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Pakistan, and Turkey. These three nations—key Economic Cooperation Organization (ECO)
members and a nexus between Europe and South Asia—are experiencing diverse environmental
challenges due to varying climatic conditions. Following the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guidelines, we conducted a comprehensive search
in the Scopus database, ultimately identifying 76 relevant articles out of an initial 492. Although
some articles utilized multiple techniques, classical ML methods appeared in approximately 37.3
% of the studies, neural network paradigms in about 57.5 %, and optimization or meta-heuristic
algorithms in around 5.0 %. Regarding thematic focus, about 33.3 % of the articles addressed
water resource management, 22.2 % focused on climate prediction, 11.1 % on land and agri-
culture, 9 % on ecosystem modeling, and 24.2 % on natural disaster preparedness and response.
The analysis reveals a growing but uneven body of research utilizing Al across the ECO countries.
By highlighting successful applications, identifying key gaps—such as limited cross-border
collaboration and inconsistent data availability—and proposing a framework for more inte-
grated research, this review aims to guide future initiatives that leverage AI's potential to improve
climate resilience and sustainability in the region.

1. Introduction

Climate change is a global crisis with localized impacts that demand tailored solutions [1]. Particularly vulnerable to these changes,
countries like Turkey [2], Iran [3], and Pakistan [2] are founding members of the Economic Corporation Organization (ECO) and also
considered as Euro-South Asian Gateway, facing unique climatic impacts by their geographical and socio-economic frameworks. As
traditional approaches to climate change mitigation and adaptation become increasingly insufficient, innovative solutions involving
intelligent soft computing algorithms such as machine learning (ML) and deep learning (DL) have shown promising potential [4].
These technologies offer unparalleled capabilities in processing vast and complex datasets to derive actionable insights, making them
indispensable tools in combating climate change effects more effectively. Meanwhile, Iran, Turkey, and Pakistan are situated in a
region where climatic extremes are common, ranging from arid deserts to fertile plains, exposing them to a range of environmental
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stressors from water scarcity [5] to extreme weather events.

Global evidence demonstrates how Al and ML can enhance the understanding and managing climate-related hazards. For example,
frequency ratio and ensemble modeling approaches have enhanced landslide susceptibility mapping in Himalayan regions by more
effectively capturing the complex interactions among geomorphological, climatic, and environmental factors compared to standalone
methods (Chowdhuri et al., 2020; [6]; Pal & Chowdhuri, 2019). Multi-hazard frameworks that integrate future climate and land-use
projections have further advanced the protection of cultural heritage sites and informed sustainable environmental strategies discussed
by Saha et al. (2021). Beyond landslides, optimization modeling combined with ML has guided interventions for mitigating gully
erosion shown by Saha, Pal, Arabameri et al. (2021), while ML-driven analyses have illuminated how changing land use and climate
patterns heighten flood vulnerabilities (Pal et al., 2022). Additionally, a study by Roy et al. (2022) shows that MaxEnt and ANN models
have identified drought-prone areas, offering valuable insights for agricultural resilience and policy recommendations. These studies
collectively highlight that advanced AI and ML methodologies can refine hazard assessments, guide resource planning, and inform
policy-making, underscoring their potential applicability to the diverse and underexplored challenges facing Iran, Turkey, and
Pakistan.

Despite the critical need, the application and research into these technologies remain fragmented and underexplored within these
countries. This review paper seeks to bridge this gap by providing a comprehensive analysis of the current and potential applications of
ML and DL in climate change mitigation and adaptation strategies in Turkey, Iran, and Pakistan. Through this examination, the paper
aims to highlight successful models, identify areas requiring further research, and propose a collaborative framework for regional
environmental resilience.

2. Methodology

This review aimed to comprehensively investigate the various Al and ML techniques employed for climate change adaptation and
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mitigation strategies in Iran, Turkey, and Pakistan, adhering to the guidelines outlined in the PRISMA statement. Extensive research
was conducted using the Scopus database, employing a carefully selected set of keywords, including “Iran”, “Turkey”, “Pakistan”,
“Climate Change”, “Climate Change Adaptation”, “Climate Change Mitigation”, “Artificial Intelligence”, “Machine Learning”, “Deep
Learning”, “ANN”, “Artificial Neural Network”, “Convolution Neural Network”, “CNN”, “LSTM”, and others. These keywords were
applied in the title, abstract, and keywords of papers. Boolean search commands, including “AND” and “OR”, were utilized to retrieve
relevant literature while ensuring the elimination of any duplicate entries. Subsequently, the search results underwent a series of steps
following the PRISMA model for systematic reviews, including identification, screening, eligibility, and inclusion processes.

Fig. 1 depicts the systematic diagram illustrating the review process conducted in accordance with the PRISMA Statement. The
initial stage involved identifying relevant research sources, resulting in the retrieval of 492 papers containing the specified keywords
with various Boolean settings. Subsequently, 261 duplicate articles were eliminated during the first part of the screening process,
leaving 231 papers for further consideration. Careful exclusion of 88 records took place, as they did not align with the purpose of the
review. Furthermore, 21 articles were removed due to restricted access. The full text of the remaining 122 articles was thoroughly
reviewed, leading to the exclusion of 15 articles lacking AI/ML techniques and 31 articles deemed irrelevant to the climate change
problem. Consequently, a final set of 76 articles remained, which were considered for the systematic review. The population under
investigation encompassed the climate change challenges faced by Turkey, Iran, and Pakistan, while the interventions explored were
the diverse AI/ML approaches employed to address these challenges. The key outcome of interest revolved around the effectiveness
and impact of these interventions in enhancing climate change adaptation and mitigation strategies in the respective countries and
finding the research gap for more recent advancements in AI algorithms.

The collected papers were systematically categorized into five primary research areas for effective organization and analysis: 1)
Water Resources Management, 2) Climate Prediction, 3) Land and Agriculture, 4) Ecosystem, 5) Natural Disasters. These research
areas were meticulously selected to establish a comprehensive understanding of the extensive array of AI/ML techniques employed in
the context of climate change adaptation and mitigation. The literature review also revealed the prominence of specific algorithmic or
model categories (Table 1), namely: 1) Classical Machine Learning, 2) Neural Network Paradigm, and 3) Optimization and Meta-
Heuristic Algorithms. The systematic categorization and identification of algorithmic or model categories enhances our understand-
ing of the diverse applications of AI/ML techniques in climate change adaptation and mitigation. The distribution of papers across
different regions (Fig. 2) and research fields and AI/ML techniques (Fig. 3) are presented in below:

Fig. 2 illustrates t the distribution of research papers in Iran, Pakistan, and Turkey across various climate change adaptation fields.
The focus is on the application of soft computing techniques in water resources management, climate prediction, land and agriculture,
ecosystems, and natural disaster management. Meanwhile, Fig. 3 represents the number of papers in each research field categorized by

Table 1
Overview of cited studies on machine learning applications in climate change adaptation and mitigation across various research fields.

Research Fields Techniques

Classical Machine Learning Neural Network Paradigm Optimization and Meta-Heuristic Algorithms

Water Resources Management

Evapotranspiration [8,15] [8,15,36]

Groundwater ([7,371; [18,19]; [16,17,20,67,68]1) ([37,69]; [18]; [16,17,20,70,711) [17]1
Rivers [41,42,44,52]

Streamflow Prediction [43,72,73]

Lakes [74,75]

Water Demand [76]

Surface Runoff [77]

Water Reservoir [78]

Climate Prediction

Temperature [9] [39,45,46,53,79] [45]
Precipitation [9,10,21] [39,47-49,79] [21]
Climate Zones [80]

Global Warming [22,23] [22,23]

Hydrological Cycle [50]

Land and Agriculture

Virtual Water Content [11] [11] [11]
Crop Yield [11] [11,51,52] [81]
Land Use Change [53,54]

Soil Erosion Risk [55,56]

Ecosystem

Biodiversity [24-27] [24-26]

Forest [12] [58]

Natural Disasters

Floods ([311; [29]; [28,30]) [31,40]

Wildfire Disasters [82] [60]

Heatwave [63] [63]

Drought [13,14,32,33,83] [14,32,33,59,83]

Landslide [35]

Disaster Preparedness [62]

Dust Phenomenon [61]
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Predictive Paradigm of Climate Change Mitigation and Adaption
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Fig. 3. Synopsis of paper distribution: AI/ML algorithm deployment in various climate change adaptation research fields.

the specific AI/ML techniques employed. It provides a quantitative overview of the distribution and utilization of different techniques
across various domains. This research study is delineated by distinct objectives: firstly, the encapsulation of principal Al and ML al-
gorithms; secondly, the discernment of focal points within the domain of Climate Change Adaptation research; and thirdly, the
identification of latent features necessitating prospective investigation to enhance the application of Al and ML for bolstering climate
change adaptation strategies.

2.1. Modeling methods
In this section, we investigate the majorly used AI/ML-based modeling methods for Climate Change Adaptation and Mitigation.

2.1.1. Classical machine learning

Classical machine learning, including supervised and unsupervised learning techniques, utilizes annotated and unannotated
datasets to instruct algorithms and facilitate precise outcomes. Our comprehensive systematic literature review revealed a multitude of
scholarly works employing diverse algorithms to address challenges in various domains, such as Water Resources Management [7,8],
Climate Prediction [9,10], Land and Agriculture [11], Ecosystem [12], and Natural Disasters Management [13,14].

Water Resource Management: In the field of water resource management, there is a strong focus on using classical ML models to
understand and predict groundwater levels and evapotranspiration, especially under changing climate conditions. Various ML tech-
niques, such as Linear Regression (LR), Multiple Liner Regression (MLR), Multivariate Adaptive Regression Spline (MARS), M5,
Random Forest (RF), and Least-squares boost (LSBoost), have been employed to forecast future evapotranspiration. In this regard,
Kadkhodazadeh et al. [15] and Modaresi & Araghi [8] have explored predicting evapotranspiration and analyzing its uncertainties.
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Their findings indicate that among these techniques, LSBoost and RF have shown superior performance, particularly in terms of Root
Mean Square Error (RMSE) and Pearson Correlation Coefficient (R).

Furthermore, the application of ML techniques for predicting fluctuations in groundwater levels has seen a significant surge in
recent years. These techniques are being leveraged to investigate the impact of climate change on groundwater levels. Notably,
Nourani et al. [16] advocate for using ensemble models over individual ML techniques, emphasizing that each ML model can extract
different features from the dataset. This suggestion is echoed by Ebrahimi et al. [7], who compared Support Vector Regression (SVR)
and MODFLOW, a physics-based 3-dimensional model, to highlight the efficacy of ML models in enhancing decision-making speed in
groundwater management.

Additionally, there is a growing interest in hybrid techniques, which combine ML with other methods for more nuanced analysis.
For instance, Zeydalinejad and Dehghani [17] demonstrated the efficacy of hybrid meta-heuristic approaches, such as
Wavelet-Support Vector Regression (WSVR) and innovative gunner-SVR (AIG-SVR), in simulating aquifer responses to climate
changes. These approaches significantly outperformed standalone models, with WSVR achieving exceptional accuracy, highlighting its
robustness in groundwater level prediction under varying climate scenarios. Similarly, Jeihouni, Mohammadi et al. [18,19] employed
a wavelet-based preprocessing step with the Nonlinear Autoregression Exogenous Model (NARX) to enhance prediction accuracy for
groundwater levels in Iran’s Shabestar Plain, demonstrating that hybrid techniques like wavelet-NARX outperformed traditional
methods. Panabhi et al. [20] further showcased the benefits of combining machine learning with advanced activation functions, such as
Radial Basis Function Neural Networks (RBFNN), which excelled in predicting groundwater fluctuations with superior accuracy
metrics. These hybrid methodologies not only integrate the strengths of individual techniques but also effectively capture complex,
nonlinear interactions in climate parameters such as temperature, precipitation, and evaporation. As a result, they provide more
reliable and nuanced predictions, particularly in regions with scarce data. This growing body of research underscores the importance
of leveraging hybrid techniques to address multifaceted challenges in climate change adaptation and water resource management.

In summary, the collective evidence within water resource management highlights the growing importance of using diverse ML
algorithms, hybrid techniques, and ensemble models. These approaches emerge as pivotal approaches to tackling the challenges of
climate change, offering nuanced and robust solutions for sustainable water resource management practices.

Climate Prediction: The global rise in temperature and shifting precipitation patterns have significantly impacted environmental
sectors worldwide. In response, classical ML models such as SVM, Gradient Boosted Regression Trees (GBRT), Principal Component
Regression (PCA), Group Method of Data Handling (GMDH), Gene Expression Programming (GEP), and Greedy Search Algorithms
have been employed for climate change modeling and the downscaling of climate variables across various applications.

Central to these efforts are recent studies like those by Guven and Pala [21] and Asadollah et al. [9], which focus on the statistical
downscaling and future projection of Global Circulation Model (GCM) outcomes, particularly concerning precipitation and temper-
ature. Guven and Pala [21] research identifies SVM as the most effective downscaling method they tested, outperforming GEP and
GMDH. Similarly, Asadollah et al. [9] have studied Iran’s climate regions, finding GBRT to be more favorable than SVR for their
purposes.

In addition to these studies, the prediction of Greenhouse Gas (GHG) emissions, a crucial factor in mitigating the effects of global
warming, is being advanced through the use of SVM [22] and DT along with neural networks [22,23]). These methods are instrumental
in modeling and predicting GHG emissions more accurately.

In general, the focus of these studies is on downscaling GCMs to local or regional scales. Techniques like GMDH, SVM, and GEP are
particularly used for statistical downscaling. This approach allows for more accurate predictions at finer spatial resolutions, vital for
effective climate change mitigation strategies.

Crop Yield: In the prediction of crop yields and virtual water content (VMC) patterns under varied climate change conditions,
classical ML approaches such as SVM, Genetic Programming (GP), and neural networks have been employed [11]. Notably, the SVM
model demonstrates superior performance compared to GP and neural networks in forecasting both VMC and crop yields.

Ecosystem: Researchers exploring the applications of classical ML algorithms have found intriguing prospects in assessing the
impact of climate change on biodiversity and forest habitats. These studies employ various methods and models to understand and
predict the repercussions of climate change across different scenarios.

For instance, Mirhashemi et al. [12] utilized a Bayesian Additive Regression Tree (BART) to model the potential habitat of Oaks
Forest under both present and future climatic conditions. This approach indicates the growing use of sophisticated ML techniques in
habitat modeling.

In the domain of biodiversity research, Hamidi et al. [24] have applied General Linear Models (GLM) and neural networks to
investigate the effects of climate change on biodiversity in the Hyrcanian Forest. Their study is part of a broader trend of integrating
diverse ML models to capture the complexity of ecological systems.

An interesting approach to mitigating uncertainty in climate change research is the use of ensemble models. For example, Makki
et al. [25] and Morovati et al. [26] employed an ensemble model combining GLMs, Gradient Boosting Machine (GBM), MARS, SVM,
Maximum Entropy, and RF to assess the effects of climate change on the Garra rufa fish species and the Asian black bear, respectively.
Ensemble models are generally favored in this context due to their ability to reduce overfitting and enhance generalization.

Additionally, a predictive habitat suitability study for the Indian Hog Deer was conducted by Azeem et al. [27], employing
dimension reduction techniques such as Pearson’s correlation, multi-collinearity reduction, and PCA. This study exemplifies using
advanced statistical methods in conjunction with ML algorithms to refine predictions.

Throughout these studies, diverse environmental variables are considered to provide a comprehensive understanding of the im-
pacts of climate change on various species and habitats. The integration of multiple ML techniques and models reflects the complexity
and multifaceted nature of climate change research in the field of biodiversity and forest habitats.
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Natural Disasters: ML technologies have become crucial in the multifaceted approach to climate change mitigation. They enhance
our ability to predict, prevent, and respond to a range of natural disasters, including floods, wildfires, heatwaves, storms, droughts, and
landslides. Among these, the prediction and management of floods have seen significant advancements. Techniques such as spatio-
temporal mapping by Janizadeh et al. [28], remote sensing by Avand et al. [29], and dynamic rainfall variables analysis by Pham et al.
[30] have been pivotal. These studies have employed various ML modeling techniques, including K-Nearest Neighbour (KNN),
advanced RF, GBM, Extreme Gradient Boosting (XGB), and Bayesian Generalized Linear Model (GLMBayes), often in ensemble forms,
to predict areas susceptible to flooding.

Additionally, the research by Anaraki et al. [31] emphasizes the importance of downscaling and decomposition of precipitation and
temperature data. In this context, methodologies like KNN, Least Squares Support Vector Machines (LSSVM), and Wavelet Transform
(WT) have been applied to specific tasks related to downscaling and decomposition processes.

The forecasting of droughts has also been a significant focus, with methodologies such as ANFIS and SVMs being extensively
employed. This is highlighted in the works of Khan et al. [32] and a comprehensive review by Soylu Pekpostalci et al. [14]. These
models leverage patterns observed during past droughts and large-scale climatic patterns. Additionally, Fooladi et al. [13,33] have
proposed using RF and GBM techniques for meteorological and hydrological drought prediction in conjunction with remote sensing,
adapting to various climate change scenarios. Furthermore, assessing water quality in aquifers during drought conditions has been
advanced by employing PCA for spatiotemporal impact assessment, as demonstrated by Feizizadeh, Abdollahi, and Shokati [34]. This
diversification of methodologies contributes to a more nuanced understanding of drought prediction across different contexts.

Lastly, the future susceptibility of landslides, categorized as natural disasters, has been modeled using tree-based algorithms like
Boosted Trees (BT), RF, and Extremely Randomized Trees (ERT), as proposed by Ref. [35]).

In summary, the effectiveness of these models varies depending on the dataset and problem specifics, but ensemble models and
tree-based algorithms have been frequently used and perform well in predicting flood and landslide risks under changing environ-
mental conditions.

2.1.2. Neural network paradigm

In the domain of neural computing, a variety of models such as Convolutional Neural Networks (CNN), Multilayer Perceptron
(MLP), Long Short-Term Memory networks (LSTM), Artificial Neural Networks (ANN), Feedforward Neural Networks (FFNN), and
Evolving Artificial Neural Networks (EANN) play crucial roles in processing and interpreting intricate environmental data. These
technologies are instrumental in analyzing and forecasting a broad spectrum of environmental phenomena. They excel particularly in
areas related to water, such as evapotranspiration [36], groundwater dynamics [37], and streamflow prediction [38], as well as in
studying biodiversity in ecosystems [25], climate prediction [39], and natural disasters [40]. The integration of these diverse research
fields with advanced neural computing models enhances our comprehensive understanding of the environment, fostering informed
decision-making for sustainable development and disaster readiness. This collaborative integration of various disciplines and tech-
nological innovations supports effective management and conservation strategies.

Water Resources Management: In recent years, the application of neural network techniques in water resources management has
become increasingly prevalent, addressing a range of challenges. These techniques are particularly successful in forecasting param-
eters like potential evapotranspiration, reservoir evaporation, groundwater levels, and future runoff, especially under climate change
scenarios.

In the field of evapotranspiration forecasting, Modaresi and Araghi [8] employed a hybrid LR-ANN model that relies on CMIP6
mean temperature data. This model uses the LR approach for downscaling and bias correction, while the ANN estimates mean potential
evapotranspiration based on observed temperatures. Similarly, Ahi et al. [36] conducted a study using an ANN model to forecast
reservoir evaporation, considering various climate change scenarios and parameters like temperature, sunshine duration, solar in-
tensity, and wind speed.

Groundwater level prediction has also seen significant advancements. Nourani et al. [16] utilized a FFNN for downscaling GCM
variables, employing both autoregressive and non-regressive input combinations. Additionally, ANFIS is used for groundwater
modeling, while LSTM models simulate groundwater levels using downscaled climate variables from GCM scenarios. In a comparative
study, Panahi et al. [20] examined the performance of ANFIS against ANNs with a Radial Basis Function (RBF), finding that RBFNNs
outperformed ANFIS. Further, Ghazi et al. [37], and Zeydalinejad and Dehghani [17] used NARX and ANNs with wavelet trans-
formations for groundwater modeling under different climate pathways.

Regarding surface runoff forecasting, ANNs have been widely applied to model future runoff and flood events in Iran’s rivers, as
shown by studies from Baghanam et al. [41], Rahmati et al. [42], and Sheikhbabaei et al. [43]. A comparative analysis between ANNSs,
IHACRES, and SWAT was conducted by Moghadam et al. [44], evaluating their performances using metrics like RMSE, MAE,
Nash-Sutcliffe Efficiency (NSE), and R2.

In summary, neural network techniques, particularly when employed in ensemble configurations or combined with wavelet
transform or RB Function, are the preferred choice for accurately predicting water-related phenomena in response to climate change.
However, the effectiveness of specific techniques may vary based on the characteristics of the aquifer, data availability, and the
complexity of climate interactions, highlighting the need for tailored approaches in each study area.

Climate Prediction: The global rise in temperature and shifting precipitation patterns are profoundly affecting environmental
sectors worldwide, prompting a growing interest in employing neural network techniques. These techniques are increasingly used to
enhance our understanding and predictions of climate-related phenomena, such as climate prediction, temperature modeling, pre-
cipitation pattern analysis, global warming assessments, and the study of the hydrological cycle.

In recent years, neural networks have notably contributed to the significant task of statistical downscaling, as highlighted by
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Niazkar et al. [45]. Focusing on northwest Iran, studies by Baghanam et al. [39] demonstrate the efficacy of neural network techniques
in assessing climate change impacts on regional climate patterns and associated risks. These studies involved comparing three sta-
tistical downscaling techniques: the Long Ashton Research Station-Weather Generator (LARS-WG), the statistical downscaling model
(SDSM), and ANNSs. The findings indicated that while the ANN model excelled in predicting temperature changes, the SDSM was
superior in precipitation predictions. Furthermore, research by Rahimi et al. [46] investigated modeling uncertainty in late spring frost
risk predictions, utilizing SDSM and ANN methods alongside GCM data. The models showed better simulation of averages than
variances, with SDSM indicating more significant changes in frost risk zones.

Similarly, Shahani et al. [47] employed a hybrid approach combining LARS-WG6 and rainfall-runoff modeling with CNN to project
future precipitation patterns and assess their impact on river flow across different climates in Iran. The method accurately captured the
complex interactions between climate variables and hydrological responses by integrating predicted meteorological data with
CNN-based runoff models. This approach provides valuable insights for water resource management and adaptation strategies. Adib
and Ghafari Rad [48] introduced a novel integrated method for generating Intensity-Duration-Frequency (IDF) curves based on cli-
matic scenarios, combining probability distributions and ANN for accurate projections. This is crucial for understanding changes in
rainfall intensity. Additionally, Modarres et al. [49] explored future extreme rainfall changes in northern Iran using six GCMs and
ANNSs, emphasizing the potential decrease in maximum rainfall and alterations in the frequency and intensity of extreme events.
Finally, Nguyen et al. [50] presented an approach integrating traditional GCMs with LSTM networks for climate forecasting,
demonstrating the LSTM model’s superior accuracy in climate projections and its potential for precise climate forecasting.

In brief, these studies collectively underscore the pivotal role of advanced modeling techniques, particularly neural network-based
algorithms, in enhancing the precision and reliability of classical models for climate change impact assessments across diverse regions.

Land and Agriculture: Climate change drastically impacts land and agricultural productivity, with countries like Pakistan, Turkey,
and Iran particularly affected. In the realm of environmental sustainability and climate change impact assessment, neural networks
have emerged as a critical tool for deciphering complex relationships and forecasting essential variables.

The study conducted by Arefinia et al. [11] is particularly noteworthy, as it applies ANN to predict the geographical variations in
virtual water content and crop yields across eastern provinces of Iran. This research also undertakes a comparative analysis of three
data mining approaches, including ANN, and interestingly notes the superior performance of SVM in achieving the highest NSE and
lowest RMSE. Despite these comparative results, ANN’s efficacy in offering valuable insights into virtual water content and crop yield
patterns under different climate change scenarios is underlined in the study.

In the Aidoghmoush basin, Iran, a study by Jafari et al. [51] employs ANNs as a key component in modeling reservoir inflow
projections. The integration of ANNs with the Hargreaves-Samani (HS) method allowed the development of operational rules to
manage uncertainties arising from climate change, achieving impressive reliability rates of 93 % and 95 % for future water supply
predictions. Similarly, the economic impacts study by Aghapour Sabbaghi et al. [52] relies on an ANN rainfall-runoff model to assess
the biophysical impacts of climate change on water resources and crop yields. Here, the ANN model is integrated into a
hydro-economic spatial equilibrium model and a positive mathematical programming (PMP) model, aiding in the simulation of
adaptive strategies and changes in agricultural patterns in response to climate-induced water scarcity.

Additionally, the interconnected and bidirectional relationship between land use change and climate change is brought to light.
Two significant studies exemplify the use of neural networks in this domain. Arabaci and Kuscu Simsek [53] focus on the urban
environment, specifically the recently constructed Istanbul Airport area, using ANNs to simulate and predict thermal changes. The
accuracy of these predictions, up to 97 % within a 300-m range, is a testament to the effectiveness of ANNs in capturing the impact of
land-use changes on urban climates. Conversely, the study by Singh et al. [54] explores this relationship in the South Asian Association
for Regional Cooperation (SAARC) nations, using MLP to project future Agriculture, Forestry, and Other Land Use (AFOLU) under
various climate change scenarios. The MLP models, with their ability to capture nonlinear responses, provide a robust framework for
assessing the dynamics of land use changes across the SAARC nations, thereby assisting policymakers in crafting sustainable land
management strategies.

Lastly, in the context of soil erosion risk assessment amid climate change, neural network approaches, particularly ANNs and MLPs,
have proven instrumental in enhancing predictive capabilities and understanding complex interactions. Aslan et al. [55] utilize ANN to
predict future soil erosion risks by forecasting erosivity index (EI) values across different clusters in Turkey. Incorporating meteoro-
logical data and clustering techniques into the ANN model highlights increased risk in southern and western Turkey. In a similar
endeavor, Aslam et al. [56] employ MLP, in conjunction with the Revised Universal Soil Loss Equation (RUSLE), to assess soil erosion in
Pakistan’s Chitral district. This combination allows for modeling future land cover changes and evaluating soil erosion rates, thus
offering valuable insights for sustainable development and watershed conservation.

In conclusion, the widespread and effective use of neural network approaches, particularly ANNs and MLP models, is a unifying
theme across these studies. Combined with traditional agricultural methods and models, these neural network approaches are pivotal
in addressing the multifaceted problems associated with climate change, environmental sustainability, and land management.

Ecosystem: Integrating neural network approaches is invaluable in biodiversity conservation and climate change impact assess-
ment. This is evidenced by numerous studies focusing on different ecological aspects. Hamidi et al. [57] utilized ANNs alongside
Generalized Linear Models (GLMs) to evaluate the effects of climate on biodiversity in Iran’s Hyrcanian Forest. Their findings high-
lighted the superior predictive capabilities of ANNs in modeling species richness and evenness. Likewise, Makki et al. [25] applied a
combination of modeling techniques, including ANN, to predict the impact of climate change on Garra rufa, a prevalent fish species in
southwestern Iran. Their work demonstrated ANN’s efficacy in species distribution modeling, leading to accurate predictions under
various climate scenarios. Additionally, Morovati et al. [26] utilized ANN and other tools to assess habitat suitability and connectivity
for the Asian black bear in southern and southeastern Iran, further emphasizing the role of neural networks in understanding species



Table 2

Current research, challenges, and gaps in various subfields of water resources management, climate prediction, land and agriculture, ecosystems, and natural disasters.

Area Subfields Challenges Current Studies Study Gap
Water Resources Evapotranspiration o Forecasting evapotranspiration under different  oUtilizing classical models like MLR, MNLR, MARS, RF, oLSTM and RNNs can be used to model temporal
Management climate change conditions. and LSBoost to forecast evapotranspiration and patterns in meteorological data [84].
oDownscaling of available data to enhance the performance evaluation using RMSE and R coefficient oCNN models can be employed for feature extraction
spatiotemporal resolution. [15]. from remote-sensing satellite images [85]
oUse of hybrid model of LR and ANN based on CMIP 6 [8].  oUsing metaheuristics and genetic algorithms can also
help with feature selection while dealing with high-
dimensional datasets [86].
Groundwater oPredicting fluctuation in groundwater levels oEnsemble and hybrid models should be used using meta-  oGenetic algorithms can calibrate hydrogeological
under the impact of climate change heuristic algorithms instead of classical techniques alone models, ensuring that the parameters are adjusted to
oldentifying the most vulnerable areas to changes [16]. match observed groundwater level data [87].
in groundwater availability due to climate oDrawing the comparison between ML models with olntegrating satellite imagery and remote sensing data
variability. MODFLOW model [7]. can provide additional information for modeling
olncorporating data from different sources to oDownscaling of GCM variables using various kinds of groundwater levels using computer vision algorithms
improve predictions. neural networks [16]. [88].
oLSTM model to simulate groundwater levels using olntegration of physics based numerical and machine
downscaled climate variables[16]. learning models [89].
Runoff/Streamflow oPredicting river discharge, runoff patterns, and oClimate change impacts on prediction of future runoff oTransfer learning could be used for streamflow and
streamflow behavior under different climate using ANN to understand the variability of river flow runoff prediction in data-sparse regions [91,92].
scenarios based on historical data. regime [41]. oUtilization of integrated methodologies using CNN,
oRecognizing patterns to indicate potential oDownscaling and bias correction using ANN of data [73]. ~ LSTM or any other advanced deep learning-based
changes in river behavior or extreme events models to predict streamflow and runoff [38,93].
impacted by climate change.
oCalibrating hydrological models, reducing the
time and resources required to fine-tune models
for specific regions.
Lakes oModeling predictions for various climate change =~ oDeep learning, especially different structures of LSTM oIncorporation of enhanced deep learning approaches

Climate Prediction

Land and Agriculture

Temperature &
Precipitation

Crop Yield

impacts on lakes, such as changes in water
temperature, nutrient levels, and algal blooms.
oModeling species distribution to predict the
distribution and abundance of aquatic species in
response to climate change.

olntegrating and analyzing diverse datasets from
sources like satellite imagery, water quality
monitoring stations, and ecological surveys.
oEnhancing the spatial resolution of climate
model outputs to provide more localized and
accurate forecasts.

oPredicting future climate conditions over varied
geographic and climatic zones.

oCoping with Uncertainties in agricultural water
supply under climate change

olntegrating economic impacts of climate change
on water resources and agriculture

oPredicting effective climate change indicators on
crop yield.

was being used to fuse the data from multiple sources to
understand the impact of climate on lake dynamics [75].
0ANN'’s and other techniques like SVM and multiple
Regression are widely employed to simulate lake water
level fluctuations [74].

oMachine learning techniques, including artificial neural
networks, multi-gene genetic programming, and ensemble
models like Gradient Boosting Regression Trees, are used
to enhance the accuracy and reliability of climate change
predictions [9,45]

oStatistical downscaling models such as LARS-WG, SDSM,
and ANN are employed to evaluate and improve the pre-
cision of temperature and precipitation forecasts for
detailed regional climate assessments [39].
oOptimization algorithms like particle swarm
optimization are used to derive robust reservoir operation
rules under climate uncertainties [51].

oBiophysical and economic impact simulation using
GCMs, ANN, HE-SEMZ, PMP [52].

to assess or predict lake water quality [94,95]
oUsing machine learning, finding the impact of climate
change on lakes aquatic ecosystems [96].

oEnhancement of interpretability could be the direction
for future research using the fusion of statistical
methodologies with machine learning algorithms[97].
olntegration of ML with traditional physical models can
accelerate calculations and enhance real-time analysis
and forecasting through techniques like model paralle-
lization and the development of faster surrogate models
[90].

oExplainability of deep learning models used to predict
the crop yield can address the “black box™ nature [98].
oTo increase the scalability of predictive machine
learning models, transfer learning can help find patterns
in regions with less data availabilities [99,100]

(continued on next page)
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Table 2 (continued)

Area Subfields Challenges Current Studies Study Gap
oStatistical downscaling, genetic algorithm to assess oEnhance transparency, integrate diverse remote
impact on agricultural yield [81]. sensing data, and develop data augmentation strategies
to improve deep learning models for crop yield
prediction and mapping [101].
Land Use Change olntegrating diverse climate change scenarios oEmployment of the Multilayer Perceptron Neural oConvolution Neural networks along with different
(RCPs) to accurately predict their impact on Network to predict dynamic land use changes under conventional ML models can improve the predictive
dynamic and complex land use systems and vice various climate scenarios [54]. accuracy of land use change [102].
versa. oUse of ANN and novel texture transfer method to predict  olntegration of remote sensing and census data to deal
thermal changes in urban areas due to land use with inconsistencies in the data [103].
modifications [53].
Soil Erosion Risk oPredicting future soil erosion under different olntegrating different models (RUSLE, MLP, Markov oCombining advanced deep neural networks like LSTM
climate change scenarios and land cover changes.  chain, climate models) to accurately predict future soil with RUSLE model to forecast soil erosion probability
erosion using complex data and uncertainty in climateand ~ [104].
land-cover changes [56]. oTackling the uncertainty of soil erosion modeling using
oAssessment of effects of climate change on soil erosion high resolution and aggregated DEMs [105].
risk by using ANN and clustering methods [55].

Ecosystem Biodiversity oQuantifying the impacts of climate change on oUtilized ANN and other ensemble models, which showed = oMany models struggle with the appropriate scales of
species distribution; uncertainty in model better skills in predicting species richness and evenness analysis. There is a gap in linking fine-scale biological
predictions. [24,26] processes with larger-scale climate models. This in-

cludes addressing how microclimate and local habitat
features interact with broader climatic trends[106].
Forest/Vegetation oPredicting habitat and tree growth responses to oEmployment advanced machine learning models like oUsing Remote Sensing data with CNN-LSTM coupling
variable future climate scenarios. Bayesian additive regression trees and multilayer to perform spatiotemporal analysis for forest change
perceptron networks, coupled with multiple climate under climate change [107].
scenarios to accurately project changes in forest habitats
and growth [12,58]

Natural Disasters Floods oPredicting flood risk accurately under different oUtilization of diverse ML algorithms (like KNN, RF, ERT)  oPhysics-based deep learning for flood modeling
climate scenarios with high spatial variability. and ensemble methods to enhance predictive accuracy includes advancing Physics Informed NNs to generalize
olntegrating and merging large-scale climate and manage uncertainties in model outcomes [30] across boundary conditions and improving neural
models with localized land-use changes and his- oHybrid modeling approaches use a combination of operators’ scalability and adaptability for complex flood
torical flood data. metaheuristic algorithms, decomposition methods, and scenarios [108].

ML to enhance the accuracy and reliability of flood risk oData augmentation for flood modeling includes
and frequency predictions [31]. improving the training stability of GANs and enhancing
the precision of VAE-generated synthetic data to sup-
port robust flood predictions [108].
Drought oPredicting complex dynamics such as drought oUtilizing fusion-based frameworks and ensemble ma- oUtilizing state-of-the-art deep learning models with
impacts on agricultural productivity and aquifer chine learning models to improve the accuracy and reli- explainability to predict and understand the predictivity
quality under changing climate conditions ability of drought predictions and their impacts on crop of a model [109].
remains a significant hurdle. yields [33]. olncorporating remote sensing data with deep learning
olntegrating diverse data sources like remote 0GIS-based spatial analysis combined with multivariate models to get spatiotemporal patterns of drought under
sensing and ground measurements effectively, statistical methods to effectively assess and manage water ~ various climate change seniors [110].
particularly in regions with limited data quality in drought-affected areas [34].
availability.
Landslide olntegrating diverse and heterogeneous datasets oPredicting landslide susceptibility using decision tree- oTesting and validation hybrid landslide susceptibility
Susceptibility (e.g., topographical, geological, seismic, and based models (BT, RF, ERT) under changing climate and models in diverse terrains for broader applicability

climatic variables) to improve predictive
accuracy.

oModeling landslide susceptibility under
changing climatic conditions, especially projected
storm rainfall intensity and frequency increases.

LULC conditions, demonstrating ERT’s superior predictive
performance [35].

[111].

oEnhancing the precision of landslide susceptibility
models by integrating high-resolution, real-time climate
and land-use change data [6].
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responses to climate change. Exploring the potential applications of neural network regimes further, researchers are uncovering
promising avenues for assessing climate change influences on forest habitats and biodiversity. By employing diverse methods and
models, these studies aim to understand and predict climate change consequences under different scenarios.

In addition to understanding the complex dynamics of climate change impacts on forest ecosystems, Bayat et al. [58] presented a
compelling study on tree growth responses in the Hyrcanian Forest of northern Iran. Focusing on tree diameter increment, a critical
factor in determining forest volume and production, they employed MLP and linear mixed-effect models. This study explored the
interplay between various biotic and abiotic factors, including diameter at breast height, basal area, elevation, aspect, slope, pre-
cipitation, and temperature. A key finding was the MLP model’s superior performance over the linear mixed-effect model, highlighting
the effectiveness of neural network approaches in predicting tree diameter increment. This research offers valuable insights into
sustainable forest management in the context of climate change, showcasing the importance of neural network models in deciphering
ecological responses to environmental changes.

Collectively, these studies underscore the significance of neural network methodologies in enhancing our ability to predict and
mitigate the impacts of climate change on biodiversity and species distribution patterns.

Natural Disasters: Neural network technologies are crucial in the multifaceted approach to climate change mitigation. These
technologies significantly enhance our ability to predict, prevent, and respond to various natural disasters, including floods, wildfires,
heatwaves, storms, droughts, and landslides. In the domain of hydrological studies, particularly in investigating the repercussions of
climate change on flood frequency, the incorporation of neural network methodologies is prominent. Notably, there have been sub-
stantial advancements in the prediction and management of floods through the application of neural networks.

Loyeh and Bavani [40] conducted an in-depth analysis of the Ghareh Sou basin, comparing maximum instantaneous flood estimates
under stationary and non-stationary conditions. They utilized the Variable Infiltration Capacity (VIC) model to generate daily runoff
and assessed the effectiveness of various methods, including ANN, in transforming daily discharge into maximum instantaneous floods.
Similarly, Anaraki et al. [31] introduced an innovative framework integrating neural network methods for flood frequency analysis,
utilizing metaheuristic algorithms and ANN. Conducted in the Karun-3 Basin of southwest Iran, their research demonstrates the su-
perior performance of specific machine learning algorithms in downscaling precipitation and temperature.

Moreover, the collective body of research on drought monitoring and forecasting in Turkey and Pakistan reflects a dynamic
landscape marked by diverse methodologies and a discernible shift toward advanced techniques. Soylu Pekpostalci et al. [14] con-
ducted a comprehensive review, revealing a predominant focus on meteorological drought and an emerging trend toward machine
learning, particularly neural networks, for short-term predictions. Contributions such as Katip [59] and Fooladi et al. [33] in mete-
orological drought modeling further underscore the increasing role of advanced methodologies, particularly neural network ap-
proaches, in addressing drought complexities.

The literature also encompasses diverse applications of neural network approaches in addressing climate-related challenges in the
Mediterranean region, Turkey, Iran, and Pakistan. Studies by Giirsoy et al. [60], Moghanlo et al. [61], Rana et al. [62], and Khan et al.
[63] showcase the growing prominence and efficacy of neural network approaches in various climate challenges, offering valuable
insights for climate change adaptation and disaster risk reduction strategies.

In summary, the literature underscores the pivotal role of neural network approaches in various domains of climate change
challenges. These networks excel in water resources management, climate prediction, land and agriculture, ecosystems, and natural
disaster management. They provide accurate forecasts for evapotranspiration, reservoir evaporation, groundwater levels, surface
runoff, temperature modeling, precipitation pattern analysis, virtual water content, crop yields, reservoir inflow projections, soil
erosion risks, biodiversity shifts, species distributions, forest growth responses, flood frequency analysis, and drought monitoring. The
literature highlights neural networks as indispensable tools for understanding, predicting, and mitigating climate change impacts.

2.1.3. Metaheuristic algorithms

Meta-heuristic approaches have emerged as powerful tools in the area of climate change impact assessment, particularly in the
context of hydrological and agricultural systems. The studies conducted by Guven and Pala [21], Zeydalinejad and Dehghani [17], and
Niazkar et al. [45] underscore the significance of meta-heuristic algorithms in enhancing the predictive capabilities of statistical
downscaling models. Guven and Pala [21] employed the GEP for downscaling precipitation in the Goksun River basin. In the
assessment of aquifer response to climate change, Zeydalinejad and Dehghani [17] employed meta-heuristic algorithms such as
wavelet-support vector regression (WSVR) and innovative gunner-support vector regression (AIG-SVR), revealing high proficiency in
modeling groundwater levels. Additionally, Niazkar et al. [45] innovatively applied multi-gene genetic programming (MGGP), a
meta-heuristic approach, for downscaling daily temperatures at Dogonbadan, Iran, showcasing its effectiveness compared to tradi-
tional methods. The use of these meta-heuristic approaches signifies a paradigm shift in addressing the complexities of climate change
impact studies, offering robust solutions for improved accuracy and reliability in future projections.

3. Discussion: current trends and challenges

In the comprehensive review on climate change mitigation and adaptation, Table 2 categorizes challenges, current research, and
gaps in subfields like water management, climate prediction, and natural disasters. It highlights the broad use of advanced ML/DL
techniques such as ANNs, LSTMs, and CNNs to enhance prediction accuracy and regional adaptability. Key gaps include the integration
of diverse data sources, improving model interpretability, and local customization. The adoption of hybrid models for groundwater
forecasts underscores a shift towards integrating ML with physical models, reflecting a trend towards sophisticated, data-driven ap-
proaches in environmental research. This underscores the need for improved computational models that combine empirical data with
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dynamic environmental processes for better real-world applicability.

The above table shows that the widespread adoption of these techniques is hindered by issues related to interpretability, scalability,
and data integration. In the context of evapotranspiration, while classical and hybrid models have shown potential, their ability to
generalize across different regions and climatic conditions remains limited. Similarly, relying on ensemble and hybrid models in
groundwater management introduces complexities in model calibration and validation, particularly when integrating diverse data
sources. For runoff and streamflow prediction, the accuracy and reliability of ML models in data-sparse regions are questionable, with
transfer learning offering potential solutions, albeit with limitations. In the study of lakes, DL models like LSTM networks have
effectively captured temporal patterns, but they often overlook the complex ecological interactions at play.

Climate prediction models face challenges in balancing spatial resolution with computational efficiency, and the integration of ML
with traditional physical models, while promising, adds complexity. In environmental sciences, the “black box” nature of DL models
poses significant barriers to policymakers’ adoption, and the integration of economic impacts with climate predictions remains
underexplored. To address this issue, techniques such as SHapley Additive exPlanations (SHAP) and Local Interpretable Model-
Agnostic Explanations (LIME) have been developed to enhance the interpretability of complex models [64]. They provide insights
into how individual features contribute to the model’s predictions, enabling a better understanding of the decision-making process and
fostering greater confidence in its predictions.

Hybrid models, which integrate ML with traditional physical models, are gaining prominence in climate science due to their ability
to enhance predictive accuracy and computational efficiency. For example, NeuralGCM, a hybrid model developed by Google
DeepMind, combines physics-based components with ML techniques to outperform traditional models in medium-range weather
forecasts and decadal climate predictions while reducing computational costs [65]. Similarly, hybrid hydroclimatic forecasting sys-
tems utilize data-driven methods to integrate predictions from dynamical models, improving the prediction skill of variables such as
rainfall and streamflow [66]. These approaches address the limitations of purely data-driven or physics-based models by leveraging
their strengths, leading to more robust and reliable climate projections. However, challenges remain in effectively combining these
methodologies, particularly in ensuring the interpretability and scalability of the resulting models. Future research should focus on
developing standardized frameworks for hybrid modeling, enhancing data integration techniques, and improving model transparency
to facilitate their adoption in climate change mitigation and adaptation strategies.

Soil erosion modeling faces challenges in dealing with high uncertainty and variability in input data, while ecosystem models
struggle to link fine-scale biological processes with larger-scale climate patterns. Finally, in natural disaster prediction, ML and hybrid
models improve accuracy but often struggle with data integration and merging large-scale climate models with localized data.

Overall, while ML and DL techniques have propelled the field forward, future research must address these study gaps by developing
more robust, transparent, and scalable models. These models should not only achieve high predictive accuracy but also provide
actionable insights that can effectively guide decision-making in water resources management, particularly in the face of climate
change.

4. Conclusions

This review has systematically explored the integration of advanced Al technologies, particularly ML and DL, in addressing climate
change adaptation and mitigation across key environmental sectors in Iran, Pakistan, and Turkey. The findings underscore the
transformative potential of Al in tackling complex climate challenges, with applications in water resource management, groundwater
prediction, runoff/streamflow analysis, and climate forecasting. Techniques such as CNNs, LSTMs, and hybrid models have demon-
strated significant improvements in data processing and predictive accuracy. However, the adoption of Al in these regions remains at
an early stage, with notable gaps in scalability, data integration, and localized modeling.

Our study reveals critical challenges, including the scarcity of localized, high-resolution data, the complexity of integrating diverse
data sources, and the need for models that reflect region-specific environmental conditions. Addressing these challenges requires
interdisciplinary collaborations that merge expertise in environmental science with advancements in Al. Moreover, enhancing model
interpretability and transparency will be essential to build trust among stakeholders and policymakers.

The implications of this research extend beyond the ECO region. The methodologies and insights discussed here can serve as a
blueprint for other regions facing similar environmental and climatic challenges. Promoting open access to data, fostering collabo-
rative research frameworks, and developing robust, scalable Al models are essential steps toward global climate resilience.

By leveraging the synergy between Al and traditional scientific approaches, ECO member countries can not only enhance their
climate resilience but also contribute valuable knowledge to the global fight against climate change. This research serves as a call to
action for scientists, policymakers, and the international community to collectively harness AI's transformative potential for a sus-
tainable future.
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