 86.99866786 | 0.89785987 A9 2.856:02 | 0.250 < A9 <= 0.403
Al7 4.06061152 0.744 < A17
A8 5.62769355| 0.613 < A8<=0.763
A6 -5.3170439 0.800 < A6
A3 8.83770219| 0.533 < A3 <= 0.805
A4 -8.8764002 0.859 < A4
A5 -6.9192541 0.849 < A5

Table 40. Prediction local explanation - Canada 2011 / residential buildings, commercial
and public services CO2 emissions.

Residential Buildings - Commercial and Public Services - Year (case): 2011 / MtCO2

Framework
Actual Surrogate Surrogate Surrogate Feature
. Model g g Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 2.13722616] 0.143 < A23 <=0.293
A22 -13.629856 A22 <=0.166
A20 0.60148034 A20<=0.165
A21 -3.5182392 | 0.132< A21<=0.271
Al 13.5076743 0.855< Al
76.133057 |61.0539707|87.19823557|0.65964212 AI 7.61678142 A9 <= 0.250
Al7 2.84194329 0.744 < A17
A8 7.37827349| 0.613 <A8<=0.763
A6 5.09601879 0.800 < A6
A3 3.14010691| 0.533 <A3<=0.805
A4 -4.8216393 0.859< A4
A5 5.79449433 0.849 < A5
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Table 41. Prediction local explanation - Canada 2012 / residential buildings, commercial
and public services CO2 emissions.

Residential Buildings - Commercial and Public Services - Year (case): 2012 / MtCO2

Framework
Actual Surrogate Surrogate Surrogate Feature
. Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 14.6950619 A23<=0.143
A22 -9.8126521 A22 <=0.166
A20 6.1149378 A20<=0.165
A21 -1.2995322 A21<=0.132
Al 25.9086227 0.855< A1l
69.688505 |63.1001871 | 78.79614622 | 0.83447909 A9 6.6245107 | 0.250<A9 <= 0.403
Al7 -0.9301557 0.744 < A17
A8 0.49242417| 0.305<A8<=0.613
A6 -1.9832551 | 0.565 < A6 <=0.800
A3 -1.2067185 0.805 < A3
A4 -16.942612 0.859< A4
A5 -5.9646728 0.849 < A5

Table 42. Prediction local explanation - Canada 2013 / residential buildings, commercial
and public services CO2 emissions.

Residential Buildings - Commercial and Public Services - Year (case): 2013 / MtCO2

Framework
Actual surrogate Surrogate Surrogate Feature
o Model Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept ..
Prediction
A23 15.0167766 A23<=0.143
A22 -11.978087 A22 <=0.166
A20 -1.6314605 A20<=0.165
A21 -4.9442984 A21<=0.132
Al 20.9141958 0.855< A1l
71.580904 |66.8055092 | 75.26936623 [ 0.89614686 A9 68733137 | 0.250 < A9 <= 0.403
Al7 1.66258621 0.744 < A17
A8 10.1565083 | 0.305 < A8 <= 0.613
A6 -3.3926595 | 0.565 < A6 <=0.800
A3 -0.4386881 0.805 < A3
A4 1.32616775 0.859 < A4
A5 -11.35387 0.849 < A5
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Table 43. Prediction local explanation - Canada 2014 / residential buildings, commercial

and public services CO2 emissions.

Residential Buildings - Commercial and Public Services - Year (case): 2014 / MtCO2
Framework
Actual Surrogate Surrogate Surrogate Feature
. Model g g Feature . Influence Interval
Emissions Model Model R2 Weight
Intercept .
Prediction
A23 10.1041958 A23<=0.143
A22 -0.6973597 A22 <=0.166
A20 -1.6038575 A20<=0.165
A21 9.64758103 A21<=0.132
Al 27.5331084 0.855 <A1l
77.095014 |48.8492732|78.35733854 (0.88502959 A9 0.672578 | 0.250 <A9 <= 0.403
Al7 -2.3457831 0.744 < A17
A8 3.25237888| 0.305<A8<=0.613
A6 -1.7480318 0.800 < A6
A3 -1.6217341 0.805< A3
A4 -6.9187134 0.859< A4
A5 -6.7662972 0.849 < A5

As regards to residential buildings, commercial and public services, both the global and local
explanations corroborate the relevance energy production and transportation for the Canadian
CO2 emissions scenario.

As final remarks, we highlight that the presented case studies demonstrated the capability of
our learning framework to foster the understanding of the carbon emissions drivers' dynamics.
The combination of predictions, global model explanations (features global impacts), and local
model explanations (features local weights) conform consistent resources in support of new and

improved environmental initiatives and policies.
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6 CONCLUSIONS AND FUTURE WORK

Environmentally sustainable development is globally recognized as a critical condition for the
continuing habitability of the planet, and such fact has been consistently motivating several
international efforts aimed at implementing a universally agreed framework able to support
economic development and protect the environment concomitantly, such as the Kyoto Protocol.

In such context, the proper understanding of the carbon emissions drivers and its dynamics is a
key factor for the design and implementation of effective and efficient initiatives and polices, e.g.
carbon markets. Thus, the accurate forecast of such emissions is one of the most important inputs
for any decision-making process targeting climate change / global worming avoidance.

Therefore, in our attempt to contribute to such global environmental challenge, we
implemented a learning computational framework for carbon emissions predictions. Our
framework features the capacity to iteratively improve the prediction features set and the
backpropagation neural network (NN/BP) architecture according to the data statistical assessment
computed by the RReliefF algorithm.

In order to validate the implemented learning framework, we used real world data obtained
from the European Union, International Energy Agency and World Bank, for the period 1990-
2017. The learning framework validation process consisted of predictions for 7 different CO2
emissions targets whtihin the EU28 scope, i.e. total, energy industries, industrial, commercial and
public services, transport, residential, and aviation. The learning framework's accuracy
performance were substantially superior to 3 designed control models.

The outcomes of the learning framework were then evaluated against different NN/BP based
solutions (NN/BP, NN/BP-BFE, NN/BP-RReliefF/BFE, NN/BP-CT, NN/BP-IPSO, NN/BP-PCA,
NN/BP-RF)), as well as different mainstream machine learning models (GBM-BFE, RF-BFE,
SVM-BFE, SVM-RF). Our MAPE accuracy performance for EU28 total CO2 emissions reached
2.28%. Such result demonstrated the effectiveness of our approach in terms of increased
prediction accuracy when compared to other current research approaches.

Although the Neural Network and RReliefF iterative integration effectively and efficiently
addressed the carbon emissions prediction challenges, the proposition of policy improvements
based on such predictions would require further analytical efforts towards a proper understanding
of how each predictor contributed to the final predictions.

Therefore, our learning framework was featured with an additional capability designed to
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provide information on how the predictors impacted the predictions. The prediction module thus
computes global model explanations by means of partial dependence functions, and local model
explanations by means of the interpretable model-agnostic explanations (LIME) algorithm.

As a complement to the validation process, we conducted 4 additional case studies. In such
case studies we targeted: a) EU28 total CO2 emissions with a different database (MAPE accuracy
performance of 3.5018%); b) Canada total CO2 emissions (MAPE accuracy performance of
1.9058%); ¢) Canada transport CO2 emissions (MAPE accuracy performance of 2.4433%); and
d) Canada residential buildings, commercial and public services CO2 emissions (MAPE accuracy
performance of 3.2677%).

The learning framework outcomes for the case studies consisted of the emissions predictions,
as well as the global and the local explanations of such predictions. The framework predictive
performance, combined with the machine learning model global explanations (features global
impacts), and local model explanations (features local weights) conforms a consistent means to
support the design of new and improved environmental initiatives and policies, what allow us to
conclude that our research objectives were accomplished.

Finally, the learning framework outcomes are also expected to provide some ground for future
researches targeting carbon emissions causality analysis, as well as potential improvements on

both ANNs and XAI techniques.

69



REFERENCES

Anger, A. (2010). Including aviation in the European emissions trading scheme: impacts on the
industry, CO2 emissions and macroeconomic activity in the EU. Journal of Air Transport
Management, vol. 16(2), pp. 100-105.

Cui, Q., L1, Y. & Wei, Y. (2017). Exploring the impacts of EU ETS on the pollution abatement
costs of European airlines: An application of Network Environmental Production Function.
Transport Policy, vol. 60, pp. 131-142.

Allevi, E., Gnudi, A., Konnov, L.V. & Oggioni, G. (2018). Evaluating the effects of
environmental regulations on a closed-loop supply chain network: a variational inequality
approach. Annals of Operations Research, 261(1-2), pp. 1-43.

Chang, C. (2010). A multivariate causality test of carbon dioxide emissions, energy consumption
and economic growth in China. Applied Energy no. 87 pp. 3533-3537.

Chang, K. and Chang, H. (2016). Cutting CO2 intensity targets of interprovincial emissions
trading in China. Applied Energy, vol. 163, pp. 211-221.

Crespo, A. M. F., & Wang, C. (2020). European Union Emissions Trading Scheme: Design
Evolution and Effectiveness Analysis. In Awasthi, A., & Grzybowska, K. (Eds.), Handbook
of Research on Interdisciplinary Approaches to Decision Making for Sustainable Supply
Chains (pp. 189-210). IGI Global. doi:10.4018/978-1-5225-9570-0.ch009.

Crespo, A.M.F., Wang, C., Crespo, T.M.F., Weigang, L., Barreto, A. (2021). Learning
framework for carbon emissions predictions incorporating a RReliefF driven features
selection and an iterative neural network architecture improvement. SN Applied Sciences 3,
(460). doi: 10.1007/s42452-021-04411-z.

European Commission. (2015a). Climate action progress report 2015. Report from the
Commission to the European Parliament and the Council No. COM (2015) 576). Brussels:
EC.

European Environment Agency. (2018a). Total greenhouse gas emission trends and projections.
EEA Web content management system, Copenhagen: EEA. Available at
www.eea.europa.eu/data-and-maps/indicators/greenhouse-gas-emission-trends-
6/assessment-2 (Accessed 16 Jul 2019).

European Environment Agency. (2018b). Trends and projections in Europe 2018: tracking
progress towards Europe's climate and energy targets. Report No.16/2018, Luxembourg:
Publications Office of the European Union. doi:10.2800/931891

European Environment Agency. (2018c). Annual European Union greenhouse gas inventory
1990-2016 and inventory report 2018", Submission to the UNFCCC Secretariat No.
5/2018. Copenhagen: EEA.

European Environment Agency. (2018d). Trends and projections in the EU ETS in 2018: the EU

70



emissions trading system in numbers. Report No.14/2018, Luxembourg: Publications
Office of the European Union. doi:10.2800/542773.

European Commission. (2016). The EU Emissions Trading System (EU ETS). ISBN 978-92-79-
62396-7. doi:10.2834/6083.

Eurostat. (2020). European Statistical Dashboard. UpToDate. Retrieved Jul 16, 2020, from
https://ec.europa.eu/eurostat/web/main/data/database.

Friedman, J. H. (2001). Greedy function approximation: a gradient boosting machine. Annals of
Statistics, 29: pp. 1189-1232.

Gavard, C., Winchester, N., Paltsev, S. (2016). Limited trading of emissions permits as a climate
cooperation mechanism? US—China and EU-China examples. Energy Economics, vol. 58,
pp. 95-104.

Guan, D., Hubacek, K.,Weber, C. L., Peters, G. P., Reiner, D. M. (2008). The drivers of Chinese
CO2 emissions from 1980 to 2030. Global Environmental Change Part A: Human &
Policy Dimensions, vol. 18(4), pp. 626-634.

Hoeffding W. (1948). A non-parametric test of independence, Annals of Mathematical Statistics,
19, pp. 546-57.

Hong, K., Jung, H. & Park, M. (2017). Predicting European carbon emission price movements.
Carbon Management, vol. 8(1), pp. 33-44, DOI:10.1080/17583004.2016.1275813.

Hong, 1., Su, J.C.P., Chu, C. & Yen, C. (2018). Decentralized decision framework to coordinate
product design and supply chain decisions: evaluating trade-offs between cost and carbon
emission. Journal of Cleaner Production, vol. 204, pp. 107-116.

IEA. (2020). Data and statistics. UpToDate. Retrieved Jul 16, 2020, from
https://www.iea.org/data-and-
statistics?country=EU28&fuel=C02%20emissions&indicator=CO2BySource.

International Energy Agency - IEA. (2020). European Union 2020: Energy Policy Review,
Available at www.iea.org (Accessed: 15 Out 2020), p. 310.

Javanmard A, Montanari A. (2014). Confidence Intervals and Hypothesis Testing for High-
Dimensional Regression. Journal of Machine Learning Research, no. 15 pp. 2869-2909.

Kira, K., Rendell, L. A. (1992). The feature selection problem: traditional methods and a new
algorithm. 10th National Conference on Artificial Intelligence. AAAI-92 Proceedings, San
Jose, California, pp. 129-134.

Jiang, H., Kong, P, Hu, Y.-C., Jiang, P. (2020). Forecasting China’s CO2 Emissions by

Considering Interaction of Bilateral FDI Using the Improved Grey Multivariable Verhulst
Model. Environment, Development and Sustainability. do1:10.1007/s10668-019-00575-2.

71



Li, W. and Lu, C. (2015). The research on setting a unified interval of carbon price benchmark in
the national carbon trading market of China, Applied Energy, vol. 155, pp. 728-739.

Li, M., Wang, W., De, G., Ji, X.,Tan, Z. (2018). Forecasting Carbon Emissions Related to Energy
Consumption in Beijing-Tianjin-Hebei Region Based on Grey Prediction Theory and
Extreme Learning Machine Optimized by Support Vector Machine Algorithm. Energies,
MDPI, Open Access Journal, vol. 11(9), pp. 1-15.

Liu, Y., Tian, Y., Chen, M. (2017). Research on the Prediction of Carbon Emission Based on the
Chaos Theory and Neural Network. International Journal Bioautomation, vol. 21(4), pp.
339-348.

Meleo, L., Nava, C. R., Pozzi, C. (2016). Aviation and the costs of the European Emission
Trading Scheme: The case of Italy. Energy Policy, 88, pp. 138-147.

Mi, Z., Meng, J., Guan, D., Shan, Y., Liu, Z., Wang, Y., Feng, K., Wei, Y-M. (2017). Pattern
changes in determinants of Chinese emissions. Environmental Research Letters, vol. 12(7),
doi:10.1088/1748-9326/aa69cf.

OECD. (2020). OECD Data. UpToDate. Retrieved Jul 16, 2020, from https://data.oecd.org.

Ribeiro, M. T., Singh, S., Guestrin, C (2016). Why should I trust you? Explaining the
predictions of any classifier. Proceedings of the 22nd International Conference on
Knowledge Discovery and Data Mining, August 2016, pp. 1135-1144.
https://doi.org/10.1145/2939672.2939778.

Robalino-Lopez, A., Mena-Nieto, A., & Garcia-Ramos, J. E. (2016). System dynamics modeling
for renewable energy and CO2 emissions: a case study of Ecuador. Energy for Sustainable
Development, no. 20, pp. 11-20. doi:10.1016/j.esd.2014.02.001.

Robnik-Sikonja, M., Kononenko, I. (2003). Theoretical and Empirical Analysis of ReliefF and
RReliefF. Machine Learning no. 53, pp. 23-69, do1:10.1023/A:1025667309714.

Robnik-gikonja, M., Bohanec, M. (2018). Perturbation-based Explanations of Prediction Models.
In Zhow, J, Chen, F. (Eds.), Human and Machine Learning - Computer Interaction Series

(pp- 159-175). Dimensions. doi: 10.1007/978-3-319-90403-0_9.

Scott, K., Roelich, K., Owen, A., Barrett, J. (2017). Extending European energy efficiency
standards to include material use: an analysis. Climate Policy, vol. 18(5), pp. 627-641.

Solaymani, S. (2019). CO2 emissions patterns in 7 top carbon emitter economies: the case of
transport sector. Energy, no. 168, pp. 989-1001.

Song, Y., Liu, T., Liang, D., Li, Y. & Song, X. (2019). A Fuzzy Stochastic Model for Carbon
Price Prediction Under the Effect of Demand-related Policy in China's Carbon Market.
Ecological Economics, no. 157, pp. 253-265.

Sun, W., Sun, J. (2017). Prediction of carbon dioxide emissions based on principal component

72



analysis with regularized extreme learning machine: the case of China. Environmental
Engineering Research, vol. 22(3), pp. 302-311.

Sun, W., Jin, H., Wang, X. (2019). Predicting and Analyzing CO2 Emissions Based on an
Improved Least Squares Support Vector Machine. Polish Journal of Environmental
Studies, vol. 28(6), pp. 4391-4401. doi: 10.15244/pjoes/94619.

Urbanowicz, R. J., Meeker, M., La Cava, W., Olson, R. S., & Moore, J. H. (2018). Relief-based
feature selection: introduction and review. Journal of Biomedical Informatics, 85, 189-203.
https://0-doi-org.mercury.concordia.ca/10.1016/;.jb1.2018.07.014.

Wang, Z. and Wang, C. (2015). How carbon offsetting scheme impacts the duopoly output in
production and abatement: analysis in the context of carbon cap-and-trade. Journal of
Cleaner Production, vol. 103, pp. 715-723, doi: 10.1016/j.jclepro.2014.04.069.

Wang, H.; Ang, B. W.; Su, B. (2017). Assessing drivers of economy-wide energy use and
emissions: IDA versus SDA. Energy Police, no. 107, pp. 585-599.

Wen, L., Yuan, X. (2020). (2020). Forecasting CO2 Emissions in Chinas Commercial
Department, through BP Neural Network Based on Random Forest and PSO. Science of the
Total Environment, vol. 718, doi:10.1016/j.scitotenv.2020.137194.

World Bank. (2020). World Bank Open Data. UpToDate. Retrieved Jul 16, 2020, from
https://data.worldbank.org.

Xu, L., Wang, C. & Zhao, J. (2018). Decision and coordination in the dual-channel supply chain
considering cap-and-trade regulation. Journal of Cleaner Production, vol. 197, pp. 551-
561.

Yang, L., Zhang, Q. & Ji, J. (2017). Pricing and carbon emission reduction decisions in supply
chains with vertical and horizontal cooperation. International Journal of Production
Economics, vol. 191, pp. 286-297.

Yang, L., Wang, G. & Ke, C. (2018). Remanufacturing and promotion in dual-channel supply
chains under cap-and-trade regulation. Journal of Cleaner Production, vol. 204, pp. 939-
957.

Zhang, X., Qi, T., Ou, X., Zhang, X. (2017). The role of multi-region integrated emissions
trading scheme: A computable general equilibrium analysis. Applied Energy, vol. 185, pp.
1860-1868.

Zhou, J., Du, S., Shi, J., Guang, F. (2017). Carbon Emissions Scenario Prediction of the Thermal
Power Industry in the Beijing-Tianjin-Hebei Region Based on a Back Propagation Neural
Network Optimized by an Improved Particle Swarm Optimization Algorithm. Polish
Journal of Environmental Studies, vol. 26(4), pp. 1895-1904. doi:10.15244/pjoes/68881.

Zhou, J., Guang, F., Tang, R. (2018). Scenario Analysis of Carbon Emissions of China’s Power
Industry Based on the Improved Particle Swarm Optimization-Support Vector Machine

73



Model. Polish Journal of Environmental Studies, vol. 27(1), pp. 439-449. doi:
10.15244/pjoes/74132.

74



BIBLIOGRAPHY

Allevi, E., Gnudi, A. Konnov, LV. & Oggioni, G. (2018), Evaluating the effects of
environmental regulations on a closed-loop supply chain network: a variational
inequality approach. Annals of Operations Research, vol. 261, no. 1-2, pp. 1-43.

ATAG. (2018) Aviation Benefits Beyond Borders. Air Transport Action Group - ATAG
Report. Geneve.

Barbot, C., Betancor, 0. Socorro, M.P. & Viecens, M.F. (2014). Trade-offs between
environmental regulation and market competition: Airlines, emission trading systems
and entry deterrence. Transport Policy, vol. 33, pp. 65-72.

Berry, S.T. (1994). Estimating discrete-choice models of product differentiation. RAND
Journal of Economics, vol. 25, no. 2, pp. 242-262.

de Bruyn, S. Markowska, A. de Jong, F., & Bles, M. (2010). Does the energy intensive
industry obtain windfall profits through the EU ETS?, Technical Report No.
10.7005.36, Delft: CE Delft.

de Bruyn, S., Schep, E., & Cherif, S. (2016). Calculation of additional profits of sectors and
firms from the EU ETS. Technical Report No. 16.7H44.18, Delft: CE Delft.

de Clara, S., & Mayr, K. (2018). The EU ETS phase IV reform: implications for system
functioning and for the carbon price signal, Retrieved from
https://www.oxfordenergy.org/publications/eu-ets-phase-iv-reform-implications-
system-functioning-carbon-price-signal.

Derigs, U., Illing, S. (2013). Does EU ETS instigate Air Cargo network configuration? A
model-based analysis. European Journal of Operational Research, 225 (3), 518-527.

Ebinger, J., Vergara, W. (2011). Climate Impacts on Energy Systems: key issues for energy
sector adaptation. Energy Sector Management Assistance Program (report), The
World Bank, Washington, DC.

European Commission. (2015). EU ETS handbook", Brussels: European Union Publication
Office.

Eurpean Union. (2018). Directive (EU) 2018/410 of the European Parliament and of the
Council amending Directive 2003/87/EC to enhance cost-effective emission
reductions and low-carbon investments, and Decision (EU) 2015/1814".

IATA - International Air Transport Association. (2018). Economic Performance of the
Airline Industry”, iata.org. Retrieved Nov 15, 2018, from
https://www.iata.org/publications/economics/Reports/Industry-Econ-Performance/
IATA-Economic-Performance-of-the-Industry-mid-year-2018-report-final-v1.pdf
(2018, Nov 15).

75



IETA - International Emissions Trading Association. (2015). Overlapping policies with the
EU ETS", Retrieved from
https://www.ieta.org/resources/EU/Overlapping_Policies_Drafting_Group/ieta_overl
apping_policies_paper_10072015_final.pdf

Liu, L., Chen, C., Zhao, Y. & Zhao, E. (2015). China's carbon-emissions trading: overview,
challenges and future. Renewable and Sustainable Energy Reviews, vol. 49, pp. 254-266.

Lund, P. (2007). Impacts of EU carbon emission trade directive on energy-intensive
industries - Indicative micro-economic analyses. Ecological Economics, vol. 63, no. 4,
pp. 799-806.

Maier, M. W. (1998). Architecting principles for systems-of-systems. Systems Engineering,
Vol. 1, no. 4, pp. 267-284.

Neelakanta, P. S. (1999). Information-theoretic Aspects of Neural Networks. CRC Press -
Taylor & Francis Group. Boca Raton, USA. ISBN: 0-8493-3198-6.

Pagoni, I. & Psaraki-Kalouptsidi, V. (2016). The impact of carbon emission fees on passenger
demand and air fares: a game theoretic approach.journal of Air Transport
Management, vol. 55, pp. 41-51.

Rothengatter, W. (2010). Climate change and the contribution of transport: basic facts and
the role of aviation. Transportation Research Part D, vol. 15, no. 1, pp. 5-13.

Scheelhaase, J.D. & Grimme, W.G. (2007). Emissions trading for international aviation - an
estimation of the economic impact on selected European airlines. Journal of Air
Transport Management, vol. 13, no. 5, pp. 253-263.

Scheelhaase, J., Grimme, W. & Schaefer, M. (2010). The inclusion of aviation into the EU
emission trading scheme - Impacts on competition between European and non-
European network airlines. Transportation Research Part D, vol. 15, no. 1, pp. 14-25.

Scheelhaase, J., Maertens, S., Grimme, W. & Jung, M. (2018). EU ETS versus CORSIA - A
critical assessment of two approaches to limit air transport's CO2 emissions by
market-based measures. Journal of Air Transport Management, vol. 67, pp. 55.

Taylor, J. G. & Plumbley, M. D. (1993). Information Theory and Neural Networks. In Taylor, J.
G. (Ed.), Mathematical Approaches to Neural Networks (pp. 307-340). Elsevier Science
Publishers. doi: 10.1016/S0924-6509(08)70042-4.

Zhao, X,; Jiang, G.; Nie, D. and Chen, H. (2016). How to Improve the Market Efficiency of

Carbon Trading: a perspective of China. Renewable and Sustainable Energy
Reviews, 59:1229-1245.d0i:10.1016/j.rser.2016.01.052.

76



APPENDIX 1 - MODEL VALIDATION DATA DISTRIBUTION
ANALYSIS

77



Distribution Analysis of T1

= —— MNormal
8 —— LogNormal
© Weibull
- (Gamma
o
o~
o
=
o
To]
é i
Skew -1.02 ‘% o
Number 28.00 s
Mean 3,711.65 0 -
Median 3,804.43 S
Standard 261.03 = |
Deviation =
Missing 0.00
Records o
o
&
e
N N
]
o /
o
o
=
= | | | | | | |
3000 3200 3400 3600 3800 4000 4200
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.748 < 0.005]
LogNormal Anderson-Darling 2.024 < 0.005
\Weibull Anderson-Darling 1.163 <0.01
Type Test Statistic Significance
Normal Chi-Square 28.361
LogNormal Chi-Square 36.024
Gamma Chi-Square 33.070
\Weibull Chi-Square 20.426 4e-04
Type Test Statistic Significance
Normal Cramer-von Mises 0.307 < 0.005]
LogNormal Cramer-von Mises 0.346 < 0.005
\Weibull Cramer-von Mises 0.190 <0.01
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.270 > 0.15
LogNormal Kolmogorov-Smirnov 0.283 > (.15

78




Distribution Analysis of T2

0
S —— Normal
e — LogNormal
Weibull
—— Gamma
<
o=
g -
o
o0
=1
S -
= o
Skew 107 R N\
Number 2800 5 N
Mean 156986 & \\
Median 1,599.50 8 - N
Standard 132.64 o \
Deviation \
Missing 0.00 ;
Records —
o
s -
(=1
o
=1
S -
(=1
| | | | | I |
1200 1300 1400 1500 1600 1700 1800
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.271 < 0.005]
LogNormal Anderson-Darling 1.603 < 0.005
Weibull Anderson-Darling 0.675 0.0841
Type Test Statistic Significance
Normal Chi-Square 19.127 7e-04
LogNormal Chi-Square 25.263 0
Gamma Chi-Square 22.848 1e-04
\Weibull Chi-Square 14.943 0.0048
Type Test Statistic Significance,
Normal Cramer-von Mises 0.197 0.006
LogNormal Cramer-von Mises 0.243 < 0.005
Weibull Cramer-von Mises 0.079 0.2206
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.201 > 0.15
LogNormal Kolmogorov-Smirnov 0.217 > (.15

79



Distribution Analysis of T3
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Type Test Statistic Significance|
Normal Anderson-Darling 1.014 0.012
LogNormal Anderson-Darling 1.314 < 0.005]
Weibull Anderson-Darling 0.642 0.0978
Type Test Statistic Significance
Normal Chi-Square 15.546 0.0037
LogNormal Chi-Square 19.473 6e-04
Gamma Chi-Square 17.973 0.0012
Weibull Chi-Square 10.583 0.0317,
Type Test Statistic Significance
Normal Cramer-von Mises 0.196 0.0062,
LogNormal Cramer-von Mises 0.245 < 0.005
Weibull Cramer-von Mises 0.118 0.0646
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.205 > 0.15
LogNormal Kolmogorov-Smirnov 0.225 > (.15
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Distribution Analysis of T7

2 —— Normal
g 7 —— LogiMormal
Weibull
- Gamma
o
5 -
o
Skew -0.61
Number 28.00 =
Mean 137.11 @ =
Median 144.50 8 = \
Standard 27.97 < a
Deviation “‘-\
Missing 0.00 \
Records
\!
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S
=]
=
]
S -
=
| | | | | |
80 100 120 140 160 180
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 1.076 0.0084
LogNormal Anderson-Darling 1.739 < 0.005
Weibull Anderson-Darling 0.942 0.0189
Type Test Statistic Significance
Normal Chi-Square 17.935 0.0013
LogNormal Chi-Square 26.380 0
Gamma Chi-Square 22.822 1e-04
Weibull Chi-Square 14.770 0.0052
Type Test Statistic Significance
Normal Cramer-von Mises 0.180 0.0098
LogNormal Cramer-von Mises 0.275 < 0.005
Weibull Cramer-von Mises 0.148 0.024
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.195 > 0.15
LogNormal Kolmogorov-Smirnov 0.218 > (.15
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Number
Mean
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Distribution Analysis of Al

=
T = —— Normal
o — LogMormal
Weibull
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028 Z
28.00 5
1537882578 &
15,717,123.54 T
2,220,731.80 S
0.00
= #]
<
@ —
(=]
2 /
(=]
(=]
+
-
e
=] | ] I |
1.2e+07 1.4e+07 1.6e+07 1.8e+07
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.840 0.0318
LogNormal Anderson-Darling 1.098 0.0074
\Weibull Anderson-Darling 0.695 0.0759
Type Test Statistic Significance
Normal Chi-Square 26.748 0
LogNormal Chi-Square 33.069 0
\Weibull Chi-Square 20.358 4e-04
Type Test Statistic Significance
Normal Cramer-von Mises 0.131 0.0438
LogNormal Cramer-von Mises 0.172 0.0132
\Weibull Cramer-von Mises 0.106 0.0903
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.149 >0.15
LogNormal Kolmogorov-Smirnov 0.166 > 0.15
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Skew
Number
Mean
Median
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Deviation
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Records

Distribution Analysis of A2

— Normal
— LogNormal
~ Weibull
<
& —
(=]
o
[
(=]
o -
L]
-0.25 =
23.00 @
@ [~
11,634951.08 & ©
12,276,152.80 & 7 \
2,418,167.56 - \
5.00
[=.#]
<
@
S
o \
o
o
+
-
=]
= | ] 1 | |
8.0e+06 1.0e+07 12e+07 14e+07 1.6e+07
Goodness-of-Fit Statistic
Type Test Statistic Significance
Normal Anderson-Darling 0.369 0.4452
LogNormal Anderson-Darling 0.668 0.0848
\Weibull Anderson-Darling 0.303 > (.25
Type Test Statistic Significance
Normal Chi-Square 3.770 0.2875
LogNormal Chi-Square 6.706 0.0819
\Weibull Chi-Square 2.877 0.411
Type Test Statistic Significance
Normal Cramer-von Mises 0.060 0.3976
LogNormal Cramer-von Mises 0.105 0.0978
\Weibull Cramer-von Mises 0.046 > (.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.130 > 0.15
LogNormal Kolmogorov-Smirnov 0.165 > 0.15

86



Distribution Analysis of A3

—— Normal
—— LogNormal
Weibull
(=0
2 _
QZ
=
Skew 0.08
(=0
Number 28.00 =
Mean 492,968,146.39 @
Median 491,623,688.00 o ’
2 \
2 \
Q
o 3
3
[t
Standard Deviation 11,135,535.42
Missing Records 0.00 [=#]
<
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[
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Q
< I | 1 |
4 8e+08 4 9e+08 5 0e+08 51e+08
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.516 0.1994
LogNormal Anderson-Darling 0.509 0.2075]
\Weibull Anderson-Darling 0.618 0.1179
Type Test Statistic Significance
Normal Chi-Square 5.572 0.2335]
LogNormal Chi-Square 5.591 0.2319
\Weibull Chi-Square 6.096 0.1921
Type Test Statistic Significance
Normal Cramer-von Mises 0.085 0.1878
LogNormal Cramer-von Mises 0.083 0.1972
\Weibull Cramer-von Mises 0.103 0.098,
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.119 >0.15
LogNormal Kolmogorov-Smirnov 0.120 > 0.15
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Mean
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Distribution Analysis of A4

—— Normal
s —— LogNormal
g 7 Weibull
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2800 Z w
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=
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= | T T
2800 3000 3200 3600
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.274 > 0.5
LogNormal Anderson-Darling 0.230 > 0.5
\Weibull Anderson-Darling 0.839 0.0329
Type Test Statistic Significance,
Normal Chi-Square 3.744 0.4418]
LogNormal Chi-Square 3.717 0.4456
Gamma Chi-Square 3.725 0.4445
\Weibull Chi-Square 7.367 0.1177]
Type Test Statistic Significance,
Normal Cramer-von Mises 0.036 > 0.5
LogNormal Cramer-von Mises 0.032 > 0.5
\Weibull Cramer-von Mises 0.120 0.0593]
Type Test Statistic Significance,
Normal Kolmogorov-Smirnov 0.094 >0.15
LogNormal Kolmogorov-Smirnov 0.088 > 0.15
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Skew
Number
Mean
Median
Standard
Deviation
Missing
Records

Distribution Analysis of AS

—— Normal
—— LogMormal
§ _ Weibull
= — Gamma
o
o
S -
o
Tp]
065 > o©
= =
28.00 % /i
73.28 a /
70.81 | /
21.11 & ray;
5 —
0.00 e
o
=]
8 -
o
o
=)
g -
=
| | | | |
40 60 80 100 120
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.460 0.2692
LogNormal Anderson-Darling 0.163 > 0.5
Weibull Anderson-Darling 0.504 0.2228
Type Test Statistic Significance
Normal Chi-Square 1.975 0.7403]
LogNormal Chi-Square 0.843 0.9326
Gamma Chi-Square 1.022 0.9064
Weibull Chi-Square 2.640 0.6198
Type Test Statistic Significance
Normal Cramer-von Mises 0.070 0.2911
LogNormal Cramer-von Mises 0.020 > 0.5
\Weibull Cramer-von Mises 0.078 0.2229
Type Test Statistic Significance
Normal Kolmogorov- 0.126 >0.15
LogNormal Kolmogorov- 0.072 > (.15
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Distribution Analysis of A6

A —— Normal
—— Loghormal
Weibull
— (Gamma
o -
Skew 0.35
Number 23.00 :&: o~ -
Mean 1.76 5
Median 1.69 a
Standard 0.14
Deviation
Missing 5.00
Records
o
| I I | |
16 17 18 19 20
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.088 0.0079
LogNormal Anderson-Darling 1.002 0.013]
Weibull Anderson-Darling 1.203 <0.01
Type Test Statistic Significance,
Normal Chi-Square 10.913 0.0122
LogNormal Chi-Square 10.083 0.0179
Gamma Chi-Square 10.323 0.016
Weibull Chi-Square 14.308 0.0025
Type Test Statistic Significance,
Normal Cramer-von Mises 0.192 0.007]
LogNormal Cramer-von Mises 0.176 0.0116]
Weibull Cramer-von Mises 0.216 <0.01
Type Test Statistic Significance,
Normal Kolmogorov-Smirnov 0.239 >0.15
LogNormal Kolmogorov-Smirnov 0.229 > (.15
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Distribution Analysis of A7

[T
S _ —— Normal
o —— LogMormal
Weibull
w
= _
Jab]
(=]
Skew -0.02
Number 23.00
Mean 278,544.31 i)
Median 277,259.75 <
ab]
- =]
‘W
=
[o¥]
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w
< _
@
=
Standard Deviation 51,982.41 g \
Missing Records 5.00 @
[
= .
L]
F =
Q
< | 1 | | | |
150000 200000 250000 300000 350000 400000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.314 >0.5
LogNormal Anderson-Darling 0.425 0.338
\Weibull Anderson-Darling 0.301 > 0.25
Type Test Statistic Significance
Normal Chi-Square 1.673 0.643
LogNormal Chi-Square 3.140 0.3706
\Weibull Chi-Square 1.149 0.7653
Type Test Statistic Significance
Normal Cramer-von Mises 0.048 >0.5
LogNormal Cramer-von Mises 0.061 0.3898
\Weibull Cramer-von Mises 0.048 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.108 >0.15
LogNormal Kolmogorov-Smirnov 0.136 > 0.15
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Distribution Analysis of A8

= T —— Normal
—— LogMormal
Weibull
— Gamma
o -
> 4
g o /
@
(]
Skew 0.37
Number 22.00
Mean 1.85
Median 1.78
Standard 0.14 —
Deviation
Missing 6.00 N
Records
= -
| I I | |
17 18 19 20 21
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.234 < 0.005]
LogNormal Anderson-Darling 1.153 0.0052
Weibull Anderson-Darling 1.313 <0.01
Type Test Statistic Significance
Normal Chi-Square 13.765 0.001
LogNormal Chi-Square 12.585 0.0019
Gamma Chi-Square 12.957 0.0015]
Weibull Chi-Square 18.699 1e-04
Type Test Statistic Significance
Normal Cramer-von Mises 0.218 < 0.005]
LogNormal Cramer-von Mises 0.204 < 0.005]
Weibull Cramer-von Mises 0.232 <0.01
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.240 >0.15
LogNormal Kolmogorov-Smirnov 0.231 > (.15
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Distribution Analysis of A9

Lo — Normal
=
P — L{:g_NmmaI
A Weibull
L]
< ]
[¥]
= o]
Skew 0.01
Number 22.00
w
Mean 302,573.25 = \
Median 300,911.28 = d
= [1=] \
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Standard Deviation 50,407.32
Missing Records 6.00 [{]
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< | | | | |
200000 250000 300000 350000 400000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.270 > 0.5
LogNormal Anderson-Darling 0.330 > 0.5
\Weibull Anderson-Darling 0.279 > 0.25
Type Test Statistic Significance]
Normal Chi-Square 1.259 0.5328
LogNormal Chi-Square 1.336 0.5129
\Weibull Chi-Square 1.357 0.5075)
Type Test Statistic Significance]
Normal Cramer-von Mises 0.043 > 0.5
LogNormal Cramer-von Mises 0.050 > 0.5
\Weibull Cramer-von Mises 0.045 > 0.25
Type Test Statistic Significance]
Normal Kolmogorov-Smirnov 0.109 >0.15
LogNormal Kolmogorov-Smirnov 0.115 > 0.15
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Mean
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Distribution Analysis of A10

— Normal

—— LogMormal
Weibull

— (Gamma

0.18 =
18.00 2

189 8 \

1.88 W

0.12

10.00
| ] | | |
17 18 19 20 21
Goodness-of-Fit Statistics

Type Test Statistic Significance
Normal Anderson-Darling 1.109 0.007]
LogNormal Anderson-Darling 1.104 0.0072
Weibull Anderson-Darling 1.042 <0.01
Type Test Statistic Significance]
Normal Chi-Square 10.091 0.0178]
LogNormal Chi-Square 9.388 0.0246
Gamma Chi-Square 9.602 0.0223]
\Weibull Chi-Square 13.779 0.0032
Type Test Statistic Significance
Normal Cramer-von Mises 0.186 0.0084
LogNormal Cramer-von Mises 0.186 0.0085]
Weibull Cramer-von Mises 0.173 0.011
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.239 > 0.15
LogNormal Kolmogorov-Smirnov 0.237 > 0.15

94



Skew
Number
Mean
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Distribution Analysis of A11

o —— Normal
o — LogMormal
Weibull
—  (Gamma
L
o
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o
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2 w»n /,
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0.26
18.00 ,/
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0.17 = N
10.00 \
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o
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o
| | I | | |
15 16 17 18 20 21
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.979 0.0152
LogNormal Anderson-Darling 0.954 0.0175]
\Weibull Anderson-Darling 0.944 0.0187]
Type Test Statistic Significance
Normal Chi-Square 9.475 0.0236
LogNormal Chi-Square 8.398 0.0385
Gamma Chi-Square 8.721 0.0332
\Weibull Chi-Square 12.813 0.0051
Type Test Statistic Significance
Normal Cramer-von Mises 0.167 0.0158]
LogNormal Cramer-von Mises 0.165 0.017]
\Weibull Cramer-von Mises 0.157 0.0191
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.229 >0.15
LogNormal Kolmogorov-Smirnov 0.225 > (.15

95



Skew
Number
Mean
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Distribution Analysis of A12

— Normal

—— LoghMormal
Weibull
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2 2 /
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034 o //
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10.00 <
o
(=]
| I I |
20 22 24 28
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.008 0.0125]
LogNormal Anderson-Darling 0.957 0.0172
Weibull Anderson-Darling 0.985 0.0149
Type Test Statistic Significance
Normal Chi-Square 11.655 0.0087]
LogNormal Chi-Square 9.801 0.0203]
Gamma Chi-Square 10.355 0.0158]
\Weibull Chi-Square 15.283 0.0016)
Type Test Statistic Significance
Normal Cramer-von Mises 0.167 0.0156
LogNormal Cramer-von Mises 0.160 0.0191
\Weibull Cramer-von Mises 0.163 0.0162
Type Test Statistic Significance
Normal Kolmogorov- 0.234 >0.15
LogNormal Kolmogorov- 0.229 > (.15
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Distribution Analysis of A13

— Normal
~ — LogNormal
o Weibull
o —
™
—
Skew 0.10
Number 28.00 g
Mean 12,879,007.77 -
Median 12,729,436.44 = =
= =]
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a | , \
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= 0]
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m e
. =
Standard Deviation 4,059,494.75 -
Missing Records 0.00
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=
+
Q=
=
o I I |
6.0e+06 1.0e+07 14e+07 1.8e+07
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.777 < 0.005]
LogNormal Anderson-Darling 2.054 < 0.005
\Weibull Anderson-Darling 1.718 <0.01
Type Test Statistic Significance
Normal Chi-Square 24.705 1e-04
LogNormal Chi-Square 23.676 1e-04
\Weibull Chi-Square 24.238 1e-04
Type Test Statistic Significance
Normal Cramer-von Mises 0.304 < 0.005]
LogNormal Cramer-von Mises 0.355 < 0.005
\Weibull Cramer-von Mises 0.294 <0.01
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.252 >0.15
LogNormal Kolmogorov-Smirnov 0.249 > 0.15
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Distribution Analysis of A14

—— Normal
[
S — LogNormal
s .
& Weibull
[ .
S 4 \\
Skew -0.34 A
Number 23.00
Mean 6,477,584.49
Median 6,831,333.30
= [
Q < :‘f ,.f"r
= [aH] / /
o /
£
Standard Deviation 1,283,106.32
Missing Records 5.00 E
i
—
=
=
+
J4b]
e | 1 | | | |
4e+06 oe+06 6e+06 7e+06 8e+06 9e+06
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.402 0.3825
LogNormal Anderson-Darling 0.715 0.0652,
Weibull Anderson-Darling 0.324 > (.25
Type Test Statistic Significance
Normal Chi-Square 3.971 0.2646
LogNormal Chi-Square 6.773 0.0795]
\Weibull Chi-Square 3.028 0.3873]
Type Test Statistic Significance
Normal Cramer-von Mises 0.065 0.3425
LogNormal Cramer-von Mises 0.111 0.0838
Weibull Cramer-von Mises 0.051 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.139 > 0.15
LogNormal Kolmogorov-Smirnov 0.167 > 0.15
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Distribution Analysis of A15

[
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g —— NMNormal
™ —— LogMormal
_ Weibull
<
@ —
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M~ 2
=
Skew -0.34 & —
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5 0e+06 7 0e+06 9 0e+06 1.1e+07
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.450 0.289
LogNormal Anderson-Darling 0.786 0.0431
\Weibull Anderson-Darling 0.378 > 0.25
Type Test Statistic Significance
Normal Chi-Square 3.635 0.3037|
LogNormal Chi-Square 6.703 0.082
\Weibull Chi-Square 2.845 0.4162
Type Test Statistic Significance
Normal Cramer-von Mises 0.073 0.2601
LogNormal Cramer-von Mises 0.122 0.0588
\Weibull Cramer-von Mises 0.059 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.143 >0.15
LogNormal Kolmogorov-Smirnov 0.174 > 0.15
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Distribution Analysis of A16
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w
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| |
1500 1550 1700 1750
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.560 0.1513]
LogNormal Anderson-Darling 0.508 0.2085)
\Weibull Anderson-Darling 0.877 0.025
Type Test Statistic Significance
Normal Chi-Square 3.145 0.5339
LogNormal Chi-Square 2.870 0.5798]
Gamma Chi-Square 2.952 0.5659
\Weibull Chi-Square 5.066 0.2806
Type Test Statistic Significance
Normal Cramer-von Mises 0.081 0.2072
LogNormal Cramer-von Mises 0.072 0.27]
\Weibull Cramer-von Mises 0.143 0.0288]
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.121 >0.15
LogNormal Kolmogorov-Smirnov 0.119 > (.15
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Distribution Analysis of A17
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1060 1080 1100 1120 1140 1160 1180 1200
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.461 0.2669
LogNormal Anderson-Darling 0.434 0.3191
Weibull Anderson-Darling 0.741 0.0568]
Type Test Statistic Significance
Normal Chi-Square 2.549 0.6358]
LogNormal Chi-Square 2.550 0.6357
Gamma Chi-Square 2.539 0.6377
Weibull Chi-Square 2.811 0.5899
Type Test Statistic Significance
Normal Cramer-von Mises 0.063 0.3642
LogNormal Cramer-von Mises 0.058 0.4236
\Weibull Cramer-von Mises 0.123 0.0526
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.104 >0.15
LogNormal Kolmogorov-Smirnov 0.103 > (.15

101



Skew
Number
Mean
Median
Standard
Deviation
Missing
Records

Distribution Analysis of A18
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3000 3100 3200 3300 3400 3500 3600 3700
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.423 0.3412
LogNormal Anderson-Darling 0.465 0.2599
\Weibull Anderson-Darling 0.348 > 0.25
Type Test Statistic Significance
Normal Chi-Square 4.444 0.3493]
LogNormal Chi-Square 4.772 0.3115]
Gamma Chi-Square 4.655 0.3245
\Weibull Chi-Square 3.311 0.5072
Type Test Statistic Significance
Normal Cramer-von Mises 0.071 0.2865)
LogNormal Cramer-von Mises 0.079 0.2231
\Weibull Cramer-von Mises 0.048 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.109 >0.15
LogNormal Kolmogorov-Smirnov 0.117 > (.15
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Distribution Analysis of A19
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35 40 45 55
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.650 0.0923]
LogNormal Anderson-Darling 0.769 0.0466
\Weibull Anderson-Darling 0.661 0.0899
Type Test Statistic Significance,
Normal Chi-Square 4.506 0.3418]
LogNormal Chi-Square 6.642 0.1561
Gamma Chi-Square 5.691 0.2235
\Weibull Chi-Square 3.464 0.4834
Type Test Statistic Significance,
Normal Cramer-von Mises 0.091 0.1486
LogNormal Cramer-von Mises 0.111 0.0832
\Weibull Cramer-von Mises 0.092 0.1517]
Type Test Statistic Significance,
Normal Kolmogorov-Smirnov 0.126 >0.15
LogNormal Kolmogorov-Smirnov 0.133 > (.15
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Distribution Analysis of A20

—— Normal
—— Loghormal
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Skew -0.17
Number 27.00
Mean 0.11
Median 0.11
<o _|
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Missing 1.00
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| | I | | | |
0.08 0.09 0.10 0.11 0.12 0.13 0.14
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.515 0.2002
LogNormal Anderson-Darling 0.601 0.1211
\Weibull Anderson-Darling 0.541 0.1885]
Type Test Statistic Significance,
Normal Chi-Square 3.517 0.4753]
LogNormal Chi-Square 4.752 0.3137
Gamma Chi-Square 4.203 0.3792
\Weibull Chi-Square 2.861 0.5814
Type Test Statistic Significance,
Normal Cramer-von Mises 0.076 0.2376
LogNormal Cramer-von Mises 0.092 0.1467
\Weibull Cramer-von Mises 0.078 0.222
Type Test Statistic Significance,
Normal Kolmogorov-Smirnov 0.117 >0.15
LogNormal Kolmogorov-Smirnov 0.122 > (.15
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Distribution Analysis of A21
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120 130 140 150 170 180
Goodness-of-Fit Statistics
Type Test Statistic Significance|
Normal Anderson-Darling 0.329 > 0.5
LogNormal Anderson-Darling 0.367 0.4487]
Weibull Anderson-Darling 0.349 > 0.25
Type Test Statistic Significance
Normal Chi-Square 2.430 0.488]
LogNormal Chi-Square 3.544 0.3151
Gamma Chi-Square 3.055 0.3832
Weibull Chi-Square 1.047 0.7899
Type Test Statistic Significance
Normal Cramer-von Mises 0.049 > 0.5
LogNormal Cramer-von Mises 0.055 0.452
\Weibull Cramer-von Mises 0.049 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.106 > 0.15
LogNormal Kolmogorov-Smirnov 0.123 > (.15
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Distribution Analysis of A22

0 —— Naormal
o —— LogMormal
= Weibull
w
S
eH]
(=]
Skew 0.59
Number 28.00 e
Mean 325,040.18 =
Medi . 1§
edian 322,506.50 “E:-. &
L
=
[a¥]
]
[{=]
S
1}]
=
Standard Deviation 52,462.21
Missing Records 0.00 w
S
QL
[t
(=] -\""-\._\_\_\_\_\___
T - —
QT
= | | | |
200000 250000 300000 350000 400000 450000 500000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.362 0.4589
LogNormal Anderson-Darling 0.234 > 0.5
\Weibull Anderson-Darling 0.694 0.0763]
Type Test Statistic Significance]
Normal Chi-Square 10.876 0.028,
LogNormal Chi-Square 10.586 0.0316]
\Weibull Chi-Square 14.326 0.0063]
Type Test Statistic Significance]
Normal Cramer-von Mises 0.060 0.4019
LogNormal Cramer-von Mises 0.042 > 0.5
\Weibull Cramer-von Mises 0.113 0.074
Type Test Statistic Significance]
Normal Kolmogorov-Smirnov 0.153 >0.15
LogNormal Kolmogorov-Smirnov 0.122 > 0.15
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Distribution Analysis of A23

- —— Narmal
—— LogMormal
To) Weibull
<
a —
o
—
Skew -0.82
Number 28.00 = et
Mean 597,070.29 & — \\
Median 610,794.50 2 o
w (=]
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':]:' p—
Standard Deviation 46,942.50 =
Missing Records 0.00 =
o /
=
¥
o -
=
= I [ | |
500000 550000 600000 650000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.921 < 0.005]
LogNormal Anderson-Darling 2.196 < 0.005
\Weibull Anderson-Darling 1.592 <0.01
Type Test Statistic Significance]
Normal Chi-Square 27.747 0
LogNormal Chi-Square 31.821 0
\Weibull Chi-Square 20.082 5e-04
Type Test Statistic Significance]
Normal Cramer-von Mises 0.326 < 0.005]
LogNormal Cramer-von Mises 0.371 < 0.005
\Weibull Cramer-von Mises 0.234 <0.01
Type Test Statistic Significance]
Normal Kolmogorov-Smirnov 0.255 >0.15
LogNormal Kolmogorov-Smirnov 0.270 > 0.15
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Distribution Analysis of A24

Tp]
<
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& Mormal
- — LogNormal
A ——  Weibull
<
ﬂ:| e
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E s
Skew -0.45 & - \\
Number 28.00 =
Mean 382,520.00 o
Median 390,437.50
’ w
2 3
ﬂ:| —
T o
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Standard Deviation 47,855.79 ==+
Missing Records 0.00
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<
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] I I I |
300000 350000 400000 450000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 0.592 0.1275|
LogNormal Anderson-Darling 0.881 0.0242
\Weibull Anderson-Darling 0.408 > 0.25
Type Test Statistic Significance
Normal Chi-Square 6.024 0.1974
LogNormal Chi-Square 9.162 0.0572
\Weibull Chi-Square 4.203 0.3792
Type Test Statistic Significance
Normal Cramer-von Mises 0.074 0.2509
LogNormal Cramer-von Mises 0.116 0.0736
\Weibull Cramer-von Mises 0.040 > 0.25
Type Test Statistic Significance
Normal Kolmogorov-Smirnov 0.119 >0.15
LogNormal Kolmogorov-Smirnov 0.133 > 0.15
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Skew
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Mean
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Missing
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Distribution Analysis of A25

—— Normal
0 —— LogMNormal
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37,661.15 &g 7
W
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40000 60000 80000 100000 120000 140000 160000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.235 < 0.005]
LogNormal Anderson-Darling 1.036 0.01
\Weibull Anderson-Darling 1.047 <0.01
Type Test Statistic Significance,
Normal Chi-Square 13.162 0.0105]
LogNormal Chi-Square 7.947 0.0935)
\Weibull Chi-Square 11.221 0.0242
Type Test Statistic Significance,
Normal Cramer-von Mises 0.205 < 0.005]
LogNormal Cramer-von Mises 0.169 0.0149
\Weibull Cramer-von Mises 0.173 0.0111
Type Test Statistic Significance,
Normal Kolmogorov-Smirnov 0.185 >0.15
LogNormal Kolmogorov-Smirnov 0.156 > 0.15
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Distribution Analysis of A26

—— Normal
—— LogNormal
Weibull
A
<D _
Jab]
o
Skew -1.18
Number 28.00
Mean 282,341.36 w [
Median 290,680.00 &= @ _|
W @
= [t
Q
]
[Eip]
<
Standard Deviation 19,064.48 aQ o)
Missing Records 0.00 A
=) /
= |
-
4]
= | | | |
240000 260000 280000 300000
Goodness-of-Fit Statistics
Type Test Statistic Significance
Normal Anderson-Darling 1.714 < 0.005]
LogNormal Anderson-Darling 1.968 < 0.005
\Weibull Anderson-Darling 1.151 <0.01
Type Test Statistic Significance]
Normal Chi-Square 11.492 0.0216
LogNormal Chi-Square 13.105 0.0108|
\Weibull Chi-Square 7.239 0.1238
Type Test Statistic Significance]
Normal Cramer-von Mises 0.295 < 0.005]
LogNormal Cramer-von Mises 0.336 < 0.005
\Weibull Cramer-von Mises 0.168 0.0137]
Type Test Statistic Significance]
Normal Kolmogorov-Smirnov 0.206 >0.15
LogNormal Kolmogorov-Smirnov 0.216 > 0.15
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APPENDIX 2 RESEARCH IMPLEMENTATION COMPUTATIONAL ENVIRONMENT

Computational Environment

oS Windows 10 64 bits

CPU

Intel i9-9900k @ 3.6 GHz
8 cores - 16 threads

GPU

NVIDIA GeForce RTX 2080 @ 1515 MHz
8 Gb GDDR6 @ 14 Gb/s

RAM 32.0 Gb DDR4 @ 3200 MHz

2 Tb SATASSD @ (i/0) 236 Mb/s

StOT38E | ¢ 1y SATA HD @ (w) 4.74 Mb/s // (i/0) 0.66 Mb/s
Learning Framework Implementation
Component Language Specification -
Package Version
RReliefF R Fselector 0.31
Features Space Rearrangement Python script 3.6.0
Backward Feature Elimination Python script 3.6.0
NN/BP R nnet 7.3-13
LIME R lime 0.5.1
Partial Dependence Function R pdp 0.7.0
SVM R el071 1.7-3
GBM R gbhm 2.1.5
RF R randomForest 4.6-14
Components Interaction (iteration) Python script 3.6.0
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APPENDIX 3 LEARNING FRAMEWORK GLOBAL EXPLANATION OUTCOMES
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Fossil Fuel Energy Use - Feature A2

10

08

L

04

02

Effect Plot

Scatter Plot

0.0

02

113

Average Predicted Value of T1

3500 3600 3700 3800 3900 4000 4100 4200

Partial Dependence Plot

0.0 0.2 0.4 0.6 0.8 1.0




T

Education Expenditure - Feature A24
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Temperature HDD - Feature A24
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Electricity Production from Coal - Feature A7

Partial Dependence Plot

Scatter Plot
2 S o
/’"- ~
o s ¢ s
° /" b
ke y”-—\w RN
& 7 ~ \o
© - ’ ~ .
o 7 P ’ N -
l ri o @ )
- 7 N -
- ’
s Lt ~ = .
= | /' ,’ = _/" \. o= )
o T L ” N, o o _.
° o N P g L
” e" .\.1 od’ °
~
o
g - o
L T T L} T 1
00 0.2 04 06 08 10
AT
: L [+
Effect Plot
g .
- 2
5 =
3
< g _
B
5
g 2
o ™
s g
] L)
2
&
g T T T
0.0 0.2 04
0.0 0.2 0.4 0.6 0.8 1.0
AT

116



T

Nuclear Electricity Production - Feature A10

1.0

08

06

04

0.2

0.0

Effect Plot

Scatter Plot

0.0

0.2

A10

Partial Dependence Plot

4300

4200

4100

4000

3700 3750 3800 3850
]

Average Predicted Value of T1

3550 3600 3650
|

0.0 0.2 04 0.6 08 1.0

0.0

0.2

0.4

A10

06

0.8

A10

117



T

4200 4300 4400 4500

4100

3900 4000

Hydroelectric Energy Production - Feature Al11

Scatter Plot

'Q_ °
©
(=]
©
(=]
=
-
o
o~
(=]
o
(=]
T 1 T 1
0.0 0.2 0.4 06
A11
o
Effect Plot
R
=
h
k-]
3 §
™
-
k:
(5]
5 &
J
g
R
&
0.0 0.2 0.4 06 0.8 10
Al

118

08 10

CT I ——

Partial Dependence Plot

0.0 0.2 04 0.6 0.8 1.0

A1




T1

4100

4000

Natural Gas Electricity Production - Feature A9

1.0

08

06

04

0.2

Scatter Plot

08 1.0

4050 4150 4200 4250

3950

o
=
1 L] L L
0.0 02 04 06
A9
Effect Plot
3
- =
-
%
s
S g
'8 o
5
B
§ 3
-§
0.0 02 0.4 0.6 0.8 1.0
A9

119

Partial Dependence Plot

0.0 0.2 04 06 0.8 1.0

A9




Adjusted Net National Income - Feature A21
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Total Energy Use - Feature Al
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Passengers Air Transport - Feature A23
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Total Electricity Production - Feature AS
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Population - Feature A13
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Cargo Air Transport - Feature A22
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Total Electricity Use - Feature A6
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Households Final Consumption Expenditure - Feature A20
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Oil Electricity Production - Feature A8
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Final Consumption Expenditure - Feature A18
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Government Final Consumption Expenditure - Feature A19
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APPENDIX 4 LOCAL EXPLANATIONS - TRAINING DATASET
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Local Explanations - 1970 /1971

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 67.6089732 A2 <=0.476
Al4 171.205515 0.612 < A14
Al 19.8426895 Al <=0.495
A8 -52.461688 0.412 < A8 <= 0.666
A7 -177.62289 A7 <=0.595
A13 49.5038335 A13 <=0.386
A24 -126.03585 A24 <=0.125
All 87.9369467 A1l <=0.418
Al6 25.3024174 Al16 <=0.125
A20 -23.496403 A20<=0.133

1970 0.98729854 A21 284.335138 A21<=0.125
A4 -104.96502 A4 <=0.0564
A18 18.3137292 Al18 <=0.134
Al7 -104.47143 A17 <=0.125
A19 114.25752 A19 <=0.136
A5 -162.18684 A5 <= 0.360
A22 118.773311 A22 <=0.130
A10 130.664435 A10<=0.176
A6 -337.76289 A6 <= 0.359
A3 7.43419634 A3 <=0.195
A23 -77.958699 A23<=0.120
A9 374.067758 A9<=0.186
A2 -45.258907 A2 <=0.476
Al4 -57.484993 0.397 <Al4<=0.612
Al 60.0690592 Al <= 0.495
A8 -61.035426 0.412 < A8 <= 0.666
A7 -44.263718 A7 <= 0.595
A13 -36.869063 A13 <=0.386
A24 -156.16686 A24 <=0.125
All -68.224292 All<=0.418
Al6 -30.029945 Al16 <=0.125
A20 -45.000518 A20 <=0.133
A21 -35.477661 A21<=0.125

1971 0.96186395 A4 -45.269202 A4 <=0.0564
Al8 -48.925322 A18 <=0.134
Al7 -92.463819 Al17 <=0.125
A19 -27.946709 A19 <=0.136
AS 190.806359 A5 <= 0.360
A22 139.267747 A22 <=0.130
A10 208.559053 A10<=0.176
A6 8.66170692 A6 <= 0.359
A3 85.8769762 A3 <=0.195
A23 -46.662262 A23<=0.120
A9 -26.721517 A9 <=0.186

136




Local Explanations - 1972 / 1973

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =

A2 -453.8609 A2 <=0.476
Al4 41.1705241 0.397 <Al4 <=0.612
Al 243.946029 Al <=0.495
A8 -36.347288 0.666 < A8
A7 -353.08972 A7 <= 0.595
Al3 58.7748893 Al13 <=0.386
A24 -41.483049 A24 <=0.125
All 119.360174 All <=0.418
Al6 192.701959 Al6<=0.125
A20 9.86913005 A20<=0.133

1972 0.91149916 A21 224.95808 A21<=0.125
Ad -209.01268 A4 <=0.0564
Al18 4.53524205 Al18 <=0.134
Al7 -291.45536 Al17 <=0.125
Al9 187.23435 Al19<=0.136
A5 120.099998 A5 <=0.360
A22 -7.5081943 A22 <=0.130
Al0 107.062309 Al0<=0.176
Ab 140.741379 A6 <=0.359
A3 47.2537177 A3 <=0.195
A23 -158.63063 A23<=0.120
A9 154.103647 A9 <=0.186
A2 -38.54555 0.476 < A2 <=0.577
Al4 -26.904479 0.397 < Al14 <= 0.612
Al 14.5527964 Al <=0.495
A8 -13.063516 0.666 < A8
A7 36.1597082 A7 <=0.595
Al13 -12.846076 Al13 <=0.386
A24 -61.008041 A24 <=0.125
All -45.786939 All<=0.418
Al6 193.147679 Al16<=0.125
A20 2.9316376 A20<=0.133

oon in o A21 -61.426623 A21<=0.125

e SRR A4 -36.095896 A4 <= 0.0564
Al8 -31.677 Al18 <=0.134
Al17 -52.808051 Al7 <=0.125
A19 -39.59257 Al19<=0.136
A5 226.953834 A5 <= 0.360
A22 -30.732809 A22 <=0.130
Al10 206.812472 A10<=0.176
Ab 0.15056289 A6 <= 0.359
A3 141.872495 A3<=0.195
A23 -71.841685 A23 <=0.120
A9 212.489301 A9 <= 0.186
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Local Explanations - 1974 / 1975

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
S Weight
Model R2 ©

A2 -276.6793 A2 <=0.476
Al4 -390.7802 Al14 <=0.291
Al 11.4430702 Al <=0.495
A8 -30.040928 0.666 < A8
A7 113.91207 A7 <=0.595
A13 30.7202534 A13 <=0.386
A24 226.632097 A24 <=0.125
All -100.20062 Al11<=0.418
Al6 239.704458 Al16 <=0.125
A20 178.359601 A20<=0.133

1974 0.99602537 A21 104.85316 A21<=0.125
A4 -69.010086 A4 <=0.0564
A18 357.903743 Al18 <=0.134
Al7 42.2703923 A17 <=0.125
A19 -270.61025 A19 <=0.136
A5 -65.884546 A5 <= 0.360
A22 111.717063 A22 <=0.130
Al0 427.103446 A10<=0.176
A6 -259.19666 A6 <=0.359
A3 -51.825029 A3 <=0.195
A23 134.408073 A23<=0.120
A9 -91.522599 | 0.186<A9<=0.219
A2 -609.59154 A2 <=0.476
Al4 145.445304 Al4 <=0.291
Al 25.6469922 Al <=0.495
A8 -74.434285 0.666 < A8
A7 453.152984 A7 <= 0.595
A13 145.353419 A13 <=0.386
A24 41.11531 A24 <=0.125
All 101.468246 All<=0.418
Al6 259.085553 Al16 <=0.125
A20 162.197973 A20 <=0.133
A21 -188.67687 A21<=0.125

1975 0.9998258 A4 -370.37149 A4 <=0.0564
A18 522.996921 A18 <=0.134
Al17 107.660985 Al17 <=0.125
A19 103.156642 A19 <=0.136
AS -304.18175 A5 <= 0.360
A22 -138.60222 A22 <=0.130
A10 92.7674198 A10<=0.176
A6 43.,1412039 A6 <= 0.359
A3 350.49462 A3 <=0.195
A23 -396.85503 A23<=0.120
A9 -281.79465 | 0.186 <A9<=0.219

138




Local Explanations - 1976 / 1977

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 140.571991 | 0.577 < A2<=0.676
Al4 31.1363839 0.612 < Al4
Al -329.06073 Al<=0.495
A8 44.0643077 0.666 < A8
A7 19.9216373 A7 <=0.595
Al3 159.482303 Al13 <=0.386
A24 34.6721423 A24 <=0.125
All -10.858982 Al11<=0.418
Ale 200.203677 Al6 <=0.125
A20 -192.7225 A20<=0.133
1976 0.90500207 A21 57.2995819 A21<=0.125
Ad -119.73004 A4 <= 0.0564
Al18 70.242586 Al18<=0.134
Al7 -43.486502 A17 <=0.125
Al19 59.7616273 A19<=0.136
A5 90.1160819 A5 <=0.360
A22 83.3344438 A22 <=0.130
Al10 24.081458 A10<=0.176
A6 2.89297006 A6 <=0.359
A3 -25.263085 A3 <=0.195
A23 -3.5449913 A23<=0.120
A9 17.3365881 | 0.219 < A9<=0.468
A2 130.27246 0.577 < A2<=0.676
Al4 -33.773015 | 0.291< A14<=0.397
Al 133.535311 Al<=0.495
A8 6.30007819 0.666 < A8
A7 -24.727852 A7 <=0.595
Al3 -70.522167 Al13 <=0.386
A24 -20.50249 A24 <=0.125
All -9.0203231 | 0.418 < Al11<=0.550
Ale 20.8116409 Al16<=0.125
A20 -113.06011 A20 <=0.133
A21 121.313609 A21<=0.125
1977 0.97758219 Al -77.671582 A4 <= 0.0564
Al8 175.57255 A18 <=0.134
Al17 9.03648019 Al17 <=0.125
A19 52.6807185 A19<=0.136
A5 72.4637487 A5 <=0.360
A22 40.9839328 A22 <=0.130
A10 329.150674 A10<=0.176
A6 111.437809 A6 <=0.359
A3 189.920628 A3<=0.195
A23 -139.6 A23<=0.120
A9 204.770984 | 0.186<A9<=0.219
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Local Explanations - 1978 / 1979

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =

A2 95.1877008 0.676 < A2

Al4 -200.40157 0.612 < A14

Al -105.345 0.495< Al <=0.692
A8 29.4231422 0.666 < A8

A7 35.576952 A7 <=0.595

Al3 23.8409362 A13 <=0.386
A24 16.9614433 A24 <=0.125
All -30.264132 0.418 < All <= 0.550
Ale 38.2050882 Al16<=0.125
A20 -94.093093 A20<=0.133

1978 0.98180433 A21 188.04279 A21<=0.125

Ad 65.8573468 A4 <=0.0564
Al18 -50.325574 Al18<=0.134
Al7 21.9987234 A17 <=0.125
A19 131.370443 A19<=0.136

A5 164.709381 A5<=0.360
A22 44.1892387 A22 <=0.130
A10 252.85771 A10<=0.176

A6 107.963099 A6 <=0.359

A3 -1.7819429 A3 <=0.195

A23 -41.074491 A23<=0.120

A9 129.437638 0.186< A9<=0.219
A2 121.785381 0.676 < A2

Al4 43.7898043 0.612 < Al14

Al 97.8122661 0.495 < Al <=0.692
A8 1.98194491 0.666 < A8

A7 -324.65809 A7 <=0.595

A13 -38.811377 A13 <=0.386
A24 83.4648603 0.125<A24<=0.298
All -349.52208 0.550 < A1l <= 0.680
Al6 97.4817284 0.125<A16<=0.330
A20 108.378762 0.133<A20<=0.342
A21 293.210473 0.125<A21<=0.336

1979 0.99936707 Ad 114.493439 A4 <= 0.0564

Al18 327.180732 0.134 <A18 <=0.338
Al17 31.4228595 0.125<A17<=0.331
A19 19.3417576 0.136 < A19<=0.330
A5 -74.027299 A5 <=0.360
A22 39.4783424 A22 <=0.130
A10 67.8170658 A10<=0.176

A6 107.970126 A6 <=0.359

A3 94.7653213 A3<=0.195
A23 4.26018472 A23<=0.120

A9 158.947579 0.186 < A9<=0.219
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Local Explanations - 1980 / 1981

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
S Weight
Model R2 e

A2 151.21965 0.676< A2
Al4 -19.930001 0.612 <Al4
Al -11.456328 | 0.495<A1<=0.692
A8 135.471837 0.666 < A8
A7 179.291724 | 0.595<A7<=0.813
A13 -9.3326684 | 0.386<A13<=0.613
A24 192412421 | 0.125<A24<=0.298
All -1.0229391 | 0.418 < A1l <=0.550
Al6 267.011983 | 0.125<A16<=0.330
A20 239.89102 | 0.133<A20<=0.342

1980 0.99027041 A21 -122.78498 | 0.125<A21<=0.336
Ad -12.630806 | 0.0564 < A4 <=0.2600
A18 35.0757138 | 0.134<A18<=0.338
Al7 102.679121 | 0.125<A17<=0.331
A19 -196.28339 | 0.136<A19<=0.330
A5 106.797476 | 0.360<A5<=0.624
A22 36.9484237 | 0.130< A22<=0.348
Al0 182.898933 | 0.176 < A10<=0.768
A6 -16.295699 | 0.359 <A6<=0.628
A3 -86.392172 | 0.195<A3<=0.758
A23 -17.673732 | 0.120<A23<=0.266
A9 14.9442068 | 0.186<A9<=0.219
A2 11.4269699 | 0.577 <A2<=0.676
Al4 -5.2851996 0.612<Al14
Al -37.235797 | 0.495<A1<=0.692
A8 -44.886069 0.666 < A8
A7 2.46960093 | 0.595<A7<=0.813
A13 128.689698 | 0.386<Al13<=0.613
A24 -190.2722 0.125 < A24 <=0.298
All -175.16472 | 0.418 <Al1<=0.550
Al6 -32.77556 0.125<A16<=0.330
A20 -43.516788 | 0.133 <A20<=0.342
A21 -13.904269 | 0.125<A21<=0.336

1981 0.93223226 A4 18.4637418 | 0.0564 < Ad <=0.2600
Al18 68.9586147 | 0.134 < A18 <=0.338
Al17 238.654381 | 0.125<A17<=0.331
A19 87.6623788 | 0.136<A19<=0.330
AS 44.0899274 | 0.360 <A5<=0.624
A22 -15.052793 | 0.130<A22<=0.348
A10 10.1393067 | 0.176 < A10<=0.768
A6 -86.333258 | 0.359 <A6<=0.628
A3 314.035647 | 0.195<A3<=0.758
A23 -134.10044 | 0.120<A23<=0.266
A9 2.13226425 A9 <= 0.186
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Local Explanations - 1982 / 1983

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 44.8151755 0.476 < A2 <=0.577
Al4 40.6344367 | 0.397 <Al14<=0.612
Al 42.8391179 Al<=0.495
A8 -9.008447 0.412 < A8 <= 0.666
A7 13.7169422 0.595 < A7 <=0.813
A13 -77.610347 | 0.386<A13<=0.613
A24 -4.3100615 | 0.125<A24 <=0.298
All 37.1580056 | 0.418 < All<=0.550
Al6 216.514961 | 0.125<A16<=0.330
A20 52.3059208 | 0.133<A20<=0.342

1982 0.99333614 A21 47.0109464 | 0.125<A21<=0.336
A4 38.3365725 | 0.0564 < A4 <=0.2600
A18 -54.119149 | 0.134<A18<=0.338
Al7 36.4997345 | 0.125<A17<=0.331
A19 -23.042356 | 0.136<A19<=0.330
A5 -12.267207 0.360 < A5 <=0.624
A22 -87.331609 | 0.130<A22<=0.348
A10 135.992875 | 0.176 <A10<=0.768
A6 -119.67925 0.359 < A6 <=0.628
A3 32.1786233 0.195 < A3 <=0.758
A23 10.4030045 | 0.120< A23<=0.266
A9 30.5833941 A9 <=0.186
A2 22.4355221 0.476 < A2 <= 0.577
Al4 65.0447696 | 0.397 <Al4<=0.612
Al -33.620753 Al<=0.495
A8 27.4786616 0.412 < A8 <= 0.666
A7 23.1254727 0.595 < A7 <=0.813
A13 -117.90845 | 0.386<A13<=0.613
A24 18.6060122 | 0.125<A24<=0.298
All -27.511162 | 0.418 <Al11<=0.550
Al6 47.2150949 | 0.125<A16<=0.330
A20 47.2259644 | 0.133 <A20<=0.342
A21 14.1743942 | 0.125<A21<=0.336

1983 0.87654485 A4 31.0826973 | 0.0564 < A4 <=0.2600
Al8 100.340652 | 0.134<A18<=0.338
Al7 29.7247331 | 0.125<A17<=0.331
A19 20.1614723 | 0.136<A19<=0.330
AS -72.160347 0.360 < A5 <=0.624
A22 -103.1723 0.130< A22<=0.348
A10 16.4732713 | 0.176 <A10<=0.768
A6 8.71346295 0.359 < A6 <= 0.628
A3 -36.121175 0.195<A3<=0.758
A23 -71.258486 | 0.120<A23<=0.266
A9 17.39209 A9 <=0.186
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Local Explanations - 1984 / 1985

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 -15.913733 0.476 < A2 <=0.577
Al4 2.07489797 0.397 <Al4 <=0.612
Al -15.067539 0.495 < A1<=0.692
A8 -0.5190225 0.285 < A8<=0.412
A7 49.4633924 0.595<A7<=0.813
Al3 44.0214518 0.386 < A13<=0.613
A24 -50.31502 A24 <=0.125
All -5.7279808 0.418 <Al11<=0.550
Al6 -22.294615 Al6<=0.125
A20 108.501978 A20<=0.133
1984 0.387693 A21 19.1077436 A21<=0.125
Ad -13.08467 0.0564 < A4 <=0.2600
Al18 26.1148259 Al18 <=0.134
Al7 92.3476818 Al17 <=0.125
Al9 -30.623571 Al19<=0.136
A5 -11.916682 0.360 < A5<=0.624
A22 48.1734501 0.130<A22 <=0.348
Al0 -10.665675 0.176 < A10<=0.768
Ab -28.480979 0.359 < A6<=0.628
A3 27.2458917 0.195<A3<=0.758
A23 -17.756101 0.120<A23<=0.266
A9 1.86891056 0.186 < A9<=0.219
A2 67.7465177 0.577 <A2<=0.676
Al4 124.410137 0.612<A14
Al 65.6767531 0.495 < A1 <=0.692
A8 -47.632715 A8 <=0.285
A7 100.88587 0.813<A7<=0.875
Al13 41.510427 0.386 < A13 <=0.613
A24 63.4326532 0.125<A24 <=0.298
All 249.549676 0.418 <Al11<=0.550
Al6 -12.971871 0.125<A16 <= 0.330
A20 5.28123692 0.133<A20<=0.342
or e A21 22.1287132 | 0.125<A21<=0.336
e SEeReTe A4 -37.024399 | 0.0564 < A4 <= 0.2600
Al8 -111.70083 0.134 < A18 <=0.338
Al17 47.1644355 0.125<A17<=0.331
A19 -40.509549 0.136 < A19<=0.330
A5 -31.641285 0.360 < A5<=0.624
A22 6.8513064 0.130<A22<=0.348
Al10 -70.184226 0.176 < A10<=0.768
Ab -39.575 0.359<A6<=0.628
A3 -85.978512 0.195<A3<=0.758
A23 -144.28728 0.120<A23 <= 0.266
A9 87.9003756 A9 <= 0.186
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Local Explanations - 1986 / 1987

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 278.715143 0.577 <A2<=0.676
Al4 -17.726555 0.612 <Al4
Al -251.39637 0.495 < Al1<=0.692
A8 -267.09132 0.285 < A8 <=0.412
A7 -2.3409149 0.813 < A7 <=0.875
A13 -124.78129 | 0.386<A13<=0.613
A24 -32.20214 0.125< A24 <=0.298
All -129.06869 Al1<=0.418
Al6 86.4719776 | 0.125<A16<=0.330
A20 -18.575456 | 0.133<A20<=0.342

1986 0.9381312 A21 -40.999256 | 0.125<A21<=0.336
A4 161.121079 | 0.0564 < A4 <=0.2600
A18 16.5487164 | 0.134<A18<=0.338
Al7 110.20829 0.125<Al17<=0.331
A19 -29.843142 | 0.136<A19<=0.330
A5 -4.5638583 0.360 < A5 <=0.624
A22 -63.278924 | 0.130< A22 <=0.348
A10 -50.128812 | 0.176 <A10<=0.768
A6 -89.258434 0.359 < A6 <=0.628
A3 293.077853 0.195 < A3 <=0.758
A23 -111.84628 | 0.120<A23<=0.266
A9 241.874283 A9 <=0.186
A2 79.8943225 0.676 < A2
Al4 -19.936592 0.612<Al14
Al -68.032698 0.692 < A1<=0.790
A8 35.6843083 0.285 < A8 <=0.412
A7 -1.3334533 0.813 <A7<=0.875
A13 -36.602618 | 0.386<A13<=0.613
A24 61.5333326 | 0.125<A24<=0.298
All -1.7836002 | 0.550<A11<=0.680
Al6 -12.155699 | 0.125<A16<=0.330
A20 -40.001012 | 0.133<A20<=0.342
A21 -134.93453 | 0.125<A21<=0.336

1987 0.82818321 A4 153.390229 | 0.0564 < A4 <=0.2600
Al8 -5.1013329 | 0.134<A18 <=0.338
Al7 -31.756152 | 0.125<A17<=0.331
A19 0.67705204 | 0.136<A19<=0.330
AS -4.9787324 0.360 < A5 <=0.624
A22 -16.65559 0.130< A22<=0.348
A10 57.795019 0.176 < A10<=0.768
A6 59.2256556 0.359 < A6 <= 0.628
A3 -21.389402 0.195<A3<=0.758
A23 -49.497705 | 0.120<A23<=0.266
A9 197.043385 A9 <=0.186
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Local Explanations - 1988 / 1989

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ©

A2 67.5470465 0.676 < A2
Al4 56.364371 0.397 < Al4 <=0.612
Al 58.2107211 0.692 < A1<=0.790
A8 236.64206 A8 <=0.285
A7 -83.505471 0.813 < A7 <=0.875
A13 -58.49431 0.386<A13<=0.613
A24 -113.96332 0.125<A24 <=0.298
All 82.9634206 0.680 < A1l
Al6 161.981103 0.125<A16<=0.330
A20 -114.28431 0.133<A20<=0.342

1988 0.99820581 A21 55.3186049 | 0.125<A21<=0.336
A4 44.4649029 | 0.0564 < A4 <=0.2600
A18 298.240022 0.134<A18<=0.338
Al7 29.8889371 | 0.125<A17<=0.331
A19 -37.916531 0.136 < A19<=0.330
A5 52.9185242 0.360 < A5 <=0.624
A22 -40.889285 0.130< A22<=0.348
Al0 -48.541027 0.176 < A10<=0.768
A6 51.3151911 0.359 < A6 <=0.628
A3 112.024359 0.195 < A3 <=0.758
A23 -212.85006 0.120< A23<=0.266
A9 -30.574989 0.186 < A9<=0.219
A2 148.646647 0.676 < A2
Al4 -338.82533 Ald <=0.291
Al 107.264858 0.692 < A1<=0.790
A8 91.9672694 0.285 < A8 <=0.412
A7 349.726321 0.875 < A7
A13 25.118107 0.386<A13<=0.613
A24 -182.51463 0.125<A24<=0.298
All 116.133733 All<=0418
Al6 -258.52169 0.125<A16<=0.330
A20 -149.82526 0.133<A20<=0.342
A21 214987621 | 0.125<A21<=0.336

1989 0.99003414 A4 119.67379 | 0.2600 < A4 <= 0.4593
A18 161.219733 0.134<Al18<=0.338
Al17 123.011286 | 0.125<A17<=0.331
A19 -9.8991699 0.136<A19<=0.330
AS 71.4493654 0.360 < A5 <=0.624
A22 67.8030456 | 0.130<A22<=0.348
A10 73.1499317 | 0.176 <A10<=0.768
A6 -158.29059 0.628 < A6 <=0.782
A3 81.5591508 0.758 < A3 <=0.903
A23 -46.340086 0.120< A23 <=0.266
A9 70.2198644 0.219 < A9 <= 0.468
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Local Explanations - 1990 / 1991

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 -54.719601 0.577 < A2<=0.676
Al4 -57.894191 Al4 <=0.291
Al 86.4860489 0.692 < A1<=0.790
A8 -4.8175301 0.285 < A8<=0.412
A7 32.4085162 0.875 < A7
Al13 108.091838 0.613<A13<=0.781
A24 20.0687252 0.298 < A24 <=0.474
All 123.583349 All<=0.418
Al6 80.7824501 0.330<A16<=0.468
A20 -154.02122 0.342 < A20 <= 0.475
1990 0.79520138 A21 -3.4235414 0.336<A21<=0.474
A4 35.2293853 | 0.0564 < A4 <=0.2600
Al18 -3.9295008 0.338 < A18 <=0.472
Al7 105.368257 0.331<Al17<=0.468
Al19 34.6385903 0.330<A19<=0.462
A5 -22.263747 0.624 < A5 <=0.794
A22 -173.02751 0.348 < A22 <= 0.662
A10 39.9858998 0.768 < A10 <= 0.905
A6 16.9307468 0.628 < A6 <=0.782
A3 -71.039674 0.195 < A3<=0.758
A23 -65.460185 0.266 < A23 <=0.588
A9 -56.517214 0.219 < A9 <= 0.468
A2 121.937443 0.476 < A2 <= 0.577
Al4 94.1827389 0.291<A14<=0.397
Al -3.1447576 0.692 < A1<=0.790
A8 187.558245 0.412 < A8 <= 0.666
A7 292.830641 0.813 < A7<=0.875
Al13 117.539072 0.613<A13<=0.781
A24 134.255518 0.298 < A24<=0.474
All 52.1810069 0.418 <A11<=0.550
Ale 97.3867225 0.330<A16<=0.468
A20 107.781842 0.342 < A20<=0.475
A21 -236.25901 0.336<A21<=0474
1991 0.89249637 A4 -15.924714 | 0.2600 < A4 <= 0.4593
Al8 149.872505 0.338 < A18 <=0.472
Al17 -135.1674 0.331<A17<=0.468
A19 -113.22362 0.330 < A19 <= 0.462
A5 -194.6661 0.624 < A5<=0.794
A22 -149.11183 0.348 < A22 <= 0.662
A10 30.5618543 0.768 < A10 <= 0.905
A6 270.542267 0.628 < A6 <=0.782
A3 -131.02899 0.758 < A3 <=0.903
A23 69.7174917 0.266 < A23 <= 0.588
A9 -171.22318 0.219 < A9 <=0.468
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Local Explanations - 1992 / 1993

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 -86.671998 A2<=0.476
Al4 -163.89518 Al4 <=0.291
Al 58.5476021 0.495< Al <=0.692
A8 111.703304 0.412 < A8 <= 0.666
A7 -37.703906 0.813< A7<=0.875
Al3 105.221873 0.613<A13<=0.781
A24 48.7313272 0.298 < A24<=0.474
All 7.26743266 0.550 < A1l <= 0.680
Ale 19.3389843 0.330<Al16<=0.468
A20 177.589855 0.342 < A20 <= 0.475
1992 0.84505001 A21 -33.15453 0.336<A21<=0.474

Ad -3.4078878 | 0.2600 < A4 <=0.4593
Al18 -111.523 0.338 < A18 <=0.472
Al7 164.221785 0.331<A17<=0.468
A19 -94.23444 0.330<A19<=0.462
A5 40.3466526 0.624 < A5 <=0.794
A22 50.7466725 0.348 < A22 <= 0.662
A10 -15.184192 0.768 < A10 <= 0.905
A6 -20.886133 0.628 < A6 <=0.782
A3 31.1847444 0.758 < A3<=0.903
A23 154.258378 0.266 < A23 <=0.588
A9 52.9842704 0.186< A9<=0.219
A2 -269.24078 A2 <=0.476

Al4 50.8057101 0.397 < Al4 <= 0.612
Al 15.7677716 0.495 < Al <=0.692
A8 79.0804068 0.285< A8<=0.412
A7 61.9040926 0.595< A7 <=0.813
A13 51.4037614 0.613<A13<=0.781
A24 50.9121465 0.298 < A24<=0.474
All -54.195194 0.550 < A1l <= 0.680
Al6 152.404894 0.330<Al16<=0.468
A20 40.4976135 0.342 < A20<=0.475
A21 135.32324 0.336<A21<=0474

1993 0.99686377 Ad 321.493039 | 0.2600 < A4 <=0.4593

Al18 174.356926 0.338< A18<=0.472
Al17 51.9652135 0.331<A17<=0.468
A19 37.4646603 0.330< A19 <= 0.462
A5 -203.89941 0.624 < A5<=0.794
A22 55.5400073 0.348 < A22 <= 0.662
A10 -533.25009 0.768 < A10 <= 0.905
A6 -140.33264 0.359 < A6 <=0.628
A3 -138.78513 0.758 < A3 <=0.903
A23 86.7144774 0.266 < A23 <=0.588
A9 282.720036 0.186 < A9<=0.219
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Local Explanations - 1994 / 1995

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ©
A2 -531.28761 A2<=0.476
Al4 124926217 Al4 <=0.291
Al 197.432426 0.495 < Al <=0.692
A8 51.8138985 0.412 < A8 <=0.666
A7 231.257424 0.595 < A7 <=0.813
Al3 -200.84445 0.613<A13<=0.781
A24 -223.91023 0.298 < A24<=0.474
All 152.511319 0.680< All
Al6 -202.66079 0.330<A16<=0.468
A20 92.5885403 0.342 < A20<=0.475
1994 0.99417807 A21 -39.268357 0.336<A21<=0.474
Ad 139.881061 | 0.2600 < A4 <=0.4593
Al18 -69.674662 0.338 < A18<=0.472
Al7 -301.54038 0.331<A17<=0.468
Al19 -74.088792 0.330<A19<=0.462
A5 246162728 0.624 < A5<=0.794
A22 149.307326 0.348 < A22 <= 0.662
Al10 -114.15307 0.768 < A10 <= 0.905
A6 76.1210672 0.628 < A6 <=0.782
A3 213.351006 0.758 < A3 <=0.903
A23 116.39274 0.266 < A23 <=0.588
A9 191.739599 0.219< A9 <=0.468
A2 -75.783479 A2 <=0.476
Al4 264.432789 0.291<A14<=0.397
Al 129.484499 0.692 < A1<=0.790
A8 -43.996818 0.412 < A8 <=0.666
A7 67.4275475 0.813 < A7 <=0.875
Al13 -44.78266 0.613<A13<=0.781
A24 274.441705 0.474 < A24
All -80.597591 0.680<Al1l
Al6 -129.02328 0.468 < Al6
A20 -8.140098 0.475 < A20
A21 -96.822383 0.474 < A21
1995 0.98243178 A4 155.415575 0.2600 < A4 <= 0.4593
Al8 45.3299199 0.472 < A18
Al17 -91.167677 0.468 < A17
A19 -99.683585 0.462 < A19
A5 20.1102333 0.624 < A5<=0.794
A22 292.759539 0.348 < A22 <= 0.662
A10 -53.69106 0.768 < A10 <= 0.905
A6 -276.00472 0.628 < A6 <=0.782
A3 80.1788007 0.758 < A3 <=0.903
A23 -104.78508 0.266 < A23 <=0.588
A9 -62.314994 0.219< A9 <=0.468
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Local Explanations - 1996 / 1997

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 157.427657 0.577 < A2<=0.676
Al4 197.051575 0.612 < Al4
Al -30.813503 0.790< Al
A8 172.289929 0.412 < A8 <= 0.666
A7 21.2021187 0.813 < A7 <=0.875
Al13 122.013512 0.613<A13<=0.781
A24 112.385332 0.474 < A24
All -24.057141 0.680 < All
Al6 -35.176658 0.468 < Al6
A20 220.837035 0.475 < A20
1996 0.90352485 A21 -89.175144 0.474 < A21
A4 -8.3048934 | 0.2600 < A4 <= 0.4593
Al18 87.2176942 0.472 < Al18
Al7 -15.606141 0.468 < A17
Al19 -264.59511 0.462 < A19
A5 44.8312536 0.624 < A5 <=0.794
A22 -5.5260776 0.348 < A22 <= 0.662
A10 -196.30182 0.768 < A10 <= 0.905
A6 133.835772 0.628 < A6 <=0.782
A3 -40.302007 0.758 < A3 <=0.903
A23 47.4011686 0.266 < A23 <=0.588
A9 -29.476633 0.219 < A9 <= 0.468
A2 -271.65019 0.476 < A2 <= 0.577
Al4 -45.048969 0.291<A14<=0.397
Al 213.170687 0.692 < A1<=0.790
A8 -17.893416 0.285 < A8<=0.412
A7 -62.616636 0.813 < A7<=0.875
Al13 135.55294 0.613<A13<=0.781
A24 206.050665 0.474 < A24
All 114.10669 0.680 < All
Ale -242.22068 0.330<A16<=0.468
A20 37.5742471 0.342 < A20<=0.475
A21 109.206949 0.336<A21<=0474
1997 0.9847716 A4 23.2345968 | 0.2600 < A4 <= 0.4593
Al8 -4.1728795 0.338 < A18 <=0.472
Al17 -2.8970235 0.331<A17<=0.468
A19 93.7548146 0.330 < A19 <= 0.462
A5 -272.60455 0.624 < A5<=0.794
A22 430.280574 0.348 < A22 <= 0.662
A10 -243.8461 0.768 < A10 <= 0.905
A6 61.106499 0.628 < A6 <=0.782
A3 -105.55666 0.758 < A3 <=0.903
A23 138.983753 0.266 < A23 <= 0.588
A9 62.9080204 0.219 < A9 <=0.468
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Local Explanations - 1998 / 1999

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 -75.580711 0.476 < A2 <= 0.577
Al4 143.179683 0.397 < Al4<=0.612
Al 138.576297 0.790< A1l
A8 232.904363 0.412 < A8 <= 0.666
A7 -197.2834 0.813<A7<=0.875
A13 83.543775 0.613<A13<=0.781
A24 29.9170106 0.298 < A24 <=0.474
All 107.411744 0.680 < A11
Al6 291.94552 0.330<A16<=0.468
A20 76.1592162 0.342 < A20<=0.475

1998 0.99880943 A21 -80.433533 0.474 < A21
Ad -204.12025 0.2600 < A4 <= 0.4593
A18 -294.83901 0.338 < A18<=0.472
Al7 130.157499 0.331<A17<=0.468
A19 -85.474026 0.330< A19<=0.462
A5 -144.16601 0.624 < A5 <=0.794
A22 119.30406 0.348 < A22 <=0.662
A10 -498.67147 0.768 < A10 <= 0.905
A6 106.383921 0.628 < A6 <= 0.782
A3 -95.598057 0.758 < A3 <= 0.903
A23 124.655236 0.266 < A23 <=0.588
A9 132.994104 0.219 < A9 <= 0.468
A2 17.8193171 0.476 < A2 <=0.577
Al4 12.2654334 0.291<A14<=0.397
Al -110.68916 0.692 < A1<=0.790
A8 70.2571501 0.285<A8<=0.412
A7 -13.389148 0.595 < A7 <=0.813
A13 -9.2906232 0.613<A13<=0.781
A24 154.659296 0.298 < A24<=0.474
All 27.1156095 0.680 < A1l
Al6 15.8874842 0.330< A16<=0.468
A20 -67.402105 0.342 < A20<=0.475
A21 63.9400738 0.336<A21<=0.474

1999 0.83219334 A4 94.1939265 0.2600 < A4 <= 0.4593
Al18 -79.044508 0.338<A18<=0.472
Al17 149.358488 0.331<A17<=0.468
A19 -82.235961 0.330< A19<=0.462
AS 131.750235 0.624 < A5<=0.794
A22 -48.282919 0.348 < A22 <=0.662
A10 -111.7338 0.905 < A10
Ab -40.355543 0.628 < A6 <=0.782
A3 -134.6856 0.758 < A3 <= 0.903
A23 84.5411888 0.266 < A23 <=0.588
A9 -83.960453 0.219 < A9 <=0.468
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Local Explanations - 2000 / 2001

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 -102.84359 0.476 < A2 <= 0.577
Al4 3.82939242 Al14 <=0.291
Al 16.4079434 0.692 < A1<=0.790
A8 67.4965067 0.285< A8 <=0.412
A7 26.9364298 0.875 < A7
A13 -6.5594725 0.781 < Al13
A24 89.6061255 0.298 < A24 <=0.474
All 197.366749 0.680 < A11
Al6 10.8245126 0.330< A16<=0.468
A20 -17.521564 0.342 < A20 <=0.475

2000 0.84724601 A21 -7.692202 0.336<A21<=0.474
A4 -92.573561 0.4593 < A4
A18 -111.57018 0.338<A18<=0.472
Al7 14.0586898 0.331<A17<=0.468
A19 -36.746749 0.330<A19<=0.462
A5 10.5834219 0.794 < A5
A22 118.920689 0.662 < A22
A10 -104.26439 0.905 < A10
A6 29.2436911 0.782 < A6
A3 -4.7939643 0.903 < A3
A23 2.25750485 0.588 < A23
A9 -1.4590415 0.468 < A9
A2 7.43550603 0.577 < A2 <=0.676
Al4 -82.57602 0.291<Al14<=0.397
Al -4.6303623 0.790< Al
A8 -33.329626 A8 <=0.285
A7 208.492366 0.875< A7
A13 13.9409695 0.781< Al13
A24 38.3949245 0.298 < A24<=0.474
All 4.9069996 0.680 < A1l
Al6 -2.497574 0.330< A16 <=0.468
A20 56.5077289 0.342 < A20<=0.475
A21 41.9148457 0.336<A21<=0.474

2001 0.88725786 A4 -3.8461265 0.4593 < A4
Al8 199.349141 0.338< A18<=0.472
Al7 13.9462659 0.331<A17<=0.468
A19 4.30094699 0.330< A19<=0.462
AS 1.70010997 0.794 < A5
A22 -30.434038 0.662 < A22
A10 22.9200434 0.905 < A10
A6 30.3924505 0.782 < A6
A3 -11.055241 0.903 < A3
A23 4.77026338 0.588 < A23
A9 112.341349 0.468 < A9
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Local Explanations - 2002 / 2003

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
S Weight
Model R2 =

A2 -136.24799 | 0.577<A2<=0.676
Al4 218.108699 Al14 <=0.291
Al -3.0573776 0.790< Al
A8 -40.486617 | 0.285< A8<=0.412
A7 1.12913952 0.875 < A7
A13 63.4168157 0.781<A13
A24 0.76492689 | 0.298 < A24<=0.474
All -2.4965428 | 0.550< A11<=0.680
Al6 11.1991767 0.468 < Al6
A20 -5.7826119 0.475 < A20

2002 0.91294745 A21 93.2828239 | 0.336<A21<=0.474
Ad 23.3528857 0.4593 < A4
A18 -3.8799751 0.472 < Al18
Al7 20.9720665 0.468 < A17
Al19 175.307956 0.462 < Al19
A5 -65.342089 0.794 < A5
A22 163.121559 0.662 < A22
Al10 -150.8255 0.905 < A10
A6 -60.45397 0.782 < A6
A3 -123.73681 0.903 < A3
A23 286.756257 0.588 < A23
A9 -23.984198 0.468 < A9
A2 28.6488463 0.676 < A2
Al4 156.717238 | 0.397<A14<=0.612
Al -44.021012 0.790< Al
A8 242.827925 A8 <=0.285
A7 -674.65239 0.875< A7
A13 294.918057 0.781<A13
A24 68.273674 0.474 < A24
All 102.381512 | 0.418 < Al11<=0.550
Al6 -184.15522 0.468 < Al6
A20 -165.45521 0.475 < A20
A21 -11.709762 0.474 < A21

2003 0.98465317 A4 -113.67786 0.4593 < A4
Al18 -100.92828 0.472 < A18
Al17 -262.48882 0.468 < A17
A19 215.355971 0.462 < Al19
A5 283.109492 0.794 < A5
A22 -101.63906 0.662 < A22
A10 -54.645385 0.905 < Al10
A6 -46.092452 0.782 < A6
A3 332.58897 0.903< A3
A23 32.3476436 0.588 < A23
A9 23.9368145 0.468 < A9
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Local Explanations - 2004 / 2005

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 ¥

A2 99.8905915 0.676< A2
Al4 143.535988 | 0.291 < Al14<=0.397
Al -80.569099 0.790< Al
A8 -68.152534 A8 <=0.285
A7 16.7097334 0.875< A7
Al13 105.697337 0.781<A13
A24 12.079433 0.474 < A24
All 431176873 | 0.550< A11<=0.680
Al6 -48.528445 0.468 < Al6
A20 -37.487335 0.475 < A20

2004 0.73080161 A21 11.3595897 0.474 < A21
Ad -8.6572007 0.4593 < A4
Al18 122.491593 0.472 < Al18
Al7 -75.798802 0.468 < A17
A19 -67.5681 0.462 < A19
A5 -151.80663 0.794 < A5
A22 35.1629556 0.662 < A22
Al10 -52.968667 0.905 < A10
A6 -84.890639 0.782 < A6
A3 -24.961093 0.903 < A3
A23 189.037396 0.588 < A23
A9 45.5197162 0.468 < A9
A2 58.0784889 0.676 < A2
Al4 415039152 | 0.291<A14<=0.397
Al 7.39644173 0.790< Al
A8 344.825504 A8 <=0.285
A7 -9.809737 0.875< A7
A13 50.0152107 0.781<A13
A24 58.6471384 0.474 < A24
All 36.0009661 | 0.550<A11<=0.680
Al6 -18.013913 0.468 < Al6
A20 -0.6939068 0.475 < A20
A21 26.5923222 0.474 < A21

2005 0.97746009 A4 45.9573353 0.4593 < A4
Al8 -10.329676 0.472 < A18
Al7 -39.812193 0.468 < A17
A19 -10.923056 0.462 < A19
AS 60.3223188 0.794 < A5
A22 -78.600084 0.662 < A22
A10 -58.606839 0.905 < A10
A6 -58.969198 0.782 < A6
A3 -136.83737 0.903< A3
A23 126.256674 0.588 < A23
A9 -117.5907 0.468 < A9
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Local Explanations - 2006 / 2007

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =
A2 139.896468 0.676 < A2
Al4 27.3157085 0.291 < A14 <= 0.397
Al 169.244016 0.790 <Al
A8 -34.294121 A8 <=0.285
A7 25.0170389 0.875 < A7
Al3 -54.93281 0781 <A13
A24 204.856287 0.474 < A24
All -40.490245 0.550< Al11<=0.680
Al6 -21.110312 0.468 < Al6
A20 79.9221913 0.475 < A20
2006 0.6786353 A21 -28.38399 0.474 < A21
A4 -83.325023 04593 < Ad
Al8 40.5604472 0.472 < A18
Al7 23.4045759 0.468 < A17
Al9 22.7445131 0462 < Al19
A5 -126.32899 0.794 < A5
A22 -4.1518806 0.662 < A22
Al1Q0 8.80827506 0905 < Al10
Ab -47.127772 0.782 < A6
A3 -66.123182 0.903 < A3
A23 56.7171645 0588<A23
A9 49,1225354 0.468 < A9
A2 88.9248993 0.577 < A2 <=0.676
Al4 14,1279785 Al4 <=0.291
Al -126.3973 0.790< Al
A3 -122.74527 A8 <=0.285
A7 -95.056476 0.875 < A7
Al13 -86.267495 0.781 < A13
A24 426.967135 0.474 < A24
All 240.539336 0.550<A11<=0.680
Al6 -76.151847 0.468 < Al6
A20 -43,136572 0.475 < A20
e oo A21 -42.959048 0.474 < A21
- SRR A4 -176.05137 0.4593 < A4
Al8 -38.395885 0.472 < A18
Al17 -95.441862 0468 < Al17
A19 -145.21523 0.462 < A19
A5 166.504288 0.794 < A5
A22 0.46714192 0662 <A22
Al10 -71.504672 0.905 < A10
Ab 314.14286 0.782 < A6
A3 -16.796491 0903 < A3
A23 207.184622 0.588 < A23
A9 -87.013686 0.468 < A9
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Local Explanations - 2008 / 2009

Surrogate
) Feature
Year (case) Linear Feature . Influence Interval
o Weight
Model R2 =

A2 70.1075544 0.476 < A2 <=0.577
Al4 -197.7202 Al14 <=0.291
Al -132.58162 0.790< Al
A8 -128.34842 A8 <= 0.285
A7 97.5166047 0.595<A7<=0.813
A13 157.99947 0.781 < A13
A24 100.842864 0.474 < A24
All -15.736737 0.550< A1l <= 0.680
Al6 70.1533532 0.468 < A16
A20 48.6078067 0.475 < A20

2008 0.83941087 A21 31.3307846 0.474 < A21
Ad 104.281338 0.4593 < A4
A18 -1.9352818 0.472 < A18
Al7 20.6149691 0.468 < A17
Al19 -33.612441 0.462 < A19
A5 92.961096 0.794 < A5
A22 -126.0427 0.662 < A22
Al10 -100.84357 0.905 < A10
A6 -31.90256 0.782 < A6
A3 177.838847 0.903 < A3
A23 151.12272 0.588 < A23
A9 -42.801655 0.468 < A9
A2 -728.41418 A2 <=0.476
Al4 -101.0112 0.291 < A14<=0.397
Al -16.377552 0.692 < A1<=0.790
A8 62.0129541 A8 <= 0.285
A7 -51.064901 0.595<A7<=0.813
A13 154.083839 0.781 < A13
A24 107.41985 0.474 < A24
All 98.8048477 0.680 < A1l
Al6 -473.71505 0.468 < A16
A20 100.90129 0.475 < A20
A21 -17.297446 0.474 < A21

2009 0.97912484 A4 205.030824 0.4593 < A4
Al18 -34.066944 0.472 < A18
Al17 55.9726053 0.468 < A17
A19 -20.569894 0.462 < A19
A5 114.726596 0.794 < AS
A22 -21.107717 0.662 < A22
A10 -22.052875 0.768 < A10 <= 0.905
A6 322.699268 0.782 < A6
A3 -12.21738 0.903< A3
A23 183.286603 0.588 < A23
A9 -18.326189 0.468 < A9
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