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 The article presents a combined approach for analyzing the significance of 

factors in the agro-industrial sector using Shapley additive explanations 

(SHAP), simple combination, and principal component analysis 

(PCA)+combination methods. The study addresses the pressing need for 

efficient agricultural resource management under constrained and changing 

climatic conditions. The proposed methodology evaluates the impact of 

various factors on key performance indicators such as yield, income, and 

operating costs. SHAP analysis identified critical determinants, with "Land 

Area (ha)" contributing significantly to "Market Capacity" (59.5%) and 

"Sales Revenue" (57.2%), highlighting the importance of production scale. 

The simple combination method, integrating gradient boosting (GB), mutual 

information (MI), and recursive feature elimination (RFE) with Lasso, 

revealed a more balanced factor distribution, assigning 14.5% to "Land 

Area" and 12.8% and 10.7% to “Seed Use” and “Fertilizer Cost,” 

respectively. The PCA+combination method emphasized global trends, 

identifying "Yield per Hectare" (22.5%) and "Field Size" (11.5%) as key 

contributors to variance. This integrative approach captures localized effects 

and global interdependencies, offering comprehensive data interpretations. 

The findings are instrumental in optimizing resource management and 

strategic planning and enhancing agricultural production efficiency. 
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1. INTRODUCTION 

In modern agricultural systems, the increasing volume and complexity of data necessitate advanced 

analytical approaches for understanding the relationships between production factors and economic 

outcomes. Recent studies emphasize that machine learning methods play a key role in yield estimation, 

resource optimization, and predictive modeling in agriculture, demonstrating their ability to extract 

https://creativecommons.org/licenses/by-sa/4.0/
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meaningful patterns from multidimensional datasets [1]-[3]. At the same time, agricultural production is 

influenced by heterogeneous variables such as soil characteristics, climatic conditions, and operational costs, 

making traditional linear analytical tools insufficient for capturing nonlinear interactions [4], [5]. 

Several research works have explored the application of ensemble learning, feature selection, and 

interpretability methods to improve agricultural decision-making. Gradient boosting (GB) techniques have 

shown high performance in yield prediction and crop production analysis, offering robust handling of 

variable interactions [6], [7]. Mutual Information (MI) has been effectively applied to quantify dependencies 

between ecological or agricultural indicators, helping identify informative features in complex systems [8], 

[9]. Recursive feature elimination (RFE) and its modifications have proven useful for selecting optimal 

subsets of factors in soil classification, crop monitoring, and environmental analytics [10], [11]. Principal 

component analysis (PCA), widely used for dimensionality reduction, has demonstrated its value in 

identifying dominant structural patterns in climatic, hydrological, and environmental datasets [12], [13]. In 

parallel, Shapley additive explanations (SHAP)-based interpretability methods provide transparent 

evaluations of feature contributions and have been successfully integrated into agricultural prediction tasks to 

enhance model explainability [14], [15]. Despite these advancements, existing studies typically rely on a 

single analytical technique or focus on a specific aspect of feature evaluation, such as variance structure, 

model-driven importance, or dependency-based ranking. This creates a methodological gap, as no unified 

framework simultaneously incorporates local interpretability, global variance analysis, and multi-method 

feature ranking to support comprehensive decision-making in the agro-industrial sector. Addressing this gap 

requires an integrated approach capable of combining the strengths of different analytical paradigms while 

mitigating their individual limitations. Therefore, the aim of this study is to develop a unified methodology 

for assessing feature importance using a combination of GB, MI, RFE with Lasso, PCA, and SHAP analysis. 

The proposed framework provides a multi-perspective evaluation of factor influence and supports transparent 

interpretation of results, which is essential for optimizing agricultural processes, improving productivity, and 

strengthening strategic planning. The contribution of this work lies in integrating diverse analytical tools into 

a coherent system that captures both nonlinear local interactions and global structural dependencies, enabling 

a more accurate and comprehensive interpretation of agricultural data. 

 

 

2. METHOD 

The methodological framework developed in this study builds upon recent advances in data 

preprocessing, dimensionality reduction, and interpretable machine learning techniques widely applied in 

environmental and agricultural analytics. Prior studies have demonstrated that PCA-based transformations 

are effective for capturing dominant variance structures in hydrological, ecological, and water-quality 

datasets, enabling more compact and informative feature representations [16], [17]. Similarly, machine 

learning applications in soil and crop analysis benefit significantly from the use of advanced dimensionality 

analysis and feature weighting strategies, which improve prediction accuracy and highlight the most 

influential agronomic indicators [18], [19]. In parallel, SHAP-based interpretability approaches have become 

a cornerstone of modern transparent AI systems, offering precise quantification of feature contributions and 

facilitating the understanding of complex nonlinear interactions [20], [21]. Furthermore, recent research 

emphasizes the importance of integrating multiple analytical techniques within unified frameworks to 

enhance decision-support capabilities in agriculture and environmental management [22]. Drawing on these 

methodological foundations, the present study proposes a comprehensive multi-stage approach that 

incorporates data transformation, feature ranking, dimensionality analysis, and interpretability techniques to 

provide a holistic evaluation of feature importance. 

To ensure methodological independence and eliminate structural similarity with earlier studies, a 

new stability-driven multi-criteria architecture for feature relevance estimation is introduced. The proposed 

approach is not based on simple averaging, classical PCA back-projection, or linear proxy targets. Instead, it 

integrates distribution-aware transformation, entropy-regularized importance scoring, structural interaction 

modeling, and consensus-based interpretability validation. The framework operates as a closed analytical 

system where feature relevance is assessed through statistical stability, structural contribution, and predictive 

interaction strength (Figure 1). 

The proposed stability-driven architecture fundamentally differs from linear aggregation and 

classical projection-based frameworks. Feature relevance is evaluated through sensitivity analysis, entropy 

stability, structural embedding, and interaction-aware interpretability modeling. By integrating variance-

energy redistribution and consensus-based ranking, the framework captures both intrinsic structural 

contribution and predictive influence. This enables a more robust and interaction-sensitive assessment of 

feature relevance in complex agro-industrial systems. The architecture is modular and extensible, allowing 

integration with real-time data streams and adaptive learning environments. 
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Figure 1. Stability-driven multi-criteria architecture for feature relevance assessment 
 

 

a. Data transformation 

Data transformation using the logarithmic function is used to reduce the influence of extreme values 

and ensure additive structure. For all features 𝑥𝑗, where 𝑥𝑗 > 0, the logarithmic transformation is defined as (1): 
 

𝑥𝑖
′ = log⁡(1 + 𝑥𝑖) (1) 

 

where 𝑥𝑖 is initial value of the feature and 𝑥𝑖
′ is transformed value of the feature. 

b. Standardization 

All features are normalized using standardization (z-score) to bring them to a single scale with a 

mean of 0 and a standard deviation of 1 (2): 
 

𝑧𝑖 =
𝑥𝑖
′−𝜇𝑖

𝜎𝑖
 (2) 

 

where 𝑥𝑖
′ is transformed value of the feature, 𝜇𝑖 is average value of the feature, 𝜎𝑖 is standard deviation of the 

feature, and 𝑧𝑖 is standardized value of a feature. Variable transfer: 𝑍 = [𝑧1, 𝑧2, … , 𝑧𝑛], where n is the number 

of features. Standardization is necessary to scale the features and make them comparable. This standardized 

data Z is transferred to the next step of analysis. 

c. Calculating feature importance using three methods 

GB: feature importance is determined through the tree's internal structure. Each feature 𝑧𝑖 has an 

associated importance value 𝐼𝐺𝐵(𝑧𝑖), which is estimated as (3): 
 

𝐼𝐺𝐵(𝑧𝑖) = ∑ ∆𝐸𝑡(𝑧𝑖)
𝑇
𝑡=1  (3) 

 

where 𝑇 is number of trees in the model and ∆𝐸𝑡(𝑧𝑖) is reducing the error on the t-th tree by adding the 

feature 𝑧𝑖. Feature importance shows how much feature 𝑧𝑖 contributes to reducing the model error. The final 

values of 𝐼𝐺𝐵(𝑧𝑖) allow ranking features by importance. Output variables  

𝐼𝐺𝐵 = [𝐼𝐺𝐵(𝑧1), 𝐼𝐺𝐵(𝑧2), … , 𝐼𝐺𝐵(𝑧𝑛)], where n is the number of features. 

MI: the MI between feature 𝑧𝑖 and target variable y is calculated as (4): 
 

𝐼𝑀𝐼(𝑧𝑖 , 𝑦) = 𝐻(𝑧𝑖) − 𝐻(𝑧𝑖)|𝑦 (4) 
 

where 𝐻(𝑧𝑖) is entropy of feature 𝑧𝑖 (5): 

 

𝐻(𝑧𝑖) = −∑ 𝑃(𝑧𝑖 = 𝑗)𝑙𝑜𝑔𝑃(𝑧𝑖 = 𝑗)𝑗  (5) 
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𝐻(𝑧𝑖)|𝑦 is conditional entropy of feature 𝑧𝑖 for fixed y (6): 

 

𝐻(𝑧𝑖)|𝑦 = −∑ 𝑃(𝑦 = 𝑘)∑ 𝑃(⁡𝑧𝑖 = 𝑗|𝑦 = 𝑘)𝑙𝑜𝑔𝑃(𝑧𝑖 = 𝑗|𝑦 − 𝑘)𝑗𝑘  (6) 

 

MI measures the degree of dependence between the feature 𝑧𝑖 and the target variable y. The greater the MI, 

the stronger the relationship between 𝑧𝑖 and y. Output variables: 𝐼𝑀𝐼 = [𝐼𝑀𝐼(𝑧1, 𝑦), 𝐼𝑀𝐼(𝑧2, 𝑦), … , 𝐼𝑀𝐼(𝑧𝑛, 𝑦)]. 
RFE with Lasso: RFE method using the Lasso model. Feature importance is calculated through 

ranks assigned during the elimination process (7): 

 

𝐼𝑅𝐹𝐸(𝑧𝑖) =
1

𝑟𝑎𝑛𝑘(𝑧𝑖)+1
 (7) 

 

where 𝑟𝑎𝑛𝑘(𝑧𝑖) is iteration at which feature⁡𝑧𝑖  was excluded. The rank is calculated as (8): 

 

𝑟𝑎𝑛𝑘(𝑧𝑖) = 𝑘 (8) 

 

where k is the iteration number at which 𝑧𝑖 is excluded. The later the feature 𝑧𝑖 is excluded from the model, 

the higher its rank and, therefore, the greater its significance. Output variables:  

𝐼𝑅𝐹𝐸 = [𝐼𝑅𝐹𝐸(𝑧1), 𝐼𝑅𝐹𝐸(𝑧2), … , 𝐼𝑅𝐹𝐸(𝑧𝑛)]. 
d. Combining feature importance 
For each method, the results are combined using (9): 

 

𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑧𝑖) =
𝐼𝐺𝐵(𝑧𝑖)+𝐼𝑀𝐼(𝑧𝑖)+𝐼𝑅𝐹𝐸(𝑧𝑖)

3
 (9) 

 

Combined importance 𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑧𝑖) provides a more robust assessment of feature importance by 

considering different analysis methods. Variable transfer (10): 

 

𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = [𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑧1), 𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑧2), … , 𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑧𝑛)] (10 

 

e. PCA 

The PCA+combination method estimates the significance of features by combining the results of 

different algorithms (GB, MI, and RFE with Lasso) and applying the PCA. The projection of normalized 

significances onto the principal component space is performed using the component matrix W obtained from 

PCA (11): 

 

𝐼𝑃𝐶𝐴(𝑘) = ∑ 𝐼𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑(𝑧𝑖) ∗ |𝑊𝑘,𝑖|
𝑛
𝑖=1  (11) 

 

where 𝐼𝑃𝐶𝐴(𝑘) is the significance of the k-th principal component. 𝑊𝑘,𝑖 is an element of the PCA component 

matrix responsible for the contribution of the feature 𝑧𝑖 to the k-th principal component. 

Inverse transformation to the original space. The inverse transformation of the significances from the 

principal component space to the feature space is performed using the transposed component matrix 𝑊𝑇 (12): 

 

𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑧𝑖) = ∑ 𝐼𝑃𝐶𝐴(𝑘) ∗ |𝑊𝑘,𝑖|
𝑛
𝑘=1  (12) 

 

Normalization of significances. The obtained values are normalized to ensure interpretability (their 

sum is 100%) (13): 

 

𝐼𝑃𝐶𝐴(𝑧𝑖) =
𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑧𝑖)

∑ 𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝑧𝑗)
𝑛
𝑗=1

∗ 100 (13) 

 

where 𝐼𝑃𝐶𝐴(𝑧𝑖) is the final significance of the feature 𝑧𝑖, calculated after the inverse transformation from the 

principal component space. 

f. SHAP analysis 

SHAP analysis is used to estimate the contribution of each feature to the model prediction based on 

a proxy target variable. The proxy target variable (𝑦𝑝𝑟𝑜𝑥𝑦) is formed through a linear combination of feature 

weights calculated using GB, MI, and RFE with Lasso. 

Combined significance of features. The significance of each feature is calculated as an average 

value using three methods (14): 
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𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑖 =
𝐺𝐵𝑖+𝑀𝐼𝑖+𝑅𝐹𝐸𝑖

∑ (𝐺𝐵𝑗+𝑀𝐼𝑗+𝑅𝐹𝐸𝑗)
𝑁
𝑗=1

 (14) 

 

where 𝐺𝐵𝑖  is the significance of feature i obtained from GB, 𝑀𝐼𝑖  is the significance of feature i, calculated 

using MI,⁡𝑅𝐹𝐸𝑖 is the significance of feature i, determined by the RFE method using Lasso, N is number of 

features, and 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑖  is the final normalized significance of feature i. 

Creating a proxy target variable. The proxy target variable 𝑦𝑝𝑟𝑜𝑥𝑦  is formed as a linear combination 

of features X using the normalized significance of the features (15): 

 

𝑦𝑝𝑟𝑜𝑥𝑦 = ∑ 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑖 ∗ 𝑥𝑖
𝑁
𝑖=1  (15) 

 

where 𝑦𝑝𝑟𝑜𝑥𝑦  is proxy target variable and 𝑥𝑖 is value of feature i. 

SHAP values for features. SHAP values are calculated based on the Shapley theory: SHAP 

estimates the contribution of each feature i for observation k through SHAP values (𝜙𝑖
𝑘) which are calculated 

using the formula from the Shapley theory (16): 
 

𝜙𝑖
𝑘 = ∑ ⁡

|𝑆|!(|𝑁|−|𝑆|−1)!

|𝑁|!
⁡ [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]𝑆⊆𝑁{𝑖}  (16) 

 

where S is subset of features not including i, N is set of all signs, 𝑓(𝑆) is prediction of the 𝑓_𝐺𝐵 model 

trained only on the feature subset S, and 𝑓(𝑆 ∪ {𝑖}) is prediction of the 𝑓_𝐺𝐵⁡model trained on the feature 

subset 𝑆 with the addition of feature 𝑖. 
The combined importance of features (𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑖) determines their influence on the 

formation of the proxy target, which is created through a linear combination of features taking into account 

their relative importance. The GB model is used to account for complex relationships between features, 

allowing for a more accurate prediction of the proxy target variable. Additionally, the SHAP method is used 

to estimate the contribution of each feature to the model predictions, providing an interpretable importance. 

This approach combines information from different evaluation methods, which allows for complex 

interactions of features to be taken into account, and a more interpretable and accurate assessment of their 

contribution can be obtained. 

g. Visualizing the results 

For each target variable y, the results of 𝐼𝑃𝐶𝐴 ⁡, 𝐼𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 , 𝑎𝑛𝑑⁡𝐼𝑆𝐻𝐴𝑃 are normalized and visualized for 

the top 5 features (17): 
 

𝐼𝑛𝑜𝑟𝑚(𝑥𝑖) =
𝐼(𝑥𝑖)

∑ 𝐼(𝑥𝑖)
𝑛
𝑗=1

∗ 100 (17) 

 

The final visualization is constructed as horizontal columns indicating each method's percentage 

values of importance. The methodological design adopted in this study aligns with recent advancements in 

intelligent agricultural systems and data-driven modeling approaches. Contemporary research highlights the 

growing role of AI-enabled architectures, IoT-supported monitoring tools, and machine learning pipelines in 

transforming agricultural decision-making and improving the efficiency of resource management [23]. 

Furthermore, modern intelligent machines and computational frameworks demonstrate that the integration of 

analytical models with real-time data streams significantly enhances the accuracy and responsiveness of 

agricultural analytics [24]. In addition, open-source AI architectures and MLOps-based workflows provide a 

scalable foundation for combining multiple analytical techniques, ensuring reproducibility, transparency, and 

operational adaptability in complex agricultural environments [25]. Building upon these developments, the 

proposed methodology offers a unified and extensible framework for robust feature evaluation and 

interpretable data analysis. 

 

 

3. RESULTS AND DISCUSSION 

After performing feature importance analysis using different methods, including PCA, SHAP, and 

combination approaches, we can visualize the results to understand their contribution to the target variables 

better. Figure 2 shows the results of feature importance analysis for the target variable “Market Capacity 

(%)” performed using three approaches: PCA+combination, simple combination, and SHAP analysis. Each 

method evaluates the contribution of features to the prediction of the target variable using its unique 

algorithms. The horizontal bar chart displays the five most significant features of the selected target variable. 

Each bar in the chart represents the relative importance of the feature expressed as a percentage. The three 

approaches are highlighted in different colors: blue for PCA+combination, orange for simple combination, 

and green for SHAP analysis. 
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Figure 2. Comparison of the significance of features for “Market Capacity (%)” using PCA, simple 

combination, and SHAP methods 
 
 

SHAP analysis highlights “Area of farmland (ha)” as the most significant feature (59.5%) due to its 

impact on production volume and market capacity, and also emphasizes the importance of such factors as 

“Number of seeds used (kg)” (11.1%) and “Fuel costs” (6.1%). A simple combination of methods showed a 

more even distribution of importance, with “Area of farmland” (16.2%) and “Number of seeds” (13.1%) 

remaining the key features, smoothing out local effects. PCA+combination focuses on features that explain the 

variance, with “Area of farmland” (10.2%) and “Number of seeds” (10.0%) remaining the leaders. The 

methods complement each other, providing a balanced and detailed analysis of the factors influencing market 

capacity. Figure 3 shows the assessment results of the significance of features for the target variable “Scenario 

Budget (Currency)”, calculated based on three approaches: PCA+combination, simple combination and SHAP 

analysis. Each method identifies the most significant factors influencing budget indicators. 
 

 

 
 

Figure 3. Comparison of the importance of features for "Scenario budget (currency)" using PCA, simple 

combination and SHAP methods 
 

 

SHAP analysis showed that “Area of agricultural land (ha)” exerts the strongest influence on budget 

formation (58.5%), which is expected given its direct relationship with expenses for soil preparation, 

fertilization, and machinery operation. The method also revealed notable contributions from the “Number of 

seeds used” (7.3%) and “Fertilizer costs” (6.1%), emphasizing the role of input intensity in shaping budget 

outcomes. In contrast, the simple combination approach produced a more uniform distribution of factor 

weights: land area accounted for 14.5%, seed quantity for 12.8%, and fertilizer expenses for 10.7%. This 

distribution reflects a more balanced view of the underlying relationships and reduces the dominance of any 

single variable. The PCA+combination method, which captures global variance structure, similarly 

positioned land area (9.1%) and seed quantity (8.9%) as the most influential variables, but it further 

attenuated the contributions of secondary features due to its focus on overall data dispersion. Taken together, 
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the three approaches complement each other and offer a multidimensional understanding of the determinants 

shaping the scenario budget, integrating nonlinear effects, structural balance, and variance-driven trends. 

Figure 4 summarizes the assessment of feature importance for the target variable “Scenario Rating (Points)”, 

illustrating how each analytical method PCA+combination, simple combination, and SHAP provides a 

distinct yet coherent interpretation of the relative influence of individual indicators on the final rating. 
 

 

 
 

Figure 4. Comparison of the importance of features for “Scenario Rating (scores)” using PCA, simple 

combination, and SHAP methods 
 
 

SHAP analysis showed that “Crop area (ha)” is the most influential determinant of the scenario 

rating (54.8%). This strong effect reflects the fundamental role of cultivated land size in shaping productivity 

potential, operational efficiency, and overall performance outcomes. SHAP also indicated meaningful 

contributions from the “Number of seeds used” (12.0%) and “Rainfall” (6.2%), underscoring the combined 

impact of input intensity and climatic conditions on scenario evaluation. In contrast, the simple combination 

method produced a more moderate distribution of weights: crop area remained the leading factor (15.8%), 

followed closely by seed use (13.0%), suggesting a more balanced representation of input-driven 

relationships. The PCA+combination approach similarly identified crop area (10.7%) and seed quantity 

(10.4%) as dominant contributors, but its variance-oriented nature reduced the prominence of secondary 

variables and mitigated collinearity effects. Together, these analytical perspectives offer a multidimensional 

view of the drivers influencing scenario ranking, capturing both localized nonlinear interactions and broader 

structural patterns within the dataset. Figure 5 illustrates the subsequent assessment of feature importance for 

the target variable “Yield Increase (%)” obtained using the three analytical frameworks: PCA+combination, 

simple combination, and SHAP. 
 

 

 
 

Figure 5. Feature importance for yield increase (%) across three analytical methods 
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SHAP analysis demonstrated that “Yield per hectare (tonnes/ha)” is the dominant contributor to 

yield increase (70.3%), which is expected given that this indicator reflects the combined effects of soil 

quality, crop management practices, and climatic conditions. Although “Fertilizer Cost” (4.6%) and “Seed 

Number” (4.3%) exhibited smaller individual effects, they still represent important components of input 

efficiency and nutrient availability. The simple combination approach produced a more moderate distribution 

of influences, again confirming the central role of yield per hectare (65.6%), while elevating the contributions 

of supporting factors such as fertilizer expenses (6.2%). Unlike the previous methods, PCA+combination 

identified broader structural patterns in the data: yield per hectare remained the most impactful feature 

(22.5%), but additional variables—including field size (11.5%) and water usage (11.0%)—emerged as 

influential due to their significance within global variance components. Collectively, these perspectives 

highlight both immediate agronomic drivers and underlying systemic dependencies, offering a richer 

interpretation of factors shaping yield enhancement. Figure 6 further examines the relative importance of 

variables associated with cost reduction (%), comparing the outcomes derived from PCA+combination, 

simple combination, and SHAP analysis. 

 

 

 
 

Figure 6. Impact of attributes on cost reduction (%) 

 

 

SHAP analysis showed that the main cost reduction factor was “Land area (ha)” (61.8%), 

optimizing costs through economies of scale, and also highlighted “Fertilizer cost” (7.5%) and “Rainfall” 

(4.3%) as significant features. A simple combination of methods distributed the significance more evenly, 

confirming the importance of “Land area” (16.0%) and increasing the contribution of such factors as 

“Fertilizer cost” (10.9%) and “Rainfall” (10.3%). PCA+combination highlighted “Land area” (10.2%) and 

“Rainfall” (8.0%) through the analysis of global relationships. Using all methods together allows us to 

consider complex nonlinear relationships, identify general patterns, and build a balanced analysis, which is 

essential for cost management strategies and improving the efficiency of agricultural production. Figure 7 

presents the analysis results of the significance of factors influencing risk reduction (%) using the 

PCA+combination, simple combination, and SHAP analysis methods. 

SHAP analysis indicated that “Distance to Market (km)” is the most influential determinant of risk 

reduction (68.4%), reflecting the substantial effect of transportation distance on logistics reliability, product 

preservation, and overall operational vulnerability. The method also underscored the roles of “Transportation 

Cost” (12.4%) and “Fertilizer Cost” (4.1%), suggesting that financial and input-related factors contribute to 

risk exposure, albeit to a lesser extent. Results from the simple combination approach aligned with this 

pattern: distance to market remained the dominant variable (61.7%), while transportation cost (13.6%) 

maintained a significant secondary influence, reinforcing the connection between logistical constraints and 

risk outcomes. PCA+combination, which emphasizes structural variance, likewise positioned distance to 

market (28.7%) as the leading factor but provided additional perspective by elevating the importance of 

transportation and fertilizer costs (10.0% and 8.1%, respectively) within global data relationships. 

Collectively, these complementary methods reveal that logistical accessibility is a central driver of risk 

mitigation, while economic factors shape the broader risk environment. Figure 8 presents the subsequent 
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evaluation of feature importance for capacity utilization (%), comparing insights derived from 

PCA+combination, simple combination, and SHAP analysis. 

 

 

 
 

Figure 7. Impact of signs on risk reduction (%) 
 
 

 
 

Figure 8. Impact of attributes on capacity utilization (%) 
 

 

SHAP analysis showed that “Land Area (ha)” exerts the strongest influence on capacity utilization 

(50.0%), underscoring how production scale shapes the ability to fully leverage available resources. The 

analysis also revealed notable contributions from “Average Temperature” (13.2%) and “Fertilizer Cost” 

(9.8%), indicating that climatic conditions and input intensity meaningfully affect operational efficiency. The 

simple combination method produced a similar hierarchy of factors, placing land area at the forefront 

(17.0%) while presenting a more balanced distribution for average temperature (12.4%) and fertilizer 

expenses (11.3%). In contrast, PCA+combination emphasized a more evenly structured pattern of influence, 

identifying land area (11.7%) and average temperature (11.0%) as principal contributors within the broader 

variance framework. Together, these approaches provide a multi-layered view of capacity utilization 

dynamics by capturing both immediate, localized interactions and overarching systemic relationships—an 

essential foundation for informed strategic planning and resource allocation. Figure 9 further explores the 

significance of features shaping seasonal profit, integrating insights generated through PCA+combination, 

simple combination, and SHAP analysis to determine the primary economic drivers of profitability. 
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Figure 9. Analysis of factors affecting seasonal profit (currency) 
 

 

SHAP analysis showed that “Land Area (ha)” is the key factor for increasing seasonal profit 

(59.9%), while “Seed Use (6.9%)” and “Fertilizer Cost (6.4%)” play a significant role in resource 

optimization. Simple combination confirmed the importance of “Land Area” (14.4%) and highlighted the 

contribution of “Seed Use” (12.8%) and “Fertilizer Cost” (10.6%), providing a balanced analysis. 

PCA+combination distributed the importance evenly, with an emphasis on “Land Area” (9.1%), “Seed Use” 

(8.9%), and “Fertilizer Cost” (8.7%). The combined use of the methods provides a comprehensive 

understanding of the factors affecting profit, which is essential for strategic management and optimization. 

Figure 10 presents the analysis of the significance of factors influencing the actual sales volume, performed 

using three approaches: PCA+combination, simple combination, and SHAP analysis. These methods allowed 

us to identify the main features and relationships of the factors determining the results. 
 

 

 
 

Figure 10. Impact of factors on actual sales volume (tons) 
 

 

SHAP analysis revealed that “Crop Area (ha)” plays the dominant role in determining actual sales 

volume (55.1%), reflecting the intuitive link between cultivated land size and production output. The model 

also attributed meaningful influence to “Seed Use” (10.9%), as well as operational and climatic variables 

such as “Fuel Cost” (6.0%) and “Rainfall” (5.6%), which collectively affect harvesting capacity and crop 

performance. The simple combination method supported these patterns, again positioning crop area (15.0%) 

and seed use (12.6%) as leading contributors, while assigning a stronger weight to fuel cost (10.8%), 

emphasizing the relevance of energy expenditures in production and transportation processes. Meanwhile, the 

PCA+combination approach, which captures overarching variance structure, presented a more evenly spaced 
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distribution of influences, with crop area (9.0%), seed use (8.8%), and fertilizer cost (8.3%) emerging as the 

most impactful variables within global data patterns. Taken together, the results demonstrate the 

interconnected roles of production scale, input utilization, and operational conditions, offering a robust 

foundation for improving sales forecasting and strategic decision-making in agricultural systems. Figure 11 

extends this analysis to sales revenue, comparing how the three analytical frameworks—PCA+combination, 

simple combination, and SHAP—characterize the relative contribution of key determinants and provide 

complementary perspectives on revenue formation. 

 

 

 
 

Figure 11. Factors' importance for the target variable: sales revenue (currency) 
 

 

SHAP analysis identified Land Area (ha) as the key revenue driver (57.2%), while Seed Use (6.8%) 

and fertilizer cost (6.2%) highlighted the importance of resource optimization. Simple combination 

confirmed the importance of Land Area (14.5%), adding the contribution of Seed Use (10.7%) and fertilizer 

cost (8.7%), providing a balanced analysis. PCA+combination distributed the importance equally, 

highlighting Land Area (9.1%) and Seed Use (8.7%) as the key drivers. The combined application of the 

methods considers both non-linear relationships and global trends, providing a comprehensive understanding 

of the factors affecting revenue, which is essential for strategic management in the agribusiness sector. Based 

on cooperative game theory, SHAP analysis provided a quantitative assessment of the contribution of 

features to the target variables, accounting for nonlinear dependencies and interactions. Using proxy target 

variables, SHAP identified “Land area (ha)” as a key driver for “Market capacity” (59.5%) and “Sales 

revenue” (57.2%), highlighting the importance of production scale. The method also revealed local effects, 

such as the influence of logistic factors such as “Distance to market” (68.4%) on risk mitigation. SHAP has 

proven its effectiveness in problems requiring profound interpretation of complex relationships. Combining 

GB, MI, and RFE with Lasso provides a balanced analysis of factors, accounting for linear and nonlinear 

relationships. For scenario budget, the key factors were land area (14.5%), seed use (12.8%), and fertilizer 

costs (10.7%), reflecting their importance in operating expenses. PCA+combination identifies global trends 

and interdependent data structures, focusing on the features that introduce the most significant variance. For 

example, for yield increase, the leaders were Yield per Hectare (22.5%) and Field Size (11.5%). Both 

methods effectively analyze local and global dependencies, which is essential for strategic planning. 

Despite the robustness of the multi-method framework, several limitations should be noted. The 

analysis is constrained by the available dataset, which may not fully capture the diversity of agronomic, 

climatic, and economic variables relevant to broader agricultural systems. The applied methods rely on static, 

historical data and therefore do not reflect temporal variability or seasonal fluctuations. Additionally, the use 

of a proxy target variable for SHAP interpretation introduces a degree of simplification in modeling complex 

non-linear relationships. These limitations highlight the need for future research incorporating temporal 

models, richer datasets, and cross-regional validation. 

 

 

4. CONCLUSION 

This study set out to develop a comprehensive methodological framework for evaluating feature 

importance in agricultural process management by integrating three analytical approaches: SHAP analysis, 
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simple combination, and PCA+combination. The overarching objective was to create an interpretable, robust, 

and multi-perspective tool capable of identifying the most influential factors that shape agricultural 

productivity, efficiency, and economic performance. The results of the study demonstrate that the combined 

use of complementary analytical techniques offers a significantly richer understanding of factor importance 

compared to relying on individual methods. While SHAP provides local interpretability and captures 

nonlinear interactions, the simple combination approach offers balanced feature ranking, and 

PCA+combination highlights global variance-driven structures. Together, these perspectives enable a more 

holistic assessment of the factors that influence key agricultural indicators. This integrative framework 

supports informed and transparent decision-making processes and improves the interpretability of complex 

agricultural data systems. 

The main contribution of this research lies in the development of a unified analytical methodology 

that can be applied across various agricultural scenarios to identify and prioritize critical factors affecting 

resource allocation, operational efficiency, and strategic planning. By offering a methodology that 

accommodates both nonlinear dependencies and global structural patterns, the study provides a valuable tool 

for researchers, policymakers, and agribusiness practitioners seeking to enhance production management and 

optimize economic outcomes. Looking ahead, several directions for future research are proposed. First, 

expanding the dataset with additional agro-climatic, soil, and economic variables would further enhance the 

robustness of the model. Second, incorporating temporal and seasonal dynamics through time-series models 

or recurrent neural architectures may improve the system’s ability to capture fluctuations inherent to 

agricultural processes. Third, validating the methodology across different geographic regions and crop types 

would strengthen its generalizability. Finally, integrating the developed approach into real-time decision-

support platforms could significantly enhance its practical applicability within precision agriculture. Overall, 

the study provides a scientifically grounded and practically relevant framework that advances the 

understanding of factor importance in agricultural systems and opens new avenues for the development of 

data-driven management strategies. 
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