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Abstract: The composition simplex (N, P, K, Ca, and Mg) of the leaf is the main scores used by different 

approaches like the Diagnosis and Recommendation Integrated System and Compositional Nutrient Diagnosis 

to study the nutrient interactions and balance in plant leaves. However, the application and validation of these 

concepts to grain composition remains unexplored. Contrary to foliar analysis's early intervention for nutrient 

deficiency detection and correction, applying this approach to seeds assesses diverse cultivars' potential, 

enabling anticipation of their adaptation to climate conditions and informed selection for future crops. In the 

present study, a collected database of more than 924 scores including the grain yield (kg ha -1) and the nutrient 

composition (mg kg-1) of different corn varieties is used to develop a novel nutrient-based diagnostic approach 

to identify reliable markers of nutrient imbalance. A 'nutrient signature' model is proposed based on the impact 

of the environ-mental conditions on the nutrient indices and composition (N, P, K, Ca, and Mg) of the corn 

grains.The yield threshold used to differentiate between low and high-yielding subpopulations is established 

at 12.000 kg ha-1and the global nutrient imbalance index (GNII) of 2.2 is determined using the chi-square 

distribution function and vali-dated by the Cate-Nelson partitioning method, which correlated yield data 

distribution with the GNII. Therefore, the nutrient compositions were classified into highly balanced (GNII ≤ 

1.6), balanced (1.6 < GNII ≤ 2.2), and imbalanced (GNII > 2.2). In addition, we found that the Xgboost model's 

predictive accuracy for GNII is significantly affected by soil pH, organic matter, and rainfall. These results pave 

the way for adapted agricultural practices by providing insights into the nutrient dynamics of corn grains 

under varying environmental conditions. 

Keywords: Nutrient Diagnosis Norms (NDN); Nutrient signature; Global nutrient imbalance index 

(GNII); High yielding subpopulation 

 

1. Introduction 

The plant mineral nutrition depend on the complex association between nutrient composition 

also known as plant nutrient signatures [1,2], genetics [3], and adaptation to the environmental 

factors [4]. The comprehension of this complex interaction genotype× environment is challenging 

because of the variation in the soil composition at multiple scales [5] particularly in acidic soils where 

the plant nutrients become less available, affecting the crop yield [5]. Such studies are fundamental 

to developpe reliable markers of nutrient imbalance and signatures [6]. Such studies not only deepen 

our understanding of plant mineral dynamics but also provide vital insights into optimizing plant 

health and productivity under varying conditions. 

Tissue diagnosis is a promising way to assess the seed mineral status before its integration into 

agrosystems. This profiling can successfully address the antagonisms among the five essential 

nutrients, N, P, K, Ca, and Mg, highly absorbed by corn. Early seed diagnosis enables a 

comprehensive assessment of the plant's physiological and nutritional state [7] and it is has been 

investigated in several research disciplines, including plant ecology [4], plant physiology [8], 
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functional genetics [9], and agronomy [10]. In addition to N, P, K, Ca, and Mg, the simplex can include 

other micronutrients such as iron (Fe), zinc (Zn), and copper (Cu), thus, to study the balance concept 

for the mango (Mangiferaindica) based on the nutrient diagnosis, Parent et al. [11] targeted a simplex 

of eleven macro and micronutrient ions (N, P, K, S, Ca, Mg, Fe, Mn, Zn, Cu, B). 

The importance of macronutrient and trace element balances has been highlighted in different 

studies [12] and the yield-related foliar standards was established on Date palm trees" Deglet Nour" 

[13] based on nine nutrients (N, P, K, Ca, Mg, Fe, Mn, Zn, and Cu), and on sweet corn based on N, P, 

and K [14]. The nutrient signature was also examined on the nutritional balance of animal feed rations 

as there is evidence of the direct effect of feed mineral composition on animal nutrition and growth 

[15]. According to Robbins et al. [16] and Dussutour et al. [17], changes in plant mineral composition 

significantly affect the diets of herbivores and omnivores.  

Despite being extensively used on leaves, the nutrient signature related to yield has never been 

explored on the plant edible parts such grains even though that is known that it is the most influential 

organ for this purpose.  

In the present study, to establish a nutrient signature for the grains, the maize (Zea mays L.) was 

chosen as a model because of the accessibility of the data and its important contribution to the world's 

food calories with 19% and to the annual food crop protein production with 15% [18] . It was also 

reported to have a highly nutrient-demanding yield compared to other cereal crops and considerable 

adaptation to various environmental conditions, including tropical, subtropical, and temperate 

regions [19]. A collected database of about 924 scores including the grain yield (kg ha-1) and the 

nutrient composition (mg kg-1) of different corn varieties was exploited to propose the 'nutrient 

signature' model based on the impact of the environmental conditions on the nutrient indices and 

composition (N, P, K, Ca, and Mg) of the corn grains. The establishment of this nutrient signature can 

serve as a reliable marker for predicting corn yield across specific agricultural, soil, and climatic 

conditions.  

2. Materials and Methods 

2.1. Theoretical Approach  

As delineated by Khiari et al. ([14,20]), the commonly analyzed composition of plant tissue is 

represented as a five-dimensional nutrient arrangement. This configuration, known as a simplex (S5), 

encompasses six nutrient proportions which include five essential nutrients, supplemented by a 

'filling value' to complete the model (Eq. 1). This filling value is integral to the arrangement, ensuring 

a comprehensive representation of the nutrient composition. 

𝑺𝟓 = (𝑵, 𝑷, 𝑲, 𝑪𝒂, 𝑴𝒈, 𝑹𝟓): 𝑵 > 𝟎, 𝑷 > 𝟎, 𝑲 > 𝟎, 𝑪𝒂 > 𝟎, 𝑴𝒈 > 𝟎, 𝑹𝟓 > 𝟎; 𝑵 + 𝑷 + 𝑲 + 𝑪𝒂 + 𝑴𝒈 + 𝑹𝟓                       

= 𝟏𝟎𝟎𝟎‰                                                                                       (𝟏) 

Where 1000 is the dry matter concentration ‰; N, P, K, Ca, and Mg are nutrient proportions 

expressed in ‰ or g kg-1; R5 is called the filling simplex and computed as follows (Eq. 2) 

           𝑹𝟓 =  𝟏𝟎𝟎𝟎‰ − (𝑵 + 𝑷 + 𝑲 + 𝑪𝒂 + 𝑴𝒈)                                                                (𝟐)  

This R5 value contains unknown information on sulfur, micronutrients, carbohydrates, and other 

undetermined components, however, the nutrient diagnosis norms (NDN) only cover the five known 

parts. 

In this study, numerical information is condensed and represented by a generic term, G, which 

denotes the geometric mean of the various components, including N, P, K, Ca, Mg nutrients, and the 

filling value R5 (Eq. 3). The research uses the geometric mean to explore potential interactions 

between known and unknown grain components.  

𝑮 =  (𝑵 × 𝑷 × 𝑲 × 𝑪𝒂 × 𝑴𝒈 × 𝑹𝟓 )
𝟏

𝟔⁄                                                                             (𝟑) 

To precisely define the newly introduced centered log ratio variables, designated as CLRx, we 

propose a method where each nutrient is quantitatively characterized in relation to a generalized 

term, denoted as 'G'. This approach is systematically applied to dissect and quantify the intricate 

interrelationships among the constituents of the selected S5 simplex, which is employed to represent 
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the overall nutrient balance accurately. This methodology facilitates a comprehensive understanding 

of each nutrient's role and elucidates the complex interplay between different nutrients within the 

system. The mathematical formalism of the six interactions is summarized as follows (Eq.4): 

𝑪𝐋𝐑N = 𝒍𝒏 (
𝑵

𝑮
) , 𝑪𝐋𝐑P = 𝒍𝒏 (

𝑷

𝑮
) , 𝑪𝐋𝐑K = 𝒍𝒏 (

𝑲

𝑮
) , 𝑪𝐋𝐑Ca = 𝒍𝒏 (

𝑪𝒂

𝑮
) , 𝑪𝐋𝐑Mg = 𝒍𝒏 (

𝑴𝒈

𝑮
) , 𝑪𝐋𝐑R5

= 𝒍𝒏 (
𝑹𝟓

𝑮
) …           (𝟒) 

And by definition, we can verify that the sum of the six CLRx is equal to 0 (Eq. 5)  

     𝑪𝑳𝑹𝑵 +  𝑪𝑳𝑹𝑷  + 𝑪𝑳𝑹𝑲  + 𝑪𝑳𝑹𝑪𝒂  + 𝑪𝑳𝑹𝑴𝒈  +  𝑪𝑳𝑹𝑹𝟓 = 𝟎                                                       (𝟓)   

 Khiari et al. ([14,20]), established that for the high-yield sub-population, the average values of 

six centered log-ratios are essential for defining tissue compositional norms: CLR*N, CLR*P, CLR*K, 

CLR*Ca, CLR*Mg, and CLR*R5. These standards should also encompass the standard deviations of the 

respective ratios for the entire surveyed population. Specifically, this includes SDN, SDP, SDK, SDCa, 

SDMg, and SDR5. These standard deviations are essential to understand the population's tissue 

composition variability. The row-centered log ratios give rise to the NDN indices (Eq. 6), abbreviated 

as IN for Nitrogen, IP for Phosphorus, IK for Potassium, ICa for Calcium, IMg for Magnesium, and IR5. 

These NDN indices provide a standardized measure for each nutrient, facilitating comparative 

analysis and interpretation within the dataset.  

𝑰𝑵 =  
𝑪𝑳𝑹𝑵−𝑪𝑳𝑹𝑵

∗

𝑺𝑫𝑵
 , 𝑰𝑷 =  𝑪𝑳𝑹𝑷−𝑪𝑳𝑹𝑷

∗

𝑺𝑫𝑷
, 𝑰𝑲 = 𝑪𝑳𝑹𝑲−𝑪𝑳𝑹𝑲

∗

𝑺𝑫𝑲
, 𝑰𝑪𝒂 =

𝑪𝑳𝑹𝑪𝒂−𝑪𝑳𝑹𝑪𝒂
∗

𝑺𝑫𝑪𝒂
 ,𝑰𝑴𝒈 =

 
𝑪𝑳𝑹𝑴𝒈−𝑪𝑳𝑹𝑴𝒈

∗

𝑺𝑫𝑴𝒈
,  𝑰𝑹𝟓 =

𝑪𝑳𝑹𝑹𝟓−𝑪𝑳𝑹𝑹𝟓
∗

𝑺𝑫𝑹𝟓
 (6) 

We utilize these six nutritional indices to compute the Global Nutritional Imbalance Index 

(GNII). This computation follows Eq.7, which integrates these individual indices into a 

comprehensive measure of the general nutritional imbalance index. 

𝑮𝐍𝐈𝐈 = 𝑰𝑵
𝟐 + 𝑰𝑷

𝟐 + 𝑰𝑲
𝟐 + 𝑰𝑪𝒂

𝟐 + 𝑰𝑴𝒈
𝟐 + 𝑰𝑹𝟓 ²                                                                  (7)  

Based on principles of probability theory, the GNII conforms to a χ² (chi-squared) distribution 

with 6 degrees of freedom. This adherence to the χ² distribution is attributed to the GNII being a 

cumulative sum of the squares of six independent, centered-reduced normal distributions which 

correspond to the nutritional indices IN, IP, IK, ICa, IMg, and IR5. 

 The establishment of the robust nutrient signature supported by the theoretical principles, 

specifically the χ² distribution law makes GNII an important tool to understand the nutritional 

status of maize, considering its agropedoclimatic conditions and implications in genetic 

selection. 

 2.2. Data Extraction  

The macronutrient composition, N, P, K, Ca, and Mg of different maize grains were extracted 

from 12 specific published studies. Using the 

"WebPlotDigitizer"(Https://automeris.io/WebPlotDigitizer), the collected database included 924 data 

points (Table 1) such as the country of study, precipitation levels, geographical coordinates, and the 

maize cultivar used. 

The dataset was enriched with detailed soil properties including the organic matter content 

expressed in g kg-1 and the soil pH level. Additionally, soil textural groups were classified according 

to the Canadian soil texture classification system [21], namely, fine texture (G1) — encompassing 

heavy clay, clay, silty clay, clay loam, silt-clay loam, sandy clay, and sandy clay loam; medium texture 

(G2) — comprising silt, silt loam, and loam; and coarse texture (G3) — consisting of sandy loam, 

loamy sand, and sand. The spreadsheet also distinguishes between greenhouse and field conditions 

under which the study was conducted. These variables, including soil properties, cultivation 
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conditions, and geographical factors, are treated as inputs in our analysis due to their influence on 

grain yield and the macronutrient composition (N, P, K, Ca, and Mg) in maize. Each research paper 

in our study investigates the impacts of various phenomena — such as soil amendments, fertilizer 

use, farming practices, and plant variety — on these macronutrient levels in maize. The studies also 

examine their effects on grain yield, quantified in kilograms per hectare (kg ha-1). Additionally, it is 

essential to note that grain yield and macronutrient composition data have been normalized to a 

standard moisture content of 15% for comparison consistency and accuracy. 
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2.3. Procedural Steps for Establishing Nutrient Signatures in Corn Kernels  

Table 1. Comprehensive Overview of International Literature Data: Nutrient Composition of maize Grains - Details by Country, Locality, Geo-Referenced Location, Rainfall (mm), 

Cultivar, and Number of Data Points for Database construction. 

Country Location Georeferenced location Rainfall 

(mm) 

Cultivar n References 

Thailand Bangkok 14°04'52.5"N 

100°36'52.8"E 

1207 Nakhon Sawan 3 90 [22] 

Bangkok 14.0785°N,00.6140° E 1207 Kakhon Sawan 3 114 [23] 

Pakchong 14.5 N lat, 101 E 1207 Suwan1/Laposta Sequia/ 

KTX2602/DK888 

162 [24] 

Bangladesh Gazipur-Joydebpur 24°30'0"N and 92°3'0"E 1493 BARIHybrid Bhutta-9 162 [25] 

Canada Lower Onslow 45°22'56.4"N 63°23'25.1"W 1513 CV.Sunnyvee/ CV. Pride and joy 36 [26] 

Québec 46°46'43.3"N 71°16'06.5"W 1513 Pionneer 3893/Dekalb DK221 72 [27] 

USA Mississippi State University 33°27'19.5"N 88°47'39.7"W 1419 Pioneer brand cv. 3223/ 

Pioneer1 brand cv. 31G98 

48 [28] 

Delaware, Massachusetts, Maryland, New 

Jersey, and Pennsylvania 

40°53'10.0"N 73°54'37.0"W 1090 Pioneer Hybrid Brand 3394 12 [29] 

Columbus 39°51'48.4"N 83°40'19.6"W 954 3312 Et 72 [24] 

3377 

3422 

3624 

3750 
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4550 

China 

  

Shaanxi 34-49 N 108 11 E 750 Zhengdan 958 132 [30] 

Beijing 116°11N,40-8E      24  [31] 

Total points 924  
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In this study, to establish standards and a nutrient signature for corn grains, we adopt the 

Compositional Nutrient Diagnosis (CND) model, as detailed in the theoretical section (Equations 1-

7) ([14,20]). It has been previously demonstrated that CND system has better accuracy in diagnosing 

the nutritional status of plant leaves and species in comparison to the Diagnostic and 

Recommendation Integrated System (DRIS) ([14,20,32]). Leveraging the CND framework, we 

quantify the nutritional signature by developing the Global Nutrient Imbalance Index (GNII), a new 

index that assesses nutritional balance in corn kernels.  

The GNII serves as a vital indicator of nutrient status, with its value inversely related to the 

potential yield and suitability for introduction into the receiving agrosystem: a higher GNII suggests 

lower usefulness and yield potential, whereas a lower GNII indicates higher yield potential. The 

formulation of GNII is structured in three key stages: i) Selection of the high-yielding population (pop 

(+)) to establish the Nutrient Diagnosis Norms (NDN). ii) Calculate the theoretical, critical value of 

GNII or 'theoretical chi-squared 2'. iii) Validation of this critical GNII value. These stages enable the 

categorization of nutrient signature values, crucial for characterizing and optimizing maize 

management practices within their respective agrosystems. 

2.3.1. Identifying the High-Yielding Corn Subpopulation  

The detailed methodology of Khiari et al. [32] was adopted in this important step to 

distinguishes the high-yielding subpopulation (Pop+) from the low-yielding one (Pop-). 

The procedure involves the computation of six cumulative variance functions corresponding to 

the six transformed elements: CLRN, CLRP, CLRK, CLRCa, CLRMg, and CLRR5. These functions are then 

correlated with their respective yields to establish cutoff points. We plotted a sigmoid curve for each 

element and applied a five-parameter Richards' equation for the fit. The choice of Richards' equation, 

known for its adaptability, suitability in empirical fitting scenarios and effectiveness in highlighting 

inflection points. 

The determination of these inflection points is crucial as they represent a change in the conical 

cavity, providing insight into sigmoidal behavior. This helps us precisely differentiate between the 

high-yielding and low-yielding subpopulations. The robustness of this fitting approach was 

validated through the coefficient of determination (R²), ensuring the reliability of the subpopulation 

segmentation. Seven key phases have been applied to distinguish between high-yielding (Pop+) and 

low-yielding (Pop-) subpopulations in corn:  

1. Data Organization: Arrange the dataset by descending grain yield. 

2. Transformation Application: Implement the centered log-ratios (CLR) transformation on the 

six-element fractions of the simplex S5, namely CLRN, CLRP, CLRK, CLRCa, CLRMg, and CLRR5. 

3. Transformation Verification: Confirm that the total of the transformed fractions equals zero. 

4. Variance Ratio Calculation: Compute the log-centered variance ratio values for each CLRx. 

5. Cumulative Variance Function Derivation: Develop the cumulative variance ratio functions FCi 

for each CLRx. 

6. Yield-Variance Correlation: Establish the correlation between the cumulative variance 

functions and grain yield, utilizing Richards' equation. 

1. Inflection Point Identification: Determine the inflection point for each element within the 

simplex. The mean of these inflection points across all macronutrients sets the yield 

threshold differentiating Pop+ from Pop-. 

2.3.2. Calculating the Theoretical Global Nutrient Imbalance Index  

The Global Nutrient Imbalance Index (GNII) is a comprehensive measure of crop nutrient 

disequilibrium calculated as the sum of the squared values of six individual indices: IN, IP, IK, ICa, IMg, 

and IR5. These indices are treated as a random, independent variable following a centered, normalized 

distribution. Consequently, the GNII adheres to a chi-square 2 distribution with six degrees of 
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freedom. This 2 cumulative distribution function is utilized to transform the statistical value 'p', 

which represents the proportion of low-yielding (Pop-) observations in the total population, into a 

critical chi-square threshold value (𝝌𝑻𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅 ). For example, if the high-yielding subpopulation 

(Pop+) constitutes 30% of the total population, then 'p', denoting the 70% of the population that is less 

balanced regarding nutrients, marks the boundary beyond which the nutrient balance is considered 

statistically inadequate. By employing this chi-square distribution, we can determine the theoretical 

threshold for GNII (GNIItheoretical) which is represented by the critical 2 value or 2threshold, as discussed 

in Khiari et al. [14] This theoretical GNII value is instrumental in differentiating between balanced 

and imbalanced nutrient states in crop populations. 

2.3.3. Validation of the Global Nutrient Imbalance Index threshold 

The validation process employs the Cate-Nelson two-group partitioning procedure applied to a 

two-dimensional diagram for in which we apply the results from the identification of the high-

yielding subpopulation (Pop+) and determining the theoretical GNII chi-square values. The diagram 

plots grain yield against GNII, revealing critical intersecting values—a vertical line at the GNII value 

on the X-axis and a horizontal line at the gross corn yield on the Y-axis. This methodology 

successfully divides the studied population into four quadrants, each representing a different yield-

GNII relationship: two quadrants for accurate predictions (VP: True Positive, VN: True Negative) 

and two for inaccuracies (FP: False Positive, FN: False Negative). Determining the yield threshold 

and validating the GNII value requires optimizing observations in the VP and VN quadrants, while 

minimizing occurrences in the FP and FN quadrants. The effectiveness of this Cate-Nelson 

partitioning is assessed by counting the number of data points in each of these four quadrants and 

its application in the present study is assessed using five key parameters: 

• Robustness (R²): Defined as R2 = 
𝐓𝐏+𝐓𝐍

𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍
× 𝟏𝟎𝟎, it measures the model’s overall accuracy in 

correctly identifying nutrient signatures. This represents the probability of making a correct 

diagnosis regarding the nutrient status. 

• Specificity: Calculated as 
𝐓𝐍

𝐓𝐍+𝐅𝐏
× 𝟏𝟎𝟎 , specificity indicates the model’s ability to correctly 

identify cases of low yield potential when nutrient signatures exceed the critical threshold. It 

reflects the likelihood of accurately declaring a nutrient imbalance under conditions of poor yield. 

• Sensitivity: Given by 
𝐓𝐍

𝐓𝐍+𝐅𝐏
× 𝟏𝟎𝟎 , this parameter represents the probability of correctly 

identifying high yield potential when nutrient signatures are below the critical threshold. It 

assesses the model’s effectiveness in detecting cases where the nutrient balance is favorable for 

high yields. 

• Positive Predictive Value (PPV): Defined as PPV = 
𝐓𝐏

𝐓𝐏+𝐅𝐏
× 𝟏𝟎𝟎 , this metric estimates the 

likelihood of achieving good yield potential when the nutrient signature falls below the critical 

threshold. 

• Negative Predictive Value (NPV): Calculated as NPV = 
𝐓𝐍

𝐓𝐍+𝐅𝐍
× 𝟏𝟎𝟎 , NPV denotes the 

probability of encountering lower yield potential when the nutrient signature exceeds the critical 

threshold. 

These five parameters validate the GNII value and the yield threshold that differentiate the high-

yielding subpopulation (Pop+) from the low-yielding subpopulation (Pop-) which reinforces the 

reliability of the nutrient signature and yield potential criteria for maize in the present study. 

2.4. Statistical Analysis  

The calculations for the Nutrient Diagnosis Norms (NDN) (Equations (1) to (7)), were performed 

using Microsoft Excel® 2010. Following the computation, we employed the Cate-Nelson method 

known for its effectiveness in binary classification, a critical step in this study. To implement this 

method, we utilize the ‘rcompanion’ package version 3.6.2 within the R statistical software [33].  

In the present study, the Random Forest Regressor (RF) and Xgboost models of machine learning 

have been applied to unravel the complex factors influencing GNII prediction. The computational 
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process was done using Python 3.9.12, an interpreted programming language [34] for the 

implementation and the evaluation of RF and Xgboost models. The choice of these models was driven 

mainly by their ability to handle high-dimensional data and to identify complex, non-linear 

relationships between variables. The RF Regressor, known for its performance in regression tasks, 

was pivotal in assessing the importance of various predictors in estimating the GNII. Meanwhile, 

Xgboost, a highly efficient implementation of gradient-boosted decision trees, offered a 

complementary approach with its handling of missing data and regularization capabilities to prevent 

overfitting. Through this analytical approach, the study sought to shed light on the critical 

determinants influencing the GNII. Understanding these key factors is crucial, as they play a 

significant role in dictating nutrient imbalances of the 5 essential nutrients (N, P, K, Ca, Mg), and 

consequently, the potential yield of crops.  

To investigate the influence of the soil pH, soil organic matter (SOM), cultivar, rainfall, and 

country input variables on predicting GNII for corn kernels we utilized feature importance-based 

machine learning techniques to verify and validate reported findings. Utilizing feature selection 

methods have the advantages including that the model becomes more parsimonious, allowing for 

the reduction of efforts and resources required for data collecting, and that feature significance scores 

with feature selection give more accurate estimations [35].  

The collected data was pre-process and cleaned from inaccurate data and then the normalization 

was performed to establish distinct and dependable attributes. After the pre-processing step, the data 

distribution was visualized to identify any correlations or patterns between the predictor variables 

(soil pH, soil organic matter (SOM), cultivar, rainfall, and country) and the response variable (GNII). 

The result showed a significant patterns and associations that could help in understanding the impact 

of the input variables on the prediction of GNII for corn kernels.  

To calculate the importance score of each attribute, Xgboost and Random Forest algorithms have 

been compared to determine the best model. These two models have been commonly utilized in 

comparable studies and have demonstrated their effectiveness in feature importance analysis [36]. 

Thus, to evaluates the performance of the two models, the dataset was divided into a training dataset 

(70% of the observed data) and a testing dataset (30% of the observed data to validate the predictive 

abilities). The effectiveness of the two applied machine learning models was evaluated using 

statistical measures that include:  

• Robustness (R²): This metric, also known as the coefficient of determination, gauges the models' 

ability to explain the variability in the GNII values. A higher R² indicates a model with a greater 

explanatory power. 

• Accuracy (Slope): We used the slope of the regression line between observed and predicted GNII 

values as a measure of model accuracy. An ideal model would have a slope of 1, indicating perfect 

predictions. 

• Sensitivity (Intercept): The intercept of the regression line provides insights into the model's 

sensitivity and reflects the inherent bias in the models, with an ideal intercept value being zero. 

• Root-Mean-Square Error (RMSE): RMSE offers a clear indication of the prediction error 

magnitude. Lower RMSE values signify greater accuracy, as they indicate smaller deviations 

between predicted and actual GNII values. 

To evaluate the significance and contribution of each predictor to GNII values, Scikit-Learn 

analysis has been applied to calculate the dependency score of each predictor, which reveals how 

much the model’s predictions rely on a particular variable. In addition, the feature importance aspect 

of these models, focusing on the training datasets was used to help discern the relative importance 

of each input variable and to provide valuable insights into their respective influences on the 

variation in corn kernel characteristics and GNII values. 

3. Results 

3.1. Selecting the High-Yielding Subpopulation from the datasets 
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Richards' equation was applied to fit sigmoidal curves with a sharp inflection point (Table 2). 

The correlation coefficients (R2 value) for these sigmoid fits ranged from 0.79 to 0.96, demonstrating 

a robust and reliable model fit. The six inflection points of the sigmoid curves FCi (CLRN), FCi (CLRP), 

FCi (CLRK), FCi (CLRCa), FCi (CLRMg), and FCi (CLRR5) correspond to yield cutoff values varied from 

6.564 to 15.172 kg ha-1, with an average of 11.956, which is close to 12.000 kg ha-1. This average yield 

cutoff of around 12.000 kg ha-1 was used as a limit to differentiate between the high-yielding and low-

yielding maize populations. As this value will be considered as the limit beyond which we can speak 

of high yielding subpopulation, diagnostic standards are consequently grounded in the average 

nutritional indices observed within the high-yielding subpopulation, surpassing the 12.000 kg ha-1 

threshold. Based on this cutoff, we hypothesis that maize crops yielding above this threshold will 

demonstrate reduced variation in their nutrient diagnostic profiles which implies that the yields 

superior to the established cutoff, are associated with lower dispersion or variance in the nutrient 

diagnostics among these high-yielding crops. Essentially, as yield increases beyond this threshold, 

the consistency and predictability of nutrient status in the crops are expected to improve. 

Table 2. Parameter Fitting Using Sigmoidal Richards Curves for Cumulative Variance Functions (FCI): 

Determining Critical Yields at Inflection Points (Yield-IP). 

FCi (CLRX): the cumulative variance ratio function (%) for the component X; K: the upper 

asymptote; A: the lower asymptote M: mean; B: the growth rate = 3 (Lower yield, Acceptable yield, 

and Upper yield); C: typically takes a value of 1; V: affects near where asymptote maximum growth 

occurs >0; FCi (CLRX) -IP: The critical value of the cumulative variance ratio function (%) for the X 

component at the inflection point (IP); Yield-PI: critical yield in kg ha−1 at the inflection point (IP); FCi 

(CLRN) cumulative variance ratio function for Nitrogen; FCi (CLRP): cumulative variance ratio 

function for Phosphorus; FCi (CLRK): cumulative variance ratio function for Potassium; FCi (CLRCa): 

cumulative variance ratio function for Calcium; FCi (CLRMg): cumulative variance ratio function for 

Magnesium; and FCi (CLRR5): cumulative variance ratio function for the filling simplex value. The 

value in bold was chosen to discriminate between the productive and the less productive population.  

 
Characterizing the Sigmoidal Curve: Five Parameters 

of the Richards Equation 
FCi (CLRX) -IP 

Yield-

IP 

FCi (CLRX) K A M B V % kg ha-1 

FCi (CLRN)  101 6.02 10772 0.000376 0.492 58.6 12659 

FCi (CLRP)  100 6.45 10904 0.000299 0.64 57.1 12395.5 

FCi (CLRK)  93.6 6.19 10471 0.000373 0.636 53.3 11684.5 

FCi (CLRCa)  105 -2.15 12000 0.000186 0.554 56.6 15172 

FCi 

(CLRMg)  
89.5 10.7 4702 0.00048 0.299 56.6 6563.5 

FCi (CLRR5)  101 -7.04 16698 0.000294 0.471 53.5 13261.5 
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𝑭𝒄𝑽(𝒚) = 𝒂 + 
𝑲 +  𝑨

𝑪 + 𝒆−𝑩(𝒚−𝑴)𝟏/𝒗
                                                                   (𝟖) 

3.2. Determining the Theoretical Threshold of the Global Nutrient Imbalance Index  

The cutoff yield value of 12.000 kg ha-1 was used to classified 186 examined specimens into two 

distinct subpopulations: a productive subpopulation covering 19 specimens (10%) and a less 

productive subpopulation with 167 specimens (90%). This high prevalence in the less productive 

subpopulation indicates an unbalance in nutrient equilibrium or an elevated rejection rate of the 

nutrient balance. By employing the 2 function with six degrees of freedom, this proportion of 90% 

yields a theoretical GNIItheoretical value of 2.2 which is of significant importance, as it offers valuable 

indications of potential nutritional imbalances within the studied population (Figure 1). When this 

nutrient signature exceeds 2.2 GNII threshold, the specimen indicates an increased risk of nutritional 

imbalance and implies that the distribution pattern of the five nutrients in corn kernels may be 

inadequate, leading to reduced productivity. 
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Figure 1. Theoretical Threshold Determination of Global Nutrient Imbalance Index (GNII) Using Chi-

Square Cumulative Distribution Function with 6 Degrees of Freedom (DF). 

3.2.1. Nutrient Imbalance Index Threshold Validation 

By applying the Cate Nelson partition method, a critical value of 11.000 kg ha-1 was identified 

which correspond to GNII value of 1.6 allowing the splitting of the dataset into four quadrants (Figure 

2). The four quadrants and their corresponding outcomes are i) True Positive (TP, n=24): Corn grains 

with high yields are correctly diagnosed with the global nutrient imbalance index (GNII). These 

grains exhibited high yields  11000 g ha-1 and were accurately identified as nutrient balanced based 

on their GNII values ≤ 1.6; ii) True Negative (TN, n=98): Corn grains with low yields are correctly 

diagnosed with the GNII. These grains had low yields of < 11.000 kg ha-1 and were accurately 

identified as having imbalanced nutrient compositions according to their GNII values > 1.6; iii) False 

Negative (FN, n=5): Corn grain with high yields are incorrectly diagnosed with the GNII. These grains 

had high yields  11000 kg ha-1 but were mistakenly identified as having an imbalanced nutrient 

composition based on their GNII values > 1.6, when in fact, they were nutrient balanced. iv) False 

positive (FP, n=59): Corn grain with low yields are incorrectly diagnosed with the GNII. These grains 

had low yields < 11.000 kg ha-1 but were wrongly identified as having nutrient balance based on their 

GNII values ≤ 1.6, when they had imbalanced nutrient compositions. The high limit of 11.000 kg ha-1 

for corn grain yield was determined by minimizing the number of points in the error quadrants, 

which consist of FN and FP values. The combined points from these two quadrants reached a total of 

64 out of the overall 186 points. The use of GNII threshold, represented by the peak sum of squares 

(Figure 2c), enable a precise differentiation between balanced and imbalanced nutritional states, 

streamlining the identification of corn kernels with optimal nutrient composition and high yield 

potential. This classification is essential for making informed decisions on crop management and 

nutritional interventions to improve crop productivity and overall agricultural performance.  

The proportion of points in the TP and TN quadrants compared to all points in the dataset 

measures the robustness the Cate-Nelson procedure, expressed as = R2 with a calculated value of 65%. 
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This value implies that 65% of the total population had a correctly identified balanced or imbalanced 

nutrient status, supporting the validity and reliability of the proposed Cate-Nelson model.  

The positive predictive value (PPV) reflects the probability that a corn kernel is suitable for a 

balanced nutritional state with a GNII below 1.6. In this case, the PPV calculated value of 

29%represent the chance that a corn kernel (GNII below 1.6) is balanced in terms of its nutritional 

status. Alternatively, the PPV represents the proportion of true positives (correctly identified 

balanced kernels) out of all the grains placed as balanced by the model. With a PPV of 29%, the model 

has some limitations in accurately identifying truly balanced corn kernels, as there is a significant 

number of false positives (corn kernels identified as balanced but are unbalanced). Alternatively, the 

negative predictive value (NPV), which represents the probability of a low yield response to an 

imbalanced nutritional state of the grain (GNII > 1.6), was calculated at 95% which represent the 

probability that a corn kernel (GNII greater than 1.6) will indeed show an imbalanced nutritional 

state and low yields. 

Other parameters such as sensitivity and specificity have been calculated to evaluate the 

performance of the adapted Cate-Nelson model. The calculated sensitivity ([TP/ (TP + FN)]) was 82%, 

which is the probability of making the right decision (GNII threshold) against all observations with 

a yield stability (yield cutoff). The calculated specificity of 62% represents the probability of lower 

corn grain yields with an imbalanced grain nutrient status (GNII>1.6).  

Figure 2 illustrates the fluctuation of the sum of squares, presenting an analysis of variance. It 

showcases peak around 1.6, beyond which a transition occurs from significantly high yields to 

considerably low yields. This peak represent the optimal point to distinguish between a highly 

productive population and a less productive one. The validity of the yield cutoff value is supported 

by its nearness to the GNIITherotical value. 

The 1.6 and 2.2 values enabled the classification of the specimens into three groups: a highly 

balanced composition where GNII ≤ 1.6, a balanced range where 1.6 < GNII ≤ 2.2, and an imbalanced 

category where GNII > 2.2. 

These findings suggest that the variability observed in Cate Nelson's four quadrants is intricately 

linked to the specimens under examination, displaying discernible variations attributed to 

environmental factors and the specific cultivar considered as a genetic factor. Soil pH, organic matter, 

and precipitation play crucial roles in plant growth and development, exerting a remarkable impact 

on specimen characteristics, as validated by the results of feature importance (Section 3.2.1.1). 

Furthermore, genetic variations among treated cultivars were identified as a significant contributor 

to the observed variability. Understanding the mechanisms that determine variability in plant 

attributes is critical to better understand the ecological processes involved in their adaptation to the 

environmental changes and to guiding efforts to select the most adapted cultivars to the local 

conditions. Hence, each factor was studied from the most predictive variable to the lowest predictive 

one for GNII.  
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Figure 2. Development of a Diagnostic Model for Grain maize Using the Cate-Nelson Partition: Key 

Statistical Indicators and Model Performance Metrics - (a) Analysis of Points Outside True Quadrants 

for Yield Threshold Deduction; (b) Yield Distribution Patterns Relative to GNII and Identification of 

True Quadrants (True Positive and True Negative); (c) Determination of Critical Thresholds Using 

Sum of Squares of GNII; (d) Summary Table Illustrating Number of Points Across Quadrants and 

Associated Model Performance Probabilities: Robustness, Negative Predictive Value (NPV), Positive 

Predictive Value (PPV), Specificity, and Sensitivity. 

3.2.2. Environmental Variables Affecting the Determination And Forecasting of the GNII Value 

To predict GNII as a function of variables (Soil pH, SOM, Cultivar, Rainfall, and country), 

Xgboost and Random Forest (RF) gave comparable results. Comparatively to RF (Robustness (R2) = 

60, Root Mean Squared Error (RMSE) = 4.730, intercept =8.70 and accuracy (Slope)= 60%) the Xgboost 

model (Robustness (R2) = 65%, Root Mean Square Error (RMSE) = 4.450, intercept =5.94, and accuracy 

(Slope) = 70%)) was selected due to its performance, exhibiting an R² and slope nearing 100%, while 

its intercept and RMSE are close to zero. 
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Figure 3. Xgboost Predictions and Influential Factors of Global Nutrient Imbalance Index (GNII): (a) 

Scatter Plot Comparing Predicted GNII vs. Actual GNII, (b) Feature Importance of Predictors (%), (c) 

Predicted GNII Response to Soil pH, (d) Predicted GNII Response to Soil Organic Matter (SOM) in g 

kg-1, (e) Predicted GNII Variability Across Cultivars, (f) Predicted GNII Response to Rainfall in mm, 

and (g) Predicted GNII Across Different Countries. 

Figure 3b depicts each variable's importance in the GNII prediction. We determined the 

sequence of influence from the obtained scores, revealing that the soil pH variable emerged as the 

most influential predictor in the GNII, with a dependence score of 40.36%. On the other hand, the 

country variable exhibited the most negligible impact, with a dependence score of 9.30%. 

Soil pH plays a critical role in predicting the GNII values. The GNII values exhibit substantial 

variability within the pH range of 5.5 to 8.2, as demonstrated in (Figure 3c). At a pH of 5.5, the GNII 

value is approximately 10, indicating a highly imbalanced nutritional profile. Furthermore, Figure 3c 

clearly illustrates a distinct decline in GNII within the pH range of 6 to 6.5, suggesting a consistently 

low value. In this range, the population can be classified as having an excellent nutritional balance, 

with GNII values hovering around 2.2. Contrarily, GNII values exceeding 6.8 pH fall within a region 

marked by minimal yield and a notably unbalanced nutritional profile. This indicates that 
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pronounced imbalances are prevalent under extreme conditions, specifically in highly acidic 

environments with a pH below 5.5, as well as in alkaline scenarios where the pH surpasses 6.8. 

The variability in soil organic matter (SOM) also influences the variation in GNII values (Figure 

3d). Based on frequency, the results mainly focus on three peaks corresponding to the following 

values of SOM: 9.67, 13.55, and 25 g kg-1. The first peak, observed at a value of 9.76 g kg-1, resulted in 

an imbalance index of approximately 12. This indicates a population with a highly imbalanced 

nutritional profile, highlighting a deficiency of SOM in establishing a nutritional balance. However, 

a slight increase in SOM to around 13.55 g kg-1 led to a decrease in GNII below 2.5. This falls within 

the zone representing a population with a nutritional balance. Beyond this point, a second peak 

emerged at SOM concentration of 25 g kg-1, leading to a GNII value exceeding 15. This indicates a 

significant nutritional imbalance. Another factor, according to the Features importance results, 

highlights how cultivar significantly affects both production variability and GNII (Figure 3e). 

Categorizing nutrient indices into distinct zones such as highly balanced, balanced, and imbalanced, 

would be beneficial. This systematic classification could aid in effectively grouping cultivars. It would 

also provide insights into their yield responses and GNII, facilitating a deeper understanding of their 

agricultural characteristics and performance. In the high-potential Class 1, cultivars like Suwan 1, 

Zhengdan 958, and 3312ET are notable for their low GNII values, which are below 1.6. This signifies 

a very balanced nutritional profile, as depicted in Figure 3e. Such a nutritional signature is invaluable 

for selecting the most suitable cultivars for specific agrosystems to ensure enhanced yields. 

Meanwhile, Class 2 comprises cultivars with balanced nutritive composition, including Dekalb 

DK221 and Pioneer brand cultivars cv. 3223 and 31G98, also illustrated in Figure 3e. The third 

category, identified as the imbalanced zone, is distinguished by a significantly unbalanced nutritional 

profile. This zone encompasses cultivars such as CV. Nakhon Sawan 3, 3624, 4550, BARI Hybrid 

Bhutta-9, and DK888. Each of these cultivars, as illustrated in Figure 3e, demonstrates characteristics 

that categorize them within this zone due to their less optimal nutrient balances. Recognizing these 

cultivars is crucial for understanding and managing their impact on agricultural outcomes. These 

classifications provide critical insights for informed cultivar selection in agricultural practices. 

An additional crucial element in predicting GNII values is illustrated in Figure 3f, which 

presents the variation of GNII values across different countries. Notably, Bangladesh and Thailand 

display the highest GNII values, with scores of 12 and 11, respectively. This suggests that these 

nations predominantly cultivate nutritionally imbalanced corn varieties, starkly contrasting countries 

like the USA, Canada, and China. It is important to note that the nutritional balance of corn can 

significantly differ from country to country. Various factors, including climate, soil quality, farming 

practices, and genetic diversity, influence this variation. Understanding these nuances is essential for 

a comprehensive analysis of GNII values on a global scale. The predominant pedoclimatic factor 

influencing GNII values is rainfall, as illustrated in Figure 3g. This section underscores the critical 

role of rainfall variability in affecting GNII fluctuations. Notably, when rainfall is within the range of 

750 to 1100 mm, the GNII values tend to be low, not surpassing 2, which is indicative of an excellent 

nutritional balance in the crops. Conversely, higher rainfall levels, specifically between 1200 and 1500 

mm, are associated with two significant peaks in GNII values, approximately 11.28 and 13, 

respectively. These peaks are indicative of a high nutritional imbalance, highlighting the strong 

correlation between increased rainfall and nutrient imbalances in agricultural contexts. 

4. Discussion 

4.1. Selecting the High-Yielding Population from the Datasets 

The implementation of the cumulative variance function facilitated the determination of a yield 

cutoff point of approximately 12.000 kg ha-1, resulting in the stratification of the population into a 

subpopulation exhibiting high yields and another subpopulation showing low yields. The yield data 

presented in existing literature align closely with the outcomes derived from the application of 

Richard's six equations. This congruence further substantiates the accuracy of the calculated average 
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yield value, which stands at 12.000 kg ha-1. Such alignment validates the results obtained from the 

equations and underscores the reliability of the yield data reported in scholarly sources. 

The degree of fluctuation in this critical yield metric differs significantly across countries. These 

variations in yield are primarily attributed to several key factors. These include the extent of fertilizer 

use, agricultural practices, the availability of new cultivar varieties in local markets, and varying 

climatic conditions, among others. Steinfeld et al. [37] provide further insights into these contributing 

elements, highlighting their substantial impact on yield variability in different geographical contexts. 

Bruns and Ebelhar [28] reported that in the United States, specifically in the Mississippi Delta region, 

the average grain yields have shown a notable increase, rising from 6.000 to 8.100 kg ha-1. This 

increase is attributed mainly to nitrogen application, recognized as the most critical macronutrient 

for maize grain yields. In the same context, Supasri et al. [38] observed in northern Thailand that 

maize yields experienced a 5.73% increase, coinciding with improved rainfall conditions during the 

maize growing season. Furthermore, international data suggests that global maize yields range 

between 8.000 and 9.000 kg ha-1. Some studies also noted that a yield is considered satisfactory when 

it exceeds the threshold of 10.000 kg ha-1.  

However, the target yield mentioned earlier significantly surpasses the figures reported in 

previous studies. Khiari et al. [14], documented a yield of 6.670 kg ha-1, while Magallanes-Quintanar 

et al. [39], noted a yield of 7.000 kg ha-1 to categorize the high-yielding subpopulation of maize. This 

yield disparity might be attributed to the differences in achieving nutrient status stability. It is 

observed that maintaining a stable nutrient status in maize leaves is feasible at these lower yield 

levels. In contrast, achieving similar stability in seeds poses a greater challenge, which might explain 

the higher yield targets required for optimal nutrient status. Thus, it becomes evident that evaluating 

yield performance based on seed nutrient status is a more selective approach compared to leaf-based 

assessments. The underlying diagnostic goals for each method are distinct. Leaf diagnosis primarily 

aims to inform and optimize fertilization and supplementation practices. On the other hand, seed 

diagnosis focuses on evaluating the potential of a cultivar and its adaptability to the specific 

agrosystem in which it is cultivated. We can determine the best conditions to promote vigorous 

growth and maximize yields by focusing on seed characteristics. Seed selection provides a more 

direct insight into the potential yield of the plant, making it a valuable approach to crop 

improvement. The findings also revealed that grown cultivars considerably increased grain 

production. As different cultivars have been assessed in this study and each one adapts differently 

to pedoclimatic conditions, which vary from country to country, it is obvious to report the variability 

in yield between cultivars.  

4.2. Determining the Theoretical Threshold of the Global Nutrient Imbalance Index  

4.2.1. Theoretical Global Nutrient Imbalance Index (GNIITheoretical)  

Determining a critical value (GNII), approximately 2.2, for 90% of low-yielding subpopulation 

derived from the chi-square cumulative distribution function holds significant importance in 

comprehending the optimal nutrient balance required to achieve satisfactory yield.  

Employing the same simplex S5 (N, P, K, Ca, and Mg) in their leaf analysis, Magallanes-

Quintanar et al. [39],  and Khiari et al.[14], identified that approximately 30-31% of the population 

was productive. This resulted in critical values ranging between 3.8 and 3.9 for the overall imbalance 

index. In contrast, when nutrient status is assessed in seeds, which is a more selective criterion, the 

proportion of the productive population is markedly reduced to only 10%. Consequently, this leads 

to a significantly lower theoretical GNII of 2.2.  

The higher the critical yield value, the lower the proportion of the high-yielding subpopulation 

in the database, and the lower the theoretical imbalance value (GNII), the more likely the cultivar is 

to perform well in its specific agrosystem. Analysis of the major nutrient composition of maize seeds 

can therefore be used as a nutrient signature to predict the performance and yield potential of the 

cultivar in its environment. By enlarging the database and achieving more interesting levels of 
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precision, this nutrient signature could easily be integrated into the list of genetic selection criteria 

for cultivars 

4.2.2. Nutrient Imbalance Index Threshold Validation  

The application of Cate-Nelson partitioning served as a crucial step in validating the previously 

established metrics of critical yield and GNII. This process revealed that a critical yield of 11.000 kg 

per hectare is less restrictive compared to the 12.000 kg per hectare threshold initially identified 

through the inflection points of Richards' equations (as discussed in section 3.1). Conversely, the 

critical GNII established at 1.6 proved to be more restrictive than the theoretical value of 2.2, which 

was determined based on the 2 law (outlined in section 3.2). This comparison highlights the nuances 

in defining critical yield and GNII values, demonstrating how different analytical methods can lead 

to comparable levels of restrictiveness in agricultural assessments. This validation process 

significantly bolsters the credibility of the nutrient signature method. It underscores its effectiveness 

and reliability as a tool for predicting good yield performance. The successful validation confirms the 

accuracy of this approach and enhances confidence in its practical application for forecasting 

agricultural yields.  

This emphasizes the significance of cultivar*environment interaction in determining the high-

yielding subpopulation and GNII levels. Bawa [40], showed, in a study conducted in Nigeria, a 

significant contribution of new selected cultivars in increasing corn grain yield. Feil et al. [24], 

reported that the new cultivars could be associated also with corn grain nutrient composition 

changes. This highlights the impact of cultivar on the nutritional composition of corn grains. This 

concept of nutrient diagnosis is crucial in the investigation of the mineral composition of maize grain 

in response to physiological stimuli, developmental status, and genetic modifications, as was the case 

in the current study where we examined various cultivars grown in various soil and climatic 

conditions. 

4.2.3. Environmental Variables Affecting the Determination And Forecasting of the GNII value 

Our current understanding of the intricate interactions between genotype and environment in 

agriculture remains somewhat rudimentary. This is partly due to the vast and uneven diversity of 

soil compositions across various scales, as noted by Stein et al. [5]. Cescas [41] significantly 

contributed by identifying the optimal pH levels for maize cultivation specific to each soil textural 

group. For instance, the cultivar Cv. Nakhon Swan3, predominantly grown in Thailand on G1 

textured soils, is best suited to pH values ranging from 5.1 to 5.5. Notably, this particular cultivar 

exhibits the highest GNII (Gross Nutrient Input Index) values and falls into Zone 3, characterized as 

a population with a highly imbalanced nutritional profile. This example underscores the importance 

of matching cultivar characteristics with specific environmental conditions for optimal agricultural 

productivity. Parent, L., & Gagné [21] highlight the importance of soil pH in maize cultivation, 

specifically stating that the optimal pH range for maize in texture group G1 is between 5.8 and 7. This 

finding underscores the critical role of soil pH in achieving high yields and confirms the need to 

consider soil type in agricultural planning. Soils with pH values ranging from 5.1 to 5.5 are 

categorized as highly acidic and generally less fertile. Pernes-Debuyser and Tessier [42] further 

reinforce this by demonstrating that lower soil pH levels correlate with increased soil instability. 

Parent, L., & Gagné [21] also note that soil acidity is a major environmental factor affecting seed 

performance, often leading to nutritional imbalances in seed composition. However, advancements 

in agronomy have shown promise. Researchers like Duque-Vargas et al.[43] , Pandey’ and Gardner’ 

[44] , and Bennet et al. [45] have successfully improved maize grain productivity in acidic soils by 

utilizing tolerant maize cultivars. Analyzing the nutrient signature of seeds across diverse pH 

conditions yields critical insights into the inhibitory impact of acidity on corn yields. This GNII 

signature is influenced by a combination of genetic and environmental factors. By examining the 

GNII signature of seeds, we gain a comprehensive understanding of their adaptability to specific 

environmental conditions. Such analysis could prove invaluable as a strategic tool in genetic selection 

processes. It allows for the identification of cultivars that are not only genetically robust but also well-
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suited to the pH conditions of their intended growing environments, thereby optimizing yield 

potential. Numerous researchers have established a link between the impact of soil organic matter 

(SOM) and agricultural yield. However, few studies have focused on its effect on nutrient balance. 

Our study observed that when the SOM content is less than 11 g kg-1, it results in a marked nutritional 

imbalance, with a high GNII value reaching 16. 

Conversely, an increase in SOM content beyond 11 g kg-1 significantly reduces the GNII value, 

falling below 1.6. This correlation between SOM and GNII (illustrated in Fig.3d) is crucial for 

predicting the adaptability of seeds depending on the organic matter richness of the receiving 

environments. The work of Kane et al. [47], supports these findings, recommending maintaining a 

SOM content above 11 g kg-1 for the three soil texture groups (G1, G2, and G3). The connection 

between the GNII signature and soil organic matter content underscores agricultural advisors' need 

to take proactive steps. These measures should aim to increase the soil organic matter to at least the 

minimum required levels. Doing so is essential not only for maintaining nutrient balance but also for 

ensuring optimal crop yields. This approach highlights the critical role of soil management in 

achieving agricultural productivity.  

Beyond soil characteristics, annual precipitation plays a significant role in determining nutrient 

balance. Rainfall levels between 400 mm and 1.060 mm are associated with the most favorable 

nutrient signatures, indicated by a GNII level not exceeding 4 (Fig. 3g). However, nutrient signatures 

deteriorate when rainfall exceeds 1.060 mm, leading to an GNII value as high as 13. Such excessive 

precipitation promotes the leaching of essential nutrients, resulting in a marked imbalance, a scenario 

especially pertinent in tropical climates. Reinforcing this, Ritchie's [48] model established a 

substantial link between variations in rainfall and their effects on maize yield, nutrient availability, 

and grain quality. Rusinamhodzi et al. [49], further highlighted that adopting conservation 

agriculture practices resulted in higher maize yields in conditions of average annual rainfall below 

600 mm. In contrast, yields tended to decline in regions experiencing average annual rainfall 

exceeding 1.000 mm.  

By meticulously examining the relationship between rainfall patterns and the nutritional 

equilibrium of maize seeds, we can acquire valuable insights into how these climatic factors affect 

the composition of the grains. This understanding enables us to evaluate the adaptability of seeds to 

specific precipitation conditions. By comprehending the fluctuations in seed nutritional composition 

in response to varying rainfall levels, we can identify the optimal conditions for cultivating maize 

seeds that will exhibit exceptional performance. This approach empowers us to meticulously select 

seeds tailored to the unique rainfall characteristics of each environment, thereby maximizing crop 

yields and fostering sustainable agricultural practices. Therefore, it is crucial to understand the 

conditions in which the seed can perform optimally. As a result, the nutritional balance of maize 

varies by country due to a combination of climate, soil quality, farming practices, and genetic 

variables. 

5. Conclusions 

This study introduced an innovative approach by adapting a nutritional signature in maize 

kernels based on their content of five major nutrients: N, P, K, Ca, and Mg. This signature, termed 

GNII, led to two pivotal findings. Firstly, we calibrated the GNII with yield data, and secondly, we 

explored the influence of environmental factors on nutrient balance using machine learning. 

Employing the cumulative variance function and Richard's equations established a critical yield 

threshold of 12.000 kg per hectare, defining a productive sub-population. Using the χ2 distribution 

law, we determined a critical GNII value of 2.2, below which the population is considered both 

productive and in nutrient equilibrium. The Cate-Nelson partitioning method validated these critical 

yield and GNII values. Based on this validation, we propose a classification for the nutrient signature: 

i) very balanced when GNII ≤ 1.6; ii) balanced when 1.6 < GNII ≤ 2.2; and iii) unbalanced when GNII 

> 2.2. In examining how edaphic and climatic factors influence this signature through supervised 

learning, soil pH emerged as the most significant variable, with a 42 % dependence score in signature 

prediction and a critical threshold of 5.5 for nutrient equilibrium. Soil organic matter (SOM), cultivar 
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type, and rainfall also proved influential, with scores of 22%, 13%, and 12.7% respectively. The 

database can be enriched with new data on grain corn to refine this nutrient signature further as a 

tool for cultivar and agrosystem selection. By incorporating more detailed parameters such as rainfall 

distribution during the growing season, thermal units, cultivation practices, and trace elements in 

grains, the precision of this nutrient signature can be significantly enhanced. This advancement can 

potentially transform how cultivars are selected, ensuring they are optimally suited to their specific 

agrosystems. 
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