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Abstract

This study examines the relationship between low-carbon technology trade and climate change indicators by
employing a data-driven, machine learning—based analytical framework. Using long-term, multi-country data
covering the period from 1958 to 2020, the research investigates how environmental trade dynamics, carbon
emissions, and selected economic variables interact with key climate indicators. Unlike traditional econometric
approaches, the study adopts advanced machine learning techniques to capture complex and nonlinear
relationships that are difficult to model using linear methods. Specifically, the Nonlinear Autoregressive Neural
Network with Exogenous Inputs (NARX) is utilized to forecast climate-related outcomes, while SHapley Additive
exPlanations (SHAP) are applied to improve the interpretability of the model results. This integrated approach
enables both reliable predictive performance and a transparent evaluation of the relative importance of explanatory
variables. The findings suggest that low-carbon technology trade plays a meaningful role in shaping climate
indicators, although its effects vary across countries and over time. In addition, carbon emissions and trade-related
variables exhibit pronounced nonlinear impacts, highlighting the necessity of flexible modeling strategies. Overall,
the study contributes to the literature by demonstrating the usefulness of machine learning-based approaches for
analyzing long-term and multi-dimensional climate and trade data. The results offer policy-relevant insights for

designing sustainable trade and climate strategies.
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Low-Carbon Technology Trade and Climate Dynamics: A Machine Learning-Based Investigation

DUSUK KARBONLU TEKNOLOJI TICARETI VE IKLiM DINAMIKLERi: MAKINE
OGRENIMINE DAYALI BiR ARASTIRMA

0z

Bu c¢aligma, veri odakli, makine 6grenimine dayali analitik bir ger¢eve kullanarak diistik karbonlu teknoloji ticareti
ile iklim degisikligi gostergeleri arasindaki iligkiyi incelemektedir. 1958-2020 dénemini kapsayan uzun vadeli,
cok Ulkeli verileri kullanan aragtirma, gevresel ticaret dinamiklerinin, karbon emisyonlarinin ve segilen ekonomik
degiskenlerin temel iklim gostergeleriyle nasil etkilesimde bulundugunu arastirmaktadir. Geleneksel ekonometrik
yaklasimlardan farkl olarak, ¢aligma, dogrusal yontemlerle modellenmesi zor olan karmasik ve dogrusal olmayan
iliskileri yakalamak icin gelismis makine 6grenimi tekniklerini benimsemektedir. Ozellikle, iklimle ilgili sonuglar
tahmin etmek icin Digsal Girisli Dogrusal Olmayan Otoregresif Sinir Ag1 (NARX) kullanilirken, model
sonuglarinin yorumlanabilirligini iyilestirmek i¢in SHapley Toplamsal Agiklamalari (SHAP) uygulanmaktadir. Bu
entegre yaklagim, hem giivenilir tahmin performanst hem de agiklayici degigkenlerin goreceli dneminin seffaf bir
sekilde degerlendirilmesini saglamaktadir. Bulgular, disiik karbonlu teknoloji ticaretinin iklim gostergelerinin
sekillenmesinde anlamli bir rol oynadigini, ancak etkilerinin iilkeler ve zaman iginde farklilik gosterdigini
gostermektedir. Ayrica, karbon emisyonlar1 ve ticaretle ilgili degiskenler belirgin dogrusal olmayan etkiler
sergilemekte olup, esnek modelleme stratejilerinin gerekliligini vurgulamaktadir. Genel olarak, ¢alisma, uzun
vadeli ve ¢ok boyutlu iklim ve ticaret verilerinin analizinde makine 6grenimine dayali yaklasimlarin yararliligini
gostererek literatiire katkida bulunmaktadir. Sonuclar, siirdiiriilebilir ticaret ve iklim stratejilerinin tasarlanmasi

icin politika agisindan dnemli bilgiler sunmaktadir.

Anahtar Kelimeler: Atmosferik CO. konsantrasyonlari, Deniz seviyesi degisimi, iklim degisikligi, Makine
Ogrenimi.

Jel Kodlari: C45, Q54, Q55

INTRODUCTION

Climate change is a great long-term change in world, regional as well as on a local weather
patterns as a result of natural and human activities. Whereas weather represents the short run trends in
the atmosphere, climate change represents the long run changes-that span decades or more-that affect
ecosystems, economies, and even human societies. Such changes are due to the complicated interplay
of the systems in the earth: atmosphere, oceans, the landscapes on the earth, and the ice sheets (Baker
etal., 2008). Human activity is one of the major causes of climatic change particularly after the Industrial
Revolution. The excessive consumption of fossil fuels (coal, oil and gas) has resulted in a dramatic
increase in the emission of the greenhouse gases (GHGSs), which includes carbon dioxide (CO,), methane
(CH4) and nitrous oxide (N20). These gases trap the heat in the atmosphere of the Earth and global

temperatures increase-a phenomenon also referred to as global warming (Shukla et al., 2019). The
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research paper particularly examines the correlation between a number of environmental variables,
which include carbon emission per million of the population, country greenhouse gas emission, the CO;
emission in domestic production and in the international trade, and the exchange of environmental
goods. These are considered to be independent variables. Conversely, the major dependent variables-
indicators of climate change development are atmospheric concentrations of CO, and sea level rise
(Singh et al., 2011).

Iraq is a good example case because it is more susceptible to the effects of the climate. The
changing patterns of precipitations, rising temperatures and water shortages, and environmental
degradation coupled with socio-political instability make mitigation and adaptation efforts difficult.
These circumstances are reflections of problems observed in most developing countries (Adamo et al.,
2022). Scientific predictions, with leadership by bodies such as IPCC, combine both climate model data
and empirical data to make a prediction of future climate. Such predictions are used to make policy
choices, and to identify knowledge gaps that are being searched with data science to a greater extent.
Recent advances in empirical data availability and computational methods have enabled researchers to
analyze multi-country climate datasets more effectively. The increasing use of data-driven and machine
learning-based approaches has made it possible to capture complex and nonlinear relationships between
environmental, economic, and climate-related indicators that are difficult to model using traditional
econometric methods. In this context, the integration of advanced analytical techniques with
longitudinal climate and trade data provides valuable insights for climate prediction and policy

formulation.

Climatic changes have implication in many sectors. The destruction of infrastructure and food
security of populations with low adaptive capacity are threatened by flooding, agricultural damages,
changes in biodiversity, and extreme weather events. Meanwhile, economic systems such as buying and
selling environmental products can either reduce or increase the emissions. It is imperative to understand
these interrelations or sheep in order to develop an effective global climate policy (Trexler, 2015). The
importance of weather and climate to agriculture is emphasized by the attempts to predict the
productivity of crops with the help of weather variables. The importance of resolution and data quality
is displayed by models like CERES and EPIC, which demonstrate the difference in predictions made by
varying climate inputs. In the same way, such a phenomenon as El Nifio, or the North American
Oscillation, highlights the influence of internal climate variability on water resources and agricultural

output.

Recent developments in data-driven climate research have created new opportunities and
challenges for climate modeling and prediction. The complexity of climate systems often limits the
effectiveness of traditional linear modeling approaches. However, recent methodological developments
have encouraged closer collaboration between climate researchers and quantitative analysts. Carbon

emissions, GHG emissions, environmental trade and atmospheric indicators are multi-faceted at their
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intersection. Combined modeling, advanced analytics, and collaborative policymaking will allow
responding to the challenge of global climate in a more efficient way. This paper also adds to that debate
and analysis of essential relations between data in environmental and economic spheres, where the

immediate necessity is to take action on climate informed and data-driven (Liu et al., 2023).
Objectives of the Research

In this research, the aim is to predict climate change trends through the analysis of global
atmospheric CO2 concentration and sea level change using machine learning-based and data-driven
modeling approaches. This research aims to analyze long-term, multi-country climate and
environmental trade data using machine learning-based and data-driven modeling approaches in order
to improve climate change forecasting and support environmental planning. Finally, it provides

instruments in enhancing climate science in the world and predicting an environmental change better.
Problem of the Research

Climate change is a burning and sophisticated international problem that is motivated by
increasing CO; levels, leading to global warming and rising sea level. Nonetheless, the existing
forecasting tools frequently can not cope with the complexity and magnitude of climate data that
prevents correct predictions. Conventional models can make changes slow or distorted, which may
hamper the process of controlling climate risks. Due to the fact that the association between CO;
emissions and sea level rise constitutes a number of dynamic elements, the more sophisticated data-
driven and machine learning methodologies are urgently required to enhance predictions. Unless there
is improved prediction, then there is a risk that societies will not be ready to deal with the long-term

consequences of climatic changes.
Importance of the study

Climate change prediction is crucial in the realization of the effects of global warming and how
to respond effectively to the changes. Scientists aid in the preparation of communities to environmental
hazards such as floods and erosion by observing the level of carbon dioxide in the atmosphere and
forecasting sea level increase. Making right predictions allows the policy makers to design superior
adaptation and mitigation strategies and assist the early warning mechanism to curb disaster losses.
Application of data-driven and machine learning-based analytical methods boosts the accuracy of

climate predictions by capturing complex and nonlinear relationships among variables.

LITERATURE REVIEW

Operational weather and climate forecasting commenced well before the advent of computer
numerical modeling. Throughout history, efforts have consistently been made to comprehend weather
and climate patterns and forecast forthcoming conditions by assessing their implications for human life

and activities (Robertson and Vitart, 2018). Experiments attempting to decipher the forces governing
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weather patterns have long been intertwined with astrology and folklore over centuries. Substantial
progress in understanding meteorological phenomena emerged in the early decades of the 19th century,
with a particular emphasis on elucidating the attributes and dynamics of atmospheric storms. It was
during the late 20 th century when formalized efforts to systematize the collection of observational data
to forecast weather events began. In the 1850s and 1860s, especially the work of Admiral Fitzroy can
be considered one of the landmark events that gave birth to the concept of weather forecasting. In 1860,
the issuance of gale warnings to seafarers was inaugurated by the Admiral Fitzroy and the following
year he released general weather predictions. The first meteorological prediction was publicized through
being published in the Times newspaper as of August 1, 1861. The rapid expansion of the telegraph
communication system significantly facilitated the investigative work of Fitzroy because it gave him an
opportunity to collect data on different observatories and make a simple analysis of the common
atmospheric conditions. Also, he came up with the words forecast and prediction that replaced the term

prediction that was formerly used BBC News (2015).

Bulkeley (2002) This is a ground breaking work that sets out to exhaustively examine the
challenges that lie ahead in the world of global climatic change. It also provides useful insights into the
scientific and political side of this widespread environmental problem in the world, noting how it has
become one of the key elements of the urban policy. It also explores the complexity of the city policy
dilemmas, including economic, social, and structural resolutions that were imposed by the need to
address the issue of climate change in the city setting. The monograph takes part in an extensive
discussion of the new urban practices to tackle the two-fold needs of mitigation and adaptation of climate
change. At the same time, this paper analyzes the implications of climate change on the notion of equity,
both in terms of how society operates and in environmental aspects, and justifies these findings through

the use of case studies which focus on the urban setting.

Peter (2011) says that A deeper understanding of urbanism at the community level gives a stronger
foundation on which the complexities that are involved in mitigating climate change can be addressed.
In his research, the author emphasizes on the necessity of adoption of green urbanization concept at the
local scale to reduce CO; emissions within a particular geographic area. Peter also examines the synergy
between green urbanization, as well as technological advancements and how these two factors can
coexist and be put to use in ensuring sustainable living initiatives. Instead of the list of new energy
sources and single-dimensional land-use options, Peter integrates these aspects into his prospective
national growth scenario in the year 2050 quite smoothly. This integrative method enables him to
elaborate their future effects in a wholesome manner. Therefore, his work emphasizes the importance
of an integrated methodology that includes land-use change, policy changes, and new technologies to

ease the process of transition to a low-carbon economy.

Selvan et al. (2022) also, an attempt was made to examine the suitability of the neurofuzzy and

neural network models as distinct and viable machine learning platforms in the climate change
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prediction scenario. The results indicated that the model was effective in the prediction of data under
particular parameter usage, which supports the advantage of the ANFIS model compared to other
artificial networks in making climate predictions. Moreover, the data retrieved by the ANFIS system
had a significant margin of accuracy with little variation upon comparing the actual and estimated

outcome data.

In another research, Rasp (2019) studied the statistical and machine-learning-based applications
in the field of weather and climate modeling. The result of this study means that the approach to the
investigation has high levels of flexibility to solve various post-processing issues. In addition, the
growing computational powers, and the ever-growing datasets, together with the significant progress of
the deep learning approaches, make this research area an exceptionally promising place to pursue the

research activity in the future.

Kuligowski and Barros (1998) collected the meteorological data of the Lebanon National Climate
Data Center in a study and applied an artificial neural network model to make localized climate
predictions. The results of their study explain that the results of the use of the neural network method
depict significant enhancements, especially in the field of medium/high intensity precipitation cases.
These developments are especially relevant in the operational hydrological application, and the

importance of these developments cannot therefore be understated.

Mohammed et al. (2016), the main aims of this research project are to clarify and investigate the
tendency of the historical temperature during the period between 1950 and 2100 with specific references
to the geographical setting of Irag. The information used to conduct this study was collected on the site
(http://www.meteoseism.gov.ig/index.php) of the period between 1950 and 2014 and the Community
Climate System Model (CCSM) version 4. The statistical procedures which were applied included the
Pearson Coefficient of correlation and the linear regression. The research results imply that the mean air
temperature will portray an increasing trend every year in four different scenarios of Representative
Concentration Pathway (RCP) with different levels of emissions. The RCP2.6 scenario also has the least
aggressive rate of temperature rise, as the anticipated temperature change is between 0.5 and 0.8 degrees
Celsius above historical average. On the other hand, the scenario of the RCP8.5 shows the highest
escalation of 4.1 to 6 degrees Celsius. Contrastingly, the RCP4.5 and RCP6.5 outlooks are associated
with an increase in temperature of between 1 and 2 degrees Celsius and 2 to 4 degrees Celsius
respectively as indicated in the context in question. Moreover, the distribution of this rise in temperature
with regions shows that there is a dominant trend that stretches to the south and wraps up to the central,

western, and northern parts of Irag.

MATERIALS AND METHODS

This study aims to estimate the relationship between atmospheric CO, concentrations, and

average sea level change mm in Tirkiye, Irag, China, America, and Germany by analyzing carbon
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emissions, greenhouse gas emissions, and environmental trade data from these countries. The selected
countries-namely the United States, China, Germany, Tirkiye, and Irag-represent heterogeneous
economic structures, emission profiles, and roles in international trade. This selection allows the analysis
to capture diverse climate-trade dynamics across advanced industrial economies, emerging markets, and
energy-intensive developing countries. The focus is not on cross-country comparison per se, but on
understanding nonlinear climate—trade interactions across different economic contexts. Carbon
emissions per million people, national greenhouse gas emissions, CO, emissions embodied in domes,
and trade in environmental goods were the study’s independent variables. The study also includes
dependent variables such as atmospheric CO; concentrations (world), change in mean sea level in

millimeters (earth).

The data used in the study average global surface temperature, atmospheric CO; concentrations,
and average sea level change mm data cover the years 1958—2020. Our data on CO; emissions embodied
in the domes covers the years 2005-2020. Land cover and average surface temperature data cover the
years 1992-2018. In light of these data, it is aimed to predict atmospheric CO, concentrations, and
average sea level change mm for the next 10 years with machine learning algorithms. The data used in
the study were also obtained from the International Monetary Fund (IMF). The IMF database was
preferred as it provides harmonized and internationally comparable climate-related indicators compiled

from multiple authoritative sources.

Given the multi-country and multi-variable structure of the dataset, advanced data-driven
modeling techniques were employed to capture nonlinear relationships and temporal dependencies
among climate and trade variables. Our data, which will be collected by various methods, will be
arranged in a way that is suitable for our analysis. The NARX and SHAP algorithms will be used in the
analysis we will perform with Python. These algorithms are well suited for modeling complex and
nonlinear relationships in multi-variable longitudinal datasets. The SHAP algorithm will be used to train
the models with NARX, and the relationship between the variables will be examined and an estimation
made. The methods used in the study are given in detail under the headings below. It is important to
emphasize that SHAP values do not imply causal relationships. Instead, they reflect the relative
contribution of each explanatory variable to the model’s predictions within a purely model-based
framework. Accordingly, the results are interpreted in terms of associations and predictive importance

rather than causal effects.
Machine Learning

Machine learning (ML) is one of the fundamental branches of artificial intelligence (Al) that
allows machines to learn on the basis of data and make decisions with the minimum human intervention
(Dunjko and Briegel, 2018). ML was developed during the 1956 Dartmouth Conference, based on
algorithms such as decision trees, support vectors machines, and neural networks, and was based on the

quality of the data, selection of features, and learning techniques. ML research includes both task-

687



Low-Carbon Technology Trade and Climate Dynamics: A Machine Learning-Based Investigation

oriented, cognitive and theoretical research. The model that is developed is an ML model, which
includes data preparation, algorithm selection, trains, and is applied to new data. Python has the strongest
tools because it has strong libraries, and big tech firms are to invest in ML heavily, which facilitates
innovation (Mohri et al., 2018).

Data Collection Process

Once the research objective is identified, it follows data collection, which in turn can be defined
in terms of choosing a sample population depending on the scope and objectives of the study. The data
used should be relevant, reliable and adequate to be able to make generalizable conclusions. Decisions
on data type and volume can be made statistically. It is important that there is consistency among the
data sources because inconsistencies-including the difference in the number of observations- may result
in the absence of data and inaccuracy. Poor data may lead to poor analysis and expenses associated with
corrections. Thus, the process of data collection can be performed carefully and accurately, meaning

that the following stages of research will be successful (Ozdemir, 2021).
Data Preparation Process

During data preparation stage all data obtained should be standardised and prepared to be
analysed. The dissimilarities in data type, measurements, and format-particularly when information is
collected of several sources-has to be reconciled, in most cases, by normalizing. The importance of
missing data should be evaluated, and it should be analyzed or eliminated. Any outliers that may
influence the results of the models must be identified and dealt with carefully. The quality of data needs
to be maintained as mistakes made at this point in time may affect the whole analysis. It is important to
provide, interpret, and systematize data to construct a model accurately, interpret it, as well as make the

research a success (Ozdemir, 2021).
Nonlinear External Input Autoregressive Network (Narx)

ANNSs are mathematical models and are based on the human brain structure and functionality.
They can learn, store and retrieve information and are particularly applicable to solve complex, nonlinear
problems in clustering, classification, regression and optimization. The Nonlinear AutoRegressive with
eXogenous inputs (NARX) is one particular model, which is common in the modeling of nonlinear
dynamic systems and time series data (Boussaada et al., 2018). The primary objective of this study is
forecasting and pattern recognition rather than formal statistical inference or causal identification. For
this reason, machine learning-based models are preferred over traditional econometric approaches that
rely on strict assumptions such as stationarity or parameter stability. The NARX framework is
particularly suitable for capturing nonlinear and dynamic relationships in long-term time-series data
without requiring explicit pre-testing for structural breaks. While structural changes may exist over
extended periods, the model is designed to learn such variations implicitly through its nonlinear

architecture. NARX networks are a type of recurrent neural networks (RNNSs), where the former takes
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past outputs as inputs and incorporates feedback between many layers, enhancing the performance of
time-dependent prediction (Khaleghi et al., 2021). The architecture consists of input layer, hidden layer
and the output layer, all the initial random weights are optimized throughout the training. The hidden
layer usually takes the sigmoid activation effect with a linear effect in the output layer to help scale the
output correctly before learning. Time delays, the number of hidden layer, type of feedback as well as
the training functions are all elements that need to be determined prior to learning. NARX can be used
with open-loop (serial-parallel) and closed-loop (parallel) feedback. The model is fed by the predicted
outputs and the relationship between the inputs and the outputs is defined mathematically in the parallel

structure (Boussaada et al., 2018).
P) =F@(t—1),9(t —2), . 9(t — dy), x(6), x(t — 1), .., x(t — dy) (1)

When the real target can be reached, unlike the parallel type, in the NARX design with the serial-
parallel type, the feedback to the delay line of the feedforward neural network is made with the real
target instead of the predicted target. The mathematical expression for the serial-parallel type is given

in Equation 2 to express the actual output data at the time y(t) (Boussaada et al., 2018).

P@) =Fy(t—1),y(t —2),..,y(t — dy), x(6),x(t — 1), .., x(t — dy) (2)

The schematic representation of parallel and serial-parallel NARX structures. Various
performance measures can be used to monitor NARX training performance and minimize error. In the
context of this research endeavor, the selection of the mean square error (MSE) function is favored. The

MSE function is shown in Equation 3.
1 n
MSE =~ (9 = y)? ©
i1

The backpropagation algorithm is commonly used to make weight adjustments to minimize MSE
but is not very fast. Levenberg-Marquardt (LM) method has the advantage of making small networks
more efficient by integrating both gradient descent and Gauss-Newton. A probabilistic weight
distribution is employed by the Bayesian arrangement (BD), which is more accurate with small data

sizes but requires more time to train (Khaleghi et al., 2021).
Shapley Additive Explanation (SHAP)

Machine learning has made life much easier but it is a black box and it is difficult to understand
how the results are achieved as the logic behind the results is not always understood. SHAP (SHapley
Additive exPlanations) is one tool that can be used to resolve this problem by making models more

interpretable and transparent (Kelle, 2021).
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SHAP, uses game theory to explain machine learning models, which can be defined as the use of
Shapley values that are originally introduced by Lloyd Shapley in 1953 to quantify the contribution of
each feature to a model prediction (Hausken et al., 2001). Practically, Shapley values of every data point
are computed separately and summed to indicate the cumulative effects of a featur. These combined
contributions in the form of SHAP visualizations can be used to make models more interpretable.

ISIt(M —|S] - D!
M!

03

SCN{i}

[ = (S UL — £ (S)] )

Where:

@;: Shapley value of instance i

S: Subsets of the set N

M: Number of features

fr — (S U {i}) — £, (S): Contribution of the feature

The computation of the SHAP value, which signifies the extent of an attribute’s influence on the
model, is derived through the amalgamation of Shapley values. The SHAP value is obtained by
averaging the Shapley values (Lundberg and Lee, 2017). The diagram below is a visualization of a
sequential example. For non-linear models, the order in which features are added is important (Kelle,
2021). Although SHAP was originally developed under independent observation assumptions, recent
applications have demonstrated its usefulness in time-series contexts when interpreted cautiously. In
this study, SHAP values are employed as a diagnostic tool to enhance model transparency rather than
as a formal inferential method. The temporal dependence inherent in the data is therefore acknowledged,

and the SHAP results are interpreted accordingly.

Calculating SHAP values in decision trees is more complex than linear models. If our machine
learning model is based on a decision tree, the TreeExplainer method in the SHAP library should be
used. Below is visualized how the SHAP value is obtained from a decision tree model (TreeSHAP,
2022).

Some machine learning algorithms have functions that calculate the importance values of the
features used in the model. Especially in decision tree-based algorithms, importance values are
calculated according to the formation of the tree, and the most important attributes are used in the nodes
while creating the tree (Al Igbal et al., 2012).

In the decision tree-based XGBoost algorithm, the importance values of the features can be
calculated by different methods (Mitchell and Frank, 2017). Different methods give different results and
it is difficult to answer the question of which method is correct (The Multiple faces of ‘Feature
importance’ in XGBoost (The Multiple faces of ‘Feature importance’ in XGBoost, 2022).
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ANALYSIS AND FINDINGS

In this study, by analyzing the greenhouse gas emission, carbon emission, and environmental
trade data of Irag, Turkiye, America, China, and Germany, it is aimed to estimate the relationship
between surface temperature, air temperature, or climate-related disasters in these countries. The
independent variables used in the study were carbon emissions per million people, national greenhouse
gas emissions, CO, emissions embodied in domes and trade in environmental goods. Dependent
variables used in the study were: Change in mean sea level in mm (Earth), atmospheric CO-

concentrations (World).

The data used in the study-average global surface temperature, Atmospheric CO2 concentrations,

and Average sea level change mm data cover the years 1958-2020.

In light of the presented data, the primary objective of this investigation is to employ machine
learning algorithms for the purpose of forecasting climate change-related disasters, atmospheric CO;
concentrations, as well as land and sea temperatures for a decade. The data used in the study were

obtained from the International Monetary Fund (IMF).

The dataset consists of time-series climate and trade indicators from selected countries, analyzed
using machine learning-based modeling techniques. Our data, which will be collected by various
methods, will be arranged in a way that is suitable for our analysis. The NARX and SHAP algorithms
were employed due to their effectiveness in analyzing complex, high-dimensional, and multi-variable
datasets commonly encountered in climate and environmental economics research. The SHAP algorithm
used to train the models with NARX and the relationship between the variables examined and the
estimation made Below, each dependent variable is evaluated separately, and the outcomes of the

analysis are given in detail, both numerically and visually.
Mean Global Surface Temperature
MSE: 0.0906

The variables used in the analysis to explain the change in the mean global surface temperature
variable and the contribution of these variables to the change are given in the graphic below.
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Figure 1. Variables used for mean global surface temperature
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The Variables used for Mean Global Surface Temperature

These results were obtained from the analysis of variables used for the mean global surface

temperature:

A one-unit change in the low-carbon technology products trade balance variable in the United

States is associated with an approximate increase of 0.042 units in the predicted global mean surface

temperature within the model framework
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The relationship between environmental goods exports as a proportion of total exports in the

United States and the Mean Global Surface Temperature variable is characterized by a positive

association. Within the model framework, a one-unit increase in the former is associated with an

approximate increase of 0.028 units in the predicted global mean surface temperature. We can interpret

that there is no change in our other variables because our values are small. In addition, the effect values

of each variable are given in detail in the table below.

Table 1. Variables used for mean global surface temperature

Feature Feature-
value
China, People’s Republic: Hong Kong - Carbon emissions per million US -
0 > : 0.000
Accomodation and food services.11
1 China, People’s Republic: Hong Kong - Carbon emissions per million US - Education.11 0.000
2 Germany - Carbon emissions per million US - Construction.3 0.000
3 Germany - Carbon emissions per million US - Other transport equipment.2 0.000
Germany - Carbon emissions per million US - Textiles, wearing apparel, leather and
4 0.000
related products.3
Germany - Carbon emissions per million US - Chemicals and pharmaceutical
5 0.000
products.27
Germany - Carbon emissions per million US - Motor vehicles, trailers and semi-
6 - 0.000
trailers.33
7 Tirkiye - Carbon emissions per million US - Agriculture, forestry and fishing.30 0.000
8 Turkiye - Environmental goods trade balance as percent of Gross Domestic Product - 0.000
Environmental goods trade balance as percent of Gross Domestic Product '
9 Tirkiye - Total trade in environmental goods as percent of Gross Domestic Product - 0.000
Total trade in environmental goods as percent of Gross Domestic Product '
United States - Environmental goods exports as share of total exports - Environmental
10 0.028
goods exports as share of total exports.4
United States - Environmental goods exports as share of total exports - Environmental
11 0.000
goods exports as share of total exports.5
United States - Environmental goods exports as share of total exports - Environmental
12 0.000
goods exports as share of total exports.76
United States - Environmental goods exports as share of total exports - Environmental
13 0.000
goods exports as share of total exports.78
United States - Environmental goods exports as share of total exports - Environmental
14 -0.001
goods exports as share of total exports.98
United States - Environmental goods exports as share of total exports - Environmental
15 0.000
goods exports as share of total exports.99
United States - Trade balance in low carbon technology products - Trade balance in low
16 0.042
carbon technology products
17 United States - Trade balance in low carbon technology products as percent of GDP - 0.000
Trade balance in low carbon technology products as percent of Gross Domestic Product '
United States - CO, emissions in exports of domestic controlled enterprises -
18 . 0.003
Transportation and storage
19 United States - Taxes on Energy (including fuel for transport) - 0.000
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The estimation of the Mean Global Surface Temperature variable in the NARX model

According to the findings depicted in Figure 2, for the real data, it was found that the estimates

of the global mean surface temperature variable within the NARX model showed a remarkable degree

of closeness to the actual values. It is plausible to emphasize that the model gives good results.

Figure 2. The estimation of the mean global surface temperature variable in the NARX model
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—e— Data
Prediction

The Prospective Estimated Values of the Mean Global Surface Temperature Variable for the
Years 2018-2031

Table 2 explains when the estimated values for the years 2018-2031 are examined. It was

observed that the Mean Global Surface Temperature variable showed a decrease between the years
2018-2022, then increased until 2028, and decreased after 2028.

Table 2. The prospective estimated values of the mean global surface temperature variable for the
years 2018-2031
Year Prediction
2018 1.855*
2019 1.855%
2020 1.058*
2021 0.663*
2022 0.663
2023 1.013
2024 1.286
2025 1.425
2026 1.490
2027 1.606
2028 1.670
2029 1.646
2030 1.584
2031 1.550

*Real data
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MSE: 6854.312

The variables chosen to explain the change in the Atmospheric CO, Concentrations variable and

the contribution of these variables to the change are given in the graphic below.

Figure 3. Variables used for atmospheric CO- concentrations
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The Variables Used for Atmospheric CO, Concentrations
Table 3 explains all the variables used for atmospheric CO- concentrations:

We can interpret that there is no change in our other variables because our values are small. In

addition, the effect values of each variable are given in detail in Table 3 below.

Table 3. Variables used for atmospheric CO; concentrations

Feature Feature -
value
0 China, People’s Republic: Hong Kong - Environmental goods exports - Environmental -1.909
goods exports '
1 China, People’s Republic: Hong Kong - Total trade in environmental goods - Total trade -5.620
in environmental goods '
2 Tirkiye - Total trade in environmental goods - Total trade in environmental goods -1.824
3 United States - Environmental goods exports - Environmental goods exports -9.305
United States - Environmental goods exports as share of total exports - Environmental
4 -5.919
goods exports as share of total exports.1
United States - Environmental goods exports as share of total exports - Environmental
5 -4.951
goods exports as share of total exports.6
United States - Environmental goods exports as share of total exports - Environmental
6 -3.402
goods exports as share of total exports.75
United States - Environmental goods exports as share of total exports - Environmental
7 0.000
goods exports as share of total exports.76
United States - Environmental goods exports as share of total exports - Environmental
8 -3.304
goods exports as share of total exports.77
United States - Environmental goods exports as share of total exports - Environmental
9 0.000
goods exports as share of total exports.78
United States - Environmental goods exports as share of total exports - Environmental
10 -9.731
goods exports as share of total exports.80
China, People’s Republic: Hong Kong - Exports of low carbon technology products -
11 -8.908
Exports of low carbon technology products
China, People’s Republic: Hong Kong - Imports of low carbon technology products -
12 -1.836
Imports of low carbon technology products
China, People’s Republic: Hong Kong - Total trade in low carbon technology products -
13 . -2.807
Total trade in low carbon technology products
United States - Exports of low carbon technology products - Exports of low carbon
14 -6.785
technology products
United States - Imports of low carbon technology products - Imports of low carbon
15 -5.399
technology products
United States - Total trade in low carbon technology products - Total trade in low carbon
16 -1.360
technology products
17 Tarkiye - Environmental Taxes - 0.000
18 Turkiye - Taxes on Energy (including fuel for transport) - 0.000
19 United States - Taxes on Transport (excluding fuel for transport) - -1.001

China, People’s Republic: Hong Kong - An augmentation of one unit in the Environmental goods
exports variable results in a reduction of -1.909 units in the Atmospheric CO, Concentrations variable,

as stipulated in the cited context.
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China, People’s Republic: Hong Kong - A augmentation of one unit in the Total trade in
environmental goods variable results in a decrement of -5.620 units in the Atmospheric CO;

Concentrations variable.

Turkiye - A one-unit increase in the environmental goods total trade variable It becomes a -1.824-

unit decrease in the atmospheric CO- concentration variable, as explained in the reference framework.

A 1-unit increase in the United States environmental goods exports variable is associated with an
approximate 9.305-unit decrease in the predicted Atmospheric CO2 Concentrations within the model

framework.

A 1-unit increase in the United States - Environmental Goods Exports as Share of Total Exports
variable is associated with an approximate 5.919-unit decrease in the predicted Atmospheric CO2

Concentrations within the model framework.

A 1-unit increase in the United States - Environmental Goods Exports as Share of Total Exports
variable is associated with an approximate 4.951-unit decrease in the predicted Atmospheric CO2

Concentrations within the model framework.

A 1-unit increase in the United States - Environmental Goods Exports as Share of Total Exports
variable is associated with an approximate 3.402-unit decrease in the predicted Atmospheric CO:

Concentrations within the model framework.

A 1-unit increase in the United States - Environmental Goods Exports as Share of Total Exports
variable is associated with an approximate 3.304-unit decrease in the predicted Atmospheric CO:

Concentrations within the model framework.

A 1-unit increase in the United States - Environmental Goods Exports as Share of Total Exports
variable is associated with an approximate 9.731-unit decrease in the predicted Atmospheric CO-

Concentrations within the model framework.

China, People’s Republic: Hong Kong - A 1-unit increase in the Exports of Low Carbon
Technology Products variable is associated with an approximate 8.908-unit decrease in the predicted

Atmospheric CO2 Concentrations within the model framework.

China, People’s Republic: Hong Kong - A 1-unit increase in the Imports of Low Carbon
Technology Products variable is associated with an approximate 1.836-unit decrease in the predicted

Atmospheric CO: Concentrations within the model framework.

China, People’s Republic: Hong Kong - A 1-unit increase in the Total Trade in Low Carbon
Technology Products variable is associated with an approximate 2.807-unit decrease in the predicted

Atmospheric CO: Concentrations within the model framework.
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A 1-unit increase in the United States - Exports of Low Carbon Technology Products variable is
associated with an approximate 6.785-unit decrease in the predicted Atmospheric CO. Concentrations

within the model framework.

A 1-unit increase in the United States - Imports of Low Carbon Technology Products variable is
associated with an approximate 5.399-unit decrease in the predicted Atmospheric CO2 Concentrations

within the model framework.

The United States - A 1-unit increase in the Total Trade in Low Carbon Technology Products
variable is associated with an approximate 1.360-unit decrease in the predicted Atmospheric CO-

Concentrations within the model framework.

A 1-unit increase in the United States - Taxes on Transport (excluding fuel for transport) variable
is associated with an approximate 1.001-unit decrease in the predicted Atmospheric CO2 Concentrations

within the model framework.
The estimation of the Atmospheric CO, Concentrations Variable in the NARX model

In the other hand, in graphic 4.4, it has been observed that the estimation of the Atmospheric CO-

Concentrations variable in the NARX model differs according to the real data.

Figure 4. The estimation of the atmospheric CO; concentrations variable in the NARX model
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The Prospective Estimated Values of the Atmospheric CO, Concentrations Variable for the
Years 2018-2031

According to the results in Table 4, when the estimated values for the years 2018-2031 are
examined, it is observed that the Atmospheric CO, Concentrations variable shows a decrease between
2018-2031. The sharp decline observed in long-term CO- projections should be interpreted with caution,
as it may partly reflect data normalization, model sensitivity to recent trends, or structural assumptions

inherent in machine learning-based forecasting rather than a physically realistic emission pathway.
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Table.4. The prospective estimated values of the atmospheric CO, concentrations variable for the years

2018-2031
Year Prediction
2018 408.714*
2019 408.714*
2020 400.274*
2021 380.877*
2022 371.227
2023 352.959
2024 331.985
2025 310.986
2026 287.779
2027 258.553
2028 223.050
2029 183.014
2030 138.013
2031 87.440

*Real data
Change in Mean Sea Level (Mm)
MSE: 20.486

The variables chosen to explain the change in the Change in mean sea level (mm) variable and

the contribution of these variables to the change are given in the graphic below.
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Figure 5. Variables used for change in mean sea level (mm)

Sl 0

- (wodsuen Joj fony Bupnjou)) ABsau3 uo saxey - kexny = 00p

- 59XB] [BluaWUOMUT - Aain -

92 SUOBRIUNWILODBIBL - S 0w Jod suoissid uogued - Buoy Buok ¥ d "euly - o

21'sionpaud eando pue U008 ‘SINdw) - SN UONIIW Jod SUOISSILS UOQIED - PUBIUIBIN Y d 'BUD = 0

‘9@'u Juawdinba pue Kiaujyoey - SN uoyiw Jod SUOISSILS UOGIBD - SAIEIS PAUN = 00+ (

L7'$80IMBS 10}00S SSOUISNG JOYO - SN U0 Jed SUOISSIL LOGIED - SEIEIS AU = O

92 Ayunoss [eos Aiosindwos ‘eousjep pUB UOGRASIULPE N - S UOJIL J6d SUOISSILS UOGIED - SBIEIS PaUN = 40F (-

n.nto&o 1810} J0 aJeys se spodxe muSa [BuBLILONAUT - Spodxa (B0} o aJeys se spodxa 880 |EJUBLILQJIAUT - SBIBIS pajiun = 00v (-
41'S83IAJ2S UorjeIpaLwal pue ajsem ‘abesamas A|ddns Jajem ‘seb Ayouoa(3 - S uouw Jod suoissiwe uogied - Buoy Buok 1y d BuILD - 9

F wnejolad - SeIpisqns anJ (1ssod yoijdx3 - sasudiajua [euoneuninu pjjosuca ubieio) so Indyno jo yun Jed suaissiwe 207 - Buoy Buok - yd "euyd = 90;

1109 - JoIidx3 pue onduw (ejoL - SSIDISNS 1an 1SS0 - Sasudialua (euoneurynw peoue ubiaio) Joj 1ndino Jo yun sad suoissiwa 209 - Buoy Buol -4 "eud - o

1 Aouroa(3 - seIpIsang (an 15504 oidu - sespdiayua paAU0D Asawop Jo Indina jo Jun Jad suojssiwe 07 - Buoy Buod yd B - 00

}'SEQ [BINJEN - SOIPISGNS |an 15504 oudx3 - sesudiejua [euoeugin payjoRuod uBleso o) indino jo pun Jed suossue 20O - PUBIUBI N d 'BuND -
| abieweq peoy - seipisans 1en4 15s04 Joldw| - sesudseiua PaloAU0d MSBWOP O INdino Jo hun Jed SUOISSILIB ZOO - PUBIUIEIN - Y d "BUILD = O

fyunaas (ero0s Aiosinduion ‘8auajap pue ‘ulupe |qn - sasudiajua paponuoa asawop jo Jndino jo yun Jad suoissiwa 07 - SAIBIS PaluN = o

funoes [eos Aios|ndwoo ‘eousjep pue UIIPE iGN - sesudIBuB Pejjosu0d JSeWp Jo Jndjno ur suoissiwe 70D - Aexiny. - o

sonposd ABojouya) uogrea moj jo spodw) - sjnpoid ABojouyas) uoqrea moj jo spodw| - sajels payun =

sjonposd ABojouyaa) uoque moj ul apex) [ejoL - sinpod ABojouyos) uoguea wof Ul 8pes [ejo. - SBIBIS paun - o

4 syodxa [€}0} Jo aseys se spodve spoof ejuewuanAug - spodxa €10} Jo areys se spodxe spoof EjuswLCIALS - SBIEIS PaUN

9'spodxa ejo} jo aseys se spodxe spood fejuawuonAu3 - spodxa 10} Jo aseys se spodxe spool [euawLOIAL - SejelS PajuN - 795 ¢

The Variables Used for Change in Mean Sea Level (Mm)

As shown in Table 5, indicating the variables used for changes in mean sea level (mm):
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Table 5. Variables used for change in mean sea level (mm)

Feature Feature-
value
0 China, People’s Republic: Hong Kong - Carbon emissions per million US - Electricity, 0.000
gas, water supply, sewerage, waste and remediation services.11 '
China, People’s Republic: Hong Kong - Carbon emissions per million US -
1 L 0.000
Telecommunications.26
2 China, People’s Republic: Mainland - Carbon emissions per million US - Computer, 0.000
electronic and optical products.12 '
United States - Carbon emissions per million US - Machinery and equipment n.e.c. 0.000
4 United States - Carbon emissions per million US - Other business sector services.27 0.000
5 United States - Carbon emissions per million US - Public administration and defence; 0.000
compulsory social security.26 '
United States - Environmental goods exports as share of total exports - Environmental
6 5.124
goods exports as share of total exports.1
United States - Environmental goods exports as share of total exports - Environmental
7 0.000
goods exports as share of total exports.3
United States - Environmental goods exports as share of total exports - Environmental
8 13.341
goods exports as share of total exports.6
9 United States - Imports of low carbon technology products - Imports of low carbon 0.822
technology products '
United States - Total trade in low carbon technology products - Total trade in low
10 4.060
carbon technology products
11 China, People’s Republic: Hong Kong - CO2 emissions per unit of output for foreign 0.000
controlled multinational enterprises - Explicit Fossil Fuel Subsidies - Petroleum.1 '
China, People’s Republic: Hong Kong - CO2 emissions per unit of output for foreign
12 controlled multinational enterprises - Fossil Fuel Subsidies - Total Implicit and 0.000
Explicit - Coal.1
13 China, People’s Republic: Hong Kong - CO, emissions per unit of output of domestic 0.000
controlled enterprises - Implicit Fossil Fuel Subsidies - Electricity.1 '
14 China, People’s Republic: Mainland - CO, emissions per unit of output for foreign 0.000
controlled multinational enterprises - Explicit Fossil Fuel Subsidies - Natural Gas.1 '
15 China, People’s Republic: Mainland - CO2 emissions per unit of output of domestic 0.000
controlled enterprises - Implicit Fossil Fuel Subsidies - Road Damage.1 '
16 Turkiye - CO, emissions in output of domestic controlled enterprises - Public admin. -0.168
and defence; compulsory social security '
17 United States - CO; emissions per unit of output of domestic controlled enterprises - 0.000
Public admin. and defence; compulsory social security '
18 Turkiye - Environmental Taxes - 0.000
19 Turkiye - Taxes on Energy (including fuel for transport) - 0.000

United States - Environmental goods exports as a share of total exports: A one-unit increase in
environmental goods exports as a share of total exports is associated with an approximate increase of

5.124 units (5.124 mm) in the predicted change in mean sea level within the model framework.
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United States - Environmental goods exports as a share of total exports: A one-unit increase in
environmental goods exports as a share of total exports is associated with an approximate increase of

13.341 units (13.341 mm) in the predicted change in mean sea level within the model framework.

A one-unit increase in the United States - Imports of Low Carbon Technology Products variable
is associated with an approximate increase of 0.822 units (0.822 mm) in the predicted change in mean

sea level within the model framework.

United States - Total trade in low carbon technology products: A one-unit increase in the total
trade in low carbon technology products variable is associated with an approximate increase of 4.060

units (4.060 mm) in the predicted change in mean sea level within the model framework.

Turkiye - CO: emissions in output of domestically controlled enterprises (administration and
defense; compulsory social security): A one-unit increase in the compulsory social security variable is
associated with an approximate decrease of 0.168 units (-0.168 mm) in the predicted change in mean
sea level within the model framework. We can interpret that there is no change in our other variables
because our values are small. In addition, the effect values of each variable are given in detail in the

table below.
The Estimation of the Change in Mean Sea Level (Mm) Variable in the NARX Model

According to the outcome of graphic 4.6, On real data, it was observed that the estimation of the
change in mean sea level (mm) variable in the NARX model is similar. This indicates that the estimation

is strong.

Figure 6. The estimation of the change in mean sea level (mm) variable in the NARX model
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Table 6 showing the estimated values for the years 2018-2031, is examined. It was observed that
the change in the mean sea level (mm) variable showed a general increase between the years 2018—
2031.
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The Prospective Estimated Values of the Change in Mean Sea Level (Mm) Variable for the
Years 2018-2031

Table 6 showing the estimated values for the years 2018-2031, is examined. It was observed that
the change in the mean sea level (mm) variable showed a general increase between the years 2018
2031.

Table 6. The prospective estimated values of the change in mean sea level (mm) variable for the years

2018-2031
Year Prediction
2018 56.614*
2019 56.614*
2020 45.994*
2021 37.594*
2022 37.594
2023 42.633
2024 50.994
2025 57.956
2026 60.085
2027 61.912
2028 64.797
2029 67.011
2030 67.709
2031 67.045

*Real data

DISCUSSION AND CONCLUSION

This study analyzed the relationships between environmental indicators and climate change
variables across five countries using using machine learning-based and data-driven analytical methods
(NARX and SHAP). Results showed that trade in low-carbon technologies and environmental goods
was strongly associated with global surface temperature, atmospheric CO: levels, and sea level changes.
For global surface temperature, certain U.S. environmental trade variables showed a modest increase

effect, while other variables had negligible influence.

Therefore, predictions of CO; concentration in the atmosphere showed that the expansion of trade
in environmental goods and low-carbon technologies is associated with a significant decrease in
predicted CO2 concentrations within the model results. It is worth noting that the U.S. export of low-
carbon technology reduced the CO; levels significantly. The effects of U.S. trade in environmental
goods and the import of low-carbon goods on changes in mean sea level were significant, but the

variables of Turkiye were insignificant. On the whole, the NARX model was very accurate in the
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estimation of true values and in the prediction of the future trends until 2031, which proves the relevance

of sustainable trade practices in reducing the effects of climate change.

The findings of this study are based on the analysis of long-term climate and environmental trade
data covering the period from 1958 to 2020. The use of machine learning-based models enabled the
identification of nonlinear relationships among emissions, trade variables, and key climate indicators.
The results indicate that trade-related environmental variables, especially in the United States and China
can be said to have a significant impact on climate outcomes. To illustrate, an increase in the trade
balance of low-carbon technology products in the United States is associated with higher predicted mean
surface temperature values, whereas exports of environmental goods exhibit a negative association with
atmospheric CO2 levels within the model results. In the same way, total trade in low-carbon technologies
was found to have a role in increasing the sea level, which is a subtle and even counterintuitive impact
of green trade. Surface temperature and sea level change were well modeled by the predictive models,
which supports the usefulness of machine learning in predicting the course of climate change. This study
does not aim to provide an exhaustive comparison across all possible forecasting models. Instead, the
focus is placed on demonstrating the applicability of the NARX framework in capturing nonlinear
climate-trade dynamics. Future research may extend this analysis by comparing the predictive
performance of alternative machine learning and econometric models. Interestingly enough, the levels
of CO- in the atmosphere were estimated to reduce drastically within the next ten years, which may
reflect model-based projections under assumed conditions, including potential policy shifts and
technological developments. It should be noted that long-term forecasts are inherently subject to
uncertainty, particularly in the presence of potential policy shifts, technological advancements, and
structural changes in economic and environmental systems. Therefore, the projected trends should be
interpreted as scenario-dependent predictive outcomes rather than precise future realizations. As a result,
it is crucial for policymakers to continue investing in green technologies and strengthening international

cooperation to mitigate climate change risks.
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