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A B S T R A C T   

The Abbay River Basin faces the looming threat of extreme climate events, including prolonged 
droughts and erratic rainfall patterns, which can significantly affect soil health and fertility. This 
study aimed to explore the influence of extreme climate conditions on soil pH and exchangeable 
aluminum, aiming to promote sustainable agricultural practices in Ethiopia. The Africa Soil In-
formation Service (ASIS) provided datasets on soil pH and exchangeable aluminum. The Euro-
pean Copernicus Climate Change Data Store was used to download historical and future datasets 
of extreme climatic indices from 1980 to 2010 and 2015–2050, respectively. The Coupled Model 
Intercomparison Project Phase 6 model ensemble was used to predict future climate impacts 
under three shared socioeconomic scenarios: SSP1-2.6, SSP2-4.3, and SSP5-8.5. Data extraction, 
quality control, and clustering were conducted before analysis, and the model was validated for 
its accuracy and reliability in predicting soil parameter changes. An artificial neural network 
model was utilized to predict the effects of extreme climate indices on soil pH and exchangeable 
aluminum concentrations. The model was designed to accurately and reliably predict changes in 
soil parameters. This study compared the changes in soil pH and aluminum concentrations using 
paired t tests. The model’s diagnostic results indicated a significant impact of extreme climate 
scenarios on soil pH and exchangeable aluminum. Extreme climate factors such as heavy pre-
cipitation and cooler night time temperatures significantly contribute to soil acidification and an 
increase in aluminum concentration. Under the SSP1-2.6 and SSP2-4.5 emission scenarios, soil pH 
levels are expected to increase by 8.38 % and 3.79 %, respectively. These changes in soil pH are 
expected to have significant impacts on the exchangeable aluminum content in the soil, with 
increases of 37 % and 5.38 %, respectively, under the same emission scenarios. However, the 
SSP5.8 scenario predicted a 45 % increase in exchangeable aluminum and a 9.36 % decrease in 
soil pH. Therefore, this study significantly enhances our understanding of the influence of climate 
change on soil health. The development of strategies to mitigate climate change impacts on 
agriculture in the region must consider the effects of extreme climate indices.   

1. Introduction 

The Abbay River Basin, located in Ethiopia, is critical for the country’s agricultural productivity and water resources. However, the 
region faces the threat of extreme climate events, including prolonged droughts and erratic rainfall patterns, which can significantly 
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impact soil health and fertility [1]. Among the key indicators of soil health are pH and exchangeable aluminum concentration, both of 
which play vital roles in determining soil productivity and crop yield. The concentration of hydrogen ions in the soil determines the 
pH, which represents the acidity or alkalinity of the soil solution [2,3]. It influences the availability of essential nutrients to plants, as 
well as the activity of microorganisms that play a crucial role in soil fertility. The pH of the soil affects the availability of essential 
nutrients, such as nitrogen, phosphorus, and potassium, to plants [4–6]. On the other hand, exchangeable aluminum refers to the 
amount of aluminum ions available for plant uptake, but high levels of Al3+ can be toxic to plants, causing stunted growth, reduced 
yields, and even death [7]. Therefore, understanding the relationship between soil pH and exchangeable aluminum is crucial for 
farmers and gardeners to ensure optimal plant growth and yield. 

Extreme climatic indicators and soil acidity are important factors to consider when studying the effects of climate change on soil 
properties. Climatic factors such as temperature and precipitation patterns can affect the physiochemical properties of soils [8]. Soil 
properties such as nutrient availability, pH, and moisture content can also influence ecosystem dynamics by affecting plant growth and 
nutrient cycling. Understanding these relationships is crucial for predicting how soils in ecosystems will respond to future climate 
change scenarios [8]. Several factors affect soil pH and exchangeable aluminum levels, including soil type, climate, vegetation, and 
human activities such as fertilization and irrigation [9]. In areas with high rainfall, leaching can occur, where water percolating 
through the soil can dissolve and carry away basic cations (such as calcium, magnesium, and potassium) from the soil, leading to the 
accumulation of acidic ions (such as hydrogen and aluminum) and resulting in acidic soils. Conversely, in arid or semiarid regions with 
low rainfall and limited leaching, basic cations may accumulate in the soil over time, leading to alkaline soils. The type of vegetation in 
an area can also affect soil pH, as some plants release acidic compounds into the soil [10], while others release alkaline compounds. 
Additionally, human activities such as the use of fertilizers and irrigation can also impact soil pH and exchangeable aluminum levels 
[11]. Extreme climate scenarios such as drought, flooding, and increased temperatures can have significant impacts on soil pH and 
exchangeable aluminum levels [12,13]. For example, heavy rainfall can lead to the leaching of nutrients and increase soil acidity, 
while drought can cause the accumulation of salts and increase soil alkalinity. Flooding can also lead to an increase in soil pH due to the 
decomposition of organic matter, which releases alkaline compounds [12,14]. 

Extreme temperatures, both hot and cold, can also affect these levels due to changes in microbial activity and nutrient availability 
and thus can alter soil pH [15–17]. These factors must be considered when managing soil conditions for optimal plant growth and yield 
under changing climate conditions. These scenarios can have negative impacts on crop production and highlight the need for proper 
management practices to mitigate their effects. Although vegetation and human activities can affect soil pH and aluminum levels, 
extreme climate scenarios can have a much greater impact that cannot be controlled by farmers and gardeners. 

Previous research on climate change and soil chemistry has shown that increasing temperatures and increased precipitation can 
lead to changes in soil chemistry, such as increased acidity and aluminum toxicity [17–19]. This can have negative impacts on crop 
growth and yield, as well as on soil health and fertility. However, there is also evidence that certain management practices, such as 
using cover crops and reducing tillage, can help mitigate the effects of extreme weather events on soil pH and exchangeable aluminum 
[20,21]. Overall, the literature highlights the importance of proactive soil management in the face of changing climate conditions. 
However, there are several examples where extensive management practices may not be sufficient to counter the negative impacts of 
climate change on soil pH and exchangeable aluminum. For instance, a study conducted in Ethiopia revealed that prolonged droughts 
associated with climate change led to severe soil degradation, including high levels of soil acidity and exchangeable aluminum, despite 
farmers’ efforts to apply lime and other management practices [22–25]. 

Although there is a significant amount of research on climate change and soil chemistry, there are still gaps in our understanding of 
the complex relationships between these factors. Therefore, detailed research is essential to fully understand the complex association 
between climate change and soil chemistry [8,26–28]. The Abbay River Basin in Ethiopia is an important agricultural area, with much 
of the region’s economy relying on the productivity of its soils. However, the basin is facing various challenges, such as heavy pre-
cipitation (flooding), drought, deforestation, soil acidity, erosion, and soil toxicity, which threaten the sustainability and well-being of 
local communities [29–31] and can significantly impact the soil pH and exchangeable aluminum levels [29,32]. The soil acidity 
problem in this river basin is obvious due to high levels of extreme rainfall and temperature variability. In this region, the annual 
rainfall and surface temperature are highly variable and often result in soil erosion, which can further exacerbate the alteration of soil 
pH and release exchangeable aluminum from its parent matter [33–35]. 

Moreover, a limited number of earlier studies were based on the impacts of temperature and rainfall changes on soil health using 
Coupled Model Intercomparison Project phases 3 (CMIP3) and 5 (CMIP5) emission scenarios [16,18,36,37]. These scenarios, which 
included only a limited range of possible future emissions, may not accurately reflect the current state of climate change impacts on soil 
quality [38]. However, the novelty of this study lies in its focus on the effects of extreme climate scenarios on soil pH and exchangeable 
aluminum in the Abbay River Basin using the most recent model (CMIP6). The latest model offers more precise predictions for future 
climate change effects on soil properties by considering a wider range of emission scenarios. The CMIP6 scenarios consider feedback 
mechanisms and other factors that were not included in previous models, making them more comprehensive tools for understanding 
the complex dynamics of climate change on soil health [39,40]. This study employed multiple regression, bootstrapped forest, and 
neural network models to analyze our data. Multiple regression is a widely used statistical technique that models the relationship 
between a dependent variable and multiple independent variables. It is chosen for its interpretability and ease of implementation [40]. 
The bootstrapped forest model, an ensemble learning method, combines multiple decision trees to improve the predictive accuracy and 
reduce overfitting [41]. This model is selected for its robustness and ability to handle complex, nonlinear relationships in the data. 
Neural networks, inspired by the human brain, consist of interconnected layers of nodes that can learn patterns and make predictions. 
They are included in this study because of their powerful ability to capture intricate patterns and dependencies within the data [42]. 
These models were chosen to provide a comprehensive comparison of traditional, ensemble, and advanced machine learning 
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techniques, allowing us to evaluate their performance and suitability for our specific research objectives. 
Therefore, understanding the potential interactive effects of extreme climate scenarios on soil pH and exchangeable aluminum 

using the most accurate model is crucial for effective land management and agricultural sustainability in the Abbay River Basin. This 
requires a comprehensive modeling approach that integrates climatic data, soil properties, and land management practices to forecast 
potential changes and inform adaptation strategies. This study aims to address this gap by employing advanced modeling techniques to 
simulate the impacts of extreme climate scenarios on soil pH and exchangeable aluminum concentrations in the Abbay River Basin. By 
combining climate projections with soil data and land management practices, we seek to elucidate the complex interactions between 
climate change and soil properties. This paper provides an introduction to the climate and soil pH literature, explains the research 
methodology, presents findings, and discusses implications for advancing soil science and climate change studies. 

2. Methodology 

2.1. Study location 

The study was conducted in the Abbay River Basin in the highlands of Ethiopia. It is one of the major river basins in Ethiopia; it is 
located between 7◦45′ and 12◦45 N and 34◦05′ and 39◦ 45’ E, and it covers an area of 199,812 km2, with a total perimeter of 2,862 km 
(Fig. 1). The basin is home to a diverse range of flora and fauna, which are very important for the ecological balance of the region [43]. 
The Abbay River basin is also a crucial source of water for agriculture and hydropower generation, supporting the livelihoods of 
millions of people in Ethiopia and downstream countries such as Sudan and Egypt [30]. The climate of the Abbay River basin is 
characterized by three distinct seasons: short rainy seasons from February to May, a dry season from October to January (Bona), and a 
rainy season from June to September [43,44]. It ranges from semiarid deserts in the lowlands to humid and warm (temperate) con-
ditions in the southwest and is dominated by altitudes ranging from 526 m to 3904 m [45]. This characteristic determines the local 
climate, which ranges from dry-hot to cool-moist, with the mean temperature of the warmest month above 18 ◦C to temperate on the 
high plateau and cold on the mountain peaks, with the mean temperature in the coldest month below 10 ◦C. The annual rainfall varies 
between approximately 800 mm and 2,220 mm, with a mean of approximately 1,420 mm [46]. The climate in this region is influenced 
by the monsoon season, which brings heavy rainfall from June to September [47]. The vegetation in this area includes tropical 
rainforests, deciduous forests, and alpine meadows [43]. 

2.2. Data collection 

2.2.1. Soil data 
Soil pH and exchangeable aluminum (Al3+) datasets at 0–20 cm depths were downloaded from the African Soil Information Service 

(ASIS). Since 2008, the International Soil Reference and Information Centre (ISRIC) has provided soil pH and exchangeable aluminum 
for ASIS datasets through an online data portal on the ISRIC website, where users can freely access a wide range of soil-related in-
formation and tools that can be used for research, policy-making, and land management purposes [48] at https://data.isric.org/ 
geonetwork/srv/eng/catalog.search#/home The ASIS has emerged as a leading African authority on soil science, significantly 
advancing public understanding of soil resources through research and outreach. The ISRIC was also established in 1966 to provide 

Fig. 1. Location maps of the study area.  
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reliable, standardized soil information for sustainable land use planning and management, promoting international cooperation in soil 
research and education [49]. 

2.2.2. Climate data 
The extreme climate datasets were obtained from the European Copernicus Climate Data Store (C3S), a platform offering free and 

open access to climate data on the European Union’s website (https://cds.climate.copernicus.eu/cdsapp#!/home). CMIP6 offers 27 
GCMs for the global simulation of current and future extreme climate indicators. However, the study utilized only five climate models, 
CNRM-CM6-1, CNRM-CM6-1-HR, CNRM-ESM2-1, MIROC-ES2L, and UKESM1-0-LL, to analyze the effects of extreme climate in-
dicators on soil pH and exchangeable aluminum based on the availability of data at this particular site. This tool aids in climate change 
adaptation and mitigation by providing updated and accurate data on climate factors such as temperature and precipitation extremes 
[50]. The platform provides data analysis and visualization tools, making it a valuable resource for researchers, policymakers, and the 
general public and allowing access to various sources [51]. These data portals are excellent data resources for climate change research, 
providing highly dependable ETCCDI data [39,50,52], suggesting that these data can be utilized to analyze climate patterns and trends 
and to create models for predicting future climate change impacts. This study used three shared socioeconomic pathways—SSP1-2.6, 
SSP2-4.5, and SSP5-8.5—from the Coupled Model Intercomparison Project Phase 6 (CMIP6) to accurately predict past and future 
climates, as per the IPCC’s sixth assessment report. Based on the Pearson correlation coefficient values, six extreme climatic indicators 
were selected for analysis. These indicators are heavy precipitation days (R95P), extremely heavy precipitation days (R99P), cold 
nights (TN10P), warm nights (TN90P), cold days (TX10P), and warm days (TX90P). The selected indicators are presented in Table 1. 

2.3. Data preparation and screening 

Data extraction: The climate and soil datasets were obtained using ArcMap, which was then filtered from GeoTIFF and NetCDF file 
formats at a resolution of 0.04◦ from the same sample points. This resolution is commonly used for global or regional analyses and 
modeling [53]. These datasets can provide valuable information for various applications, such as agriculture, forestry, hydrology, and 
climate change studies [49]. However, the accuracy and reliability of datasets are influenced by the quality of the input data and the 
methods used for processing and analysis. Therefore, these data underwent processing and quality control checks to ensure accuracy 
and consistency before being used for analysis. 

Multicollinearity test: The analysis considered the multicollinearity of climatic variables to identify dependencies. Through the 
calculation of variance inflation factors (VIFs) for each variable, where a VIF value above 10 indicates high multicollinearity and a 
value lower than 10 indicates low multicollinearity. The results revealed that certain climatic variables, including very heavy pre-
cipitation (R95P), extremely heavy precipitation (R99P), cold nights (TN10P), warm nights (TN90P), cold days (TX10P), and warm 
days (TX90P), had VIF values below 10, indicating no significant multicollinearity. This approach helped ensure that the results 
obtained were not biased by multicollinearity [54]. 

Outliers test: Outliers were identified and removed from datasets using statistical methods called the interquartile range (IQR). 
The “normal” range of data in this method is defined as values between the first quartile (Q1) and the third quartile (Q3). Statistically 
significant outliers were identified as data points that fell outside a specific range of values. The method is robust to extreme values and 
nonnormal distributions, ensuring reliable and representative data for analysis in the study area [55]. However, removing outliers can 
significantly impact statistical analysis results and lead to inaccurate conclusions [55], so careful consideration was given to the overall 
interpretation of the data. 

Data clustering: Data clustering is a statistical technique that groups similar data points based on their shared characteristics or 
attributes [56,57]. The K-means clustering algorithm was used to cluster the historical dataset, assigning data points based on their 
proximity to the cluster centroid [58]. This technique is used to identify patterns and relationships within large datasets, facilitating 
data analysis and machine learning [56]. It simplifies complex datasets by grouping similar data points together, revealing insights that 
may not be immediately apparent. The process typically involves assessing the homogeneity of the data by comparing the similarities 
between each data point and arranging them accordingly [59,60]. The homogeneity of each dataset was assessed through statistical 
tests using Tukey’s honestly significant difference test. The analysis focused on determining significant differences between groups 
based on the mean values of soil pH. Compared with the other clusters, the third cluster had significantly lower soil pH values, 
indicating heavy precipitation and extremely heavy precipitation at the P = 0.01 significance level (Table 2). 

‘In this study, the clustered datasets were analyzed to identify any spatial trends or patterns (Fig. 2a). The mapping of these 
datasets, as illustrated in the provided text, allowed us to visually interpret the distribution and relationships within the data. K-means 

Table 1 
Selected extreme climatic indictors.  

Code Indicators Description s Unit 

R95P Very heavy rainfall Annual total rainfall when RR > 95th percentile mm 
R99P Extremely heavy rainfall Annual total rainfall when RR > 99th percentile mm 
TN10P Cool nights Days when daily minimum temperature <10th percentile Day 
TN90P Warm nights Days when daily minimum temperature >90th percentile Day 
TX10P Cool days Days when daily minimum temperature <10th percentile Day 
TX90P Warm days Days when daily minimum temperature >90th percentile Day  
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clustering is a powerful and widely used technique for data clustering (Fig. 3b). This approach aids in identifying hidden patterns, 
simplifying data analysis, and making informed decisions across various domains while also enhancing dataset comprehension [61]. 
Moreover, this approach aids in identifying outliers and enhancing the overall comprehension of the data [62]. Overall, data clustering 
is a crucial technique for analyzing large datasets and gaining valuable insights [61,62]. The identification of low, medium, and high 
rates of soil acidity allowed for the implementation of targeted interventions. 

2.4. Data analysis 

2.4.1. Model validation and selection 
Model validation and selection are critical steps in the machine learning process. This study utilized cross-validation techniques to 

validate and select the most effective model for predicting soil acidity. K-fold cross-validation is a technique used to ensure the 
robustness of a model’s performance on small datasets. K-fold cross-validation involves dividing the data into 3 subsets—training (70 
%), validation (15 %), and testing (15 %)—and modeling three times—using different subsets for each training, validation, and testing. 
The distribution was chosen to ensure the model’s accuracy in assessing the performance on both known and unseen data. The training 
data allowed the model to learn the patterns and relationships within the dataset, while the validation data helped fine-tune the 
hyperparameters and prevent overfitting. Finally, the testing data provided a final evaluation of the model’s performance before 
deployment. The neural network model was selected based on its performance on fresh data using R-squared (R2), the root mean 
square error (RMSE), and the absolute mean error (AAE). The method ensures the model’s accuracy in predicting its performance on 
future data without overfitting or under fitting it [63]. Machine learning and predictive modeling aim to make accurate predictions 
about future data, with comparative analysis identifying the best-performing model for specific datasets. 

The validation analysis revealed that the artificial neural network was the most accurate model for predicting soil pH and the Al3+

concentration. The artificial neural network showed higher R2 values than did the multiple regression and bootstrapped forest models, 
while the RMSE and AAE ANN models had lower R2 values for the soil pH and exchangeable aluminum datasets (Table 3). A higher R2 

value indicated that the model was accurate and reliable, while the R2 values of the RMSE and AAE were lower. 
Fig. 3 shows a 1:1 fit line in a plot comparing the actual and predicted values of the three different models. The multiple regression 

and bootstrapped forest models exhibited higher error levels than did the ANN model, indicating a lack of improved data alignment. 
Therefore, the superior accuracy of the ANN model is attributed to its ability to recognize complex nonlinear relationships between 
climate and soil pH datasets in both training and validation plots (Fig. 3a and b). Similarly, the ANN model successfully captured the 
relationship between datasets of extreme climate indicator and soil Al3+ levels, demonstrating strong correlations in both training and 
validation plots (Fig. 3 c and d). The ANN model’s multiple layers of neurons may enable it to detect subtler data patterns than other 
models, according to Refs. [64,65]. The model’s accuracy and usefulness in predicting soil properties under changing climatic con-
ditions require continuous monitoring and refinement. However, the model’s performance may differ when applied to additional data. 
The models’ accuracy was assessed using new soil and future extreme climate datasets to ensure reliability and generalizability, but 
their data were not included in the manuscript. 

2.4.2. Model performance evaluation 
After training a model on a dataset, it is important to evaluate its performance on new data to ensure that it is not overfitting or 

under fitting. According to Ref. [66], the number of neurons in a model significantly influences the accuracy and efficiency of the 
model. Under fitting occurs when a model’s neuron is too small and unable to capture complex data patterns, and overfitting occurs 
when the model neuron becomes too large and memorizes noise instead of learning meaningful patterns [64]. The trial-and-error 
method is crucial for achieving optimal performance by finding the appropriate balance of neurons. Table 4 shows trial-and-error 
methods for analyzing various neurons. The study revealed that ten neurons in both the training and testing sets exhibited 
increased generalized R2 values and decreased negative log likelihood values. Therefore, the model’s suitability for the data was 
confirmed by a higher R2 value and a lower negative log likelihood value. 

Therefore, a neural network model was utilized to predict the interaction effects of various climatic extremes on soil pH and 
exchangeable aluminum. 

Model Transferability: Model transferability refers to a machine learning model’s ability to perform effectively on a related task 
after being trained on one task. This study assessed neural network model transferability using statistical metrics such as generalized 
R2 and negative log likelihoods for source tasks and targeted task datasets. The source task focused on predicting the impacts of 
extreme climate indicators on soil acidity, while the target task was to predict the effects of rainfall and temperature on the organic 
carbon dynamics of the soil, which have different objectives or labels of interest. A baseline model was trained using data from the 
target task, and the R2 (coefficient of determination) and negative log likelihood were computed for this model. Table 5 reveals 

Table 2 
K-mean values of the soil and climate parameters under each cluster.  

Cluster Soil pH Al+3 R95P R99P TN10P TN90P TX10P TX90P 

1 6.52c 0.09b 68.78b 14.57c 34.14a 1.76b 35.59a 0.67b 

2 6.23b 0.15b 86.21ab 34.57b 31.14a 3.63b 32.39a 1.08b 

3 5.44a 0.34a 117.13a 42.63a 23.14b 1.21a 25.31b 2.51a 

Note that the mean values of variables in the same column with the same letter indicate no significant difference between the datasets in the cluster. 
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significant variation in the statistical metrics and measures across different levels of neurons, as evident from the analysis. The R2 

values for training and testing indicate varying accuracy levels, with higher numbers indicating superior performance at ten neurons. 
Additionally, the negative log likelihood values at neuron 10 provide insight into the model’s fit to the data, with lower values 
suggesting a better fit. The negative log likelihood values indicate the level of model performance, with lower values indicating better 

Fig. 2. Dataset clustering based on the means of the variables (a) and mapping (b).  

Fig. 3. Analysis of the 1:1 fit line using actual and predicted datasets for soil pH and Al3+ in training (a and c) and testing (b and d).  

Table 3 
Comparative analyses of model performances for selection using model parameters.  

Soil Variables Models Training Validation 

R2 RMSE AAE R2 RMSE AAE 

Soil pH Multiple Regression 0.27 0.40 0.30 0.09 0.53 0.41 
Bootstrapped Forest 0.71 0.25 0.20 0.65 0.30 0.26 
Artificial Neural Network 0.82 0.20 0.17 0.80 0.23 0.19 

Al3+ Multiple Regression 0.50 0.10 0.08 0.56 0.09 0.07 
Bootstrapped Forest 0.61 0.09 0.07 0.58 0.09 0.08 
Artificial Neural Network 0.74 0.07 0.05 0.74 0.07 0.06 

The bolded predictive model and its parameter values are the most accurate and reliable models chosen for this study. 
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performance and higher values indicating poorer performance [67]. Overall, these metrics highlight the importance of selecting the 
appropriate number of neurons to achieve optimal results in neural network modeling. 

The R2 transfer index was calculated using equation (1) to measure the proportion of variance explained by a transferred model in a 
target task compared to a baseline model. 

TI=
TR2

R2 (1)  

where TI is the transfer index, TR2 is the transfer coefficient of determination, and R2 is the baseline coefficient of determination. 
The model’s relative performance difference was evaluated using negative log likelihood, resulting in more precise performance. 

Relative model transferability was calculated by comparing the absolute or relative performance difference between the source and 
target tasks using simple equation (2). 

RTE%=

(
− Log likelihoodt − ( − Log likelihoodb

− Log likelihoodb

)

∗ 100 (2)  

where RTE is the relative model transferability, -log likelihood is the model accuracy on the targeted task, and -log likelihood is the 
model accuracy on the source task. 

Table 6 clearly shows that there is a significant variation in the transfer indices as the number of neurons trained increases. A tenth 
of trained neurons lead to higher transfer indices, indicating better performance in transferring knowledge from one task to another. 
The relative negative log likelihood also increases with the number of tenth trained neurons. Overall, these results highlight the 
importance of considering the number of neurons trained when assessing model transferability. 

After model training using historical extreme climate data, the relative changes in soil pH and exchangeable aluminum levels at the 
same locations were calculated. The method presented in Ref. [68] was used to calculate changes in soil parameters as changes in 
extreme climate indicators using equation (3). 

ΔSP%=

(
PSPi − HSPi

HSPi

)

∗ 100 (3)  

where ΔSP% indicates the percent change in the soil parameters (soil pH and Al3+), PSP is the predicted soil parameter, i is the average 
soil pH or Al3+, and HSP is the historical value of the soil parameter. 

Table 4 
Evaluation of the ANN model’s predictive performance.  

No of Neuron Training Testing 

Generalized R2 -Log likelihood Generalized R2 -Log likelihood 

3 0.95 − 136.98 0.96 − 47.70 
5 0.96 − 152.87 0.96 − 49.76 
10 0.98 ¡158.34 0.97 ¡50.56 
15 0.97 − 157.18 0.96 − 47.50 

Note: The bolded numbers indicate the optimal number of neurons for optimal predictive model performance. 

Table 5 
Measuring the statistical metrics of the transfer model for different levels of neurons.  

No of Neuron Training Testing 

Transfer R2 Transfer -Log likelihood Transfer R2 Transfer -Log likelihood 

3 0.93 − 126.05 0.91 − 45.20 
5 0.91 − 143.69 0.92 − 47.40 
10 0.98 ¡168.12 0.90 ¡50.46 
15 0.94 − 147.61 0.81 − 39.87  

Table 6 
Neural network model transferability analysis.  

Neuron Training 

Transfer Indices Relative error (%) 

3 0.98 6.21 
5 0.95 21.07 
10 0.99 5.82 
15 0.97 11.50  
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3. Results 

3.1. Soil pH and exchangeable aluminum estimation under the current and future scenarios 

3.1.1. Soil parameters under the historical climate extremes scenario (1981–2010) 
Table 7 presents the estimates of the soil pH and exchangeable aluminum (Al3+) parameters under the baseline climate conditions. 

The NNM diagnostic results indicate that the increase in extreme climate indicators in the Abbay River Basin significantly increased 
soil acidity (p < 0.005). A one-unit increase in R95P, R99P, and TN10P significantly decreased the pH by − 0.012, − 0.017, and − 0.18 
for R95P and R99P, respectively, while increasing the Al3+ concentration by 0.003, 0.002, and 0.008 mg/kg, respectively. 

On the other hand, the present study also revealed that a one-unit increase in TX10P significantly increased the soil pH by 0.375 and 
decreased the Al3+ concentration by − 0.012 g/kg, while an increase in TN90P increased the Al3+ concentration by 0.086 g/kg. An 
insignificant increase in TN90P significantly decreased Al3+ by − 0.062 g/kg of bulk soil (p = 0.0403). 

3.1.2. Soil pH and exchangeable aluminum estimation under future climate change scenarios (2015–2100) 

3.1.2.1. Soil parameter estimation under the SSP2.6 scenario. This study predicts significant changes in soil pH and Al3+ levels under the 
SSPP2.6 scenario from 2015 to 2100, as shown in Table 8. The increases in TN90P, TX10P, and TX90P significantly decreased the soil 
pH by 0.5, 0.32, and 0.22 units, respectively, but increased with increasing TN10P (P < 0.05). On the other hand, under a one-mm 
increase in R95P, the amount of Al3+ ions in the SSP2.6 scenario significantly increased by 0.002 mg/kg. A 1 % increase in TX10P 
and TX90P decreased the concentration of Al3+ ions by 0.08 and 0.07 mg/kg, respectively (P < 0.05). 

Fig. 4 shows the significant interaction effects between extreme climate indicators on soil pH and Al3+ ions. The study estimated 
soil pH values at 5.85 and 6.34 units under the historical and SSP2.6 scenarios, respectively, based on the normal distribution of 
predictor variables. The study also predicted Al3+ ions to be 10.186 and 0.12 mg/kg for the historical and SSP2.6 scenarios, 
respectively. However, under extreme climate conditions, the interaction effects of extreme temperature and precipitation events on 
soil pH and Al3+ ions were significant, leading to changes in soil chemistry that could have negative impacts on agricultural 
productivity. 

3.1.2.2. Soil parameter estimation under the SSP4.5 scenario. Table 9 shows how soil pH and Al3+ react to extreme climate indicators 
under the SSP4.5 and SSP8.5 scenarios. This study revealed a significant decrease in soil pH and an increase in the Al3+ ion con-
centration under this scenario. The model indicated that a one-mm increase in R99P significantly lowered the soil pH by 0.03 units but 
did not significantly increase the Al3+ concentration. A 1 % increase in TX10P and TX90P significantly increased the soil pH by 1.3 and 
0.38, respectively, but decreased the Al3+ ion concentration by 0.10 g and 0.01 g/kg, respectively. 

Fig. 5 also illustrates the impact of extreme climate indicators on soil pH and Al3+ in the SSP4.5 and SSP8.5 scenarios. The soil pH 
and Al3+ ion concentration were within acceptable ranges for the SSP4.5 and SSP8.5 scenarios, with normal predictor values of 6.09 
and 5.28 units, respectively, and the Al3+ ion concentration was also estimated to be 0.18 and 0.24 mg/kg for the SSP4.5 and SSP8.5 
scenarios, respectively. The SSP4.5 and SSP8.5 scenarios predicted that increased R95P and TN10P would decrease soil pH levels and 
increase Al3+ ion concentrations. 

3.1.2.3. Soil parameter estimation under the SSP8.5 scenario. Table 10 presents a comprehensive analysis of soil pH and Al3+ ion 
estimation under the SSP8.5 climate change scenario. Under the SSP8.5 scenario, the soil pH is predicted to decrease, while the 
concentration of Al3+ ions is expected to increase significantly. The most significant predictors that reduce soil pH are R95P, R99P, and 
TX90P, with an increase in these predictors causing a significant decrease in soil pH. The most important predictors that notably 
reduced soil pH under this scenario were R95P, R99P, and TX90P, indicating that as the number of predictors increased by one unit, 
the soil pH considerably decreased by 0.018, 0.031, and 0.186 units, respectively. On the other hand, the predictor TN90P is expected 
to positively affect soil pH, potentially increasing it by 0.063 (P = 0.007) with an increase of one percent. The concentration of 

Table 7 
Estimated soil parameters under historical extreme climate indicators.  

Predictors Responses Estimates Std Error t Ratio Sign 

R95P Soil pH − 0.012 0.004 − 3.28 0.0015 
Al3+ 0.003 0.001 4.19 0.0001 

R99P Soil pH − 0.017 0.004 − 4.55 0.0001 
Al3+ 0.002 0.001 2.35 0.0001 

TN10P Soil pH − 0.178 0.038 − 4.63 0.0001 
Al3+ 0.008 0.008 0.98 0.3294 

TN90P Soil pH 0.011 0.137 0.08 0.9346 
Al3+ − 0.062 0.030 − 2.08 0.0403 

TX10P Soil pH 0.375 0.042 8.87 0.0001 
Al3+ − 0.012 0.009 − 1.35 0.1799 

TX90P Soil pH 0.891 0.235 3.79 0.0003 
Al3+ 0.086 0.051 1.68 0.0973  
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Table 8 
Estimated soil parameters under SSP2.6 under the extreme climate scenarios.  

Predictors Reponses Estimate Std Error t Ratio Sign 

R95P Soil pH − 0.02 0.020 − 1.18 0.19 
Al3+ 0.002 0.001 3.44 0.001 

R99P Soil pH − 0.01 0.010 − 1.66 0.101 
Al3+ 0.002 0.001 1.22 0.224 

TN10P Soil pH − 0.13 0.060 − 2.10 0.040 
Al3+ 0.08 0.052 1.44 0.152 

TN90P Soil pH 0.50 0.230 2.23 0.029 
Al3+ 0.044 0.023 1.94 0.055 

TX10P Soil pH 0.32 0.071 4.48 0.0001 
Al3+ − 0.08 0.019 − 4.07 0.0001 

TX90P Soil pH 0.22 0.074 3.13 0.0001 
Al3+ − 0.07 0.034 − 2.07 0.0001  

Fig. 4. The predicted profiles of soil pH and Al3+ in response to extreme climate indicators under the historical (a) and SSP2.6 (b) scenarios.  

Table 9 
Estimated soil parameters under the SSP4.5 extreme climate scenario.  

Predictors Responses Estimate Std Error t Ratio Sign 

R95P Soil pH − 0.01 0.006 − 1.360 0.1768 
Al3+ 0.002 0.002 0.930 0.3535 

R99P Soil pH − 0.03 0.012 − 2.410 0.0188 
Al3+ 0.002 0.004 0.670 0.5030 

TN10P Soil pH − 0.67 0.256 − 2.640 0.0103 
Al3+ 0.10 0.079 1.290 0.2000 

TN90P Soil pH − 0.18 0.157 − 1.170 0.2452 
Al3+ 0.01 0.048 0.290 0.7706 

TX10P Soil pH 1.3 0.109 11.910 0.0001 
Al3+ − 0.10 0.034 − 2.870 0.0054 

TX90P Soil pH 0.38 0.146 2.580 0.0120 
Al3+ − 0.01 0.005 − 2.237 0.0350  
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aluminum was predicted to increase significantly by 0.001, 0.005, and 0.016 % with increasing R95P, R99P, and TN10P, respectively. 

3.2. Changes in soil pH and exchangeable aluminum under future climate scenarios 

This study investigated the effects of projected changes in climate on soil pH and exchangeable aluminum levels. In this study, we 
examined the significant differences in climate change impacts on soil pH and exchangeable aluminum levels between different re-
gions and different climate scenarios compared to those under historical climate conditions to understand the potential consequences 
for soil health and agricultural productivity. In Cluster-1, the model results indicate that the mean soil pH significantly decreased by 
21.54 % under SSP8.5 but did not significantly change under the SSP4.5 and SSP8.5 scenarios compared to the historical soil con-
ditions (Table 11). On the other hand, the exchangeable aluminum levels in Cluster-1 are projected to increase significantly under the 
SSP8.5 scenario by 581.82 %, while remaining relatively stable under the SSP2.6 and SSP8.5 scenarios. In cluster 2, the mean soil pH 
under the SSP2.6 and SSP4.5 scenarios will significantly increase by 13.29 and 7.87 %, respectively, but will continue to decrease by 
7.51 % under the SSP8.5 scenario. Apparently, the exchangeable aluminum levels in cluster 2 are projected to decrease significantly 
under the SSP2.6 and SSP4.5 scenarios by 43.67 % and 17.47 %, respectively, but increase significantly by 18.34 % under the SSP8.5 

Fig. 5. Predictive profiles demonstrating the effects of extreme climate factors on the normal distribution of coffee tree soil parameters under the 
SSP4.5 (a) and SSP8.5 (b) scenarios. 

Table 10 
Estimated soil parameters under SSP8.5 extreme climate scenario.  

Predictor Responses Estimate Std Error t Ratio Sign 

R95P Soil pH − 0.018 0.0031 − 5.75 0.0001 
Al3+ 0.001 0.0003 3.65 0.0004 

R99P Soil pH − 0.031 0.0069 − 4.46 0.0001 
Al3+ 0.005 0.0015 3.09 0.0025 

TN10P Soil pH − 0.035 0.4042 0.09 0.9313 
Al3+ 0.016 0.0079 1.99 0.0496 

TN90P Soil pH 0.063 0.0220 2.84 0.0056 
Al3+ − 0.230 0.1449 − 1.58 0.1165 

TX10P Soil pH 0.378 0.5052 0.75 0.4564 
Al3+ − 0.241 0.1811 − 1.33 0.1869 

TX90P Soil pH − 0.186 0.0262 7.09 0.0001 
Al3+ 0.011 0.0094 1.20 0.2348  
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scenario (Table 11). 
Similarly, the soil pH and Al+3 concentration in Cluster 3 significantly differed under the different climate scenarios. The mean soil 

pH is projected to increase by 9.24 % under SSP2.6 and 4.39 % under SSP4.5 but decrease by 2.88 % under SSP8.5. The exchangeable 
aluminum levels in Cluster 3 are also projected to decrease by 24.9 % under the SSP2.6 scenario but will not significantly change under 
the SSP4.5 and SSP8.5 scenarios (Table 12). Overall, the model’s diagnostic results under different climate scenarios reveal that 
climate change clearly affects soil health and agricultural productivity in the study area. Soil pH is generally expected to increase by 
8.35 and 3.79 % under SSP2.6 and SSP4.5, respectively, but considerably decrease by 9.36 % under climate change scenarios. The Al3+

levels in the soil are also projected to decrease by 37.63 % under SSP2.6 but increase significantly by 45 % under SSP8.5. 
In summary, this study revealed that climate change has a significant impact on soil health and agricultural productivity in the 

study area. The exchangeable aluminum levels and soil pH levels in Cluster-2 and Cluster-3 showed significant differences under the 
different climate scenarios. While soil pH levels are projected to increase under the SSP2.6 and SSP4.5 scenarios, they are expected to 
decrease under the SSP8.5 scenario. Similarly, the exchangeable aluminum levels in Cluster-2 are projected to decrease under the 
SSP2.6 and SSP4.5 scenarios but significantly increase under the SSP8.5 scenario. These findings highlight the importance of 
implementing climate change adaptation measures in agriculture to maintain soil health and productivity. 

Fig. 6 illustrates the spatial impact of extreme climate indicators on soil pH under various scenarios. This study indicated that soil 
pH levels were lower in the northern and central parts of the region and higher in the eastern highlands of the Abbay basin under 
historical conditions. However, under the lower and intermediate emission scenarios (SSP2.6 and SSP4.5), the spatial distribution of 
soil pH is projected to change significantly. The western region is expected to experience a further decrease in soil pH due to the 
already acidic soil conditions. Conversely, the projected increase in alkaline soil conditions in the northern and central parts of the 
Abbay Basin ranged from 7 to 8.5 units. Under SSP8.5, the predicted changes in soil pH are expected to significantly decrease soil 
fertility and negatively affect crop productivity. The pH values of the western, central, and eastern regions of the basin are predicted to 
range from 4 to 5.5. 

4. Discussion 

The results indicate that the ANN model outperformed the multiple regression and bootstrapped fore models across several key 
performance metrics. Specifically, the ANN model achieved the highest accuracy and lowest mean squared error (MSE), demonstrating 
its superior ability to capture complex nonlinear relationships within the data. The superior performance of the ANN model can be 
attributed to its advanced structure, which allows for greater flexibility and learning capacity compared to traditional models [69]. 
This makes the ANN model a valuable tool for the predictive analysis of extreme climate influences on soil chemical reactions where 
precise and reliable predictions are essential. 

The diagnostic findings of the model highlight the potential impacts of climate change on soil chemistry, specifically the decrease in 
soil pH and increase in the concentration of Al3+ ions under the SSP8.5 scenario. A decrease in soil pH and increase in aluminum ion 
concentration could have negative impacts on plant growth and ecosystem health. This study emphasizes the importance of consid-
ering multiple factors when analyzing the impact of climate change on soil by identifying predictors such as R95P, R99P, TX90P, and 
TN90P. An increase in R95P, R99P, and TN10P under the baseline conditions significantly decreased the soil pH but positively 
influenced the exchangeable Al3+ concentration. The increase in heavy precipitation and cold night temperatures might result in 
increased leaching of soil nutrients and decreased nutrient availability for plants. This could lead to reduced plant growth and pro-
ductivity in the affected areas. Furthermore, the combination of heavy precipitation and cold temperatures might also increase the risk 
of soil erosion and runoff, which can further degrade soil quality and impact water quality in nearby streams and rivers. 

On the other hand, the increase in TX10P and TX90P significantly improved the soil pH under the baseline conditions. This might 
promote microbial activity, increase the availability of nutrients in the soil and enhance the soil pH. Additionally, the increase in 
TX10P and TX90P may have reduced the leaching of acidic compounds, thereby reducing the acidity of the soil. Overall, these findings 
suggest that changes in TX10P and TX90P can play a crucial role in regulating soil pH and maintaining healthy soil chemistry and, 
ultimately, agricultural productivity. However, prolonged exposure of soil to high temperatures can also lead to soil moisture loss and 
increased erosion, which can ultimately negatively affect soil health. Previous studies have indicated that increasing temperatures can 
either cause soil acidification [70]or improve soil pH [71]. Other studies have indicated that heavy precipitation events can increase 
soil acidity and metal toxicity [72,73]. This study is also consistent with the findings of [8,74], and [75], who reported the impact of 
global climate change on soil health. 

The positive impact of extreme climate indicators on soil pH indicates that reducing greenhouse gas emissions could decrease soil 
acidity. However, the negative impacts of R95P, R99P, and TN10P on soil pH and the positive impact on Al3+ ion concentration 
highlight the need for adaptation strategies to maintain soil health and promote plant growth. However, this can be seen in certain 
regions where heavy precipitation and cooling temperatures reduce soil pH, while warming temperatures actually improve soil pH and 
lead to increased crop productivity, such as in clusters 1 and 3. This highlights the need for localized research and management 
strategies, as the impacts of climate change on soil health can vary widely depending on specific conditions and ecosystems. 

Moreover, this study highlights the complex interactions between climate change and soil chemistry and underscores the 
importance of continued research and monitoring to better understand and mitigate these impacts. It is also important for policy-
makers and researchers to consider these findings when developing strategies to mitigate the impacts of climate change on soil 
chemistry. This may include promoting practices that increase soil microbial activity and nutrient cycling, as well as reducing 
emissions that contribute to climate change [76,77]. Additionally, further research is needed to better understand the complex in-
teractions between climate change and soil chemistry and to develop more effective strategies for mitigating these impacts. Overall, 
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Table 11 
Soil pH changes under different climate change scenarios from 2015 to 2100.  

Cluster Scenarios df Mean Difference % Std Error t Ratio Sign 

1 Historical 29 6.44 – – – – – 
SSP2.6 29 6.47 0.03 0.47 0.15 0.18 0.855 
SSP4.5 29 6.22 − 0.22 − 3.40 0.15 − 1.52 0.1387 
SSP8.5 29 5.10 − 1.34 − 21.54 0.15 − 9.01 0.0001 

2 Historical 44 5.72 – – – – – 
SSP2.6 44 6.48 0.76 13.29 0.12 6.19 0.0001 
SSP4.5 44 6.23 0.51 7.87 0.12 4.15 0.0002 
SSP8.5 44 5.19 − 0.53 − 8.51 0.12 − 4.52 0.0001 

3 Historical 53 5.63 – – – – – 
SSP2.6 53 6.15 0.52 9.24 0.06 8.69 0.0001 
SSP4.5 53 5.90 0.27 4.39 0.06 4.54 0.0001 
SSP8.5 53 5.46 − 0.17 − 2.88 0.08 − 2.12 0.039 

Overall Historical 128 5.85 – – – – – 
SSP2.6 128 6.34 0.49 8.38 0.06 7.61 0.0001 
SSP4.5 128 6.09 0.24 3.79 0.06 3.73 0.0003 
SSP8.5 128 5.28 − 0.57 − 9.36 0.07 − 7.62 0.0001  

Table 12 
Exchangeable Al changes under different climate change scenarios from 2015 to 2100.  

Cluster Scenarios Df Mean Difference % Std Error t Ratio Sign 

1 Historical 29 0.022 – – – – – 
SSP2.6 29 0.002 − 0.020 − 90.91 0.022 − 1.06 0.2958 
SSP4.5 29 0.019 − 0.003 − 13.64 0.022 1.701 0.0997 
SSP8.5 29 0.15 0.128 581.82 0.02 6.293 0.0001 

2 Historical 44 0.229 – – – – – 
SSP2.6 44 0.131 − 0.10 − 43.67 0.009 − 10.9 0.0001 
SSP4.5 44 0.191 − 0.04 − 17.47 0.009 − 4.22 0.0001 
SSP8.5 44 0.272 0.042 18.34 0.017 2.549 0.0144 

3 Historical 53 0.241 – – – – – 
SSP2.6 53 0.177 − 0.06 − 24.90 0.01 − 6.38 0.0001 
SSP4.5 53 0.237 − 0.001 − 0.41 0.01 − 0.32 0.7493 
SSP8.5 53 0.263 0.022 9.13 0.014 1.59 0.1178 

Overall Historical 128 0.186 – – – – – 
SSP2.6 128 0.12 − 0.07 − 37.63 0.008 − 8.69 0.0001 
SSP4.5 128 0.18 − 0.01 − 5.38 0.008 − 0.79 0.431 
SSP8.5 128 0.24 0.054 45.00 0.01 5.321 0.0001  

Fig. 6. The projected spatial changes in soil pH under baseline (a), SSP1-2.6 (b), SSP2-4.5 (c), and SSP5-8.5 (d) scenarios.  
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proactive measures are needed to protect soil health and promote sustainable ecosystem management in the face of climate change. 

5. Strengths and limitations of the study 

The study also highlighted the potential confounding variables that may have positive and negative influences on the results. 

5.1. Strengths  

✓ The use of advanced modeling techniques such as the neural network model enables precise and reliable predictions of soil acidity 
changes in response to extreme climate events.  

✓ Focusing on the Abbay basin, a critical area for agriculture and water resources, makes the findings particularly relevant for local 
policy makers and stakeholders, aiding in better resource management and adaptation strategies. 

✓ This study utilizes climatology, soil science, and environmental modeling to provide a comprehensive understanding of the re-
lationships between climate extremes and soil properties. 

5.2. Limitations  

✓ The modeling approach, based on assumptions such as linearity and variable independence, may not fully capture the intricate 
interactions between climate indicators and soil acidity, potentially introducing biases in the results.  

✓ The uncertainty of long-term climate projections could affect future soil acidity predictions, as models may not fully account for 
unexpected events or changes in land use patterns 

6. Conclusion 

This study highlights the significant impact of climate change on soil chemistry and agricultural productivity in the Abbay River 
Basin. The impacts of climate change on soil chemistry are complex and multifaceted, with both positive and negative effects on 
agricultural productivity. The impacts of extreme climate indicators on soil chemistry are complex and multifaceted, with both positive 
and negative effects on agricultural productivity. An increase in R95P, P99P and TX10P can also lead to increased soil acidity and 
toxicity, posing a threat to both crops and ecosystems. On the other hand, the increase in extreme climate indicators such as the TX10P 
and TX90P indicators will lead to an increase in soil pH and nutrient availability, which can have a positive impact on crop growth. 

The projected changes in soil pH and exchangeable aluminum levels under the different climate scenarios varied from location to 
location. Soil pH levels are expected to increase under the SSP2.6 and SSP4 scenarios in the northern and central parts of the Abbay 
Basin but decrease under the SSP8.5 scenario across the region. The SSP2.6 and SSP4.5 scenarios predicted a decrease in exchangeable 
aluminum levels in Cluster 2, while the SSP8.5 scenario predicted a significant increase over the study area. These changes in soil pH 
and exchangeable aluminum levels can have significant impacts on agricultural productivity and nutrient availability in the Abbay 
Basin. An increase in soil pH can lead to improved nutrient uptake by plants, while a decrease can result in nutrient deficiencies. The 
anticipated increase in exchangeable aluminum levels under the SSP8.5 scenario could hinder crop growth by inhibiting root 
development and nutrient absorption. These findings highlight the importance of considering future climate scenarios when planning 
agricultural practices and soil management strategies in the region. The findings also emphasize the importance of implementing 
localized climate change adaptation measures in agriculture to maintain soil health and productivity, especially in areas that are 
vulnerable to the effects of climate change. It is crucial for farmers and policymakers to take proactive steps to mitigate the negative 
impacts of climate change on soil health and ensure sustainable agricultural practices for future generations. 
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