Ny agriculture

Article

Predictive Modelling of Maize Yield Under Different Crop
Density Using a Machine Learning Approach

Dragana Stevanovié !

, Vesna Peri¢

2 1

, Svetlana Roljevié¢ Nikolié 1@, Violeta Mickovski Stefanovi¢ 1@,

Violeta Oro 3(7, Marijenka Tabakovi¢ 2* and Ljubi3a Kolari¢ 4

check for
updates
Academic Editors: Csaba Bojtor,

Arpad 1llés and Adrienn Széles

Received: 15 September 2025
Revised: 7 October 2025
Accepted: 11 October 2025
Published: 14 October 2025

Citation: Stevanovi¢, D.; Peri¢, V.;
Roljevi¢ Nikoli¢, S.; Stefanovi¢, V.M.,
Oro, V.; Tabakovi¢, M.; Kolari¢, L.
Predictive Modelling of Maize Yield
Under Different Crop Density Using a
Machine Learning Approach.
Agriculture 2025, 15, 2138.
https://doi.org/10.3390/
agriculture15202138

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

“Tamis$” Research and Development Institute, 26000 Pancevo, Serbia; stevanovic@institut-tamis.rs (D.S.);
roljevic@institut-tamis.rs (S.R.N.); mickovski.stefanovic@institut-tamis.rs (V.M.S.)

Maize Research Institute Zemun Polje, 11185 Belgrade, Serbia; vperic@mrizp.rs

Institute of Plant Protection and Environment, 11000 Belgrade, Serbia; viooro@yahoo.com

Faculty of Agriculture, University of Belgrade, 11080 Belgrade, Serbia; kolaric@agrif.bg.ac.rs

*  Correspondence: mtabakovi@mrizp.rs

=W N

Abstract

In the face of increasing climate variability, understanding the dynamics of plant-to-plant
interactions within crops is becoming increasingly important. This study aimed to examine
plant responses to varying intensities of inter-plant competition, induced bz different
planting densities, to enhance the accuracy of future yield prediction models. Six hybrids
were grown at three planting densities (S1, 54, S7). Grain yield and yield components were
estimated at four developmental points during grain filling (V1 to V4). These regression
models and machine learning (ML) were applied to predict maize production under
variable weather conditions. The factor year was the main source of variability, with
less favourable conditions in the second year (G2) reducing yield by approximately 1-2%.
Lower planting density (S1) improved individual plant development and yield components,
while maximum density (S7) resulted in higher grain yield despite reduced individual
performance. Hybrid H5 showed strong tolerance to high density, producing the highest
yield under S7 conditions. Machine learning models accurately predicted key seed quality
traits—moisture, oil, and protein—with performance metrics exceeding 80% accuracy.
Specifically, R? values reached 0.82 for moisture content and 0.77 for oil concentration,
indicating strong predictive capability. These findings support careful selection of hybrids
and optimal planting density strategies in future cropping systems to increase yield and
maintain seed quality in different environments.

Keywords: yield forecasting patterns; growth stages; cultivation techniques

1. Introduction

Maize (Zea mays L.) is cultivated worldwide under a variety of environmental con-
ditions, making it the most widely grown crop [1]. As global climate change reduces the
optimal ecological conditions for crop production, the structure and distribution of plant
species are changing. Managing the negative impacts of the newly developed conditions is
a challenge for contemporary agriculture in order to preserve the current crop production
structure and quantity.

Current efforts are mainly focused on introducing new cultivation methods [2,3].
The number of plants per unit area is the most important factor in crop production and
a basic requirement for high yields. Obtaining plant density in the field is one of the
most effective methods for increasing maize production per unit area [4]. The number
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of plants is determined by sowing, but realized plant density relies on factors such as
germination and emergence, meteorological conditions, and cultivation techniques. Maize
breeding programs have developed hybrids that achieve the best performance at specific
plant densities [5]. In the era of maize hybrids, densities have increased significantly,
from around 30,000 plants ha~! in the 1950s to over 80,000 plants ha~! in some growing
areas today [6]. Maize hybrids of recent breeding cycles are more water-efficient, use
mineral nutrients more rationally and efficiently, and tolerate higher planting densities
compared to earlier generations of hybrids [7,8]. Advancements in the performance of
newly developed hybrids significantly enhance crop yield while promoting sustainability
by reducing resource wastage. This dual focus on productivity and sustainability is essential
in light of climate change and shifting crop structures. By adopting innovative practices, the
agricultural sector can foster resilience and adaptability, thereby ensuring long-term food
security [9-11]. Recommended plant density for a specific hybrid depends on numerous
factors, i.e., the length of the hybrid’s vegetation period, morphological characteristics, plant
growth pattern, available soil moisture, soil fertility, sowing time, and crop management.
However, increasing the number of plants per unit area has its positive and negative aspects.
A high maize planting density leads to a reduction in ear length, weight and number of
grains per row, and root area [12,13]. This reduction can ultimately affect overall yield,
as the plants intensively compete for nutrients and water. As a result, farmers must find
a balance between plant density and resource availability in order to optimize growth
and output. On the other hand, numerous results support the statement that increasing
the number of plants per unit area may increase yield per ha [14,15]. The genetic and
biological mechanisms that regulate yield potential are clearly different from those that
control density tolerance [16]. Therefore, the problem of plant number per unit area must
involve multiple factors such as soil quality, water availability, and nutrient management,
which are essential for plant health and productivity. Further research is essential to
unravel these complex interactions and develop strategies that maximise yield without
compromising plant density [17].

In recent decades, numerous researchers have focused their efforts on developing
monitoring techniques aimed at predicting crop yields [18]. Early and accurate crop yield
prediction benefits the entire agri-food production chain, including individual producers,
the processing industries, and regional governments [19]. Timely and reliable crop forecasts
are vital for strengthening national and international food security policies, which are
crucial for market stabilization and intervention planning in countries [20-22]. Timely
yield forecasts may help producers to optimize agronomic management practices [23,24]
and support the agri-food industry to refine food processing, storage, transportation,
and marketing strategies [19,25-27]. A statistical prediction technique employs linear
regression for processing data on morphological traits, yields, and meteorological factors.
The relationship between these data sets provides a better understanding of how different
elements and their interactions affect individual parameters and yield [28-31]. Applying
machine learning and algorithms to heterogeneous data sets from different sources allows
for deeper analyses of complex relationships and factors and generating predictions about
them [32-34]. Forecasts show that one-third of the variance in global crop production is
explained by climatic factors [35]. Along with weather factors, vegetation indices (VI) are
another variable in the ability to predict yields, in many studies [28,36-38]. Accurate yield
forecasting is crucial for the entire agri-food supply chain. However, the scope and level of
precision required vary depending on the specific problem being studied [39].

This study aims to generate various predictors for yield prediction by investigating
how different crop densities affect maize seed morphological traits and grain yield. Inte-
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gration of field data with machine learning for maize yield prediction should introduce

novel and impactful aspects that enhance accuracy, robustness, and practical utility.

2. Materials and Methods

2.1. Field Experiment and Plant Material

The field trial was set up at the experimental fields of Maize Research Institute Zemun
Polje (MRIZP) (44°52'00” N, 20°19'00” E), the vicinity of Belgrade, during 2023 and 2024.
The experiment was established as a split-plot in the Randomised Complete Block Design
(RCBD) model with three replications (Table 1).

Table 1. Elements of the experimental plot.

Element Details
Blocks (Replications) 3 total; arranged vertically in the field layout.

3 per block, each representing one planting density
Subplots per Block S1: 40,816 plant ha~!, S4: 69,686 plant ha~!,

S7: 98,522 plant ha~!.
Hybrids per Subplot 6 plots (H1-H6), randomized within each subplot.
Elementary Plot Size 0.196 m? to 0.198 m? (varies slightly by density).

Row Structure

Each hybrid sown in 3 rows per plot.

Row Length

14 m to 14.21 m (varies slightly by density).

Inter-row Spacing

70 cm between rows.

Intra-row (Plant) Spacing

S1=35cm,S4 =20.5cm, S7 =14.5 cm.

As plant material, six hybrids of different maturity groups (FAO 400 and 500) released
at MRIZP were selected for the field experiment (H1 to H6). Sowing of the trial was
carried out in three different crop densities, corresponding to the minimum, optimal, and
maximum number of plants for the hybrids used in the trial (S1, 54, S7) (Figure 1).

Block 1 (Replication 1)
1

Density S1 |
Randomized H1-H6

| (6 plots) |

Density S4 |
Randomized H1-H6
| (6plots) |

Density S7 |
Randomized H1-H6

| (6 plots) |
| |

Block 2 (Replication 2)

Block 3 (Replication 3)

Density 54 | Density S7 |

Randomized H1-H6
| (6plots) |

Density S7 |
Randomized H1-H6

| (6plots) |

Density S1 |
Randomized H1-H6

| (6plots) |
| |

Randomized H1-H6
| (6plots) |

Density S1 |
Randomized H1-H6
| (6plots) |

Density 5S4 |
Randomized H1-H6
| (6plots) |

|

Figure 1. Experimental field design: split-plot randomised complete block design (RCBD).

According to USDA-NRCS (1999) [40], the soil was a slightly calcareous Chernozem
(Table 2). This type of soil is characterized by strong porosity, ideal heat and moisture

regimes, and a great potential for producing maize and other cultivated plants.
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Table 2. Soil quality parameters.

Parameter Value/Description
Soil Classification (USDA-NRCS) Slightly calcareous Chernozem (Molcal silt loam)

Coarse-loamy, mixed, superactive, mesic
Vitrandic Calcixerolls

Soil Taxonomy

Soil Layer Analyzed 0-30 cm

Organic Matter 3.1%

Total Nitrogen (N) 0.23%

Organic Carbon (C) 1.8%

Accessible Phosphorus (P) 13 mg per 100 g soil

Available Potassium (K) 30 mg per 100 g soil

Total Calcium Carbonate (CaCO3) 9.5%

Soil pH 7.8
Strong porosity, ideal heat and moisture regimes,

Soil Characteristics high productive potential for maize and other
cultivated crops

Source USDA-NRCS (1999)

Conventional crop care and protection measures and soil cultivation were applied on
the experimental plot during the growing season (Table 3).

Table 3. Experimental field management.

Parameter Details
Primary Tillage Ploughing to a depth of 25-30 cm in autumn.
Seedbed Preparation Spring tillage to a depth of 10-12 cm.

16.8 kg N ha~! (2022)/18 kg N ha~! (2023)
Fertiliser 67.2 kg Pha~! (2022)/72 kg P ha~! (2023)

applied in Autumn

44.8 kg Kha! (2023)/36 kg K ha~! (2023)
Applied fertiliser: NPK 6:24:12; 300 kg ha~!
Applied fertiliser: Urea (46% N; carbamide);

Fertiliser ~ 280,/300 kg ha !

applied in spring
280 kg ha~! 2023/300 kg ha~! 2024
Pre-emergence mixture:

Herbicide Adengo 0.44 L ha~! + Glifomark 1.5 L ha~1.

Post-emergence: Laudis 2 L ha~!

2.2. Chemical Analysis of Maize Kernels

Chemical analysis of maize kernels was performed using the non-destructive method
Near-Infrared (NIR) spectroscopy to determine the content of starch (Skrob), protein (Pro-
tein), and oil (Ulja)) [40].

2.3. Grain Yield and Yield Components

Following ear harvesting, yield components were measured by creating ear samples
from ten plants of each hybrid, with three replications. The samples were manually
collected from each replication’s central row. The following traits were determined: CBL:
cob length; NR: number of rows; NGR: number of grains per row; CBD: cob diameter;
CCD: cob core diameter; CBM: cob mass; COM: cob core mass; MTG: mass of 1000 grains;
and GY: grain yield. A calliper (accuracy 1/10 mm, range 0-150 mm; Kern, Ballingen,
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Germany) was used to measure the cob and the cob core diameter, and a precision meter
was used for the cob length. The NR was counted on each cob from the sample, and the
NGR was determined by counting three rows of grains on each cob. CBM was determined
by weighing a sample of 10 cobs, which were crowned to measure COM, using a weighing
scale (ET 1111, Technica, accuracy 0.01/01 g). The 1000-grain mass (MTG) was determined
by the [41] International Seed Testing Association (ISTA) standard method.

The central row of each factor variant was harvested manually at the stage of full
maturity to determine grain yield (YLD). Following the shelling of the cobs, the grain mass
was measured. The values were then adjusted to a moisture content of 14% for the grain
yield per hectare calculation.

The 15 days after pollination (DAP) stage and each subsequent 10-day interval are
critical control points that coincide with key stages of grain development and grain filling.
These parameters were monitored in the experiment as key points in the effective man-
agement of maize grain yield and quality. Grain filling monitoring and sampling were
performed at stages V1: 15 (DAP), V2: 15-25 (DAP), V3: 25-35 (DAP), and V4: 35-45 (DAP).

Fifteen days after the pollination was finished, four sequential samplings were per-
formed every ten days. Five plants from the third row were sampled in cycles called Time
Treatments (V1-V4), which were used to evaluate SMZ—fresh grain mass, VSMZ—air-dry
grain mass (60 °C); 105 mz—dry grain mass at temperature 105 °C. After removing the husk
leaves, the seeds were taken from the ear cob, measured in a fresh state, and then dried in
an oven (Memmert UN 110, Memmert GmbH, Schwabach, Germany) at a temperature of
60 °C for 24 h and 105 °C for 3 h.

2.4. Meteorological Conditions During the Experiment

The time frame during which the research was conducted (2023-2024) differed ac-
cording to both observed parameters (temperature and precipitation). The first year of the
research is characterised by higher precipitation and lower temperatures. Compared to the
previous 30-year reference periods (1961-90-1, 1991-2000-1I), the temperature in the growing
season 2023-2024 increased by 1.6-3.8 °C and 2.8-5 °C, respectively. Precipitation in 2023
was lower by 7.7% and 52.6% compared to periods I and II, and in 2024 by 27.6% and 72.5%.
Temperatures and precipitation were measured at the meteorological station of the Maize
Research Institute Zemun Polje (Table 4).

Table 4. Metrological data for the period 2023-2024.

Monthly Mean Air Temperature (°C)

Year April May June July Aug. Sept. Oct. Average
2023 12.6 20.2 24.3 25.6 25.0 18.9 16.4 20.6
2024 16.52 19.21 24.98 27.45 27.87 20.92 15.92 21.8
Reference period of 30 years
I 11.4 16.6 19.6 21.1 20.6 16.9 11.5 16.8
I 13.6 18.2 21.9 23.8 23.7 18.5 13.3 19.0
Monthly sum of precipitation (mm)
Year April May June July Aug. Sept. Oct. Sum
2023 64.9 94.6 63 66.7 58.2 54.3 23.6 4253
2024 23.6 80.1 78.5 744 4 83.8 36 380.4
Reference period of 30 years
I 57.6 69.3 89.3 70.0 54.3 51.3 41.0 433.0
II 51.5 72.3 95.4 66.5 53.9 59.8 53.5 452.9
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2.5. Statistical and Machine Learning Modeling

Measures of central tendency and measures of dispersion were used for data analysis.
Data were analysed using the online application DataExplorer online [42] and locally
adapted code in the Python programming language (version 3.12.0) with appropriate
libraries for statistical data processing and machine learning (ML).

To evaluate the influence of three factors on grain moisture release parameters and
yield, a three-way ANOVA was applied, where the factors analysed included the year of
cultivation, planting density, and type of hybrid. Before conducting ANOVA, homogeneity
of variance was checked using Levene’s test. In order to ensure the validity of the results,
the normality of the data was checked using the Shapiro-Wilk test, which checked whether
the data follow a Gaussian distribution. For post hoc analyses, Tukey’s HSD test was used.
This test was applied to compare the means between all pairs of groups after a statistically
significant difference was identified in the ANOVA analysis. In cases where the data
violated the assumptions of normality or homogeneity of variances, the Kruskal-Wallis test
was applied. For all statistical analyses, the level of significance p = 0.05 was used.

A principal component analysis (PCA) was used to fit the parameters to explore the
main variances in the data and identify patterns between different factors. The results
are presented through 2D and 3D PCA diagrams, which enable the visualization of the
distribution of samples and the identification of key factors that influence variations in
the data.

To evaluate the predictive potential of machine learning approaches, four regression
models were applied: Linear Regression (LR), Quadratic Linear Regression (QLR), Random
Forest (RF), and Extreme Gradient Boosting (XGBoost).

LR represents a fundamental statistical approach that models the relationship between
input and target variables through a linear equation. QLR extends this concept by including
polynomial terms, allowing the capture of moderate nonlinear dependencies. RF is an
ensemble learning algorithm based on the aggregation of multiple decision trees trained
on random subsets of data and features, providing improved predictive accuracy and
robustness against overfitting. XGBoost is a gradient-boosting framework that sequentially
builds decision trees, where each new tree corrects the errors of the previous ones through
gradient optimization. It offers high performance on structured data and is particularly
efficient for capturing complex nonlinear relationships. The selection of these algorithms
ensured a balance between interpretability (LR, QLR) and predictive power (RF, XGBoost).

Categorical predictors (G, H) were one-hot encoded, while the numerical predictor (S)
was retained in its original form. The dataset was divided into training (80%) and indepen-
dent testing (20%) subsets using a random split with a fixed seed (random state = 42) to
ensure reproducibility.

For model validation, a repeated 5-fold cross-validation with 10 repeats was performed
on the training subset. This procedure provided reliable estimates of model stability and
reduced the risk of overfitting. For each model, the mean R? across cross-validation folds
(CV R?) and the R? value on the independent test set were determined. Models were then
compared based on their cross-validation performance and independent test set R? values,
and those with the most consistent and robust results were selected for further analysis.

To quantitatively evaluate model performance, several error-based metrics were em-
ployed, including the mean absolute error (MAE), mean bias error (MBE), root mean square
error (RMSE), normalized root mean square error (NRMSE), and mean absolute percentage
error (MAPE). These metrics are defined as follows:

1 n
MAE = 0} lyi = 9il (1)
i=1
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1 )
MBE = 3 (i — i) )
i=1
1 2
RMSE = /2 } (i =) 3)
i=1
NRMSE = Rz\gs E 100 4)
n D
MAPE = @Z Yi—V¥i )
il i

where y; and f; denote respectively the experimental (observed) and predicted values, ¥ is
the mean of observed values, and 7 is the total number of data points.

In addition, model interpretability was addressed by analysing regression coefficients
in the case of LR and QLR, while for RF and XGBoost, feature importance values and SHap-
ley Additive exPlanations (SHAP) analyses were performed to quantify the contribution of
each predictor variable to the model outputs.

Statistical and ML modelling were performed with the tools and support of the
Atomistica.online platform (https:/ /atomistica.online, accessed on 5 May 2025) [43-47].

3. Results

3.1. The Impact of Yield, Genotype and Density on the Expression of Average Yield Values and
Yield Components

The highest average yield values were recorded for hybrid H5 across all three planting
densities, suggesting a potential interaction between hybrid and density (S) and indicating
that H5 is well-adapted to both low and high levels of crop competition. Morphological
parameters related to the ear, including ear length, number of rows, number of grains
per row, and ear weight, showed low to moderate standard deviation values, confirming
good experimental reproducibility and consistent plant response or performance across
treatments (Table S1.1).

Chemical grain parameters such as moisture content, protein levels, and starch and oil
content showed low variability throughout the treatments (G-year, H-hybrids, S-density),
indicating a high degree of homogeneity in the chemical composition of the grains within
groups (Table 51.2).

Yield variability was moderate to high among different hybrids and planting densities.
All tested hybrids achieved average yields ranging from 7.79 to 9.59 t/ha, with a coefficient
of variation of less than 25%, indicating yield stability (Table S1.3).

Hybrids H5 and H6 showed the most favourable combination of high yield and low
variability, while hybrid H1 expressed the highest variation (Table 51.3).

The mean values of the parameters SMZ, VZ, and 105 mz increase in later measurement
terms (V1-V4), which indicates time-dependent changes that are statistically consistent.
The standard deviation shows uniformity during all later terms (V2-V4), which suggests
the same variability between samples over time (Table 51.4).

3.2. Assessment of the Influence of Year, Density and Hybrid on Yield and Yield Components

The significance of the examined factors was determined using three-factorial ANOVA.
The normal distribution test results identified three parameters that were not suitable
for ANOVA analysis. Parameters that did not meet the assumptions of normality and
homogeneity (BR, BZR, and oil) were excluded from ANOVA (Table S2.1).

All three factors—year (G), density (S), and hybrid (H)—had a statistically significant
effect on yield and yield components. The factor G exhibited the most substantial effect on
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the parameters PK, PKO, MK, MKO, M1000, moisture, proteins, starch, PVM, and PVK,
which indicates that G is a significant source of variation. Factor density (S) affects several
important components and quality traits (MK, MKO, PVM, PVK, starch, and protein),
though its effect size appears smaller than G and H. Factor H demonstrated a statistically
significant effect on nearly all parameters analysed, including DK, MKO, M1000, moisture,
protein, and starch. Results indicate that the significant effects of the broad genetic influence
of factor H imply that choosing the right hybrid matters for almost all traits. Among the
interactions, G:H was significant for PRI, M1000, starch, and PVM, suggesting that the
hybrid response varies across the cultivation years. Other interactions (G:S, S:H, G:5:H) did
not reveal widespread significant effects on the parameters studied. The lack of significant
interactions (G:S, S:H, G:S:H) implies that, for the majority of traits, hybrid and density
effects are broadly consistent across environments. The statistical significance obtained by
the analysis of variance justifies the choice of factorial variants and shows that the primary
factors (G, S, H) can generally be treated independently in most cases. This independence
simplifies the experimental design and allows for a clearer interpretation of the influence
of each factor on the outcomes of the obtained results (Table 5).

Table 5. The significance of the mean differences for grain yield and yield components.

Yield p-Value
Components G S H G:S G:H S:H G:S:H
DK 0.5310 <0.0001 <0.0001 0.0080 0.1950 0.8650 0.7440
PK <0.0001 0.0650 0.0550 0.3770 0.2780 0.8400 0.5480
PKO <0.0001 0.0950 0.0160 0.2900 0.7770 0.8030 0.8750
MK <0.0001 0.0020 0.8480 0.0520 0.3520 0.7370 0.2880
MKO <0.0001 0.0010 <0.0001 0.1460 0.2540 0.3100 0.2360
M1000 <0.0001 0.0120 <0.0001 0.1230 0.0190 0.0610 0.4000
Vlaga <0.0001 0.5910 <0.0001 0.1700 0.1000 0.9220 0.6930
Protein <0.0001 0.0340 <0.0001 0.0280 0.0590 0.9790 0.2230
Skrob <0.0001 0.0010 <0.0001 0.0220 0.0440 0.7260 0.3920
PVM <0.0001 0.0020 0.0010 0.1970 0.0040 0.4890 0.2330
PVK <0.0001 0.0280 0.0010 0.6840 0.0220 0.6320 0.9630
PRI 0.6388 <0.0001 0.0021 0.7911 0.0071 0.4562 0.7871

Values of p < 0.05 are marked as statistically significant, while p < 0.0001 are marked as highly significant. DK—ear
length, PK—ear diameter; PKO—ear core diameter; MK—ear mass; MKO—ear core mass; M1000—1000-kernel
weight; Vlaga—moisture; Protein; Skrob—starch; PVM—height to tassel; PVK—height to ear; PRI—grain yield.

The Tukey HSD test revealed notable differences among specific groups of factors G,
S, and H concerning the observed parameters. In DK, significant variations were identified
between various planting densities (51:54 and 51:57), in addition to differences among
certain hybrids. For MK and MKO, marked differences were observed across cultivation
years (G1:G2) and among individual hybrids. Furthermore, chemical grain parameters,
including protein and starch content, exhibited significant differences across years (G1:G2),
planting densities (S1:57), and hybrids (Table 52.2).

Parameters that did not meet the assumptions of normality and homogeneity were
analysed with the non-parametric Kruskal-Wallis test.

The Kruskal-Wallis test indicated a significant influence of factor H in all observed
parameters except BR, where no statistical significance was recorded. Factor S showed a
significant effect on BZR, while no statistical significance was found for the other parame-
ters. On the other hand, the G factor had a statistically significant effect exclusively on the
grain oil content (p < 0.0001) (Table 6).
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Table 6. Kruskal-Wallis test for yield and yield components by G, S, and H factors.

P Factor

arameter G H S
BR 0.124 <0.0001 ** 0.8333
BZR 0.9877 0.0008 0.0002 *
Ulja <0.0001 ** 0.0057 0.7591

Values of * p < 0.05 are marked as statistically significant, while ** p < 0.0001 are marked as highly significant.
BR—number of rows; BZR—number of grains per row; ulja—oil.

3.3. Multivariate Analysis of Yield, Yield Components and Chemical Grain Parameters

Principal component analysis (PCA) was utilized to examine the interrelationships
among various samples. The initial three principal components explained 64.05% of
the overall data variability regarding the yield, yield components, and chemical grain
parameters (Figure 2).

35

31.86%

30

25

20

15

10

Percentage of Explained Variance

Principal Components

Figure 2. Distribution of yield variance across principal components.

Multivariate analysis, conducted within the PCA factor space, identified groups of
traits based on the effects of year (G), hybrid (H), and planting density (S).

Regarding the production year factor (G), two clearly distinct variation groups were
observed: G1 and G2. Group G1 had a dominant influence on yield, yield components, and
grain chemical composition. In contrast, group G2 was associated with variability in BRZ
and BZR, showing a negative correlation with starch accumulation. This may reflect the
impact of environmental stress conditions that favour the formation of a higher number of
grains at the expense of starch content per grain.

The planting density factor (S) showed moderate differences, particularly between
groups 51:54 and S7:54. Although S4 remained undefined in relation to the other two den-
sities, certain distinctions between S1 and S7 could be observed, especially in grain yield.

The hybrid factor (H) did not reveal clear differentiation, suggesting that the tested
hybrids were phenotypically similar under the studied conditions. The absence of pro-
nounced hybrid effects may indicate that the influence of year—and to a lesser extent,
planting density—was substantially stronger than the effects attributable to hybrid varia-
tion (Figure 3e,f).
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Figure 3. 2D /3D principal component analysis (PCA) illustrating the variation in yield and yield
components with respect to: (a,b) year (G), (c,d) hybrid (H), and (e,f) plant density (S).

The Contribution of Traits to Particular Principal Component Variances.

The examination of vector lengths within the PCA framework revealed that the pa-
rameters MK, DK, MKO, BZR, and Moisture significantly influenced the differentiation of
samples along the initial principal components (Table S3.1). Notably, moisture emerged
as the most substantial contributor to the PC1 component, underscoring its critical role
in distinguishing samples according to the primary variance direction. Furthermore, in
relation to the contributions of the PC1 components, the M1000 and oil parameters were
particularly prominent (Table S3.2).

Based on the 3D PCA analysis, the variables DK, BZR, PKO, and MK showed the
largest total contributions in the principal components space (PC1-PC3), making them
the most prominent for explaining the total variance of the data (Table S3.3). In addition,
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the variable Moisture had the largest single contribution to the PC1 component, thus
confirming its key role in separating the samples along the main direction of variation
(Table S3.4).

Considering the results of both 2D and 3D PCA analyses, the moisture parame-
ter stood out as a variable of key importance for discriminating samples in principal
component space.

3.4. Machine Learning (ML) Analysis for Predicting Yield and Yield Components
3.4.1. The Development of Predictive Models Utilizing Linear Regression

The predictive analysis for the data set “Yield, Yield component and Chemical grain
parameters” was performed in relation to three predictors (G, H, S). For two parameters
(moisture and oil), models of high accuracy and reliability (80%) were obtained, while the
parameter protein achieved an accuracy limit of 50% (Table 7). The linear regression model
appeared to be the most accurate approach and revealed that the PCA analysis successfully
predicted the quantities most associated with the predictors.

Table 7. Model performance (test-set and CV R?) for predicting yield parameters based on G, S,
and H.

Parameters Model R? CV Mean R?
Vlaga Linear Regression 0.8242 0.8920
Vlaga Quadratic Linear Regression 0.7820 0.8570
Vlaga Random Forest 0.7673 0.8391
Vlaga XGBoost Regressor 0.7682 0.8405

Ulja Linear Regression 0.7044 0.6850
Ulja Quadratic Linear Regression 0.6839 0.6089
Ulja Random Forest 0.6107 0.6111
Ulja XGBoost Regressor 0.6786 0.6188
Protein Linear Regression 0.4417 0.5048
Protein Quadratic Linear Regression 0.2541 0.3910
Protein Random Forest 0.3162 0.3904
Protein XGBoost Regressor 0.2774 0.3757

The analysis was rated as acceptable for models with CV Mean R2 > 0.50, while models with CV Mean R? > 0.80
were classified as excellent. The table shows only values for models whose CV Mean R? was >0.50. Models with
CV Mean R? < 0.50 are due to insufficient predictive reliability. Vlaga—moisture; Ulja—oil; Protein—protein.

Furthermore, there is currently no reliable and predictively applicable model for PRI
utilizing these input predictors (G, H, S).

Among the modelled target variables, Vlaga (grain moisture content) and Ulja (grain
oil content) demonstrated the most promising predictive performance across all applied
ML models. In particular, LR achieved the highest independent test set R? values (0.824 for
Vlaga and 0.704 for Ulja) and consistent cross-validation stability, outperforming more
complex approaches such as random forest and XGBoost. By contrast, the prediction of
protein content showed considerably weaker performance, with R? values not exceeding
0.45, indicating limited suitability of the selected descriptors for this property. Therefore,
in the following sections we focus on Vlaga and Ulja as representative cases, providing
a more detailed evaluation of their predictive models. For these two best-performing
targets, additional error-based evaluation parameters (MAE, MBE, RMSE, NRMSE, and
MAPE) are reported in a separate table to ensure a comprehensive assessment of accuracy
and reliability.

According to the results presented in Table 8, Vlaga and Ulja are indeed two targets
with reliable predictive performance. For Vlaga, the LR model achieved a high independent
test set R? of 0.8242 with stable cross-validation (0.8920 + 0.0382). The error parameters
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indicate excellent predictive quality, with low MAE (0.7072), minimal bias reflected in
MBE (0.0002), and moderate absolute error as RMSE (1.1162). Both the relative error
measures, NRMSE (0.0863) and MAPE (5.0431%), confirm robustness and accuracy. For
Ulja, predictive performance was slightly lower but still satisfactory, with an independent
R? of 0.7044 and a cross-validation mean of 0.6854 (+0.1507). Error analysis shows low
MAE (0.2233), small negative bias (MBE = —0.0412), and low overall error (RMSE = 0.2811),
with relative measures NRMSE (0.0673) and MAPE (5.2367%) confirming strong reliability.

Table 8. Error-based evaluation metrics (MAE, MBE, RMSE, NRMSE, and MAPE) for the
two best-performing target variables (Vlaga and Ulja) obtained with the selected regression models.

Target CV MeanR?> CV Std Test R? MAE MBE RMSE  NRMSE  MAPE (%)

Vlaga 0.8920 0.0382 0.8242 0.7072 0.0002 1.1162 0.0863 5.0431
Ulja 0.6854 0.1507 0.7044 0.2233 —0.0412 0.2811 0.0673 5.2367

Protein 0.5185 0.2461 0.4417 0.5227 —0.0049 0.6551 0.0659 5.3460

CV—coefficient of variation, MAE—Mean Average Error, MBE—Mean bias error, RMSE—Root Mean Squared
Error, NRMSE—Calculates the Normalized Root Mean Squared Error, MAPE—Mean Absolute Percentage Error,
grain moisture content (Vlaga), gain oil content (Ulja), grain protein content (Protein).

To further illustrate the predictive relationship between the selected variables, the final
regression equation for Vlaga is presented below, providing an interpretable representation
of the contribution of each predictor (Equation (6)).

Vlaga = 15.6219 — 4.9630-G2 — 0.2605-H2 — 0.6676-H3 + 0.0794- H4
-+ 1.1284-H5 + 0.4142-H6 — 0.0068- S

©)

Examination of the key coefficients within the model shows that the year of production
significantly affects the variation in grain moisture content. In this particular model, the
difference between G1 and G2 is associated with an average decrease in moisture content
of about 4.96 units. In addition, when considering the genotype-hybrid as a predictor in the
prediction model, for hybrids H5 and Hé, the estimate for grain moisture content shows an
average increase of about 1.13 units, or 0.041, whereas hybrid H3 is linked to an average
decrease in moisture by approximately 0.67 units. These findings suggest that the predicted
moisture value is statistically more influenced by the experimental year and the selected
hybrid than by the other predictors included in this model or crop density (Figure 4).
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Figure 4. Regression analysis of year (G), hybrid (H), and density (S) impact on grain moisture
content (Vlaga).
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According to the results presented in Table 7, Ulja also demonstrated reliable predictive
performance, although at a slightly lower level compared to Vlaga. The LR model achieved
an independent test set R? of 0.7044, supported by a cross-validation mean of 0.6854
(£0.1507). The error parameters indicate satisfactory predictive quality, with low MAE
(0.2233), a small negative bias reflected in MBE (—0.0412), and low absolute error as RMSE
(0.2811). Both relative error measures, NRMSE (0.0673) and MAPE (5.2367%), further
confirm the reliability and robustness of the model for predicting Ulja.

Same as for Vlaga, we are referring to the final regression equation for Ulja, providing
an interpretable representation of the contribution of each predictor (Equation (7)).

Ulja = 4.5836 — 0.7521-G2 — 0.0712-H2 — 0.0569-H3 — 0.3430-H4
+ 0.4199-H5 — 0.0207-H6 + 0.0025

@)

Examining the most prominent coefficients within the model reveals the significance of
environmental conditions. Furthermore, the alteration in meteorological conditions during
the vegetation season, particularly between the transition from G1 to G2, correlates with an
average reduction in oil value of roughly 0.75 units. The findings from the projection of oil
quantity in the grain, utilising the genotype (hybrid) as a predictor, clearly underscore the
importance of this factor. Specifically, hybrid H5 shows an average increase in oil value
of about 0.42 units, while hybrid H4 is associated with an average decrease in oil value of
about 0.34 units. These results indicate that the year of the experiment and the choice of
hybrid have a more pronounced statistical influence on the predicted oil value in relation
to planting density (Figure 5).

&2 ]
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Effect on Ulja

Figure 5. Regression analysis of year (G), hybrid (H), and density (S) impact on the grain oil
content (Ulja).

The linear regression model created for analysing protein levels with the predictors
G, S, and H yielded an R? value of 0.44. This indicates that roughly 44% of the variability
in protein levels can be accounted for by the selected predictors (Table 7). Additionally,
cross-validation resulted in an average R? of 0.50, which signifies a moderate degree of
generalization performance. While the R? values do not suggest a fully dependable model,
the cross-validation outcome and the slight difference in R? values between the test and
cross-validation datasets imply that this model may possess some practical applicability,
though it is limited.

Protein = 10.9944 — 1.1142-G2 — 0.7580-H2 — 0.7651-H3
+ 0.1104-H4 + 0.2289-H5 — 0.2561-H6 — 0.0611-S

®)
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The analysis of the most important coefficients in the third prediction model indicates
that, similar to previous models, the year of production significantly affected the variability
of the protein trait. Furthermore, the production conditions during the transition from
G1 to G2 were associated with an average reduction in protein values of about 1.11 units.
The impact of different hybrids on the fluctuation of protein values varied according
to their genetic foundation. Hybrid H3 exhibits an average decrease in protein of about
0.77 units, while hybrid H2 also corresponds to a decrease of roughly 0.77 units. Conversely,
hybrids H4 and H5 demonstrate an increase in protein, with H5 showing a notably greater
enhancement. These results imply that both the experimental year and the chosen hybrid
have a statistically greater influence on the predicted protein value than does planting
density, which appears to play a minor role according to this model (Figure 6).
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Effect on Protein

Figure 6. Regression analysis of year (G), hybrid (H), and density (S) impact on grain protein
content (protein).

3.4.2. Predictive Analysis of the Influence of G, H, and S on Moisture Release Parameters

PCA analysis identified grain moisture content as the primary factor influencing
variability among all studied parameters. Based on this, moisture release properties (SMZ,
VSMZ, 105 mz) were in the focus of predictive analysis. The predictive analysis of the
“Moisture Release” dataset was conducted with respect to four predictors (G, H, S, and V),
while all other numerical variables were treated as target variables. As in the case of the
“Yield, Yield Component, and Chemical Grain Parameters” dataset, four ML models were
tested against the target variables, and these results are summarized in Table 54.1.

Several target variables yielded models with exceptionally high accuracy and reliability.
For the mentioned target quantities, in all cases the XGBoost machine learning model
emerged as the most precise method, and PCA analysis effectively identified the maize
characteristics most closely associated with the predictors. Notably, the model for the SMZ
parameter exhibited remarkable performance, with R? (0.90) and CV Mean R? (0.93) values
reflecting outstanding accuracy and consistency. Parameters—VSMZ and 105 mz—also
achieved models with an accuracy of more than 80%. These models were subsequently
analysed to elucidate the impact of the predictors on the measured variables (Table 54.1).
Error-based parameters for these selected models are presented in Table 9.
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Table 9. Error-based evaluation metrics (MAE, MBE, RMSE, NRMSE, and MAPE) for the target
variables (SMZ, VSMZ, and 105 mz) obtained with the XGBoost model.

Target

CV Mean R?

CV Std Test R? MAE MBE RMSE NRMSE  MAPE (%)

SMZ
VSMZ
105 mz

0.9346
0.8952
0.8930

0.0124 0.8975 4.3251 0.3572 5.4387 0.1514 13.7417
0.0144 0.8625 2.2292 0.4112 2.8655 0.2583 29.6875
0.0153 0.8522 2.2307 0.4389 2.8498 0.2689 31.7272

CV—coefficient of variation, MAE—Mean Average Error, MBE—Mean bias error, RMSE—Root Mean Squared
Error, NRMSE—Calculates the Normalized Root Mean Squared Error, MAPE—Mean Absolute Percentage Error,
SMZ—Fresh Grain Mass, VSMZ—Air-dry Grain Mass, 105 mz—Grain mass after drying at 105 °C.

For SMZ, the model showed the most reliable results, with a high independent test set
R? of 0.8975 and excellent cross-validation stability (CV mean R? = 0.9346, CV std = 0.0124).
Error-based metrics further confirm accuracy, with low MAE (4.3251) and RMSE (5.4387),
minimal bias (MBE = 0.3572), and acceptable relative error values (NRMSE = 0.1514,
MAPE = 13.7417%). These results indicate that SMZ can be predicted with high confi-
dence. For VSMZ, the model also performed well, with a test set R? of 0.8625 and a stable
cross-validation mean of 0.8952 (+0.0144). Absolute error values were low (MAE = 2.2292,
RMSE = 2.8655), while relative error measures (NRMSE = 0.2583, MAPE = 29.6875%) sug-
gest that although the model successfully captured the underlying trend, small variations in
the data may have contributed to slightly higher relative deviations. For 105 mz, predictive
performance was comparable, with a test set R? of 0.8522 and cross-validation mean of
0.8930 (£0.0153). Absolute errors again remained low (MAE = 2.2307, RMSE = 2.8498), and
relative errors (NRMSE = 0.2689, MAPE = 31.7272%) were somewhat higher but still within
an acceptable range for complex biological datasets.

In the following section, we provide a more detailed analysis of these models, includ-
ing an interpretation of feature importance and SHAP visualizations to better understand
the contribution of individual predictors. We begin with a model for the SMZ parameter,
whose results are summarized in Figure 7.
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Figure 7. SHAP analysis for predictors: year (G), hybrid (H), density (D), and time sampling (V);
(a) effect on fresh grain mass (SMZ) and (b) impact direction.

According to the results presented in Figure 7a, the main predictors identified are G
and V. Notably, G2 and V4 each play a significant role in enhancing the model’s accuracy,
exceeding 0.45. This indicates that the year of the experiment (G2) and the timing of
sampling and measurement (V4) are crucial for predicting the SMZ value, with a joint
significance level greater than 90%. According to the SHAP analysis presented in Figure 7b,
V4 contributed to the increase of SMZ values for the mean value of 20 units, positioning it
as the second most critical temporal factor. V2 and V3 exhibited a weak positive influence
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on SMZ. The predictor H provided a smaller yet noticeable contribution to the variability
of SMZ. The other predictors demonstrate minimal relevance, and their effect on SMZ
prediction is negligible when compared to G2 and V4. The mean values of the factor S
are mostly at zero, indicating that it did not influence the change in the value of the SMZ.
Other predictors also showed negligible influence on SMZ.

In Figure 8, we have summarised the feature importance and SHAP analysis in the
case of the model for the VSMZ parameter.
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Figure 8. SHAP analysis for predictors: Year (G), hybrid (H), density (D), and time sampling (V);
(a) effect on air-dry grain mass (VSMZ); and (b) impact direction.

According to the results presented in Figure 8a, the primary determinant for the
VSMZ parameter was G2, which played a crucial role in enhancing the model’s accuracy,
exhibiting an importance level exceeding 0.5, thereby underscoring the substantial impact
of the second year of the experiment. The V4 ranked as the second most influential Time
Treatments predictor, offering a moderate contribution, whereas V3 and V2 also add value
to the model, although to a lesser degree. Conversely, all other predictors, including S
and H of maize, held minimal relevance in this model with no significant contribution in
forecasting the VSMZ value (Figure 8a).

According to the SHAP analysis presented in Figure 8b, predictor G2 has an extremely
positive influence on the value of VSMZ. Of the Time Treatments predictors, V4 has the
strongest positive influence on the VSMZ parameter, while both V3 and V2 show a moderate
contribution to the increase. This trend is consistent with previous observations and points
to a temporal component as an important factor. Hybrid H6 has a relatively pronounced
negative impact, reducing the value of VSMZ. In certain other instances involving the
application of the hybrid H5, a beneficial contribution was noted, suggesting a potentially
favourable influence of the factor H. The predictor S exhibited a neutral effect in the majority
of cases, with minor fluctuations in both directions (Figure 8b).

Finally, in Figure 9 we are presenting feature importance and SHAP analysis in the
case of the model for predicting the 105 mz parameter.
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Figure 9. SHAP analysis for predictors: Year (G), hybrid (H), density (D), and time sampling (V);
(a) effect on grain mass after drying at 105 °C (105 mz); and (b) impact direction.

The feature importance in the case of the model for the 105 mz parameter (Figure 9a)
indicates that the primary predictors were G and V. Variation in the levels of these factors
leads to measurable differences in the variable. Factor G2 emerged as the most critical
predictor influencing the model’s accuracy, followed by V4 as the second most significant
predictor. Additionally, V3 and V2 provided some contribution, whereas the predictors
related to hybrids and planting density were of minimal relevance in comparison to those
previously identified (Figure 9a).

According to the SHAP analysis for the model related to 105 mz parameter (Figure 9b),
the presence of predictor G2 has evidently resulted in an increase of the 105 mz parameter.
The SHAP values associated with G2 were consistently positive, ranging from approxi-
mately +5 to +7.5, which signified a reliable positive influence of the second year on the
variable 105 mz. Predictors V4, V3, and to a lesser extent V2, exhibited a trend towards
increasing the value at 105 mz, with V4 making the most significant contribution, character-
ized by its notably positive SHAP values. V4 expressed a pre-dominantly positive effect,
while V3 offered a moderate positive contribution. On the other hand, V2 had a weak
impact. In contrast, the factors H and S showed a variable influence, with some leading to
an increase in a on the one hand, and a decrease in the value to 105 mz on the other hand.
Additionally, predictor S played a dual role, contributing to both the increase and decrease
of the 105 mz parameter.

4. Discussion

4.1. The Impact of Yield, Hybrid and Density Factors on the Expression of Average Yield Values
and Yield Components

Developing hybrids that can withstand high plant density and applying suitable crop
management techniques can alleviate the negative impacts associated with increased plant
density [48,49]. A two-year study revealed that the year of production, planting density,
and hybrid significantly impact yield and its components, with the relationship between
yield and plant density being complex and influenced by several interacting variables [50].

Studies indicate that a reduction in precipitation in the second production year—G2—during
the winter (84.4 mm) and growing season (44.9 mm), combined with an increase in tem-
perature of approximately 2.7 °C during the sowing—emergence—fertilisation period, can
reduce yield by 1-2%. This decline is accompanied by reductions in grain weight, grain
number, protein and oil content, and other traits such as DK, MK, MKO, M1000, VL, PVM,
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and PVK. These findings emphasise the need to regulate both the amount and timing of
precipitation as well as the temperatures during critical growth stages.

Maitah et al. [51] reported a moderate to strong positive correlation between maize
yield and July precipitation (r = 0.54-0.79) and a negative correlation with mean August
temperatures (r =~ —0.4 to —0.5). Under elevated temperature stress, yield losses can reach
30—40%, significantly impacting the expression of yield-related traits [52].

In response to plant density, yield, yield components, and chemical grain parameters
followed a normal distribution. Increasing density to 98,522 plants ha~! resulted in higher
yield, while other traits reached optimal values at lower, less competitive densities (e.g.,
40,816 plants ha~1). The interaction between year and planting density significantly influ-
enced the chemical composition of seeds, including VL, Protein, Ulja (oil), Skrob (starch),
VM, and PVK.

However, certain traits such as ear length and weight showed minimal variability
across environments, indicating stability. In this context, hybrids H1 and H6 demonstrated
greater stability for traits such as DK, BRZ, MK, MKO, and VL, whereas H2 and H3 showed
higher variability, as reflected in their DK, PKO, and MK values.

4.2. Multivariate Analysis of Yield and Yield Components

Principal component analysis (PCA) revealed patterns in trait behaviour by year (G)
and density (S), while hybrid (H) showed minimal differentiation. The strongest phenotypic
shifts—particularly in traits such as starch (Skrob), BRZ, BZR, and PKO—were observed
between years, reflecting significant environmental influence on trait expression [53-56].
This aligns with Jiang et al. [57], who used PCA to improve yield and protein predictions
via vegetation indices across growth stages, reinforcing the value of environment-aware
strategies and hybrids that can adapt to changing environments [58]. Yield response to
density was shaped by environmental conditions and plant interactions. Planting density
showed minimal differentiation of traits based on different plant numbers in the experiment.
This underscores the complexity of ecological dynamics, where multiple factors can either
enhance or diminish trait effects. Understanding these interactions is vital for optimising
crop productivity and sustainability [59,60].

These findings support earlier research on genotype x environment X management
(G x E x M) interactions. Lobel et al. [61] and Rufo et al. [62] emphasised that the benefits
of higher density depend on environmental stress and complementary management prac-
tices. Thus, plant density reflects the system'’s ecological “carrying capacity” and must be
optimised in relation to hybrid choice, soil, and water availability [63].

4.3. Machine Learning (ML) Analysis for Predicting Yield and Yield Components

Yield prediction models are often unreliable because yield is influenced by changes
in meteorological conditions, differences in soil composition, the response of hybrids to
different environments, and the interactions among these factors. In comparison, seed
quality traits were easier to predict since they had more stable relationships with the
available variables.

The integration of machine learning with large agricultural datasets has great po-
tential to reveal patterns, though predictive accuracy often suffers due to high data
variability [64-66]. However, when data from multiple phenological stages are included,
a more complete picture of maize development emerges [67,68]. Among various models
tested, linear regression provided the most accurate predictions for grain properties based
on experimental data. Three maize grain traits—moisture, oil content, and protein—were
reliably predicted, while models for other traits and overall yield were less dependable.
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In this study, year of production and plant density were the most significant pre-
dictors of maize grain moisture. Jiang et al. [67] found that sowing date, hybrid type,
and environmental factors such as density significantly influenced maize kernel moisture
dynamics. Environmental conditions like humidity and temperature during the growing
season greatly affect initial grain moisture content due to the hygroscopic nature of maize
kernels and their tendency to gain or lose moisture until they reach equilibrium with
ambient air [69].

Further analysis of moisture release revealed highly accurate models (>80%) for
SMZ, VSMZ, and 105 mz. The production year appeared to be a key factor affecting
grain moisture dynamics in all predictive models. In both agricultural engineering and
food science, understanding moisture kinetics during drying is essential for improving
product quality. As such, machine learning is increasingly used to estimate maize moisture
content [54,70] and determine the optimal timing for harvest as a crucial step for seed
quality enhancement.

The model further indicates different levels of effects of the genotype factor, predicting
a positive contribution of H5 (+0.42 units) and a negative contribution of genotype H4
(—0.34 units) to grain oil content. These findings are consistent with factorial regression and
AMMI analyses, confirming that environmental variability and genotype-environment
interactions have a significantly greater impact on grain oil and protein content than
agronomic factors such as planting density [71-73]. The linear regression model for oil
prediction is comparable to results reported in soybean oil content prediction models,
which often show predictive accuracy in the range of 0.6-0.8 under similar modelling
approaches [73,74].

Analysis of key coefficients in the third predictive model for protein content shows that
year of production significantly influenced the variability of protein, which is consistent
with the findings reporting highly significant main and interaction effects of year and
genotype on grain protein content (p < 0.01) [75,76].

The predictive power of the third model is comparable to accepted field reference
values [77]. Although not high enough for accurate individual prediction of grain protein
content in maize, it is useful for screening or trend analysis, especially when used in breed-
ing or agronomic optimisation. Analysis of the regression coefficients in King et al. [78], in
models that included genotype and environmental factors, reveals that the R? values of the
regression coefficients are in the range of 0.49, which is almost identical to the performance
of the results presented in this paper.

Planting density can affect yield components; its effect on protein concentration is
usually indirect.

The limited effect of crop density is in accordance with the agronomic literature.
Protein concentration is more sensitive to genetic and environmental factors than to the
number and arrangement of plants, as confirmed by the results of Laidig et al. and King
etal. [79,80], where density is not recognised as a reliable predictor in the regression models
for protein.

While machine learning offers powerful tools for seed yield prediction, the reliability
still heavily depends on data quality, model choice, and understanding of underlying
biological and environmental processes. To enhance the reliability and accuracy of yield
prediction models, future work should be based on combining machine learning with
domain expertise and high-quality, comprehensive data.

5. Conclusions

The study examined the influence of different factors (G, H, S) on yield, yield com-
ponents, and chemical grain parameters in six maize hybrids. The highest average yield
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was recorded for the H5 hybrid at the S1 planting density, indicating that H5 performs best
under conditions of reduced resource competition. This hybrid consistently demonstrated
superior performance across all years and densities examined, making it an excellent
candidate for production in the diverse agro-climatic environments.

This research identified seed moisture content as the key trait for predicting maize
yield patterns, significantly influenced by G and to a lesser extent by S. This conclusion
was supported by regression and machine learning methods, which highlighted its role in
distinguishing between samples.

Different machine learning models showed significant variability depending on the
selected predictors. Reliable prediction models were obtained for the relationship between
moisture, oil, and protein in relation to G, H, and S factors. The results showed a high level
of predictive accuracy for moisture and oil, highlighting the importance of experimental
year and hybrid selection. This study’s ML approach provides a useful guideline for
breeders to focus on seed moisture content as a selection parameter, predict superior
breeding material, speed up the breeding process, and create more resilient and productive
maize hybrids. On the other hand, practical benefits for farmers include the ability to
predict outcomes, select optimal hybrids for specific densities, adapt to environmental
variability, and improve overall maize production efficiency and quality.
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Abbreviations

The following abbreviations are used in this manuscript:

Predictors
Gl First year of experiment (2023)
G2 Second year of experiment (2024)
S1 Crop density (40.816 plants/ha)
52 Crop density (69.686 plants/ha)
S3 Crop density (98.522 plants/ha)
H (H1, H2, H3, H4; H5, H6) Different hybrid
V (V1,V2,V3,V4) Different sample times
Parameters of moisture release
SMZ Fresh grain mass
VSMZ Air-dry grain mass
105 mz Grain mass after drying at 105 °C
Parameters of yield
DK Cob length
BR Number of grain rows per cob
BRZ Number of grains per row
PK Cob diameter
PKO Cob core diameter
MK Cob mass
MKO Cob core mass
M1000 1000 kernels weight
Vlaga Grain moisture
protein Protein content
Skrob Starch content
Ulja Qil content
PVM Plat height to tassel
PVK Plant height to cob
PRI Yield
DAP Day after pollination
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