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Abstract: Drought, a complex natural phenomenon with profound global impacts, including the depletion of water resources, reduced agricultural productivity, and ecological disruption, has become a critical challenge in the context of climate change. Effective drought prediction models are essential for mitigating these adverse effects. 

This study investigates the contribution of various data preprocessing steps—specifically class imbalance handling and dimensionality reduction techniques—to the performance of machine learning models for drought prediction. 

Synthetic Minority Over-sampling Technique (SMOTE) and near miss sampling methods were employed to address class imbalances within the dataset. Additionally, Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) were applied for dimensionality reduction, aiming to improve computational efficiency while retaining essential features. Decision tree algorithms were trained on the preprocessed data to assess the impact of these preprocessing techniques on model accuracy, precision, recall, and F1-score. The results indicate that the SMOTE-based sampling approach significantly enhances the overall performance of the drought prediction model, particularly in terms of accuracy and robustness. Furthermore, the combination of SMOTE, PCA, and LDA demonstrates a substantial improvement in model reliability and generalizability. These findings underscore the critical importance of carefully selecting and applying appropriate data preprocessing techniques to address class imbalances and reduce feature space, thus optimizing the performance of machine learning models in drought prediction. This study highlights the potential of preprocessing strategies in improving the predictive capabilities of models, providing valuable insights for future research in climate-related prediction tasks. 
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Climate change is increasingly affecting water resources, agriculture, and ecosystems worldwide. Therefore, drought prediction holds a strategic position in critical areas such as combating adverse effects and resource management. Due to the significant impacts of drought on ecology, environment, hydrology, and agriculture, drought monitoring and early warning system development have become important research areas [1]. Risk assessments of agricultural drought disasters are necessary to quantitatively understand drought and guide prevention and relief efforts [2]. Additionally, numerous studies have been conducted in the field of drought risk assessment, reflecting increasing interest in this critical area [3]. Drought mitigation is an integral part of quantitative drought risk assessment, and its effects serve as an intensified expression of drought mitigation [4]. 

Drought risk assessments are crucial for informing proactive and appropriate drought risk management decisions, as they contribute to improving risk knowledge and identifying priority management areas [5]. The impact of drought on agriculture is significant, with climatic factors dominating intra-annual variations, emphasizing the importance of integrating drought indices with agricultural survey data for accurate assessments [6]. 

The ability to predict the impacts of droughts in advance is critical for minimizing crop losses in agriculture, alleviating pressure on water resources, and preserving the sustainability of ecosystems. Droughts have far-reaching consequences on water ecosystems and human consumption, underscoring the need to understand their ecological impacts and human responses [7]. Agriculture, including the livestock sector, is particularly vulnerable to the effects of drought, leading to significant losses in agricultural production [8]. 
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This study aims to achieve more precise and accurate results in drought predictions using weather and soil data. 

Models created by combining meteorological data, soil moisture content, climate variables, and other factors were used to predict future drought risks. The development of models contributes to creating more effective strategies in combating drought. Increasing model accuracy and ensuring prediction continuity support communities in being prepared for drought risks and taking measures for a sustainable future. Traditional drought prediction methods are carried out through systems built on meteorological data and climate models. However, these methods have various limitations. The first striking limitation is that the lack of data and low-resolution data sources significantly affect the accuracy of the predictions. The situation that reduces the accuracy of drought prediction in large geographical areas is that traditional methods generally work with data obtained from a limited number of meteorological stations. 

In addition, traditional approaches are mostly based on univariate analyses. For example, they focus on a single meteorological parameter such as precipitation, temperature or evaporation. Despite this, drought is a very complex natural event that occurs as a result of the interaction of more than one variable. Therefore, traditional models cannot fully reflect the multidimensional nature of drought. Another limitation of traditional prediction methods is that they are based on static models. These models make future predictions based on past data, but their ability to adapt to changing climate and environmental conditions over time is limited. Dynamic processes such as climate change further reduce the accuracy and reliability of traditional methods. 

In addition, these methods require a high degree of human intervention. Forecasting processes largely rely on the knowledge and experience of experts. This increases the risk that human errors and biases may affect forecast results. 

Machine learning methods offer significant potential in overcoming these limitations. Thanks to its capacity to process large data sets, machine learning can use a wide variety of data sources, including satellite images, meteorological station data, and soil moisture sensors. In addition, machine learning systems have an automatic and scalable structure. 

In addition, by recognizing patterns and anomalies in past data, it can better predict future drought events. 

As a result, machine learning methods have the potential to overcome the limitations of traditional drought forecasting methods and provide more dynamic, accurate, and comprehensive forecasts. It is envisaged that these technologies can be used as an important tool in drought management and planning. The obtained results can assist in making strategic decisions in reducing crop losses in the agricultural sector, effectively managing water resources, and protecting ecosystems. This study aims to prepare communities for climate change-related drought risks on a scientific basis. 

The introduction defines the research’s purpose and scope, explaining the significance of drought and its context in Turkey. The second section shows the existing literature on the topic. The methodology, including data preprocessing, exploratory analysis, and model training, is detailed in the third section. The fourth section presents findings from modeling with various balancing techniques and offers recommendations. Finally, the conclusion summarizes the results, compares them with the literature, and highlights the study’s contributions. 

2 Literature Review

Drought is a climate event where water resources are insufficient or precipitation amounts decrease from normal for an extended period. Three types of drought are commonly defined in the literature: meteorological, agricultural, and hydrological drought [9]. There is also a concept that emphasizes the socio-economic effects of drought, defined in some sources as socio-economic drought, which occurs when certain economic products cannot be supplied and demanded due to drought [10]. Meteorological drought occurs when the amount of precipitation falling to the earth’s surface drops below average during a certain period. When meteorological drought duration extends, agricultural drought occurs, defined as water scarcity to the degree that plants cannot meet their physiological water needs during the growing period due to decreased soil moisture. With further increases in precipitation deficit, after soil moisture deficiency, decreases observed in surface and groundwater resources availability indicate hydrological drought. Socio-economic drought is related to the above three types of drought. It represents the water resources system’s inadequacy in meeting water demand or its effects on human health [9]. All drought conditions begin and develop with meteorological drought. 

When examining the frequency, duration, and severity of drought on a global scale between 1951 and 2010, Spinoni et al. [11] found that North America and Australia were affected by drought between 1951 and 1970, the equatorial region between 1971 and 1990, and the Mediterranean basin between 1991 and 2010. When evaluating studies for the Eastern Mediterranean Basin and Turkey, especially after the 1970s, Ceylan et al. [12] revealed a decrease in total precipitation amounts and an increase in the effect of dry conditions and even the presence of areas prone to desertification. In addition, it was stated that areas prone to desertification in Turkey progress from the east of the Konya Plain towards the Eastern Mediterranean section. 

Turkey is located in a semi-arid region in climate classification. Therefore, monitoring drought and taking precautions in advance are important. Drought, which occurs in large areas in different parts of the world, is a meteorological natural disaster with lasting effects on society as it brings hunger, famine, and unemployment. If drought can be monitored, its effects can be minimized. The spatial and temporal variation of drought can be 15

tracked [13]. 

To understand the impact of drought in Turkey, it is crucial to consider the country’s sensitivity to global warming and the increasing frequency and severity of drought events. Turkey is particularly vulnerable to drought as it is located in a semi-arid region [14]. Research has shown that the effects of drought in Turkey can vary both spatially and temporally in terms of economic, environmental, and social aspects [15]. Akbas¸ [16] suggested using the Palmer Drought Severity Index (PDSI) as a useful tool for monitoring and mitigating drought effects in Turkey. Furthermore, An et al. [17] proposed that drought in Turkey may lead to migrations as people are forced to seek alternative living conditions. 

The Eastern Mediterranean basin, including Turkey, faces various problems due to drought events caused by low precipitation [18]. The impact of drought extends to water resources, and studies show increasing trends in hydrological drought in certain regions [19]. As a result of global warming, it has been emphasized that drought in Turkey has the potential to lead to ecological deterioration, desertification, and weakening of water resources [20]. It is clear that drought in Turkey is a multifaceted problem affecting various sectors such as agriculture, forestry, and water management [21]. The need for effective water management strategies, particularly in the face of declining water resources and potential ecological deterioration, further emphasizes the country’s sensitivity to drought [22]. 

3 Methodology

3.1 Data and Preprocessing

Meteorological indicators include measurements of weather and soil data. Wind speed, temperature, humidity, pressure, precipitation, and other meteorological values are included in the dataset. Data from the US Drought Monitor provides an analysis of drought manually created by experts using a wide range of data (droughts using weather & soil data). The purpose of this dataset is to help investigate whether droughts can be predicted using only meteorological data and potentially lead to the generalization of US predictions to other parts of the world. The dataset was created for a classification model containing non-drought conditions and six different drought levels. The classes in the dataset and the number of samples they contain are shown in Table 1. 

Table 1. Classes in the dataset and their numbers of examples

Class

Size

0

1652230

1

466944

2

295331

3

196802

4

106265

5

39224

The dataset underwent comprehensive cleaning and preprocessing steps. Inconsistencies, duplicates, and anomalies were detected and corrected. The drought score was the target variable and was based on weekly measurements. 

Missing values were considered meaningful but were processed with an appropriate strategy to not affect the analysis’s accuracy. Date and score information was reformatted. These steps both increase the reliability of the analysis and enable more accurate interpretation of results. 

3.2 Exploratory Data Analysis (EDA)

EDA is a crucial step in understanding the characteristics of a dataset and revealing patterns that can guide further analysis. The primary purpose of EDA is to generate hypotheses and gain insights about the data rather than reaching final conclusions [23]. 

3.2.1 Distribution of continuous variables

By plotting histograms of continuous variables, distributions in the dataset were visually examined. This step provides insight into the central tendencies and distribution characteristics of variables. 

Bivariate analysis aims to obtain deeper insights by examining relationships and possible correlations between two variables. At this stage, methods such as scatter plots, correlation coefficients, and regression analysis were used to explain relationships between variables. Bivariate analysis is an important step in understanding interactions between variables in the dataset. It is shown in Figure 1. 

The distribution of continuous variables is shown in Figure 2. 
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3.2.2 Correlation between independent variables

Dependent and independent variables were determined for analysis. While the dependent variable usually forms the focus of the analysis, understanding relationships between independent variables helps with the modeling process. 

It is shown in Figure 3. 

3.3 Data Preparation Before Modeling

Data standardization was performed to bring the scales of different features to the same level. In this process, features were transformed into standard normal distribution using Z-score. Recursive Feature Elimination (RFE) and random forest algorithms were applied for feature selection, and 15 out of 21 features that contributed most to model performance were selected. 

To address the class imbalance problem, minority class samples were increased using SMOTE, while majority class samples were reduced using the near miss method. These operations enabled the model to better learn the minority class. Additionally, dimensionality reduction methods such as PCA and LDA were applied to the dataset, reducing the number of features to five for both methods. These processes increased the model’s generalization ability while reducing computational costs. 

3.3.1 RFE

This method was initially used to build a model using all features and iteratively remove the least contributing features while updating the model. The goal is to achieve a more efficient model by eliminating features that do not significantly impact performance. 

3.3.2 Random forest algorithm

Random forest is one of the ensemble learning methods and creates a more robust and stable model by combining multiple decision trees. This algorithm creates random trees from different subsamples in the dataset, allowing each tree to make a separate prediction. Then, the final decision is made by combining these predictions. Random Forest can be used effectively for both classification and regression problems. The robustness and accuracy of the model are especially prominent in high-dimensional and complex datasets. 

(a) Identifying key meteorological factors of the model

The random forest algorithm uses feature importance scores to measure the contribution of each feature to the model performance. These scores are calculated based on how much each feature increases the prediction accuracy of the model. The model ranks the meteorological factors according to these importance scores and determines the most important ones. For example:

• Soil moisture can be a determining factor in the occurrence of drought, since moisture levels directly affect plant growth and agricultural production. 

• Rainfall is a primary indicator of drought duration and severity. 

• Air temperature affects the evaporation rate, changing the soil and plant water balance. 

• Wind speed can increase drought severity by accelerating moisture loss from the surface. 

Random forest’s feature importance ranking shows which of these factors play a critical role in drought occurrence. 

(b) Effects on drought occurrence and severity

The model provides a clear visualization of how key factors selected to predict drought classes affect drought classes. For example:

• Low values for attributes such as soil moisture and precipitation can be a factor that increases drought risk. 

• If air temperatures are high and precipitation is low, drought severity is likely to increase. 

• Wind speed can increase evaporation, which can cause already limited water resources to deplete more quickly. 

3.3.3 Addressing class imbalance

In the field of drought prediction, data imbalance stands out as a critical problem that negatively affects the performance of machine learning models. In imbalanced datasets, the number of examples belonging to the minority class is numerically different from the majority class, which causes models to fail to learn this minority class well enough. This problem is a challenge to solve, especially in critical real-world applications such as drought prediction. 

SMOTE and near miss are preferred to be used in drought prediction models. Their effects on prediction accuracy, error rate and model generalization capacity have been observed in depth. While SMOTE increases the importance of the minority class and keeps the prediction precision for this class high, near miss enables the model to generalize in a more balanced way. 

Comparing these two methods with traditional data balancing methods can make the scientific contributions of the study more obvious. Traditional methods, such as simple resampling, usually mechanically remove the imbalance between minority and majority classes. However, these methods may limit the learning capacity of the model and lead to the overfitting problem. These processes aim to tackle the class imbalance problem by enabling the model to better learn from minority class examples. 
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(a) Oversampling with SMOTE

SMOTE is a method specifically designed to increase the number of minority class instances. By generating synthetic examples for the minority class, it reduces the imbalance between classes, ensuring a more balanced class distribution. This method creates new examples by interpolating between existing minority class examples, thus enabling the model to learn the minority class better. 

SMOTE can be used to:

• Identify the k-nearest neighbors for each minority class sample. 

• Choose one of these neighbors randomly. 

• Generate a new sample along the line segment joining the minority class sample and the chosen neighbor. This technique ensures that the minority class is represented with diverse samples, reducing the overfitting risk. 

(b) Downsampling with near miss

Near miss aims to reduce class imbalance by decreasing the number of majority class instances. It selects majority class samples that are closest to the minority class samples, thereby balancing the class distribution. Near miss provides an effective strategy to increase the generalization ability of the model, especially due to the dominance of the majority class. 

3.3.4 Dimensionality reduction processes

These processes aim to make the dataset more effective by highlighting the features of the minority class and minimizing unnecessary information loss. Additionally, they enhance the model’s generalization capability and reduce the risk of overfitting. 

(a) PCA

PCA is a dimensionality reduction technique that transforms the feature matrix into principal components. It helps reduce the number of features while preserving the variance within the dataset. PCA is an unsupervised technique used to reduce dimensionality while retaining maximum variance in the data. 

• PCA computes the covariance matrix of the features. 

• Eigenvalues and eigenvectors are extracted from this matrix. 

• The eigenvectors corresponding to the largest eigenvalues form the principal components. 

• The number of components to retain is chosen based on the cumulative explained variance (e.g., >90%). 

(b) LDA

LDA is a dimensionality reduction technique that transforms the feature matrix to enhance the separation between classes. Its primary goal is to highlight differences between classes more effectively. It computes:

• Within-class scatter (variation within each class). 

• Between-class scatter (variation between the class means). 

• The linear discriminants are the directions that maximize the ratio of between-class scatter to within-class scatter. 

Figure 1. Bivariate analysis
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(a)

(b)

Figure 2. Distribution of continuous variables
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Figure 3. Correlation between independent variables for feature selection 3.4 Model Training and Evaluation

The decision tree algorithm was used for drought prediction. After splitting the dataset into training and test sets, data were standardized during the training process, and the selected 15 features were used. The decision tree algorithm was trained on class-balanced datasets, and hyperparameter optimization was performed. 

To evaluate the robustness of the model, cross-validation was employed. Cross-validation ensures consistent performance across different subsets of the data, reducing the risk of overfitting. Additionally, the model’s scalability and applicability to different regions were explored by considering variations in meteorological data. These steps, combined with cross-validation and scalability evaluations, demonstrate a methodical approach to preparing the data for training and improving the classifier’s performance in diverse scenarios. 

Model performance was evaluated using metrics such as accuracy, precision, recall, F1-score, and Cohen Kappa. 

The results were compared to analyze the effects of addressing class imbalance and dimensionality reduction operations on model performance. 

4 Results

The main findings of this study are below. Oversampling with SMOTE significantly improved the model’s performance. Additionally, a positive effect on the model’s overall performance was observed with the use of dimensionality reduction methods of LDA and PCA. Hyperparameter optimization also contributed to the model’s potential to exhibit higher performance. However, it was recommended to test other alternative algorithms without being limited to classification algorithms. 

Figure 4. Multiclass ROC curve for decision tree with near miss downsampling Figures 4-9 compare the performance of the decision tree algorithm with various preprocessing techniques. The dataset was balanced using the near miss and SMOTE methods, and then dimensionality reduction was applied using PCA and LDA. Each figure visualizes the multiclass Receiver Operating Characteristic (ROC) curve of the model. 

For example, Figure 4 and Figure 5 show the cases where near miss and SMOTE are used alone, while Figure 6
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and Figure 7 consider the cases where dimensionality is reduced using PCA. Figure 8 and Figure 9 show the class separation enhancing effect of LDA. These figures provide an opportunity to evaluate the strengths and weaknesses of the proposed approaches by visualizing the class separation success of the model and the effect of each method on the ROC curve. 

Figure 5. Multiclass ROC curve for decision tree with SMOTE upsampling Figure 6. Multiclass ROC curve for decision tree with near miss downsampling and PCA Figure 7. Multiclass ROC curve for decision tree with SMOTE upsampling and PCA 21
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Figure 8. Multiclass ROC curve for decision tree with near miss downsampling and LDA Figure 9. Multiclass ROC curve for decision tree with SMOTE upsampling and LDA Table 2. Classes in the dataset and their numbers of examples

Balancing Method

Accuracy

Precision

Recall

Fl-Score

Cohen Kappa Score

Near miss

0.2263

0.5431

0.2263

0.2646

0.0794

downsampling

SMOTE upsampling

0.7642

0.7728

0.7642

0.7680

0.6073

Near miss

downsampling and

0.1884

0.5195

0.1884

0.2234

0.0589

PCA

SMOTE upsampling

0.6912

0.7219

0.6912

0.7033

0.5046

and PCA

Near miss

downsampling and

0.2057

0.5153

0.2057

0.2511

0.0586

LDA

SMOTE upsampling

0.6031

0.6747

0.6031

0.6286

0.3951

and LDA

Decision tree (without

applying any

0.7628

0.7617

0.7628

0.7622

0.5957

imbalance process)

The obtained results provide a foundation for future studies and developments while strengthening the model’s current state. In this context, potential improvements that can be made to increase the model’s complexity and bring it to a broader perspective should be emphasized. The findings of the models according to the performance metrics with the applied methods are shown in Table 2. 
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5 Conclusions

This research aims to examine the application of various machine learning techniques for drought detection and strategies for dealing with class imbalance. This study focuses on the decision tree algorithm using meteorological data containing a broad feature set. The insights from this study provide a solid scientific basis for improving decision-making in water resources management and agricultural strategies. By leveraging machine learning models that accurately identify and predict drought conditions, policymakers and stakeholders can implement more targeted and effective measures to reduce drought impacts. 

In water resources management, models can enable actions such as predicting water shortages, optimizing reservoir operations, prioritizing water needs for key sectors, and implementing conservation strategies. Integrating real-time monitoring systems with historical and predicted data can also support dynamic adjustments in water allocation. 

In agriculture, machine learning insights can guide the selection of drought-tolerant crops and inform irrigation planning. Early warnings can help farmers prepare for droughts, allowing them to adjust planting plans or adopt alternative agricultural practices. Analysis results reveal that the decision tree model performs well when there is no class imbalance. However, class imbalance is a frequently encountered problem in real-world applications. In this context, methods correcting class imbalance need to be applied. 

Upsampling performed using SMOTE was successful in addressing the imbalance between classes and improved the model’s overall performance. Particularly notable improvements were seen in accuracy, precision, recall, and F1-score values. On the other hand, downsampling performed using the near miss method negatively affected the model’s performance. This situation indicates that class representation was insufficient due to excessive data loss. 

Additionally, the effect of the feature subset obtained using dimensionality reduction techniques of PCA and LDA on model performance was evaluated. However, results obtained using these methods were generally more effective when used after class imbalance operations. 

Guided by these findings, the recommendations for future studies are as follows:

• Advanced machine learning algorithms such as ensemble methods (e.g., random forest, gradient boosting) could be used to improve model accuracy and robustness. 

• Alternative class imbalance techniques beyond SMOTE, such as Adaptive Synthetic Sampling (ADASYN) or cost-sensitive learning, could be investigated to improve minority class detection. 

• Climate projection data could be integrated to model long-term drought trends to map various climate change scenarios. 

• Real-time forecast systems combining meteorological and satellite data could be implemented for dynamic drought monitoring and management. 

In future research, different machine learning algorithms could be explored to enhance model diversity and compare their performance. In addition, alternative balancing methods beyond SMOTE as well as additional dimensionality reduction techniques could be investigated to further optimize model performance. Finally, the findings could be integrated into real-time prediction systems to develop practical field applications and test them across different climatic regions to achieve generalizable results. 

In conclusion, this study incorporated class imbalance operations and dimensionality reduction techniques to improve the performance of machine learning models for drought detection. The obtained results demonstrate that using SMOTE and dimensionality reduction techniques on the class-balanced dataset enables the decision tree model to perform reliable and effective drought detection. These findings provide an important foundation for future drought prediction studies and applications. 
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Abstract: Drought, a complex natural phenomenon with profound global impacts, including the depletion of
water resources, reduced agricultural productivity, and ecological disruption, has become a critical challenge in the
context of climate change. Effective drought prediction models are essential for mitigating these adverse effects.
This study investigates the contribution of various data preprocessing steps—specifically class imbalance handling
and dimensionality reduction techniques—to the performance of machine learning models for drought prediction.
Synthetic Minority Over-sampling Technique (SMOTE) and near miss sampling methods were employed to address
class imbalances within the dataset. Additionally, Principal Component Analysis (PCA) and Linear Discriminant
Analysis (LDA) were applied for dimensionality reduction, aiming to improve computational efficiency while
retaining essential features. Decision tree algorithms were trained on the preprocessed data to assess the impact
of these preprocessing techniques on model accuracy, precision, recall, and Fl-score. The results indicate that
the SMOTE-based sampling approach significantly enhances the overall performance of the drought prediction
model, particularly in terms of accuracy and robustness. Furthermore, the combination of SMOTE, PCA, and
LDA demonstrates a substantial improvement in model reliability and generalizability. These findings underscore
the critical importance of carefully selecting and applying appropriate data preprocessing techniques to address
class imbalances and reduce feature space, thus optimizing the performance of machine learning models in drought
prediction. This study highlights the potential of preprocessing strategies in improving the predictive capabilities of
models, providing valuable insights for future research in climate-related prediction tasks.

Keywords: Machine learning; Drought prediction; SMOTE; Near miss; PCA; LDA; Decision trees
1 Introduction

Climate change is increasingly affecting water resources, agriculture, and ecosystems worldwide. Therefore,
drought prediction holds a strategic position in critical areas such as combating adverse effects and resource
management. Due to the significant impacts of drought on ecology, environment, hydrology. and agriculture, drought
monitoring and early warning system development have become important research areas [1]. Risk assessments of
agricultural drought disasters are necessary to quantitatively understand drought and guide prevention and relief
efforts [2]. Additionally, numerous studies have been conducted in the field of drought risk assessment, reflecting
increasing interest in this critical area [3]. Drought mitigation is an integral part of quantitative drought risk assessment,
and its effects serve as an intensified expression of drought mitigation [4].

Drought risk assessments are crucial for informing proactive and appropriate drought risk management decisions,
as they contribute to improving risk knowledge and identifying priority management areas [5]. The impact of drought
on agriculture is significant, with climatic factors dominating intra-annual variations, emphasizing the importance of
integrating drought indices with agricultural survey data for accurate assessments [6].

The ability to predict the impacts of droughts in advance is critical for minimizing crop losses in agriculture,
alleviating pressure on water resources, and preserving the sustainability of ecosystems. Droughts have far-reaching
consequences on water ecosystems and human consumption, underscoring the need to understand their ecological
impacts and human responses [7]. Agriculture, including the livestock sector, is particularly vulnerable to the effects
of drought, leading to significant losses in agricultural production [8].

https://doi.org/10.56578/ataiml040102
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