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Abstract: Maize yield formation is jointly determined by crop-year conditions, water
availability, nutrient management, and their interactions, which may include complex
nonlinear relationships. This study aimed to identify the principal agronomic and physi-
ological variables associated with maize yield using classical statistical analyses comple-
mented by multilayer perceptron modelling. Field data collected in Debrecen, Hungary,
during 2024-2025 included crop year, irrigation, fertilizer treatment, phenological stage,
SPAD chlorophyll readings, and grain yield. Pearson correlation and linear regression
quantified individual relationships, while four MLP scenarios evaluated combined pre-
dictive effects. Fertilizer was positively associated with yield in both years and irrigation
regimes, with the strongest relationship under irrigation in 2025 (r = 0.770; R? = 0.594). The
SPAD-yield relationship generally strengthened during crop development, reaching its
maximum at R3 under irrigation in 2025 (r = 0.916; R? = 0.839). The best-performing MLP
scenario included year, fertilizer, and irrigation, confirming their central role in yield pre-
diction and formation.

Keywords: maize; grain yield; SPAD; fertilizer; irrigation; phenological stage; multilayer
perceptron; machine learning; yield prediction; precision agriculture

1. Introduction

Maize (Zea mays L.) is one of the world’s most widely cultivated cereal crops and
plays a central role in food security, animal nutrition, industrial processing, and bioenergy
production. Owing to its high yield potential and broad range of uses, maize contributes
substantially to meeting the food and feed demands of a continuously growing global
population [1-7]. However, maintaining stable maize production is becoming increas-
ingly difficult because crop performance is strongly affected by climate variability, par-
ticularly changes in temperature and precipitation patterns [5,6,8].

Among the environmental factors influencing maize production, water availability
and temperature are of primary importance [8]. Drought and heat stress can substantially
reduce plant growth and grain formation, whereas irrigation may alleviate water stress
and limit yield losses under unfavourable conditions [9]. Nevertheless, the response to
irrigation is not uniform across years, because the magnitude of its effect depends on the
timing and severity of water deficits, seasonal temperature conditions, soil properties, and
crop development stage. Consequently, crop-year effects may sometimes exert a stronger
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influence on yield than individual agronomic interventions. Hybrid selection is also im-
portant, as genotypes differ in their productivity, stress tolerance, and grain-quality char-
acteristics [10,11].

Nutrient management, particularly nitrogen fertilization, is another major determi-
nant of maize yield and quality. Nitrogen is essential for leaf development, photosynthetic
activity, biomass accumulation, and grain formation; however, both insufficient and ex-
cessive nitrogen supply may reduce production efficiency. The agronomic response to
fertilizer depends strongly on environmental conditions and water availability, which
highlights the importance of coordinating nutrient and irrigation management [12]. De-
termining the optimal fertilizer rate and application timing is therefore essential not only
for maximizing yield but also for improving nitrogen-use efficiency and reducing envi-
ronmental losses [13-15]. Long-term field experiments conducted under Central Euro-
pean conditions have demonstrated that the effect of fertilization on maize yield is closely
related to crop year, water supply, and the interaction between these factors [9,13-15].

Rapid and nondestructive assessment of crop nitrogen status can improve the timing
and precision of nutrient management. SPAD chlorophyll-meter readings are widely used
as indirect indicators of leaf chlorophyll content and plant nitrogen status. Their relation-
ship with final grain yield may, however, vary according to phenological stage, environ-
mental conditions, and management treatment. Measurements conducted at later vegeta-
tive or reproductive stages may provide more direct information on the physiological sta-
tus of the crop during critical periods of yield formation than measurements performed
early in development. Evaluating the temporal development of the SPAD—-yield relation-
ship can therefore help identify the phenological stages that are most informative for yield
assessment and crop-management decisions.

Traditional statistical methods, including analysis of variance, correlation, and linear
regression, are valuable for quantifying individual effects and linear relationships among
agronomic variables. However, maize yield is determined by multiple, interacting factors
whose effects may be nonlinear. The increasing availability of field, sensor, spatial, and
temporal data has therefore encouraged the application of machine-learning methods in
crop research and precision agriculture [16]. Artificial neural networks can model com-
plex relationships among environmental, physiological, and management variables with-
out requiring these relationships to follow a predetermined functional form. Previous
studies have shown that integrating spatial and temporal information with machine-
learning methods can improve site-specific maize-yield prediction and support more pre-
cise management decisions [12,17]. Data-mining and machine-learning approaches have
also shown potential for optimizing maize-yield forecasting under Central European pro-
duction conditions [18].

Despite these advances, machine-learning predictions are most informative when in-
terpreted together with classical statistical results. Statistical analyses can identify the di-
rection, strength, and significance of individual relationships, while multilayer perceptron
models can evaluate the joint predictive value of several variables and account for nonlin-
ear interactions. Their combined application may therefore provide a more comprehen-
sive understanding of maize yield formation than either approach alone.

Accordingly, the objective of this study was to identify and quantify the agronomic
and physiological factors associated with maize grain yield under contrasting crop-year
and irrigation conditions. Specifically, the study evaluated the effects of fertilizer supply,
irrigation, crop year, phenological stage, and SPAD chlorophyll readings using classical
statistical analyses and complementary multilayer perceptron modelling. In addition, al-
ternative MLP scenarios were compared to determine which combinations of input vari-
ables provided the most accurate yield predictions and the greatest explanatory value for
yield variability.
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2. Materials and Methods

The field experiment was conducted in 2024 and 2025 at the Latokép Crop Produc-
tion Experimental Station of the University of Debrecen, Hungary (47°33' N, 21°26' E; 111
m a.s.l.). The site is located on the Hajdusag loess plateau and is characterized by a lowland
calcareous chernozem soil with favourable water-holding capacity. The long-term experi-
ment was established as a two-replicate split—split-plot trial covering a total area of 1.5 ha
and comprising 180 plots, each 1.5 m wide and 9 m long. In the original design, maize
hybrids were assigned to the main plots, irrigation treatments (irrigated and rainfed) to
the subplots, and fertilizer treatments to the sub-subplots. The present analysis was re-
stricted to the Merida hybrid (FAO 370), which was evaluated in both crop years. Nitrogen
was supplied as granular NH,NO; + CaMg(CO;), fertilizer containing 27% N, 7% CaO,
and 5% MgO. The treatments included an unfertilized control (Ao) and basal applications
of 60 (Aso) or 120 kg N ha' (A12). The basal treatments were supplemented by 30 kg N ha
at the V6 stage, producing cumulative rates of 90 (V6_90) and 150 kg N ha™! (V6_150), re-
spectively. A further 30 kg N ha! was applied at V12, resulting in final cumulative rates
of 120 (V12_120) and 180 kg N ha™! (V12_180). Irrigation was supplied using a Valley 8120
linear irrigation system; the irrigated treatment received 60 mm of additional water in 2024
and 25 mm in 2025. Relative chlorophyll content was measured using a MINOLTA SPAD-
502 chlorophyll meter. SPAD readings were recorded at V6, V8, V10, V12, R1, and R3, and
grain yield was determined at harvest. Measurements were taken on the 6, 7%, and 8t
plants in the second row from the left of each plot. The graphs were prepared using Mi-
crosoft Excel 2016. Statistical analyses were performed using IBM SPSS Statistics for Win-
dows, version 31.0.0.0. Harvested grain yield was adjusted to a moisture content of 14%.
Harvesting was carried out using a Sampo plot combine harvester. Following harvest,

grain composition parameters were determined using a Perten DA 7250 NIR Analyzer.

Weather conditions during the maize growing season differed between the two ex-
perimental years (Figure 1). In 2024, April was 2.4 °C warmer and received 14.7 mm less
precipitation than the 1981-2010 mean. May precipitation exceeded the long-term mean
by 12.2 mm, while June precipitation was equal to the long-term mean (66.0 mm). In con-
trast, rainfall in July (28.6 mm) and August (33.3 mm) was 37.4 and 15.7 mm below the
corresponding long-term means, respectively. From May onward, monthly mean air tem-
perature exceeded the long-term mean by 0.9-3.4 °C. Thus, the 2024 season was character-
ized by pronounced heat and rainfall deficits during July and August, coinciding with crit-
ical reproductive and grain-filling periods.

The 2025 growing season was also warm and dry, although the temporal distribution
of precipitation differed from that in 2024 (Figure 1). April was warm (12.9 °C) and dry
(23.0 mm), while May remained relatively cool (14.2 °C) and precipitation-deficient (44.0
mm). June was exceptionally dry, receiving only 18.0 mm of precipitation, 48.0 mm below
the long-term mean, together with a mean temperature of 22.2 °C. Conditions improved
in July, when 81.5 mm of rainfall and a mean temperature of 22.0 °C provided more fa-
vourable conditions for flowering. August remained warm (21.6 °C) and moderately dry

(27.0 mm), whereas September was both warm (18.4 °C) and comparatively wet (65.5 mm).
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Figure 1 Monthly precipitation and mean air temperature during the 2024 and 2025 maize grow-
ing seasons at the Latokép experimental site compared with the 30-year average

In the scope of the analyses, relationships between maize grain yield and the investi-
gated agronomic and physiological variables were evaluated: Pearson’s correlation coeffi-
cient (r) and simple linear regression were used to examine the association between ferti-
lizer rate and grain yield separately for each crop year and irrigation regime. The relation-
ship between SPAD value and grain yield was also evaluated separately for each pheno-
logical stage (V6, V8, V10, V12, R1, and R3), crop year, and irrigation treatment. The coef-
ficient of determination (R?) was used to quantify the proportion of yield variation ex-
plained by each linear relationship, while significance was evaluated at the 0.1%, 1%, and
5% probability levels. These analyses provided a basis for interpreting the individual rela-
tionships before evaluating the combined and potentially nonlinear predictive effects us-
ing the MLP models.
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To evaluate the predictive contribution of agronomic and physiological variables,
four multilayer perceptron scenarios were developed using different combinations of crop
year, fertilization, irrigation, phenological stage, and SPAD value. The scenarios were de-
signed to compare management-based models with those incorporating physiological
and phenological information. The input-variable structure of each scenario is summa-
rized in Table 1 and illustrated in Figure 2.

Table 1. Composition of the applied scenarios

Scenario Input variables
SC1 crop year, fertilization, irrigation
5C2 fertilization, phenological stage, SPAD value
SC3 crop year, fertilization, irrigation, phenological stage, SPAD value
SC4 crop year, fertilization, irrigation, SPAD value

The allocation of input variables across the four MLP scenarios is illustrated in the
alluvial diagram (Figure 2). The figure provides a visual overview of how crop year, fer-
tilization, irrigation, phenological stage, and SPAD value were combined in the different
model structures. SC1 represents the agronomic management variables, whereas SC2 em-
phasizes fertilization together with phenological and physiological information. SC3 in-
cludes the complete set of agronomic, phenological, and physiological predictors, while
SC4 combines crop year, fertilization, irrigation, and SPAD value without explicitly in-
cluding phenological stage. The connections indicate whether a variable was included in
a given scenario; ribbon width does not represent variable importance or effect magni-
tude.

Scenarios Input variables
SC1
—
SC2 Fertilizer
= -
3 L 4 Irrigation
' Phenophase
SC4

Figure 2 Alluvial diagram of the distribution of input variables within the different scenarios

The four MLP scenarios were implemented in Python 3.13.5 using the MLPRegressor class
of the scikit-learn library (1.8.0). Maize grain yield was defined as the continuous target
variable. Crop year, irrigation status, and phenological stage were treated as nominal cat-
egorical predictors and transformed using one-hot encoding. Fertilizer rate and SPAD
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value were treated as continuous numerical predictors and standardized before model
fitting. The dataset was divided using a fixed 70:30 training-testing partition with a ran-
dom seed of 42, ensuring that SC1-SC4 were trained and evaluated using identical sub-
sets. Each network contained one hidden layer with six neurons, used the hyperbolic tan-
gent activation function, and was optimized with the limited-memory BFGS algorithm.
Training was allowed to proceed for a maximum of 5000 iterations. Model performance
was evaluated on the testing dataset. Pearson’s correlation coefficient (R), the coefficient
of determination (R?), root mean square error (RMSE), and mean absolute error (MAE)
were used as the principal performance indicators. Additional evaluation measures in-
cluded Nash-Sutcliffe efficiency (NSE), mean absolute percentage error (MAPE), the
RMSE-standard deviation ratio (RSR), Kendall’'s rank correlation coefficient (t), Spear-
man’s rank correlation coefficient (9), Willmott's index of agreement (d), and the concord-
ance correlation coefficient (CCC). Scatter plots were used to examine agreement with the
1:1 line, Bland—Altman plots to assess bias and limits of agreement, and raincloud and
ridgeline plots to compare the distributions of measured and predicted yield values. Nor-
malized permutation importance was calculated to assess the relative predictive contri-
bution of the input variables within each scenario.

3. Results

3.1 Fertilizer-yield relationships

Fertilizer rate was positively associated with maize grain yield in both crop years and
under both irrigation regimes. In 2024, the relationship was weaker under rainfed condi-
tions (r = 0.557, R?=0.310) than under irrigation (r = 0.731, R?>= 0.535). A similar pattern
was observed in 2025, when the correlation increased from r=0.662 (R2= 0.438) in the
rainfed treatment to r=0.770 (R?= 0.594) under irrigation (Figure 3).

(a) Fertilizer-yield correlation (b) Explained yield variation
0.74
0.8 0.770%** 0.594 %%
0.731%% 0.6
0.535%%*

= 0.662+* -
= =4
E < o0s
5 0.6 0.557+* 2
3 £
3 E 04
H ]
2 2 0.310%*
= =
£ 0.4 <
£ 203
= 2
g =
b 0.2
& S

0.24

0.14
0.0 T 0.0 T
2024 2024 2025 2025 2024 2024 2025 2025
Non-irrigated Irrigated Non-irrigated Trrigated Non-irrigated Irrigated Non-irrigated Irrigated

Figure 3 Pearson correlation coefficients and coefficients of determination describing the relation-
ship between fertilizer rate and maize grain yield under irrigated and rainfed conditions in 2024

and 2025. ***, ** indicate significance at the 0.1% and 1% probability levels, respectively.

The strongest fertilizer—yield relationship was therefore detected in the irrigated treat-
ment in 2025, while the weakest occurred in the rainfed treatment in 2024. These results
indicate that the yield response to fertilization was more pronounced when water availa-
bility was improved.
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3.2 Development of the SPAD-yield relationship across phenophases

The strength of the relationship between SPAD values and grain yield varied markedly
across phenological stages. During the early vegetative stages, particularly at V6 and VS,
correlations were generally weak or non-significant. As crop development progressed, the
relationship became stronger, especially from V10 onward. In 2025, relatively strong as-
sociations were detected at V12, R1, and R3 in both irrigation treatments. The strongest
relationship was observed in the irrigated treatment at R3 in 2025 (r = 0.916, R?= 0.839).
Under rainfed conditions in the same year, R3 SPAD values also showed a strong rela-
tionship with yield (r=0.784, R?=0.615). Overall, the results indicate that SPAD measure-
ments obtained during late vegetative and reproductive development were more informa-
tive for final yield assessment than measurements taken during early crop growth (Figure
4).

Development of the SPAD-yield relationship across phenological stages

0.9

2024 non-irrigated {  0.228% 0.183ns 0.410+= 0.063ns 0.067ns 0.481%= 08
07 ~
g 2

o

g Lo6 &
S 2025 non-irrigated 4 0.046ns 0.446ns 0.511%* g
g g
E tos B
2 g
= L
g =l
€ 043
X 2024imigated |  0.003ns 0.200% 04045+ 0.030ns 0.874%5 i
g o33
z _
” z
Loz @

2025 irrigated 4 0.009ns 0.083ns 0.77 358 .785%k% 0.830 7%k Lol

—0.0

N V8 V10 Vi2 R1 R3

Phenological stage

% p < 0.001: #* p < 0.01; * p < 0.05: ns = not significant

Figure 4 Phenophase-specific coefficients of determination (R?) for the relationship between SPAD
values and maize grain yield under irrigated and rainfed conditions in 2024 and 2025. Significance

levels are shown within the cells.

3.3. Performance and interpretation of the MLP scenarios

3.3.1. Predictive performance of the four scenarios

The predictive performance of the MLP models differed according to the combination
of input variables included in each scenario. SC1, which incorporated crop year, fertiliza-
tion, and irrigation, achieved the best performance on the testing dataset, with an R? of
0.803, an RMSE of 1.135 t ha!, and an MAE of 0.805 t ha!. This indicates that the model
explained approximately 80.3% of the observed variation in grain yield while maintaining
the lowest prediction error among the four scenarios.

5C2, based on fertilization, phenological stage, and SPAD value, showed the weakest
testing performance, with an R? of 0.554 and an RMSE of 1.707 t ha™. Its lower accuracy
indicates that physiological and phenological information alone did not capture the full
extent of the year- and management-related variability in yield. SC3, which included all
five predictors, achieved an intermediate testing performance (R? = 0.735; RMSE =1.315 t
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ha), while SC4, comprising crop year, fertilization, irrigation, and SPAD, produced a sim-
ilar but slightly weaker result (R? = 0.726; RMSE = 1.337 t ha™).

The superior performance of SC1 demonstrates that a relatively compact set of agronomic
variables provided the most informative combination for yield prediction. The addition of
SPAD and phenological stage in SC3 and SC4 did not improve predictive accuracy beyond
that obtained with crop year, fertilization, and irrigation alone.

The results are summarized in Table 2.

Table 2 Testing performance of the four MLP scenarios

Scenario R R2 RMSE MAE
SC1 0.897 0.803 1.135 0.805
SC2 0.754 0.554 1.707 1.284
SC3 0.860 0.735 1.315 0.935
SC4 0.855 0.726 1.337 0.913

3.3.2. Scatter plot analysis of MLP model performance

Scatter plots were generated to visually assess the correspondence between measured and
predicted maize yield across the four MLP scenarios (Figure 5). They show the alignment
of predictions with the 1:1 reference line, the dispersion of individual predictions, cluster-
ing patterns, and possible compression of the predicted yield range. Clear differences
were observed among the scenarios. SC1 showed the strongest predictive agreement, with
the highest correlation coefficient (R=0.897) and the closest overall alignment of predicted
values with the 1:1 line. Although the predictions formed distinct clusters, this pattern
reflected the discrete structure of the agronomic input variables rather than poor model
performance. SC3 and SC4 also demonstrated strong relationships between measured and
predicted yield (R=0.860 and R=0.855, respectively), but their point distributions were
more dispersed than those of SC1. SC2 showed the weakest predictive agreement
(R=0.754), with greater deviation from the 1:1 line and a tendency to compress predictions
toward the central yield range, resulting in underestimation of the highest yields. Overall,
the scatter plots confirmed the ranking obtained from R?, RMSE, and MAE, with SC1
providing the most accurate and consistent out-of-sample predictions.
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269 Figure 5 Measured versus predicted maize grain yield for the four MLP scenarios, visualized as scatter
270 plots

271 3.3.3. Bland—Altman plots

272 Bland-Altman plots complemented the scatter plots by displaying the differences be-
273 tween predicted and measured yield against their mean. Whereas scatter plots illustrate
274 association and alignment with the 1:1 line, Bland—Altman plots quantify mean prediction
275 bias, the 95% limits of agreement, and whether the magnitude or variability of prediction
276 errors changes across the yield range. SC1 showed the most favourable agreement, with
277 comparatively small bias and narrower error dispersion, whereas SC2 displayed the wid-
278 est spread of differences. SC3 and SC4 showed intermediate agreement, confirming the
279 performance ranking obtained from the scatter plots and numerical error metrics (Figure

280 6).
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Figure 6 Bland-Altman plots showing agreement between measured and predicted maize grain

yield for the four MLP scenarios. The solid line indicates mean bias, while the dashed lines represent

the 95% limits of agreement.

3.3.4. Distributional agreement between measured and predicted yield (raincloud plots)

The raincloud plots provided a distribution-based comparison of measured and predicted

maize yield across the four MLP scenarios (Figure 7). SC1 showed the closest agreement

between the two distributions, with similar medians, interquartile ranges, and overall

spread. This supports the superior testing performance of SC1 and indicates that the

model reproduced not only the average yield level but also much of the observed varia-

bility. SC3 and SC4 showed moderate agreement, although their predicted distributions

differed somewhat from the measured data in shape and dispersion. SC2 displayed the

greatest mismatch, with a narrower predicted distribution and reduced representation of

the highest and lowest observed yields, indicating compression toward the central yield

range. Overall, the raincloud plots were consistent with the scatter plots and error metrics,

confirming that SC1 provided the most accurate distributional reproduction of measured

yield, while SC2 showed the weakest performance.
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300 Figure 7 Raincloud plots comparing the distributions of measured and predicted maize grain yield
301 for the four MLP scenarios. Density curves, boxplots, and individual observations illustrate differ-
302 ences in median, spread, and distribution shape.
303 3.3.5. Statistical evaluation of predictive accuracy using performance indices
304 To complement the performance indicators reported earlier in Table 2, the four MLP scenarios were
305 further evaluated using Nash-Sutcliffe efficiency (NSE), mean absolute percentage error (MAPE),
306 the RMSE-standard deviation ratio (RSR), Kendall’s rank correlation coefficient (t), Spearman’s
307 rank correlation coefficient (o), Willmott’s index of agreement (d), and the concordance correlation
308 coefficient (CCC). These indicators provide additional information on predictive efficiency, relative
309 error, rank agreement, and agreement between measured and predicted yield values (Table 3).
310 Table 3 Additional performance indicators for the four MLP scenarios on the testing dataset.
Performance indicators
Scenario 7 P . p
NSE MAPE RSR Kendall’'s Spearman’s Willmott’s cce
(%) T Q (d)

SC1 0.803 7.57 0444 0.686 0.850 0.944 0.892

sC2 0.554 11.83  0.668 0.402 0.577 0.859 0.741

SC3 0.735 878 0514 0.622 0.800 0.925 0.857

SC4 0.726 846  0.523 0.606 0.782 0.922 0.850
311 SC1 showed the strongest performance across all additional indicators. It achieved the highest NSE,
312 Kendall’s T, Spearman’s o, Willmott's d, and CCC, together with the lowest MAPE and RSR. These
313 results indicate that SC1 reproduced both the magnitude and rank order of measured yield values
314 most accurately. SC3 and SC4 exhibited broadly comparable intermediate performance. SC3
315 showed slightly stronger efficiency, rank agreement, and concordance, whereas SC4 produced a

316 marginally lower MAPE. SC2 performed least effectively, with the lowest agreement coefficients
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and the highest relative error. These additional indicators therefore confirmed the model ranking
reported in Table 2 and supported the results obtained from the scatter, Bland—Altman, and rain-

cloud analyses.
3.3.6. Ridgeline plot analysis of predicted and measured yields

Figure 8 compares the distributions of measured and predicted maize yields across the four MLP
scenarios. SC1 reproduced the location and overall shape of the measured yield distribution most
closely, although its predictions were more concentrated around the main yield ranges. SC3 and
SC4 also captured the central part of the measured distribution but showed some smoothing and
reduced representation of the extreme values. SC2 produced the narrowest predicted distribution
and showed the greatest deviation from the measured yield pattern, consistent with its weaker per-
formance indicators. Overall, the figure demonstrates that the models differed not only in prediction
error but also in their ability to reproduce the observed variability and distributional structure of

maize yield.

Measured

SC1

SC2

SC4

6 8 10 12 14 1
Yield (t/ha)

Figure 8 Ridgeline distributions of measured and predicted maize yields for the four MLP scenarios.
The curves illustrate differences between the observed yield distribution and the distributions re-

produced by each model configuration
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3.4 Normalized importance of the input variables
SCl1 sC2
Year Fertilizer 100.0
Fertilizer 100.0  Phenophase
Irrigation SPAD
0 20 40 0 50 100 0 0 60 50 100
Normalized importance (%) Normalized importance (%)
SC3 SC4

Phenophase

Fertilizer

Irrigation

Year

100.0

Fertilizer

Irrigation

SPAD SPAD

100.0

0 20 40 60 80 100 0 20 40 60 80 100
Normalized importance (%) Normalized importance (%)

Figure 9 Relative importance of the input variables within the MLP scenarios

The relative predictive contribution of the input variables differed among the four MLP
scenarios, although fertilization was consistently the dominant predictor (Figure 9). In
SC1, fertilization reached a normalized importance of 100%, whereas crop year and irri-
gation contributed 14.9% and 5.7%, respectively. In SC2, fertilization again showed the
maximum importance, while SPAD and phenophase had substantially lower values of
9.5% and 8.0%. In the most comprehensive model, SC3, fertilization remained the leading
predictor, followed by phenophase (16.9%) and crop year (16.2%), while SPAD and irri-
gation contributed 8.4% and 5.5%, respectively. In SC4, crop year accounted for 13.8% of
normalized importance and irrigation for 3.8%, whereas SPAD showed a slightly negative
permutation importance (-1.5%), indicating that it provided no additional predictive ben-
efit within that particular variable combination. Overall, Figure 9 demonstrates that ferti-
lization supplied the strongest predictive information across all model structures, while
the relative contribution of crop year, phenophase, irrigation, and SPAD depended on the
composition of the individual scenario.

4, Discussion

The results consistently showed that fertilization, crop-year conditions, and water
availability were the main factors structuring yield variability, whereas the contribution
of SPAD and phenological stage depended on the developmental period and on the other
predictors included in the model.

Fertilizer rate was positively associated with grain yield in both years and under both
irrigation regimes, confirming nutrient supply as a major yield-related factor. This inter-
pretation was also supported by the normalized importance analysis, in which fertiliza-
tion was the dominant predictor in every scenario. However, the strength of the fertilizer—
yield relationship differed among crop-year and irrigation combinations. The relationship
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was weakest under rainfed conditions in 2024 and strongest under irrigation in 2025. This
indicates that the response to fertilization depended on the production environment. Im-
proved water availability likely enhanced nutrient dissolution, root uptake, canopy de-
velopment, and photosynthetic activity, allowing the crop to convert additional nutrient
supply into grain yield more effectively.

Increasing fertilizer input alone does not necessarily result in a proportional yield
increase if water availability limits nutrient uptake or crop growth. The results therefore
support integrated nutrient and water management [14]. Due to the above, drought deficit
can be reduced [19]. Approaching crop formation in both the rainfed and the irrigated
versions, the correlation coefficient value increases. This indicates that the correlation be-
tween the two variables is becoming stronger.

Crop year represented the combined effects of precipitation, temperature, evapora-
tive demand, soil-water availability, and the timing of stress relative to sensitive growth
stages. Its importance also explains the weaker performance of SC2, which excluded crop
year and irrigation. Fertilization, SPAD, and phenological stage described crop manage-
ment and physiological status but did not fully represent the environmental conditions
under which those responses developed. Similar SPAD values may therefore have differ-
ent implications for final yield in different years. Crop year should consequently be inter-
preted as a proxy for several unmeasured environmental factors rather than simply as a
calendar variable. Future models could improve biological interpretation by replacing or
complementing the year category with direct meteorological and soil-water variables, in-
cluding precipitation distribution, temperature, soil moisture, heat accumulation, and
drought indices.

The relationship between SPAD and yield generally became stronger during later
developmental stages. The correlation between SPAD value and yield became more and
more pronounced as the crop approached maturity [20]. Early measurements probably
reflected crop nitrogen and chlorophyll status before the full effects of treatments and en-
vironmental stress had emerged, whereas measurements during reproductive develop-
ment were more closely associated with kernel formation, grain filling, and canopy per-
sistence. Later SPAD measurements were therefore more informative for yield estimation,
whereas earlier measurements, despite their weaker relationship with final yield, may be
more useful for in-season management. The strongest relationship was observed for R3
SPAD under irrigated conditions (r = 0.916; R? = 0.839), supporting previous reports of
significant associations between reproductive-stage SPAD values and maize grain yield
[21-24].

Although several phenophase-specific SPAD-yield relationships were strong, add-
ing SPAD to the main agronomic predictors did not improve MLP performance. SC1
achieved the highest R and R? and the lowest RMSE and MAE, while SC3 and SC4 showed
intermediate performance and SC2 performed least effectively. This suggests that crop
year, fertilization, and irrigation captured most of the predictable yield variation. SPAD
probably provided partly redundant information because chlorophyll status is itself in-
fluenced by nutrient supply, water availability, and seasonal conditions. Accordingly, the
slightly negative permutation importance of SPAD in SC4 should not be interpreted as a
negative biological effect, but as a lack of additional predictive value within that predictor
combination. The results demonstrate that adding more variables does not necessarily im-
prove prediction when they introduce overlapping information or noise.

The clustered SC1 predictions reflected the discrete experimental combinations of
crop year, fertilizer treatment, and irrigation rather than necessarily indicating poor
model performance. The modelling helps interpret the interrelated effects of key parame-
ters and supports previous findings that machine learning methods can complement tra-
ditional agronomic analyses by capturing complex relationships that are difficult to de-
scribe using purely linear methods [23-24].
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Overall, maize yield was primarily associated with nutrient supply and its interac-
tion with seasonal and water conditions. SPAD provided useful physiological infor-
mation, particularly during reproductive development, but contributed limited addi-
tional predictive information when the main agronomic variables were already included.
Variable-importance values should be interpreted as scenario-specific predictive contri-
butions rather than causal effects. Because the study covered only two years, one location,
and one hybrid, the observed relationships and model ranking require validation across
additional environments, soil conditions, and genotypes. Future studies should also com-
pare alternative machine-learning methods and apply model-interpretation techniques
using identical validation procedures.

5. Conclusions

This study investigated the agronomic, environmental, phenological, and physiolog-
ical factors associated with maize grain yield and evaluated their combined predictive
value using four multilayer perceptron scenarios. The findings demonstrate that yield for-
mation in the examined field experiment was primarily associated with fertilization, crop-
year conditions, and water availability. Fertilizer rate was positively related to yield in
both years and under both irrigation regimes. However, the relationship was stronger
under irrigated conditions, demonstrating that nutrient response depended on water
availability. Fertilization should therefore not be interpreted as an isolated production
factor; its yield effect is closely connected to seasonal conditions and the crop’s capacity
to use the supplied nutrients.

The SPAD-yield relationship strengthened as crop development progressed. Early
vegetative measurements were generally weak predictors of final yield, whereas late veg-
etative and reproductive-stage measurements showed substantially stronger associations.
This indicates that late-season leaf chlorophyll status reflects physiological processes di-
rectly connected with grain formation and grain filling. Nevertheless, SPAD provided
limited additional predictive information when crop year, fertilization, and irrigation
were already included, probably because it partially reflected the effects of these variables.

Among the four MLP configurations, SC1, containing crop year, fertilization, and ir-
rigation, achieved the strongest testing performance. SC3 and SC4 showed intermediate
accuracy, while SC2, which excluded crop year and irrigation, performed least effectively.
The results demonstrate that adding physiological and phenological predictors did not
automatically improve prediction and that a compact set of agronomically meaningful
variables may provide more robust performance than a larger but partly redundant input
set.

Overall, the combined statistical and MLP analyses identify fertilization as the dom-
inant yield-related predictor while also emphasizing the modifying roles of crop year and
irrigation. SPAD measurements are valuable indicators of crop status, particularly during
later phenological stages, but they should be interpreted within the broader environmen-
tal and management context. These findings support integrated nutrient and water man-
agement and demonstrate the value of combining classical relationship analysis with non-
linear modelling to improve understanding of maize yield variability. Since the study was
limited to two years, one location, and one hybrid, the results should be validated under
broader environmental and production conditions. Future research should replace crop-
year categories with direct meteorological and soil-water variables, apply grouped or ex-
ternal validation, and investigate nonlinear interactions among nutrient supply, water
availability, crop development, and physiological status.
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