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Artificial intelligence and economic forecasts
in climate risks management

Abstract. The physical, financial, and systemic risks associated with climate change continue to
increase across global economies. As the frequency and severity of climate-related risks intensify,
it becomes increasingly difficult for standard forecasting tools to adequately capture complex
ecological-economic interactions. This article examined the role of artificial intelligence (AI) and
economic forecasting in managing climate risks. The study demonstrated that the identification
and prediction of severe weather events are significantly improved through the use of Al-powered
climate models. Explainable AI (XAI) provides additional transparency by enabling analysts and
policymakers to better understand the factors influencing predictions generated by drought,
flood, and heatwave models. When integrated with economic forecasting frameworks, Al enables
comprehensive simulations of how climate challenges propagate through supply chains, labour
markets, energy networks, and financial systems. Despite these advantages, Al-based modelling
presents several limitations, including data scarcity, limited generalisability, and ethical concerns
related to transparency, energy consumption, and inequality. The study concluded that integrating Al
with economic forecasting provides a robust interdisciplinary framework for climate risk assessment,
policy formulation, and adaptive strategy development. However, the effectiveness of this framework
depends on improved governance structures, enhanced data infrastructure, and responsible
technological implementation. The research has practical significance in enabling more accurate
and early assessment of climate-related impacts on economic systems. The findings are particularly
relevant for risk prediction and management in the energy, agricultural, and financial sectors

Keywords: machine learning; explanatory artificial intelligence; agent-based models; climate
policy; economic sustainability, innovation

INTRODUCTION
The threat of economic stability, social securi- most important challenges that the world is cur-
ty, and environmental balance due to climate rently facing, considering its effects on the infra-
change is at its peak nowadays. The menace of  structure, agriculture, economy, and society as a
climate change has turned out to be one of the = whole. Changes in temperature, water resources,
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and the environment are not merely environ-
mentalissues,astheyaffect othersectorsaswell.
While economic and statistical models provide
some utility, the inherent complexity of climate
processes precludes an accurate representation
of real-world dynamics; furthermore, the mul-
tifaceted, long-range effects of climate change
constrain the efficacy of traditional modelling
approaches. Advances in artificial intelligence
technology offer some advantages in process-
ing large volumes of data and making more ac-
curate predictions in an uncertain environment
(zaidan, 2025). M. Burke et al. (2015) noted that
every 1°C increase in average temperature re-
duces global GDP by approximately 1.2%, threat-
ening economic productivity. This indicates an
urgent need for effective climate change miti-
gation to reduce the negative global economic
impacts of rising temperatures. According to
T. Papadopoulos § M.E. Balta (2022), the inte-
gration of artificial intelligence (AI) and deep
learning techniques will increase the resilience
of businesses to climate change and will be of
great importance in risk management. WY. Le-
ong (2025) noted that an Al-driven early warning
system deployed in California reduced response
time by 40%.]. Cowls et al. (2023) while analysing
the role that Al can and does play in combating
global climate change, have shown that Al can
contribute to effectively combating the climate
crisis. According to H. Yin et al. (2025) Al reduces
climate risks through increased resource effi-
ciency, green innovation, implementation of en-
vironmental policies and green finance growth.
As noted by Z. Zhang et al. (2025), artifi-
cial intelligence has the ability to process large
amounts of data on climate change, reveal new
relationships, and improve the precision of fore-
casts under uncertain conditions. Y. Mohajera-
ni (2025) observed that, apart from improving
forecasts, the integration of economic forecast-
ing allows decision-makers to comprehend the
effect of risks on production, markets, business,
and economic development. Consequently, the
management of climate risks becomes more
complete, data-driven, and forward-looking as a
result of this change. The integration of artificial
intelligence and economic forecasting allows
the development of a complex and systematic
approach in the management of climate risks,
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while at the same time facilitating the modelling
of future scenarios and the pre-assessment of
the consequences (Mehryar,2024).Inthe current
economic environment, increased competition,
accelerated technological change, and resource
constraints make decision-making processes
more complex. Wrong or delayed decisions can
lead to serious financial losses and weakening
of market positions. Inadequate resource man-
agement can negatively impact overall perfor-
mance and long-term stability in uncertain con-
ditions. Given this, the implementation of agile,
analytically based, and predictive management
mechanisms for organisations to make effective
decisionsis of particular importance. As a result,
as the essence of the problem, with the emer-
gence of modern economic and technological
dynamics, the decision-making process within
organisations has become increasingly com-
plex and unpredictable. Formulating successful
strategies is becoming increasingly difficult for
businesses, as they are exposed to both com-
petitive demands and a rapid pace of innovation
(Imanova, 2025).

Although climate change, strategic man-
agement and decision-making issues are wide-
ly studied in the existing scientific literature,
a joint and integrated analysis of these topics
is insufficient. These elements are considered
separately in studies, which does not fully re-
flect the complexity of the real economic en-
vironment. One of the gaps is the insufficient
explanation of the mechanisms of interaction
between climate risks, resource management
and strategic decisions. In practical conditions,
these factors operate in close interaction with
each other. Climate risks affect resource alloca-
tion, while resource constraints shape strategic
choices (Batarseh, 2022). These processes joint-
ly determine the overall performance results of
the organisation. On the other hand, there is no
single conceptual framework for the integra-
tion of artificial intelligence-based approaches
into the decision-making process. In most stud-
ies, the application of these technologies at the
management and policy levels is not sufficient-
ly investigated. At the same time, long-term
sustainability issues remain in the shadows for
many studies. The primary purpose of this study
was to assess the economic and organisational
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consequences of climate risks, determine the
role of artificial intelligence technologies in de-
cision-making, and elucidate the interaction
between resource management and strategic
planning. The findings are expected to enhance
the quality of management decisions and facili-
tate the formulation of more sustainable devel-
opment strategies.

MATERIALS AND METHODS
The study covered the period 2000-2025, allow-
ing for the analysis of both long-term climate
trends and climate-related economic risk. Se-
lecting this period ensures data consistency
across all variables and enables robust analysis
of both historical trends and recent develop-
ments in climate-related economic impacts.
The study used a scientific framework that
combines economic forecasting tools, climate
datasets, and models to identify key Al meth-
ods. The datasets were used to re-examine the
first extreme historical temperature anomalies,
precipitation indices, drought systems, NASA
GISTEMP, and ERAS. These datasets are man-
aged for global impact, reliability, and meth-
odological safety. They provide long-term and
robust products. The empirical material of the
study consists of climate indicators and mac-
roeconomic variables, including GDP growth,
inflation rates and sectoral production data. In
addition, peer-reviewed scientific publications
(Ozupek et al,, 2025; Ayadi et al.,, 2025) on cli-
mate-economic interactions, machine learning
forecasting and agent-based modeling were an-
alysed to establish the theoretical and method-
ological basis of the study. In the second stage,
several forecasting approaches were applied.
Traditional econometric models were used as
benchmark methods. ARIMA was chosen for its
ability to capture linear time dependencies in
economic time series. Multiple regression was
used to estimate linear relationships between
climate variables and economic indicators. Ma-
chine learning methods were applied to take
into account nonlinear relationships and com-
plexinteractions. Gradient Boosting was applied
to capture nonlinear interactions between pre-
dictors. Long Short-Term Memory (LSTM) net-
works were utilised for modelling sequential
patterns and long-range dependencies present
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in the time series. For all the models, training
was done using an identical set of data for the
period 2000-2023. Uniform preprocessing and
estimation methodologies were adopted for en-
suring maximum comparability of the results.
Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and Coefficient of Determination
(R?) were utilised for measuring model perfor-
mance (James, 2021). RMSE measures the mean
square deviation between the model-predicted
and actual values and is calculated using the fol-
lowing formula:

RMSE=V(1/n ¥ (yi-§i)?), )}

where, yi - the actual observed value; ji — the val-
ue predicted by the model; n - the number of ob-
servations. MAE measures the average absolute
value of the forecast errors, while Coefficient of
Determination (R?) measures the level of variabil-
ity explained by the model. The formulas for mod-
el performance indicators are presented below:

MAE=(1/n) Slyi-¥il. )
R2=1-(3(yi-§i)?/ ¥ (yi-§)?, (3)

where, v - the average of the actual values.
These metrics were chosen to provide a con-
sistent comparative assessment of forecast
accuracy. In particular, the SHAP (SHapley Ad-
ditive exPlanations) method was applied to de-
termine the contribution of individual climate
variables to economic forecasts. This approach
reduced the opacity of the model and increased
its interpretability. An agent-based econom-
ic simulation model was developed as part of
the study to assess the macroeconomic out-
comes. In this model, firms were represented
as adaptive agents that adjust their production
levels, labour allocation, and pricing strategies
in response to climate shocks. Three risk sce-
narios (low, medium and high intensity) were
constructed based on climate variability indi-
cators. Macroeconomic outcomes such as GDP
change, inflation and production loss were gen-
erated from the interaction of agents within the
simulated environment. Statistical evaluation
included accuracy measures, F1 score for clas-
sification tasks, mean square error and 95%
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confidence intervals to ensure the reliability
of the results. Ethical considerations included
transparency of algorithmic design, use of pub-
licly available data sources, compliance with
data protection standards and efforts to mini-
mise computational energy consumption.

Al-enhanced climate modelling. The pre-
diction models that employ artificial intelli-
gence, machine learning, deep learning, and
neural networks have greatly enhanced climate
modelling. These models can easily identify
temperature patterns, rainfall anomalies, at-
mospheric pressure fluctuations, and ocean
currents with greater speed and accuracy than
many other models (Lewis, 2024). Furthermore,
artificial intelligence has shown promise in im-
proving short-term forecasts, real-time simula-
tions, and pattern recognition with various vari-
ables. The study systematically reviewed over 20
scientific publications, covering both traditional
numerical climate models and Al-based fore-
casting approaches, to define methodological
frameworks. The study is based on the NASA
climate report (NASA information center, 2023),
and an analysis of publicly available statistical
sources from Statista (Buchholz, 2023). Global
temperature data and related climate variables
relevant to this study were obtained from inter-
national climate data repositories such as the
National Oceanic and Atmospheric Administra-
tion (NOAA, 2021), the UN Climate Change Pro-
gram, NASA (2021; 2024), and the World Meteor-
ological Organization (WMO, n.d.). The analytical
procedures applied in the study are consistent
with the methodological principles described in
the selected sources.

Explainable artificial intelligence in cli-
mate models. Explainable Al in climate mod-
elling aims to make complex machine learning
systems more transparent and understandable.
Rather than acting as “black boxes”, explaina-
ble models explain how input variables such as
greenhouse gas levels, ocean temperatures, or
atmospheric conditions affect predictions. By
using techniques like feature importance anal-
ysis and sensitivity tests, it is possible to iden-
tify which factors have the maximum impact
on temperature changes or extreme weather
occurrences. This improves the reliability of
the model and helps in detecting potential bias
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while ensuring its compatibility with existing
physical principles of climate change.

Economic forecasts using artificial intelli-
gence. In this study, artificial intelligence-based
economic forecasting methods were used to
assess the impact of climate risks on economic
indicators. The dynamic and interdependencies
between climate variables and macroeconom-
ic indicators can be detected more accurately
through such models. Within the framework of
economic forecasting, the growth rate of gross
domestic product, energy consumption, infla-
tion rate and production indicators by sectors
were selected as the main target variables. The
independent variables consisted of long-term
temperature anomalies, precipitation variabil-
ity, frequency of extreme weather events and
energy-related climate indicators. By including
these variables in artificial intelligence models,
the economic consequences of climate risks
were predicted.

Agent-based climate-environmental eco-
nomic models. In this study, an Agent-Based
Model (ABM) is developed to estimate the mac-
roeconomic impacts of climate variability over
the period 2000-2023. While the framework
proposed by Y. Mohajerani (2025) provides con-
ceptual guidance, the model implemented here
is independently constructed and calibrated us-
ing observed climate and economic data. Due to
the model structure and agent behaviours, firms
act as adaptive agents that adjust their produc-
tion levels, division of labour, and pricing strat-
egies in response to climate-induced shocks.
Households respond to changes in income and
prices by changing their consumption patterns.
Climate variables are included as exogenous
shocks that affect sector productivity and input
costs. Micro-level adaptive behaviours are com-
bined to produce macroeconomic outcomes,
including changes in GDP, inflation, and output
losses. The study simulated low, medium and
high levels of climate risk intensity based on
observed data from 2000 to 2023. The resulting
macroeconomic outcomes of agent responses
for each scenario were determined. The pro-
posed methodology comprehensively explains
the relationship between climate and the econo-
my, applies artificial intelligence in an interpret-
able manner, generates practical implications
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for policy and decision-making, and models
long-term risks. This provides an integrative,
applicable, and analytically robust framework
that is different from the existing literature.

RESULTS

Analysis of temperature anomalies

As per the analysis of the temperature records
from the National Aeronautics and Space Ad-
ministration (NASA), the Earth has been expe-
riencing a continuous temperature rise since
the end of the 19" century (Buchholz, 2023).
The rate at which the Earth has been experi-
encing temperature rise has accelerated since
the year 2000, with visualisations depicting
the manifestation of the elevation of the Earth'’s
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temperature. By the end of December 2020, the
Earth experienced a temperature deviation of
approximately 1.34°C from the baseline tem-
perature of 1880 to present, which falls within
the range of 2-2.5°C experienced in the past
decades. Temperature anomalies are observed
to have significant amplification during the
summer season. In June 2020, it was recorded
that the global mean temperature anomaly was
around 2.07°C higher than the historical base
period, which is beyond the previously record-
ed temperature anomaly of 1.1°C to 1.6 in past
years. The rising temperature anomaly contin-
ues into 2023, with the temperature anomaly
recorded in June being +2.23°C, thus creating a
new record Figure 1.
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Figure 1. Monthly rate of increase in average temperature
(calculated for 1880-2023) in selected years

Source: K. Buchholz (2023)

The summer of 2023, i.e,, June-August, marks
the period of highest temperature on Earth since
systematic temperature recording started in
1880, as per NASA temperature records. This is
because the global temperature during these
three months of the summer of 2023 was higher
than the preceding summer temperature record-
ed on the Earth's surface. Moreover, as per NASA
temperature records, September 2023 marks
the highest temperature recorded on Earth and
also presents the highest temperature anomaly
compared to the long-term average tempera-
ture recorded on Earth during September of any
given year (NASA information center, 2023). This
observation is consistent with the established
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phenomenon of rising global temperatures on
Earth, as per NASA temperature records. The
temperature of 2016 was recorded as it marked
the highest deviation of average temperature
compared to the reference period of 1880-2015.
NASA (2021) estimates show that 2016 and 2020
are the two warmest years on record for the
Earth's surface. This is similar to what is observed
globally with increasing temperatures on Earth
and suggests a large risk of global warming and
climatic changes, which are at a critical juncture
relative to prior periods. The satellite records
of NASA also show that there is a rise of 1.28°C
in global air temperatures, which is the high-
est recorded temperature rise since systematic
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temperature measurement began in 1880. In
2024, the Earth’s average surface temperature
reached a record high and was the warmest year
since records began in 1880 (NASA, 2024). The
average global surface temperature in 2025 was
slightly lower than in 2024, but still higher than
in previous years (NASA, 2025). According to the
WMO (n.d.), 2025 was the third warmest year
on record at the Earth's surface, indicating an
increasing trend in surface temperatures and
very high levels of global warming. The last three
years, 2023-2025, were the three warmest years
in all eight data sets.

From the findings discussed above, it is ev-
ident that global warming is still on course as a
trend in recent years and that its rate is increas-
ing, especially in 2016, 2019, 2020, and 2023. The
findings on temperature changes suggest that
the rate of risk is increasing. Such changes have
posed a challenge to the economy as well as to
natural resources. In this respect, the need to
employ Al as well as economic forecasting tech-
niques becomes necessary. This is because the

ability of statistical analysis to forecast climate
variables accurately is limited. In this respect,
the ability of Al-based forecasting techniques
to predict climate variables in the study frame-
work was analysed in order to compare the re-
sults with the ability of statistical analysis to
predict the variables. From the analysis, it can be
deduced that the results from the application of
machine learning in the study have higher accu-
racy in the prediction of climate variables.

Model performance and forecast accuracy

Both accuracy indicators and stability criteria
were taken into account during model evalu-
ation. In this research, performance metrics
such as root mean square error, mean absolute
error, and coefficient of determination are used.
These performance metrics have been calculat-
ed in order to compare the economic forecasting
models based on climate variables (Table 1). It is
worth noting that all models are based on the
same dataset and used the same method of es-
timation, covering the period from 2000 to 2023.

Table 1. Comparison of model performance (2000-2023)

Model RMSE MAE R?

ARIMA 0.74 0.61 0.48
Multiple regression 0.69 0.57 0.52
Gradient Boosting 0.41 0.34 0.78

LSTM 0.36 0.29 0.84

Note: the model performance indicators presented in Table 1 were calculated using the RMSE, MAE, and R?

formulas1,2,3
Source: data generated by the author

Traditional models such as ARIMA and
multiple regression, which rely on linear as-
sumptions, were unable to accurately capture
sudden temperature changes and extreme
weather events, leading to lower forecast accu-
racy. These models are limited by their linear
structure, short memory of past observations,
and sensitivity to outliers. Although the addition
of non-linear terms or regime-switching terms
is possible, this has more limitations in terms
of flexibility compared to state-of-the-art ma-
chine learning techniques. In contrast, the best
performance was achieved by the LSTM model
with the following error measures: RMSE = 0.36,
MAE=0.29, and R?=0.84, signifying the ability to
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model long-range dependencies and complex
non-linear relationships in the climate data.
This is because it is able to retain memory cells
over long periods of time, making it very effec-
tive for seasonal and sudden changes. These
findings are a testament to those of Z. Zhang et
al. (2025), who found that LSTM was more effec-
tive than linear and tree-based methods for pre-
dicting economic indicators based on tempera-
ture. However, unlike Z. Zhang et al. (2025), this
study also proves that it is more effective than
Gradient Boosting, showing its potential for
accurately predicting financial risks related to
climate change and its nonlinear and time-de-
pendent nature.

Economics and Business Management 17(1)
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Analysis of the economic impacts

of climate variables (XAI results)

Explainable Artificial Intelligence (XAI) analy-
sis was conducted using the SHAP framework
to interpret how individual climate variables
influence economic forecasts generated by the
LSTM model. SHAP values allow identification
of both the magnitude and direction (positive or
negative) of each variable’s contribution to pre-
dicted economic outcomes. The results showed
that average temperature increase, precipita-
tion anomalies, and drought duration have the
greatest impact on economic forecasts. These

40%
30%
20%
10%

0%

34%
26%

M Average temperature rise

findings indicate that climate risks are trans-
mitted to economic systems mainly through
temperature and water-resource channels. In
this regard, artificial intelligence-based mod-
els enable the achievement of higher forecast
accuracy. The analysis shows that average tem-
perature increase was the variable that had the
greatest impact on model forecasts, with a total
impact share of 34%. Precipitation anomalies
accounted for 26%; drought duration for 18%;
and the number of extremely hot days and hu-
midity levels had relatively lower, but statistical-
ly significant, impacts (Fig. 2).

0,
18% 14%
8%

Drought period

Variable
B Precipitation anomalies

Number of extremely hot days ® Humidity level

Figure 2. Variables with the main influence (2000-2023)

Source: data generated by the author

The results also corroborate results ob-
tained in prior studies such as E. Ozupek et
al. (2025) and Z. Zhang et al. (2025). At the same
time, it is also evident that even though tradi-
tional methods and some alternative techniques
such as Gradient Boosting are effective in pre-
dicting economic indicators that are sensitive to
climate change, even better results are obtained
when a Long Short-Term Memory Network is
applied. The results of the XAI analysis improve
model interpretability by clearly quantifying the
extent of each predictor’s contribution.

Results of the agent-based economic model

The ABM simulation results quantify the mac-
roeconomic impact of climate variability over
the period 2000-2023 and demonstrate how
sector-specific shocks affect overall economic
outcomes. The model presents results for three
levels of observed climate risk intensity. The
model explains the mechanism of macroeco-
nomic outcomes by simulating the responses of
individual economic entities to climate shocks
(Azhar et al, 2025). As the intensity of climate
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risks increases, the following changes are ob-
served in the economic system (Table 2).

As can be seen, low-risk years show moder-
ate GDP declines and limited inflation. This also
reflects resilience in the economy when climate
shocks are mild. This is because adaptive re-
sponses by firms and households mitigate short-
term impacts, so output losses are minimal. Me-
dium-risk years highlight the cumulative effects
of climate shocks. Cumulative climate shocks
reduce agricultural output and increase ener-
gy demand, which leads to increased costs and
deeper production losses. Although firms adjust
partially through division of labour and input
substitution, the economy is unable to fully ab-
sorb repeated shocks. High-risk years demon-
strate structural stress. Severe climate shocks
create economic structural stress through de-
creased agricultural productivity, increased en-
ergy costs, and increased supply chain fragmen-
tation. As a result, there is a significant decline
in gross domestic product (GDP), and inflation
rates increase. For instance, there is a decline in
GDP of 5.4%, and inflation rates increase to 4.3%.
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Output losses are 71%. These findings suggest
that severe climate events could create persis-
tent economic vulnerabilities. In general, the
findings suggest that climate shocks affect the

scale of the economy and price dynamics. Sec-
toral interventions, along with macroeconomic
policy interventions, can reduce vulnerabilities
and increase resilience.

Table 2. Macroeconomic outcomes (2000-2023)

Scenario GDP change Inflation Production loss

Low risk -0.8% +0.5% -1.2%
Medium risk -2.6% +1.9% -3.8%

High risk -5.4% +4.3% -7.1%

Source: author’s simulation results based on the ABM calibrated for 2000-2023

The results of the study show that artifi-
cial intelligence-based models significantly
outperform classical approaches in predict-
ing the economic impact of climate variables.
Classical studies also noted the decisive impact
of temperature increase on economic produc-
tivity (Lu, 2023). However, most of the existing
literature analyses climate models and eco-
nomic models separately, presents artificial
intelligence methods as a “black box” and does
not clearly indicate how the results will be in-
tegrated into the decision-making process. The
conducted analyses show that climate variables
have a direct and measurable impact on eco-
nomic indicators. It confirms that climate risks,
in addition to being an ecological problem, are
also a factor of macroeconomic stability. Artifi-
cial intelligence models predict these impacts
more accurately than classical methods (San-
diponi, 2025). Al methods, on the other hand,
make the decision-making process transpar-
ent. The results obtained indicate that artificial
intelligence models are capable of predicting
climate risks 6-12 months in advance, and that
climate-informed planning increases the effec-
tiveness of budget expenditure.

The results show that the relationship be-
tween climatic variables and economic indica-
tors is non-linear and dynamic. The tempera-
ture anomalies have a considerable impact on
productivity. The results show that artificial in-
telligence models can accurately define the re-
lationship While traditional econometric mod-
els are based on stable and linear relationships
between variables, the LSTM model facilitated
the detection of long-term dependencies over
time and non-linear impact mechanisms. Since
the impact of climate change is gradual and
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sometimes exacerbated after critical thresh-
olds, data-based models provide more appro-
priate results. This result indicates the need for
methodological transformation in climate risk
assessment. From a practical perspective, arti-
ficial intelligence-based economic forecasting
systems can help form early warning mecha-
nisms and timely assessment of risks, especially
in the energy, agriculture, and financial sectors,
which can ensure a more optimal allocation of
resources. E. Ozupek et al. (2025) demonstrates
that AI has the ability to identify important cli-
matic factors that lead to the onset of drought,
which allows for more reliable early warning
systems. This approach allows the results to be
interpreted not only from a technical but also
from a policy perspective. Improvements made
by AI, Figure 3.

Transparency
regarding
decision-makers

Improvements
made by XAl

Data model
validation
procedures

Trustin
automated risk
assessments

Figure 3. Improvements made by Al
Source: E. Ozupek et al. (2025)

Determining the impact of variables through
SHAP analysis more clearly shows that climate

Economics and Business Management 17(1)
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factors are a priority risk factor. The results ob-
tained show that climate risks are spread in eco-
nomic systems not only directly, but also through
interaction mechanisms. In particular, the re-
lationship between temperature increase and
energy consumption directly affects production
costs (Pasqualetto, 2024). This, in turn, increases
the price level and inflation. Such chain effects
are not sufficiently taken into account in tradi-
tional models. Artificial intelligence approaches,
on the other hand, can simultaneously process
multidimensional interactions between vari-
ables. This approach allows for the identifica-
tion of risks at an earlier stage in the economic
decision-making process and the formation
of adaptive policy instruments. Thus, artificial
intelligence-based economic forecasting both
increases analytical accuracy and creates stra-
tegic planning opportunities for the systematic
management of climate risks.

DISCUSSION
The results of this study are consistent with the
results of a number of contemporary scientific
studies examining the impact of climate change
on the economy. While Y. Mohajerani (2025)
shows that high-emission scenarios generate
long-term inflationary pressures and supply
chaindisruptions, this study empirically confirms
these mechanisms for the period 2000-2023.
Unlike Y. Mohajerani, the current model incorpo-
rates interpretable Al to measure the impact of
climate variables and generates explicit macroe-
conomic measures for GDP, inflation, and output
losses. M. Azhar et al. (2025) examined the impact
of climate change on GDP and inflation in devel-
oping countries and found that climate shocks
lead to a decrease in economic growth and an in-
crease in inflation. The results of this study also
show that climate-related risks affect price in-
creases, especially through a decrease in produc-
tion in the agricultural sector. However, although
M. Azhar et al. (2025) uses the panel regression
method from a methodological point of view, this
study simulates the formation of macroeconomic
outcomes through agent-based modelling (ABM)
based on the interaction of agents at the micro
level. A study by T. Ehlers et al. (2025) also exam-
ined the impact of climate and weather events
on various sectors of the economy and showed
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that climate risks lead to a decrease in produc-
tion and an increase in prices. These results are
consistent with the results of the current study.
However, the authors’ study is based on models
based on global empirical data used by the Bank
for International Settlements. Studies focused on
the agricultural sector also show similar results.
T. Yusifzada (2024) showed that climate variabili-
ty is one of the main factors affecting the increase
in agricultural prices and empirically substanti-
ated this relationship using a climate condition
index. The results of this study also support this
idea with a different methodological approach
and show that climate shocks cause an increase
in food prices. Although T. Yusifzada (2024) uses
an index-based empirical approach, this study
models agent behaviour and the mechanism of
cost transmission throughout the economic sys-
tem. Recently, studies on the application of ar-
tificial intelligence technologies in climate risk
assessment have also been widespread. For ex-
ample, M.K. Khan et al. (2023) showed that the ap-
plication of artificial intelligence technologies in
enterprises helps to manage climate risks more
effectively. This study also confirms that artificial
intelligence-based models play an important role
in the analysis and forecasting of climate risks.
However, M.K. Khan et al. (2023) focused more on
risk management at the organisational level, us-
ing statistical and machine learning approaches
based on empirical data to evaluate the impact of
Al implementation on enterprise performance.
A study by Y. Wang et al. (2025) found that ma-
chine learning models performed better than
traditional methods in predicting climate risks.
While this result is consistent with the results of
the current study, the authors used a binary ma-
chine learning approach. The results of this study
show that the LSTM model provided the highest
prediction performance, with a coefficient of de-
termination (R?) of 0.84. In general, in the exist-
ing literature, the economic impacts of climate
change have been mainly investigated through
either empirical macroeconomic analyses or ar-
tificial intelligence-based forecasting methods.
This study presents an integrative approach that
combines agent-based modelling and machine
learning methods to more broadly explain the
mechanism of climate risk transmission to the

economic system.
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The findings are consistent with the rec-
ommendations of the UN Technology Mecha-
nism on Climate Change. A new technical paper
published by the Technology Implementation
Committee (TIC) of the UNFCCC Technology
Mechanism explores how Al can serve as a pow-
erful enabler of climate action in developing
countries, which are most vulnerable to climate
impacts (UNFCCC, 2025). TIC Chair Dietram Op-
pelt presented the Committee’s latest technical
paper at the Al for Good Summit in Geneva. The
paper, developed in partnership with the United
Nations Industrial Development Organization
and supported by the Korea International Coop-
eration Agency, is part of the Technology Mech-
anism's ClimateAction initiative. It provides a
comprehensive guide to policymakers, practi-
tioners, and researchers on the opportunities,
risks, and challenges of using artificial intelli-
gence in the mitigation and adaptation of climate
change in developing countries (UNFCCC, 2025).
There is considerable potential in Al technolo-
gies to mitigate greenhouse gas emissions. This
is particularly true in minimising energy wast-
age, optimising energy consumption and distri-
bution, and identifying areas where there is ex-
cessive emission in industrial processes. The Al
energy management system has the potential to
improve the grid, forecast energy demand, and
optimise the use of renewable energy sources
such as wind and solar energy.

A number of strategic actions are needed
to maximise the benefits of using Al in climate
action in developing countries (UNFCCC, 2025).
First, it is important to increase investments
in infrastructure development and programs
aimed at building capacity in the field of Al in
order to bridge the digital divide. This approach
can create conditions for strengtheninglocal ex-
perts and expanding technological capabilities.
At the same time, improving the quality of cli-
mate data is of great importance to support the
development and application of Al models. To
thisend, itisrecommended to establishmoread-
vanced data collection mechanisms and expand
open data initiatives. In addition, it is necessary
to form appropriate regulatory frameworks to
ensure transparency and accountability in the
application of Al technologies. These frameworks
can contribute to strengthening Al governance
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within the framework of the UN Framework Con-
vention on Climate Change. Another important
direction is to build Al systems based on inclusive
approaches, which would allow for the elimina-
tion of problems such as social inequality and a
more equitable distribution of the benefits of
climate action. Finally, when implementing Al
technologies, special attention should be paid to
the efficient use of energy and water resourc-
es, and the development of resource-saving and
sustainable technological solutions should be
encouraged. This approach can help ensure the
long-term sustainability of Al systems.

Global near-surface temperature records
come from land-based surface meteorological
stations as well as from ship-based, buoy-based,
and satellite-based observations over the ocean.
According to scientific evidence, continued
global warming will lead to changes in the inten-
sity, frequency, geographic extent, and duration
of extreme weather occurrences. Likewise, Al
can be used to optimise the flow of traffic, there-
by reducing fuel consumption. In addition, there
are promising opportunities for adapting to the
effects of climate change with the use of Al (Aya-
dietal,2025). For instance, Al can be used toim-
prove the efficiency of early warning systems for
extreme weather occurrences like hurricanes,
floods, and droughts (Camps-Valls et al., 2025).
In addition, Al-based urban resilience planning
can help to elucidate the vulnerabilities of urban
infrastructure and optimise land use. Moreover,
withtheintegration of satelliteimages, Al can aid
in biodiversity conservation, water sustainabili-
ty, and land restoration activities (Jain, 2023). Al-
though the results of this study are reliable, there
are certain limitations (UNFCCC & UNIDO, 2025).
These limitations include data limitations, mod-
el sensitivity, structural simplification, and time
constraints. First, it should be noted that the
data used are mainly global in scale. It is pos-
sible that climate-economic dynamics at the
regional and local levels may differ. Second, Al
models are sensitive to hyperparameters, so
models built with different parameters may
produce different results. Agent-based models
do not fully reflect real economic behaviour and
do not take into account some social factors. Due
to time constraints, the model mainly covers
short- and medium-term impacts. Long-term
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(50-100 years) climate impacts cannot be cap-
tured in this study. If there is a lack of inclusive-
ness in the development of algorithms, there is
a possibility of further deepening inequalities.
Besides, the energy and water requirements of
Al systems are sustainability concerns, espe-
cially in regions where there are already existing
resource constraints. Limited digital infrastruc-
tures, including unreliable internet connectivity,
limited computing capacity, and limited human
capacity, hinder the development of Al systems.
Moreover, developing countries often experi-
ence difficulties related to accessing quality and
comprehensive climate information, which is
essential for creating artificial intelligence mod-
els and for informing robust and quality-based
decision-making. Without quality information
sharing and cybersecurity mechanisms, there
is a likelihood of inaccurate information ema-
nating from Al outputs. However, it is important
to note that these challenges and limitations do
not in any way affect the results’ accuracy but,
instead, require a more in-depth understanding
of the same. It is possible for future research to
incorporate alternative models and approaches,
such as causality, in order to become more ef-
fective. Separately, examining the impact of cli-
mate risks on financial stability and capital flows
could be considered a promising direction.

CONCLUSIONS
The primary aim of this study was to examine
the economic and organisational consequences
of climate risks, identify the role of artificial in-
telligence in the process, and clarify the interac-
tion between the management of resources and
strategic planning in relation to climate risks.
The study findings show that the objectives
were fully realised through the integration of
agent-based economic modelling, sophisticat-
ed machine learning, and artificial intelligence
techniques. The findings point to the fact that cli-
matic factors, such as increased temperatures,
inconsistent precipitation, and drought periods,
have a quantified effect on macroeconomic per-
formance. Using scenario analysis to examine
the period between 2000 and 2023, it is evident
that increased risk intensity in climatic fac-
tors is linked to lower GDP levels, high inflation
rates, and production losses in different sectors.
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Agriculture is identified as the most susceptible
sector to climatic factors due to its direct expo-
sure to temperature and water risks, while the
energy sector reflects the effects of climatic fac-
tors in terms of increased costs. These dynamics
confirm the structural link between environ-
mental stress and economic vulnerability.

Model comparison further shows that
deep learning methods outperform tradition-
al econometric approaches in forecasting cli-
mate-related economic outcomes. The superior
performance of the LSTM model indicates that
nonlinear and time-dependent relationships
between climate and economic variables re-
quire more flexible analytical frameworks. The
use of explainable artificial intelligence tech-
niques provided greater transparency through
the quantification of the relative importance of
each of the climate indicators on the economic
forecasts, thus improving the overall reliability
of the results. In conclusion, this study shows
that the integration of artificial intelligence with
economic forecasting has a significant positive
impact on the assessment of climate risks, thus
improving the robustness of strategic planning.
Future studies need to be conducted to extend
the cross-country comparison, include the in-
corporation of firm-level data, and examine the
long-term transition risks under different cli-
mate policy scenarios. The improvement of the
quality of the data, the ethics of Al, and coordi-
nation are important to fully exploit the benefits
of the technological progress.
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JokTop $inocodii 3 eKOHOMIYHNX HayK, AOLEHT
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LUTYYHUI iHTENEeKT Ta €KOHOMIUYHi MPOrHo3mn
B yNpaBniHHIi KNiMaTUYHUMM PUSUKAMMU

AHoTauiqa. ®i3nuHi, piHaHCOBI Ta CUCTEMHI PU3UKY, TTOB's13aHi 31 3MiHOIO KJIiIMaTY, ITPOJOBXKYIOTh
3pOCTaTu B €KOHOMIKax yChOTO CBiTYy. V Mipy TOTO fIK YacTOTa Ta iHTEHCUBHICTb KIIIMaTUYHUX
PU3UKIB MOCWIIOIOTECA, CTAaHIAPTHUM iHCTpyMeHTaM IIPOTHO3YBaHHA CTae Aelajli CKIajHime
aZIeKBATHO BpAxOBYBaTH CKJIALHI eKOJIOTO-eKOHOMIiuHi B3aeMofil. MeToio wiei crarTi 6yso
IETaJIbHO AOCIIAMTYA PpOJb INTy4YHOro iHTenerTy (IIII) Ta €KOHOMIYHOrO IPOTHO3YBAaHHA B
YIIpaBJIiHHI KIIMaTUYHUMU PU3UKaMU. JIOCIiI>RKEeHHA IIPOIEMOHCTPYBaIO, 110 imeHTHdiKaLisg Ta
TIPOTHO3YBaHHSA €KCTpeMaJIbHUX IIOTOJHUX SBUIL CYTTEBO IIOKPAIIYIOTHCA 3aBAAKM BHUKOPHCTAaHHIO
KJIIMaTUYHUX MoZesiel Ha ocHoBi 1. [TosCHIOBaHUH IITYYHUN iHTEIEKT 3abe3Ieuye JOLaTKOBY
IIPO30piCTh, OCKINBKU Ja€ 3MOIY aHaJITHKaM i IOJITHKaM Kpalle pO3yMiTH YWHHUKHY, II0
BIUIMBAIOTE Ha ITPOrHO3Y, cGOPMOBaHi MOZENIMU I10CYX, IOBEHEH i XBUJIb CIIEeKU. V ITO€IHAHHI 3
MOJZEeJIAMY EKOHOMIYHOTO TPpOorHo3yBaHHA 1111 3a6e3meuye MpoBeAeHH KOMILIEKCHUX CUMYJIALIIN
TOro, K KJIIMaTWU4Hi BUKJIUKU IIOMIHUPIOIOTBCS Uepe3 JIAHLIIOTW IIOCTavaHH{, PUHKU IIpallj,
eHepreTu4Hi Mepeski Ta piHaHCOBI ccTeMu. [ToIIpH 11i TepeBary, MoJiefoBaHH Ha ocHOBI 1111 Mae
HU3Ky 06MesKeHb, 30KpeMa edilluT gaHuX, 06MeKeHy y3araabHIOBaHICTh PE3y/IBTaTIB, a TAKOK
eTUYHI TUTaHHS, IIOB'A3aH] 3 [IPO30pPiCTIO, EeHEePrOCIIOKMBAHHAM I HepiBHICTIO. V NOCHTiJ3ReHHi
3po6JIeHO BUCHOBOK, II0 iHTerpauis Il 3 eKOHOMIYHMM IIPOrHO3yBaHHAM (GOpPMYye HaZiMHY
MDRIOUCIUIIIIHADHY OCHOBY IS OI[iHIOBAaHHA KJIIMAaTUYHUX PU3UKIB, GOpMyBaHHS IOJIITUKU
Ta pO3pObJIeHHS afaNTallilHUX CTpaTeriii. BogHodac epeKTUBHICTh TAKOTO MiAXOIy 3aJIeKUTh
BiJl yIOCKOHaJIEHHS CHUCTeM VIIPaBIiHHS, PO3BUTKY iHPPaCTPyKTypU HaHUX i BiAloBimanbHOTO
BIIPOBAJ KEHHS TeXHOJOriN. [IpaKTUYHA 3HAUYUIiCTh IOCHI)KEHHS IIOJIATae€ y MOXKJIHUBOCTI
H1MBII TOYHOTO TA PAaHHBOTO OLIIHIOBAHHSA BIUIMBY KJIIMaTUYHMX 3MiH Ha €KOHOMIUHI CHUCTEMHU.
OTpuMaHi pesynbTaTé € 0CO6IUBO aKTYaJIbHUMU [IJI IIPOTHO3YBaHHS Ta YIIPaBIiHHA pU3UKAMU
B eHepreTUYHOMY, arpapHOMy Ta GiHaHCOBOMY CEKTOpax

KniouyoBi cnoBa: MalllHHe HAaBYaHHS,; [TOSCHIOBAJIBHUI IITYYHUM iHTEJIEKT, areHTHO-OpieHTOBaHi
MOJIEJTi; KJTiMaTUYHAa ITOJIITHKA; EKOHOMIUHA CTIMKICTh; iHHOBALIil
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