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 ABSTRACT- Climate change is especially severe in developing countries such as Iran, 

which have a low capacity to address this issue. A variety of complex models and 

methodologies which are reliant on extensive datasets have been employed to evaluate the 

economic and environmental impacts. In other words, alongside the primary variable indicating 

climate change, specifically temperature anomalies, numerous economic and environmental 

variables and datasets must be incorporated. This study was undertaken with the objective of 

evaluating the viability of discovering alternative models through the application of machine 

learning (ML) and artificial intelligence (AI)-based frameworks. The data utilized is derived 

from the related literature for the period 2021-2060, which outlined the production effects of 

climate change. The temperature change scenarios encompass SSP2-4.5, SSP3-7.0, and SSP5-

8.5. A wide array of AI-based models was employed. The study's findings indicated that by 

utilizing the temperature anomaly variable, it is feasible to forecast the decline in Iran's gross 

domestic product (GDP) with a prediction error of fewer than 5% through multilayer perceptron 

(MLP) and random forest (RF) models, as well as their combinations. For agricultural 

subsectors, using the hybrid model, this error was assessed to be below 3%. Concerning 

agricultural products, it was found that the combined models are capable of predicting 

accurately the extent of loss even at higher levels of temperature anomaly. The high sensitivity 

of agricultural activities to climate change, coupled with the complex and multifaceted nature 

of climate change itself, has made it essential to use large datasets and sophisticated models. In 

this regard, ML and AI offer a promising, though not flawless, solution. Given the highly 

favorable accuracy and rapid access to reliable predictions afforded by AI-based models, the 

implementation of these models, particularly the combinations of MLP and RF, is 

recommended.  

INTRODUCTION  

Climate change, defined as a change in the 30-year average 

of climatic variables, such as temperature and precipitation 

(IPCC, 2014), is currently recognized as one of the 

humanity’s most critical challenges. The consequences of 

climate change extend beyond economic variables to 

include social and political aspects (Hoegh-Guldberg & 

Bruno, 2010; Farajzadeh et al., 2022). The occurrence of 

climate change has been confirmed (IPCC, 2022), and 

evaluations indicate that its severity exceeds earlier 

projections (Farajzadeh & Nematollahi, 2023). Primarily 

influenced by greenhouse gas emissions, climate change is 

widely regarded as a significant issue (Goldberg et al., 2019; 

Karmalkar & Bradley, 2017) and, as indicated by some 

studies, the defining challenge of the current century 

(Redsma et al., 2009). 

Although climate change is a global phenomenon, its 

implications are particularly severe for developing countries 

like Iran, since their limited adaptive capacity intensifies 

vulnerability (Farajzadeh et al., 2022). Analyses of climatic 

variables in Iran leave no doubt regarding the reality of this 

phenomenon. Iran’s average precipitation is less than one-

third of the global mean (Maghrebi et al., 2021), and the 

projections indicate a further decline for future, expecting 

35% reduction in the coming decades (Mansouri Danshvar 

et al., 2019). The 1997–2001 drought -the most severe and 

prolonged in recent decades (Modarres et al., 2016)- is 

regarded in connection with climate change. Temperature 

projections for Iran suggest an increase of 1.5 °C under 

optimistic scenarios and potentially exceeding 6 °C by the 

end of the century under pessimistic projections (IPCC, 

2014). Examination of moving averages of temperature over 

recent decades also reveal a distinct upward trend 

(Malakootikhah & Farajzadeh, 2020). According to the 

Climate Change Knowledge Portal, over the past seventy 

years, Iran’s average temperature has escalated by 

approximately 1 °C; specifically, the national average 

maximum temperature increased from 23.6 °C to 24.6 °C 
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from 1950, while the average minimum temperature rose 

from about 10.9 °C to 12.1 °C. Also, except for parts of 

northwestern Iran, the rest of the country is highly 

susceptible to extensive climate-related damages (Climate 

Change Knowledge Portal, 2022). 

Under scenarios of severe temperature anomalies, even 

a complete stagnation of Iran’s GDP growth by the 2050s 

has been projected (Farajzadeh et al., 2024). This concern is 

magnified by Iran’s fragile environmental conditions. For 

instance, Iran’s biological capacity has declined from 2 

global hectares (gha) per capita in 1950 to less than 0.7 gha 

per capita in 2020. Since the early 2000s, an ecological 

deficit has emerged and expanded progressively. By 2018, 

Iran’s per capita ecological deficit was estimated to be 2.6 

gha, indicating a critically unsustainable ecological situation 

(Global Footprint Network, 2020). 

The literature on climate change impacts can be divided 

into two main streams: The first focuses on assessing the 

economic consequences of climate change, whereas the 

second examines environmental results, such as pollution 

emissions, ecological footprints, and environmental losses. 

Studies in the latter category include Wiedmann et al. 

(2010), who employed an input–output model to 

demonstrate that rising CO₂ emissions, the primary driver of 

climate change, exert substantial impacts on both consumers 

and producers. Montoya et al. (2021) investigated the link 

between pollution emissions and climate change in Brazil, 

finding that it acts as a net importer of virtual emissions from 

non-renewable energy and a net exporter of virtual 

emissions from renewable energy, thus contributing to 

climate change mitigation. Similarly, Keshavarz and 

Farajzadeh (2025) used a dynamic input–output model to 

demonstrate that the ecological deficit intensifies, 

particularly under more severe climate scenarios, and that 

the gap between environmental carrying capacity and 

development objectives may widen under climate change 

pressures. 

A substantial amount of climate change literature 

focuses on evaluating the economic impacts of climate 

change. These studies vary significantly in terms of the 

variables examined and methodologies employed. In 

particular, the effects of climate change on agricultural 

productivity have received increasing attention. Some 

studies have assessed the impact of climate change on 

individual crops, while others have examined the 

agricultural sector as a whole. For example, Calzadilla et al. 

(2013) projected that climate change would reduce food and 

agricultural output by 1.6% and GDP by 0.2% in a selected 

African region by 2050, respectively. Demirhan (2020) 

estimated a global wheat yield reduction of 11% per 1 °C 

rise in temperature. Shirley et al. (2020) projected that a 1 

°C increase in average temperature reduces corn yields by 

4% in the United States. Bozoglu et al. (2019), for 

temperature increase scenarios of 1.7 °C, 2.9 °C, and 5.1 °C, 

reported wheat yield declines of 7–16% in Turkey. 

Sectoral assessments also underscore agriculture’s 

vulnerability. Zhao et al. (2020) projected that by 2100, the 

agricultural sector will bear over 60% of total climate 

associated damages. Sheng and Xu (2019) attributed an 

18% decline in agricultural productivity to climate change 

and associated temperature anomalies. Significant declines 

in agricultural output due to the climate change have also 

been reported in Cameroon (Molua, 2009), Burkina Faso 

(Ouedraogo et al., 2006), and South Africa (Reid et al., 

2009). In Iran, Malakootikhah and Farajzadeh (2020) 

further estimated that a 1 °C temperature rise would lead to 

a reduction of approximately 5% in Iran’s agricultural 

output. These studies typically employ partial equilibrium 

models. Another stream of literature uses computable 

general equilibrium (CGE) models to evaluate economy-

wide impacts of climate change. Representative studies in 

this category include Howard and Sterner (2017), who 

estimated a 7–8% reduction in global GDP under a 3 °C 

temperature increase scenario compared to pre-industrial 

levels. In Iran, Farajzadeh et al. (2022) projected welfare 

losses ranging from 4.4% to 97% over an 80-year horizon, 

depending on the damage function and temperature 

anomaly scenario selected. Kompas et al. (2018) found that 

Iran’s annual economic growth declines by 0.8% per 1 °C 

increase in average temperature. Newell et al. (2021) 

projected up to a 55% reduction in global output by 2100 

under a 3 °C temperature increase. Tsigaris and Wood 

(2019), using an integrated assessment model, indicated that 

climate change increases the capital-to-net-income ratio. 

Farajzadeh et al. (2024), based on a CGE framework, 

estimated a 1.8% annual reduction in Iran’s GDP growth 

due to the climate change. 

Agricultural activities were also considered in this 

modeling framework. Keshavarz and Farajzadeh (2025), 

using a dynamic input–output model, found that agricultural 

activities in Iran could lose 1–2% of their annual growth 

over the next four decades due to the climate change, 

whereas the corresponding value is less than 1% for other 

economic sectors. Similar findings were reported by 

Farajzadeh et al. (2024) for most agricultural sectors. In 

general, the findings highlight the vulnerability of 

agricultural activities. 

The reviewed literature demonstrates a significant level 

of complexity and methodological variety in assessing the 

impact of climate change on production and economic 

variables, largely because the studies have focused on causal 

relationships among variables. However, when the objective 

is to conduct a quantitative impact assessment, machine 

learning (ML) and artificial intelligence (AI)-based models 

offer a simpler and less time-consuming alternative. This 

advantage has attracted scholarly attention, leading to 

initiatives aimed at substituting causality-focused 

simulation models with ML-driven approaches. The 

literature review also indicates that although economic and 

environmental variables have been forecasted, these 

simulations are generally grounded in causal relationships. 

For instance, Wang et al. (2018) applied an ARMA model 

to predict ecological footprint and biological capacity, 

suggesting a higher prediction accuracy for biological 

capacity than for ecological footprint. Liu and Li (2018) 

employed an artificial neural network to forecast the 

ecological footprint index. They reported a prediction error 

of less than 3%. Similarly, Jia et al. (2010) used an ARMA 

model and found that the per capita ecological footprint 

would exceed 3.5 gha by 2015. Keshavarz et al. (2021) also 

predicted several natural capital indicators with similar 

levels of accuracy. 

As demonstrated in the literature, conventional 

regression-based forecasting approaches remain prevalent; 

however, they do not always ensure high accuracy. The 

evolution of neural networks and ML models has 
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significantly improved predictive capabilities, providing 

adequate precision and computational efficiency. In this 

regard, the present study aims to evaluate the performance 

of selected AI-based models in forecasting the economic 

consequences of climate change. It utilizes data from 

Farajzadeh et al. (2024)  (the data are available from the 

authors upon request), which are derived from a complex 

and advanced multisectoral CGE model. Essentially, this 

study aims to discover appropriate alternatives to the CGE-

based modeling approach for estimating the output impacts 

of climate change. The novelty of the present study is two-

fold. First, it employs AI-based models to predict the output 

losses attributable to climate change. Second, it develops a 

hybrid framework that integrates the most widely used AI-

based prediction models. 

MATERIALS AND METHODS  

Considering the characteristics of the data employed in this 

study, it is important to introduce the dataset. The data used 

in this study were derived from Farajzadeh et al. (2024). In 

the aforementioned study, projected values were generated 

using a CGE model, through which the impact of 

temperature anomalies on the long-term growth path of 

output was assessed. In other words, the primary input 

variable is the temperature anomaly, which exerts both 

direct and indirect effects on sectoral output through the 

following three channels: 

𝐴𝑡+1 = (1 −  𝐷𝑡
𝐴)(1 +  𝑔𝐴)𝐴𝑡  Eq. (1) 

𝐾𝑡+1 = (1 −  𝐷𝑡
𝐾)(1 −  𝛿𝑘)𝐾𝑡 + 𝐼𝑡

𝑛  Eq. (2) 

𝑌𝑡+1 = (1 −  𝐷𝑡
𝑌) (𝐼 − 𝐵𝑡

′)−1𝑉𝑡  Eq. (3) 

In Eq. (1), Eq. (2), and Eq. (3), the variables are defined 

as 𝐴: technology or knowledge stock, 𝐷: damage factor, 𝑔: 

rate of technological progress, 𝐾: capital stock, 𝛿: 

depreciation rate, It
n: investment, Y: output, B: matrix of 

technical coefficients, V: payments to value-added factors, 

and t: time index. The damage factor (D) is computed using 

Eq. (4), Eq. (5), and Eq. (6). 

𝐷𝑡
𝑌 = 1 −

1−𝐷𝑡

(1−𝐷𝑡
𝐾−𝐷𝑡

𝐴)
 Eq. (4) 

𝐷𝑡
𝐾 = 𝑓𝐾𝐷𝑡  𝐷𝑡

𝐴 = 𝑓𝐴𝐷𝑡    Eq.  (5) 

𝐷 = 1 −
1

(1+𝜋1𝑇𝑡+𝜋2𝑇𝑡
2+𝜋3𝑇𝑡

6∙754 )
  Eq. (6)  

where f K= 0.3 and f A= 0.05 (Tsigaris and Wood, 2019), 

and T denotes the temperature anomaly. If temperature 

anomalies fall within the range of 2 to 3 °C, then π3 is set to 

zero.  

Evaluating the impact of temperature anomalies on 

output based on the aforementioned relationships 

necessitates the use of a complex CGE model. This study 

aims to provide an accurate alternative to the 

aforementioned complex model using ML and AI. In the 

following subsections, the various predictive models 

employed in this study are presented. 

Artificial neural networks (ANNs) are inspired by the 

structure and function of biological neurons in the human 

brain and are among the most prominent AI tools in various 

fields, such as forecasting and data mining. These 

architectures can identify complex and nonlinear patterns 

embedded in data and generate robust estimation and 

decision-making models without relying on conventional 

statistical assumptions. Consequently, neural networks are 

often regarded as effective substitutes for traditional 

statistical models in the analysis of complex datasets 

(Mehrara et al., 2009). The fundamental principle of neural 

networks is to construct an optimal model through ML-

based on the available data. Such models can automatically 

learn intricate relationships between independent and 

dependent variables without requiring prior theoretical 

knowledge and deliver accurate predictions, pattern 

recognition, and solutions to complex problems. 

Typically, a neural network is structured with three 

primary layers: an input layer, one or more hidden layers, 

and an output layer. The input layer consists of explanatory 

(independent) variables that provide initial data to the 

network. The hidden layer(s) perform core data processing 

by applying transformation functions to the input data. 

Finally, the output layer presents the network’s final result, 

which may represent the predicted values or the dependent 

variable (Mehrara et al., 2009). 

The primary objective during the training process of 

these networks is to minimize prediction errors, which is 

often accomplished by minimizing a cost function, such as 

the sum of squared errors. To ensure model generalizability 

and robustness, the dataset is typically divided into two 

subsets: one for training and adjusting the network weights, 

and another for validating and evaluating the model’s 

predictive performance under unseen conditions. The key 

models utilized in this study are introduced in the following 

sections. 

Extreme gradient boosting (XGBoost) method 

XGBoost is one of the most prominent ML methods based 

on the decision tree algorithm. Decision trees are a 

fundamental and widely used algorithm in ML, commonly 

applied to both classification and regression analyses. A 

decision tree is a tree-like structure composed of nodes and 

edges. Each internal node represents a test on a specific 

feature, each branch (edge) corresponds to the outcome of 

that test, and the recursive partitioning of data continues 

until a conclusive decision or prediction is achieved (Chen 

and Guestrin, 2016). 

XGBoost enhances this fundamental approach by 

implementing an optimized and highly efficient version of 

gradient boosting. The core idea of XGBoost is to construct 

an objective (loss) function that minimizes the sum of 

squared errors (or other loss functions) while iteratively 

adding new trees to correct the residuals of the previous 

ensemble. The algorithm continues training until no further 

improvement in the objective function is observed (Haj 

Seyed Javady et al., 2023). The general structure of an 

XGBoost decision tree is illustrated in Fig. 1 (Amjad et al., 

2022). 
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Fig. 1. Extreme gradient boosting method (Amjad et al., 2022). 

In the XGBoost method, the dataset (xi) is defined as 

in Eq. (7) (Chen and Guestrin, 2016). 

𝑀𝑖 = 𝜑(𝑥𝑖) = ∑ 𝑓𝑘(𝑥𝑖); 𝑓𝑘 ∈ 𝑜𝑏𝑗𝑘
𝑘 = 1   Eq. (7) 

In Eq. (7), 𝑘 denotes the number of trees in the model 

and 𝑓𝑘 represents the 𝑘-th tree (i.e., the prediction of the 

𝑘-th base learner for input 𝑥𝑖), where 𝜑 denotes the 

overall predictive function, and 𝑀𝑖 is the model’s 

prediction for the input instance 𝑥𝑖. The algorithm 

minimizes an objective function aimed at reducing the 

prediction error. Accordingly, to solve Eq. (7), the 

absolute loss is minimized, as formulated in Eq. (8). 

𝑜𝑏𝑗(𝜑) =  ∑ 𝑙(𝑦𝑖 , 𝑀𝑖) + ∑ 𝜔(𝑓𝑘)𝑘𝑖   Eq. (8) 

In Eq. (8), 𝑙 denotes the loss function, 𝜔 represents 

the regularization term (penalizing model complexity to 

prevent overfitting), 𝑀𝑖is the model’s prediction, and 𝑦𝑖  

is the observed (actual) output value. By constructing an 

objective function that jointly minimizes the prediction 

error and controls the model complexity, XGBoost 

delivers an optimal prediction in the final step. 

Random forest (RF) method 

The RF algorithm is a ML technique that belongs to the 

class of ensemble methods and is widely employed for 

both classification and regression analyses (Breiman, 

2001). This approach consists of a large number of 

decision trees, each trained on a randomly selected subset 

of the data. 

A decision tree is a hierarchical tree-like structure 

composed of nodes and leaves. The root node represents 

the initial point of the tree and contains the entire data set. 

The internal nodes correspond to specific features that 

facilitate decision-making, whereas the branches 

represent the possible outcomes of each feature-based 

division. Finally, leaf nodes represent the final output, 

which may be a class label in classification problems or 

a numerical value in regression analysis. 

The decision-making process proceeds 

hierarchically. The data are recursively divided 

according to the most informative features until terminal 

leaves are reached. In the RF framework, the final 

prediction is obtained by aggregating the outputs of all 

individual trees. Specifically, for classification problems, 

ensemble prediction is determined by majority voting 

among the trees, whereas for regression problems, it is 

calculated as the average of the predictions from all trees 

(Breiman, 2001). Assume that the dataset is defined as 

Eq. (9). 

𝐷 = {(𝑋1, 𝑌1),(𝑋2, 𝑌2), … , (𝑋𝑛, 𝑌𝑛)}  Eq. (9) 

where 𝑋𝑛 denotes the feature vector (independent 

variables) and 𝑌𝑛 represents the numerical target value 

(dependent variable). In the RF method, T decision trees 

are independently trained on random subsets of the data. 

These subsets were selected using the bootstrapping 

technique, that is, random sampling with replacement 

from the original dataset. The final output of the model 

was calculated using Eq. (10) (Breiman, 2001). 

𝑌𝑅𝐹̂ =
1

𝑇
∑ ℎ𝑡(𝑋)𝑇

𝑡=1  Eq. (10) 

where ℎ𝑡(𝑋) represents the prediction of the t-th tree. 

Thus, the RF method constitutes an ensemble of decision 

trees, each developed using a distinct bootstrap sample of 

the dataset. Moreover, at each node during the 

construction of a tree, a random subset of the input 

features is considered for splitting. Once all trees are 

constructed, the model is provided with test data, and for 

each input instance, predictions are generated by every 

individual tree. The final model output was obtained by 

averaging the predictions across all trees. 

At each node of the decision tree, the optimal feature 

for splitting the data is selected based on the Gini 

impurity index. The Gini index is a statistical measure 

that quantifies the degree of impurity (or heterogeneity) 

among the class labels within a dataset (Breiman, 2001). 

Multilayer perceptron (MLP) method 

The MLP is one of the most widely used forms of 

feedforward ANNs, which is capable of learning 

complex nonlinear relationships between input and 

output variables. The MLP structure employed in this 

study consisted of an input layer, one or more hidden 
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layers, and an output layer. The number of neurons in the 

input layer corresponds to the number of input features. 

The number of hidden layers and the number of neurons 

within each hidden layer were determined through a trial-

and-error process, based on the model performance on a 

validation dataset. In the output layer, the selection of the 

activation function depends on the nature of the problem. 

For instance, SoftMax is typically used for multiclass 

classification, whereas Sigmoid or Linear activation 

functions are preferred for regression tasks. 

During the training phase, the Mean Squared Error 

(MSE) is employed as the loss (cost) function. The Adam 

optimization algorithm was used to minimize the loss 

function. Adam adaptive estimates the first and second 

moments of the gradient to efficiently update the network 

weights. Fig. 2 illustrates the overall structure of the MLP 

neural network (Yamany et al., 2015). 

Support vector regression (SVR) method 

In the SVR approach, nonlinear relationships between 

independent and dependent variables are represented and 

modeled using kernel techniques to predict the target 

variable. The primary objective of SVR is to identify a 

regression function of Eq. (11) (Smola & Schölkopf, 

2004). 

𝑓(𝑥) = 𝑤𝑡𝑥 + 𝑏   Eq. (11) 

where 𝑥 represents the input vector, and 𝑓(𝑥) denotes the 

predicted output. Vector 𝑤 contains the model weights 

(coefficients), and b is the bias term. In error-insensitive 

SVR, the goal is to construct a regression function such 

that observations with prediction errors within a 

predefined tolerance margin ε or the interval [-𝜀, +𝜀] are 

considered correctly predicted and incur no loss. 

Consequently, the optimization problem is formulated as 

Eq. (12) (Smola & Schölkopf, 2004). 

min
1

2
‖𝑤‖2 + 𝐶 ∑(𝜉𝑖 + 𝜉𝑖

∗)

𝑛

𝑖 = 1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {

𝑦𝑖 − (𝑤𝑡𝑥𝑖 + 𝑏) ≤ 𝜀 + 𝜉𝑖

(𝑤𝑡𝑥𝑖 + 𝑏) − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

  Eq. (12) 

where 𝑛 denotes the number of observations, 𝑦𝑖  

represents the actual (observed) target values, 𝑥𝑖 are the 

input vectors, 𝑤 is the weight vector, 𝑏 is the bias term, ε 

is the tolerance margin or the insensitive error margin 

(i.e., the "interval" within which errors are not penalized), 

and 𝜉𝑖 , 𝜉𝑖
∗ are slack variables that quantify deviations 

outside the ε -interval. In general, the SVR model aims to 

find a hyperplane (or regression function) such that all 

data points lie within a tube of width 2𝜀, which is 

centered around the predicted function. If a data point 

falls outside this tube, a penalty proportional to its 

distance from the 𝜀-boundary is applied to it. The 

regularization parameter C controls the trade-off between 

model complexity and the magnitude of tolerated errors: 

a higher C results in a more substantial penalty on errors, 

leading to a model that aligns more closely with the 

training data but may increase the risk of overfitting 

(Smola & Schölkopf, 2004). 

In SVR, the initial optimization problem is referred to 

as the primal formulation. Directly solving this problem 

poses significant computational difficulties, particularly 

when dealing with data containing nonlinear 

relationships or high-dimensional input spaces. To 

address this issue, the Lagrange multipliers method is 

utilized to convert the primal problem into its dual 

formulation, which is more manageable and facilitates 

the application of kernel functions. The Radial Basis 

Function (RBF) kernel is a widely used nonlinear kernel 

that implicitly maps input data into a higher-dimensional 

feature space, thereby enabling the model to capture 

complex nonlinear patterns without explicitly computing 

the transformation (Smola & Schölkopf, 2004). 

Categorical boosting (CatBoost) method 

The CatBoost algorithm is based on the Gradient 

Boosting Decision Tree (GBDT) framework. In this 

methodology, decision trees are constructed sequentially, 

with each new tree aiming to correct the residuals (errors) 

of the previous ensemble. The general form of the final 

prediction is expressed in Eq. (13) (Prokhorenkova et al., 

2018). 

𝑦𝑖̂ = 𝐹(𝑥𝑖) = ∑ 𝛾𝑘𝑓𝑘(𝑥𝑖)𝐾
𝑘 = 0   Eq. (13) 

 

 

 

 

 

 

 

Fig. 2. Multilayer perceptron method (Yamany et al., 2015). 
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where 𝑓𝑘(𝑥𝑖) denotes the prediction of the 𝑘-th decision 

tree, 𝛾𝑘 is the learning weight (or step size) associated 

with the 𝑘-th tree, and 𝐾 represents the total number of 

trees in the ensemble. In contrast to conventional 

Gradient Boosting, CatBoost employs Ordered Boosting, 

a novel approach in which the training data are randomly 

arranged, and predictions for each instance are computed 

using only preceding instances in the ordering. This 

strategy effectively reduces the risk of overfitting, 

especially when dealing with categorical features, and 

improves the generalization performance 

(Prokhorenkova et al., 2018). In summary, CatBoost 

systematically constructs a series of decision trees, with 

each tree addressing the prediction errors of the 

preceding ensemble. The overall modeling procedure is 

summarized in the following flowchart. 

Variables and data  

The dataset used in this study includes values of 

production (or output) loss for both the overall economy, 

measured as Gross Domestic Product (GDP), and 

selected agricultural subsectors over a 40-year period. 

These values were derived from Farajzadeh et al. (2024) 

(data available upon request). The primary explanatory 

variable was the temperature anomaly, defined as the 

deviation of temperature from the baseline period under 

various climate change scenarios. Specifically, three 

Shared Socioeconomic Pathway (SSP) scenarios were 

considered: SSP2-4.5, SSP3-7.0, and SSP5-8.5, 

representing low, intermediate, and high levels of 

warming, respectively. For each scenario, two damage 

assumptions were adopted: severe damage (DS) and 

moderate damage (W). The time horizon of the dataset 

spans 2021 to 2060. The data were utilized in both 

normalized and non-normalized forms to assess the 

model sensitivity to scaling. Of the total observations, 

85% of the data were used for training, and the remaining 

15% were used to evaluate the prediction accuracy.  

RESULTS AND DISCUSSION  

The time path evolution of temperature anomalies across 

three scenarios, including SSP2-4.5 (low), SSP3-7.0 

(intermediate), and SSP5-8.5 (high) warming pathways, 

is illustrated in Fig. 3. The difference between the 

intermediate- and low-temperature anomaly scenarios 

remains relatively small, at less than 0.5 °C, whereas the 

high-warming scenario exhibits consistently larger 

difference exceeding 0.5 °C across the entire time 

horizon. 

The prediction findings are presented in two main 

sections. In the first section, the predicted values of 

overall economic output, that is, GDP under various 

climate change scenarios, are reported using different 

modeling approaches. The results are presented in Table 

1, Table 2, Fig. 5, Fig. 6, Fig. 7, Fig. 8, and Fig. 9. The 

second section presents the results for the selected 

agricultural commodities and subsectors, which includes 

Table 3, Table 4, Fig. 10, Fig. 11, Fig. 12, Fig. 13, Fig. 

14, Fig. 15, Fig. 16, Fig. 17, and Fig. 18. The results are 

presented in both tabular and graphical formats. First, 

prediction accuracy metrics, including the Mean 

Absolute Percentage Error (MAPE) and coefficient of 

determination (R²), are summarized in the tables. The 

predicted values are illustrated through charts to facilitate 

a comparative analysis across models and scenarios.  

Total output changes 

Fig. 4 illustrates the trend of the total output or GDP loss 

derived from Farajzadeh et al. (2024). As shown in Fig. 

4, irrespective of the damage function specification, the 

highest economic loss consistently corresponds to the 

SSP5-8.5 temperature anomaly scenario, in which, by the 

final year simulation horizon, the magnitude of loss 

under the highest temperature anomaly scenario is more 

than four times greater than that under the lowest 

anomaly scenario. This suggests that GDP loss follows 

an exponential time path and grows over time. 

Furthermore, the impact of the damage function 

specification becomes increasingly significant in the later 

years of the period. The fact that the loss pattern 

demonstrates systematic and discernible behavior, driven 

primarily by temperature anomalies, provides a strong 

empirical basis for reliable predictive modeling. 

The prediction accuracies of the applied models are 

presented in Table 1. In addition to employing different 

AI models to forecast production loss (damage), the 

analysis was conducted using both un-normalized (raw) 

and normalized data. Several implications can be derived 

from the results presented in Table 1. First, as far as R² is 

concerned, the differences across models are slight, with 

values generally ranging between 95% and 99%, 

indicating that all models explain a very high percentage 

of variation in the target variable. Second, a substantial 

discrepancy was observed between the two evaluation 

metrics. While R² differences are typically less than 5 

percentage across different models, the MAPE values 

often differ by more than two times across different 

models. For instance, in the hybrid model under the 

SSP2-4.5DS scenario, the R² difference between models 

applying normalized and non-normalized data is less than 

1%, while the corresponding MAPE difference exceeds 

nine percentage points. Third, the choice of model 

significantly affects the prediction accuracy. Some 

models demonstrated acceptable accuracy only for 

specific scenarios, whereas others, such as the hybrid 

MLP and RF, consistently achieved high prediction 

accuracy across nearly all temperature anomaly 

scenarios.  

Given the large number of models applied, Table 2 

presents the MAPE values with a color-coded 

background to improve visual clarity and facilitate 

performance comparison across models and scenarios. 

The results presented in Table 2 reveal several 

important points. First, in general, the hybrid model 

achieves the lowest prediction error across scenarios. 

Notably, in cases where prediction error falls below 5%, 

the hybrid model significantly outperforms all other 

approaches. Second, if a prediction error threshold of 

10% is considered acceptable, CatBoost, XGBoost, and 

the Polynomial regression model are excluded, as they 

fail to meet this criterion across most scenarios. It should 

be noted, however, that XGBoost exhibits a distinct 
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advantage in terms of prediction stability as it provides 

forecasts with the slight error variance, and in most 

scenarios, its MAPE remains below 15%. Third, the RF 

model demonstrates exceptional robustness, achieving 

prediction errors below 10% in all scenarios. Taking into 

account a threshold of 10% or less for prediction error, 

RF exhibits the highest frequency of acceptable 

predictions, followed closely by MLP and the hybrid 

model. Fourth, data normalization does not significantly 

improve prediction accuracy. In fact, for certain models 

most notably MLP, the un-normalized data provides 

significantly more accurate predictions. This observation 

should be interpreted with caution, however, as the 

absolute magnitudes of the target variable (GDP loss) in 

this study are not excessively large, potentially reducing 

the necessity for scaling. Finally, prediction accuracy 

appears to be inversely related to the severity of 

temperature anomaly. Specifically, loss estimates under 

lower temperature anomaly scenarios (e.g., SSP2-4.5) are 

predicted with higher accuracy compared to those under 

more extreme scenarios (SSP3-7.0 and SSP5-8.5). This 

pattern suggests that as climate stress intensifies, the 

nonlinearity and complexity of economic impacts 

increase, thus posing a challenging to the prediction 

capacity of even advanced ML models. 

Given the large number of climate scenarios 

examined, the graphical comparison between the 

predicted and actual values was limited exclusively to 

those cases where the prediction error was less than 10%. 

In other words, for each model, only the predictions 

associated with scenarios that met this accuracy threshold 

were illustrated. The results are presented in Fig. 3, Fig. 

4, Fig. 5, Fig. 6, and Fig. 7. 

 

 

 

 

 

 

 

Fig. 3. Temperature anomalies based on climate change. 

 

 

 

 

 

 

Fig. 4. Gross Domestic Product loss under temperature anomaly scenarios 

Table 1. Accuracy metrics for Gross Domestic Product predictions across applied models 

SSP2-4.5-W SSP2-4.5-DS SSP3-7.0-W SSP3-7.0-DS SSP5-8.5-W ***SSP5-8.5-DS Data process Model/Method 

R2 MAPE R2 MAPE R2 MAPE R2 MAPE R2 MAPE **R2 *MAPE   

11.89 98.5 12.86 98.52 22.76 98.21 28.59 98.04 16.82 98.79 31.44 97.17 Normalized Categorical 
Boosting 11.89 98.28 12.86 98.52 22.76 98.21 28.59 98.04 17.79 98.78 33.59 97.1 Un-normalized 

15.42 95.39 6.49 98.52 6.04 99.04 14.18 97.66 10.07 98.09 18.44 94.59 Normalized Multilayer 

Perceptron 3.68 99.63 3.98 99.59 4.66 99.81 5.6 99.68 6.07 98.68 3.31 99.88 Un-normalized 
11.5 97.42 15.92 96.26 25.1 96.99 46.19 91.23 10.39 97.45 98.74 68.08 Normalized Polynomial 
11.5 97.42 15.92 96.26 25.1 96.99 46.19 91.23 10.39 97.45 98.74 68.08 Un-normalized 
5.09 99.58 5.1 99.58 8.68 99.17 8.71 99.19 6.07 99.37 6.36 99.13 Normalized Random Forest 
2.94 99.6 2.94 99.61 7 98.82 7.15 98.7 6.84 99.36 7.13 99.13 Un-normalized 
73.85 84.64 86.51 78.91 165.83 75.85 232.97 43.29 165.95 72.51 – – Normalized Support Vector 

Machine 11.88 97.06 7.48 97.7 13.45 98.22 21.65 97.63 26.57 97.98 26.46 85.72 Un-normalized 
13.12 96.51 13.45 96.26 16.25 95.99 16.76 95.49 14.92 95.68 16.47 94.07 Normalized Extreme 

Gradient 
Boosting 

13.26 96.46 13.27 96.32 15.48 96 15.84 95.71 15.22 95.63 15.87 94.76 Un-normalized 

7.92 99.4 5.45 99.66 3.79 99.33 4.09 99.77 9.19 98.76 15.75 99.22 Normalized Hybrid 
4.77 99.74 14.47 98.72 4.21 99.55 4.25 92.92 12.3 99.41 19.8 97.71 Un-normalized 

*Mean Absolute Percentage Error 
**Coefficient of determination 

***Temperature anomaly scenarios are SSP2-4.5, SSP3-7.0, and SSP5-8.5, which correspond to low, intermediate, and high degrees of warming, 

respectively. In addition, DS and W refer to severe damage and moderate damage assumption, respectively. 
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Table 2. The percentage error in forecasting Gross Domestic Product loss 

Model/Method Data process *SSP2

-4.5-W 

SSP2-4.5-

DS 

SSP3-7.0-

W 

SSP3-7.0-

DS 

SSP5-8.5-

W 

SSP5-8.5-

DS 

 
Categorical Boosting 

Normalized 11.89 12.86 22.76 28.59 16.82 31.44 

Un-
Normalized 

11.89 12.86 22.76 28.59 17.79 33.59 

Multilayer Perceptron Normalized 15.42 6.49 6.04 14.18 10.07 18.44 

Un-

Normalized 
3.68 3.98 4.66 5.6 6.07 3.31 

Polynomial Normalized 11.5 15.92 25.1 46.19 10.39 98.74 

Un-
Normalized 

11.5 15.92 25.1 46.19 10.39 98.74 

Random Forest Normalized 5.09 5.1 8.68 8.71 6.07 6.36 

Un-

Normalized 
2.94 2.94 7 7.15 6.84 7.13 

Support Vector Machine Normalized 73.85 86.51 65.83 23.97 65.95 90 

Un-

Normalized 
11.88 7.48 13.45 21.65 26.57 26.46 

Extreme Gradient 

Boosting 
Normalized 13.12 13.45 16.25 16.76 14.92 16.47 

Un-
Normalized 

13.26 13.27 15.48 15.84 15.22 15.87 

Hybrid Normalized 7.92 5.45 3.79 4.09 9.19 15.75 

Un-

Normalized 
4.77 14.47 4.21 4.25 12.3 19.8 

*Temperature anomaly scenarios are SSP2-4.5, SSP3-7.0, and SSP5-8.5, which correspond to low, intermediate, and high degrees of warming, 

respectively. In addition, DS and W refer to severe damage and moderate damage assumption, respectively. 

 

Fig. 5 shows the values predicted by the MLP model. In 

this model, it is clear that the predictions provided for lower 

temperature anomaly scenarios are among those with 

notably higher accuracy. Nevertheless, by employing more 

appropriate models, particularly using un-normalized data, 

highly precise forecasts can be obtained even under more 

severe scenarios. Specifically, for the SSP3-7.0 scenario, the 

MLP model achieved highly accurate forecasts when 

trained on un-normalized data. However, the model appears 

to struggle with the highest anomaly scenario (SSP5-8.5). In 

general, for low to moderate temperature anomalies, the 

MLP model, particularly when using normalized data, 

demonstrates more accurate performance. 

In contrast to the MLP, the Polynomial regression model 

successfully predicted the impacts of the most severe 

temperature anomaly (SSP5-8.5) with high accuracy. The 

actual and predicted values for this model are shown in Fig. 

6. Although this model also exhibits higher errors for 

extreme scenarios than for moderate ones, its overall ability 

to forecast economic losses under the highest warming 

scenario (SSP5-8.5) is remarkable and deserves attention. 

As previously noted, the RF model achieved a prediction 

error of less than 10% for all scenarios. In other words, 

irrespective of the severity of the temperature anomaly or 

the type of damage function (moderate “W” or severe 

“DS”), this model demonstrates consistently high predictive 

capability. Notably, under high temperature anomalies 

combined with severe damage assumptions, and when using 

normalized data, exceptionally low prediction errors are 

yielded. While its accuracy is comparatively higher under 

milder damage conditions, it is crucial to emphasize that 

even under extreme anomalies and high-damage scenarios, 

its performance remains robust and highly accurate. 

Furthermore, a visual comparison between the actual and 

predicted values, plotted against the 45-degree reference 

line, clearly reveals that the economic losses induced by 

temperature anomalies follow an exponential growth 

pattern, underscoring the accelerating nature of climate-

related damage. 

Conversely, the Support Vector Machine (SVM) model 

provided acceptable predictions only under the SSP2-4.5 

scenario. A particularly important point is that for un-

normalized data, the SVM produced substantially high 

prediction errors. 

Finally, a hybrid model that combines the aforementioned 

individual models is developed. In this approach, AI 

techniques were employed to select the most appropriate 

models and related parameters. The hybrid architecture 

integrates XGBoost, MLP, RF, and SVM. 

Although the RF model yielded the greatest number 

of predictions with errors below 10%, the hybrid model 

demonstrated superior performance when a stricter 

accuracy threshold was considered (e.g., MAPE < 5%). 

The key distinction between the two lies in their behavior 

under high-temperature anomalies: while RF provides 

strong prediction power under extreme scenarios, the 

hybrid model tends to exhibit relatively higher errors, 

specifically when the highest anomaly scenario is 

considered (SSP5-8.5). However, the hybrid model 

shows an exceptional fit for low and moderate anomaly 

scenarios, particularly under SSP2-4.5 and, more 

specifically, for SSP3-7.0. Its prediction performance 

improves as the temperature anomaly increases within 

each scenario, suggesting an adaptive capacity to capture 

nonlinear dynamics. This pattern suggests that the hybrid 

model successfully inherits the beneficial characteristics 

of the individual models. In particular, it was observed 

that the inclusion of the MLP component significantly 

improved the prediction capability, highlighting the 

importance of integrating various modeling approaches, 

particularly those that capture nonlinear patterns. 

Agricultural subsectors output 
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The evaluation of the prediction accuracy models applied 

to the selected agricultural subsectors is presented in 

Table 3 and Table 4. Table 3 presents the results for all 

climate scenarios. It should be noted that the hybrid 

model was exclusively employed for production losses in 

the agricultural subsectors. In addition, similar to the 

analysis of GDP losses, the MAPE was applied to 

compare the prediction performance. The MAPE results 

for the agricultural subsectors are reported separately in 

Table 4. Although the R² values are comparable and 

generally high, they exhibit limited discriminatory power 

across scenarios. As evident in Table 3, the R² values for 

most scenarios are consistently close to one another and 

at a high level, supporting the conclusion that MAPE 

offers a more informative basis for evaluating prediction 

accuracy performance in this context. 

Considering the high prediction accuracy observed for 

agricultural subsectors, only those forecasts exhibiting a 

prediction error of less than 5% are presented and 

analyzed in the following figures. If, as applied for GDP, 

we were to consider all models with MAPE < 10%, 

approximately 90 out of 108 models would be acceptable 

for analysis. However, by applying a stricter threshold of 

MAPE < 5%, more than 50 high-accuracy predictions 

were included for detailed examination.  

  

  

  
  

  

 
 

Fig. 5. Predicting Gross Domestic Product losses due to the temperature anomalies (multilayer perceptron model). 
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Fig. 6. Predicting Gross Domestic Product losses due to the temperature anomalies (polynomial model). 

 

 

 

  

  

  

 
 

  

Fig. 7. Predicting Gross Domestic Product losses due to the temperature anomalies (random forest model). 
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Fig. 8. Predicting Gross Domestic Product losses due to the temperature anomalies (support vector machine model). 

 

 
 

  

  

  
Fig. 9. Predicting Gross Domestic Product losses due to the temperature anomalies (hybrid model). 
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Table 3. Prediction accuracy criteria for production losses in agricultural subsectors using the hybrid model 

Subsector  ***SSP2-4.5-W 

 

SSP2-4.5-DS 

 

SSP3-7.0-W 

 

SSP3-7.0-DS 

 

SSP5-8.5-W 

 

SSP5-8.5-DS 

   
*MAPE (%) **R² (%) MAPE (%) R² (%) MAPE (%) R² (%) MAPE (%) R² (%) MAPE (%) R² (%) MAPE (%) R² (%) 

Wheat  Normalized 2.63 91.91 2.89 91.52 2.61 95.89 2.61 95.89 1.87 98.8 13.83 91.29 

Un-normalized 28.02 93.95 22.8 94.12 61.41 93.84 61.41 93.84 14.49 99.56 184.31 69.03 

Rice  Normalized 6.42 99.09 5.89 99.31 3.71 99.14 3.71 99.14 6.81 99.69 3.43 99.59 

Un-normalized 6.52 99.45 17.93 97.89 42.2 98.88 42.2 95.88 2.34 99.72 7.74 99.65 

Cereals  Normalized 6.64 99.59 6.07 99.42 8.81 98.37 8.81 98.37 12.47 99.46 7.74 99.49 

Un-normalized 6.77 99.16 3.87 99.61 5.32 98.58 5.32 98.58 2.82 99.83 1.96 99.43 

Oilseeds  Normalized 4.16 99.84 2.29 99.87 30.04 98.32 30.04 98.32 11.06 99.55 6.75 99.68 

Un-normalized 3.41 99.64 3.31 99.61 7.79 99.36 7.79 99.36 8.38 99.71 9.25 99.67 

Sugar beet  Normalized 2.22 97.17 2.44 96.95 0.97 99.53 0.97 99.53 0.76 99.73 1.55 99.34 

Un-normalized 26.97 97.8 19.92 97.68 9.11 99.41 9.11 99.41 9.12 99.54 6.14 99.48 

Other agriculture  Normalized 4.48 99.63 4.02 99.62 7.44 99.5 7.44 99.5 2.51 99.82 6.1 99.26 

Un-normalized 6.25 98.41 4.64 99.35 10.79 98.51 10.79 98.51 1.64 99.93 2.42 99.89 

Livestock  Normalized 6.53 99.42 5.96 99.25 6.98 99.27 6.98 99.27 7.62 99.65 5.39 99.72 

Un-normalized 5.31 98.93 3.95 99.54 4 99.56 4 99.56 1.54 99.9 11.03 98.99 

Forestry  Normalized 2.44 99.17 1.09 99.5 1.66 99.54 1.66 99.54 1.74 99.35 5.36 98.1 

Un-normalized 1.53 99.38 5.74 92.81 4.66 97.42 4.66 97.42 2.15 99.43 2.31 99.11 

Fishery  Normalized 4.08 99.85 4.58 99.6 4.39 99.7 4.39 99.7 3.22 99.81 9.8 99.38 

Un-normalized 4.01 99.78 3.75 99.64 8.28 99.86 8.28 99.86 1.89 99.88 4.22 99.73 

*Mean Absolute Percentage Error 

**Coefficient of determination 

***Temperature anomaly scenarios are SSP2-4.5, SSP3-7.0, and SSP5-8.5, which correspond to low, intermediate, and high degrees of warming, respectively. In addition, DS and W refer to severe 

damage and moderate damage assumption, respectively. 
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In summary, it can be stated that the prediction errors for 

cereals (particularly wheat) are higher than those for other 

selected agricultural products. Similarly, the group labeled 

“Other Agriculture” which includes crops other than cereals 

as well as horticultural products, also indicates relatively 

high prediction errors. Although in some cases, the use of 

normalized data yielded higher accuracy, this advantage 

was not consistently significant. In numerous instances, 

models trained on un-normalized data also indicated high 

prediction performance, indicating that data scaling does not 

uniformly determine performance across agricultural 

subsectors. Another important finding, in contrast to the 

GDP results, is that a high prediction accuracy was also 

observed for the highest temperature anomaly scenario 

(SSP5-8.5). This suggests that the relationship between 

climate stress and agricultural output losses may be more 

structured or predictable at the sectoral level than at the 

macroeconomic level. Finally, the number of low-error 

predictions was greater for the SSP2-4.5 and SSP5-8.5 

scenarios than for SSP3-7.0, implying that the intermediate 

warming pathway (SSP3-7.0) may introduce greater 

uncertainty or nonlinear complexity in agricultural loss 

patterns, making it relatively more challenging to model 

accurately. 

Fig. 10, Fig. 11, Fig. 12, Fig. 13, Fig. 14, Fig. 15, Fig. 

16, Fig. 17, and Fig. 18 present the predicted and actual 

values of production losses for the agricultural subsectors. 

Fig. 10 depicts the actual and predicted production losses for 

wheat. A distinctive feature of wheat is that, in contrast to 

most other crops, its production loss is negative, meaning 

that wheat output increases in response to temperature 

anomalies. In other words, it is positively affected by 

increasing temperatures. The predicted values consistently 

lie above the 45-degree reference line . For wheat, the 

normalized data consistently produced low prediction errors 

across all scenarios. As shown in Table 4, the use of 

normalized inputs is critically important for achieving more 

accurate forecasts. The most precise predictions were 

obtained when the SSP5-8.5 scenario was examined. 

However, it is also evident that the prediction error increases 

under intermediate warming levels (e.g., SSP3-7.0), 

suggesting a nonlinear response pattern. In summary, for 

wheat, data normalization is a more determinant factor in 

prediction than either the extent of temperature anomaly or 

the type of damage function (moderate vs. severe). 

Similarly, for rice, production losses were predicted with 

significantly higher accuracy when using normalized data, 

whereas un-normalized data resulted in substantially larger 

errors. A particularly important finding for rice is the high 

prediction accuracy achieved under high temperature 

anomaly scenarios (e.g., SSP5-8.5), indicating that the 

model effectively captures the adverse impact of extreme 

warming on rice yields.  

Comparing the wheat and rice prediction results 

revealed an important strength of the hybrid model, as it 

illustrated high prediction accuracy for crops with different 

damage-response patterns. While wheat exhibited a positive 

response to temperature anomalies, rice showed the 

expected negative response. The fact that the same hybrid 

modeling framework accurately captures both behaviors 

indicates its flexibility and robustness in representing 

diverse sensitivities to climate change. 
 

Table 4. The percentage error in forecasting agricultural output loss 

Subsector Data process *SSP2-4.5-W SSP2-4.5-DS SSP3-7.0-W SSP3-7.0-DS SSP5-8.5-W SSP5-8.5-DS 

Wheat Normalized 2.63 2.89 2.61 2.61 1.87 13.83 

Wheat Un-normalized 28.02 22.8 61.41 61.41 14.49 84.31 

Rice Normalized 6.42 5.89 3.71 3.71 6.81 3.43 

Rice Un-normalized 6.52 17.93 42.2 42.2 2.34 7.74 

Cereals Normalized 6.64 6.07 8.81 8.81 12.47 7.74 

Cereals Un-normalized 6.77 3.87 5.32 5.32 2.82 1.96 

Oilseeds Normalized 4.16 2.29 30.04 30.04 11.06 6.75 

Oilseeds Un-normalized 3.41 3.31 7.79 7.79 8.38 9.25 

Sugar beet Normalized 2.22 2.44 0.97 0.97 0.76 1.55 

Sugar beet Un-normalized 26.97 19.92 9.11 9.11 9.12 6.14 

Other agriculture Normalized 4.48 4.02 7.44 7.44 2.51 6.1 

Other agriculture Un-normalized 6.25 4.64 10.79 10.79 1.64 2.42 

Livestock Normalized 6.53 5.96 6.98 6.98 7.62 5.39 

Livestock Un-normalized 5.31 3.95 4 4 1.54 11.03 

Forestry Normalized 2.44 1.09 1.66 1.66 1.74 5.36 

Forestry Un-normalized 1.53 5.74 4.66 4.66 2.15 2.31 

Fishery Normalized 4.08 4.58 4.39 4.39 3.22 9.8 

Fishery Un-normalized 4.01 3.75 8.28 8.28 1.89 4.22 

*Temperature anomaly scenarios are SSP2-4.5, SSP3-7.0, and SSP5-8.5, which correspond to low, intermediate, and high degrees of warming, 

respectively. In addition, DS and W refer to severe damage and moderate damage assumption, respectively. 
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The prediction pattern for the “Other Cereals” subsector, 

which primarily includes maize and barley, shows 

significant similarities to the previously discussed crops 

(wheat and rice), particularly in terms of high prediction 

accuracy under the SSP5-8.5 scenario. However, a 

distinctive difference emerges regarding data preprocessing; 

contrary to wheat and rice, where normalized data produced 

the most accurate results, the un-normalized data produced 

significantly lower prediction errors for other cereals. Thus, 

while normalization is recommended for wheat and rice, 

raw (unnormalized) inputs are advisable for accurately 

forecasting losses in this group. 

Oilseeds, which suffer extensive damage under 

temperature anomalies (Farajzadeh et al., 2024), can only be 

predicted with acceptable accuracy under low-temperature 

anomalies. As depicted in Fig. 13, forecasts with MAPE < 

5% are achievable only for the SSP2-4.5 scenario. 

Interestingly, this level of accuracy is attainable using both 

normalized and un-normalized data, suggesting that for 

oilseeds under mild climate stress, the choice of data scaling 

has a slight impact on prediction performance. 

The prediction of sugar beet output loss is particularly 

noteworthy, as was observed for wheat, in that it exhibits a 

positive response to temperature anomalies, that is, 

production increases as temperatures rise (Fig. 14). 

Furthermore, similar to wheat, the use of normalized data 

leads to predictions with lower errors than un-normalized 

inputs. Additionally, the prediction accuracy improved 

under the highest warming scenario (SSP5-8.5), with a 

significant reduction in MAPE. However, unlike wheat, 

sugar beet showed relatively high prediction errors under the 

intermediate SSP3-7.0 scenario, indicating a more complex 

or less stable response pattern in this warming range. 

Indeed, among the crops examined above, the feasibility of 

attaining low-error predictions was consistently higher 

under the SSP2-4.5 and SSP5-8.5 scenarios than under the 

intermediate one (SSP3-7.0 scenario). The same pattern was 

also observed for the group known as “Other agriculture”. 

However, a key distinction is that, for this group, the choice 

of data preprocessing, whether normalized or un-

normalized, has a slight impact on prediction accuracy. In 

both cases, the hybrid model was capable of providing 

forecasts with low prediction errors.  

It is also important to acknowledge the heterogeneity of 

crop responses to temperature anomalies. For instance, 

while wheat and sugar beet show positive responses, that is, 

their output increases with rising temperatures, most other 

crops in this category experience output losses under the 

same climatic pressures. This divergence emphasizes the 

complex and crop-specific nature of climate impacts and 

highlights the hybrid model’s ability to capture both 

beneficial and adverse effects within a modeling 

framework. 

For the livestock subsector, the use of un-normalized 

data has become virtually essential for attaining highly 

accurate predictions. As illustrated in Fig. 16, all low-error 

forecasts are exclusively obtained when the model is trained 

using un-normalized inputs. Moreover, these precise 

predictions were consistently achieved across all three 

temperature anomaly scenarios. This indicates that for 

livestock, data preprocessing, irrespective of the 

temperature anomaly scenario, is a determinant of 

prediction performance. An additional insight from Fig. 16 

is that prediction accuracy significantly improves at 

temperature anomalies exceeding 1 °C, suggesting a more 

distinct and predictable response of the livestock output to 

climate pressures. 

If a prediction error threshold of approximately 6% is 

considered acceptable, then all prediction models developed 

for the forestry subsector would qualify for inclusion in the 

set of reliable forecasts. It should be noted that this 

subsector, like wheat and sugar beet, benefits from 

temperature anomalies; that is, its output increases under 

temperature rise (Fig. 17). Furthermore, models that used 

normalized data consistently demonstrated slightly higher 

accuracy, suggesting that data scaling contributed to 

improved performance in this case. The most precise 

predictions across all agricultural subsectors were achieved 

for forestry and rangeland output losses. 

A similar pattern was observed in the fishery subsector. 

Among the 12 model–scenario combinations applied, only 

three demonstrated prediction errors exceeding 5%, and 

even in those cases, the error did not exceed 10%. Notably, 

high-accuracy forecasts were attainable using both 

normalized and un-normalized data, with no discernible 

difference in the MAPE between the two approaches. This 

suggests that the fishery sector’s response to climate-

induced losses is effectively captured by the hybrid model, 

irrespective of input scaling. In summary, a very high 

prediction accuracy can be reliably achieved for fisheries 

(Fig. 18). 
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Fig. 10. Predicting wheat output loss due to the temperature anomalies (hybrid model). 

 

 

  

 
 

Fig. 11. Predicting rice output loss due to the temperature anomalies (hybrid model). 
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Fig. 12. Predicting cereal output loss due to the temperature anomalies (hybrid model). 

 

 

  

 
 

Fig. 13. Predicting oilseeds output loss due to the temperature anomalies (hybrid model). 
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Fig. 14. Predicting sugar beet output loss due to the temperature anomalies (hybrid model). 

 

 

 
 

  

  

  
Fig. 15. Predicting other agriculture output loss due to the temperature anomalies (hybrid model). 
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Fig. 16 . Predicting livestock output loss due to the temperature anomalies (hybrid model). 

 

 

 

 

 

 

 

  

Fig. 17. Predicting forestry output loss due to the temperature anomalies (hybrid model). 
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Fig. 18. Predicting fishery output loss due to the temperature anomalies (hybrid model). 
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DISCUSSION  

Climate change is an inevitable phenomenon with 

extensive environmental and economic consequences. A 

substantial body of existing literature clearly highlights 

this significance. The growing emphasis on adaptive and 

mitigating measures in recent studies further confirms 

this urgency. Examples include (1) initiatives to enhance 

producers’ resilience, such as land consolidation and 

participatory extension programs (Nasrnia & Ashktorab, 

2021; Tavakoli Moghaddam et al., 2023; Sarvestani & 

Miller, 2024), (2) adoption of modern and sustainable 

agricultural technologies (Nasrnia & Ashktorab, 2021; 

Nahid et al., 2021; Jahangirpour & Zibaei, 2022; 

Tavakoli Moghaddam et al., 2023), and (3) 

implementation of organic farming practices (Rashidi et 

al., 2024). All measures reflect the wide-ranging and 

depth of climate change impacts. 

Initially, climate change was viewed as a detrimental 

factor for climate-sensitive activities such as agriculture. 

However, given the growing intensity and extent of 

climatic anomalies and the strong relationship among 

economic activities, climate change is now recognized as 

a multidimensional and systemic challenge. This shift is 

evident in the scholarly focus on strategic crops such as 

wheat and maize (Molua, 2009; Moore et al., 2017; 

Shirley et al., 2020), which highlights the sector’s 

vulnerability. Although some earlier studies have 

reported the positive effects of warming on certain 

agricultural activities, more comprehensive recent 

assessments, especially on a global scale, have indicated 

predominantly adverse impacts, particularly on staple 

cereals (Moore et al., 2017). Despite a broad consensus 

on the adverse impacts of climate change, a diverse range 

of methodologies and tools have been employed to 

quantify its impacts. The current trend favors integrated 

assessment models, particularly CGE frameworks, which 

capture economy-wide feedback. For instance, 

Farajzadeh et al. (2024) reported a counterintuitive 

positive impact of warming on wheat in Iran, a finding 

that contrasts with most partial equilibrium studies. 

Instead of signaling a contradiction, this discrepancy 

highlights the necessity of using comprehensive 

modeling tools that account for inter-sectoral interactions 

and global spillovers, as climate change surpasses 

geographical boundaries. Global models such as DICE 

and RICE exemplify this approach. While their 

comprehensiveness is commendable, their reliance on 

extensive datasets and complex structural assumptions 

limits their applicability for rapid, low-cost, and timely 

policy analyses. In this context, ML and AI present a 

promising, albeit imperfect, alternative. Traditional CGE 

models are powerful in embedding theoretically 

grounded causal relationships through mathematical 

formulations. However, with advances in ML, it is now 

possible to approximate these complex, high-

dimensional relationships directly from the data, 

eliminating the need for explicit theoretical 

specifications. 

This study is fundamentally based on the above 

modeling approach. It uses output changes generated by 

a CGE model developed for the Iranian economy, where 

agriculture plays a central role (Farajzadeh et al., 2024) 

and trains ML models to replicate the relationship 

between temperature anomalies (the key driver) and 

sectoral and aggregate output losses. In fact, the AI 

models learn the behavioral response of the output to 

temperature anomalies without requiring explicit 

structural equations. Although sophisticated prediction 

architectures have been employed, they are significantly 

simpler and faster to implement than the original CGE 

framework. Importantly, the high prediction accuracy 

achieved, especially for agricultural subsectors, 

demonstrates that ML models can serve as effective and 

efficient tools for complex causal models when the 

primary objective is forecasting rather than theoretical 

examination of the model. 

A diverse array of methodologies has been utilized to 

evaluate a variety of environmental factors, such as 

emissions and ecological footprints (e.g.,  Montoya et al., 

2021; Keshavarz & Farajzadeh, 2025) and agricultural 

output (e.g., Demirhan, 2020; Shirley et al., 2020; 

Bozoglu et al., 2019). Various categories of models have 

been employed, ranging from partial equilibrium models 

(Molua, 2009; Ouedraogo et al., 2006) to CGE models 

(Kompas et al., 2018; Farajzadeh et al., 2024), including 

time-series or machine-learning-based forecasting 

methods (Liu & Li, 2018; Keshavarz et al., 2021). ML 

and AI are regarded as promising yet secondary tools 

compared to causality-driven frameworks. While 

causality-driven models may yield more detailed results, 

they require a greater volume of data, whereas AI-based 

models can generate outcomes with less data. 

Specifically, in instances where the causality and 

processes underlying the phenomenon are not the focal 

point of the research, this category of models is preferred. 

Conversely, when causality-driven models are employed 

and the processes are well defined, AI-based models can 

efficiently update and refine the results with reduced time 

and effort. In summary, these two categories of modeling 

approaches can offer the dual benefits of reduced reliance 

on input data while also providing informative insights 

regarding climate change, which is a critical 

environmental issue that requires immediate attention. 

CONCLUSION 

Causal-structure models, such as CGE models, 

emphasize relationships between variables that are 

defined theoretically, whereas ML models focus 

primarily on the data itself as the main input. When the 

primary goal is to monitor or forecast the target variables, 

without needing to trace the full causal relationship 

between variables, ML proves to be as a highly efficient 

and rapid analytical instrument. The outstanding 

accuracy of predictions for agricultural output losses in 

this study highlights the strong learning capacity of AI, 

which is especially valuable for biological variables like 

crop yields that demonstrate nonlinear and complex 

dynamics. Therefore, it is recommended that future 

researches apply this approach at the individual crop 

level rather than at the aggregated subsector level, which 

could further enhance prediction precision. In this study, 

multiple AI models were employed, and even their 

structural parameters applied in building the model were 

adopted using AI-driven optimization, suggesting that 
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ongoing advances in AI will continue to improve 

prediction performance. In particular, hybrid models 

incorporating RF algorithms are strongly advisable due 

to their robustness and accuracy. Nevertheless, other 

algorithms remain underexplored and have the potential 

to be integrated into hybrid modeling approach to further 

boost prediction performance. Furthermore, the 

comparison between predictions for aggregate GDP and 

agricultural subsectors reinforce the hypothesis that more 

homogeneous input data (e.g., single crop time series) 

results in higher prediction accuracy. Therefore, it is 

recommended to prioritize modeling that is specific to 

particular activities. Although models such as RF and 

MLP demonstrated high prediction power, they did not 

uniformly surpass each other across all scenarios: some 

performed better under low-damage conditions, while 

others showed greater accuracy under severe climate 

scenarios. This variation highlights the necessity of 

employing a portfolio of models instead of relying on a 

single algorithm. Regarding data preprocessing, it is not 

possible to reach a conclusive determination regarding 

the advantage of normalized data over un-normalized 

data; performance fluctuated depending on the sector and 

scenarios examined, necessitating an evaluation tailored 

to specific cases. Finally, this study used temperature 

anomaly as the sole input for prediction. Future research 

should explore the inclusion of additional accessible and 

relevant variables such as precipitation anomalies to 

further refine prediction capacity and policy relevance. 

As practical recommendations, the use of hybrid AI 

modeling frameworks in combination with disaggregated 

or narrowly defined activities is advised, as this approach 

is likely to yield more precise predictions. In addition, 

exploring diversity in the primary input variables and 

datasets employed is recommended, since incorporating 

alternative or complementary data sources may further 

enhance predictive performance. 
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