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Abstract

Machine learning models such as XGBoost show strong potential for predicting pasture
quality metrics like crude protein (CP) content in tamani grass (Panicum maximum). How-
ever, their ‘black box” nature hinders practical adoption. To address this limitation, this
study applied SHapley Additive exPlanations (SHAP) to interpret an XGBoost model and
uncover how management practices (grazing interval, nitrogen fertilization, and pre- and
post-grazing heights) and environmental factors (precipitation, temperature, and solar radi-
ation) jointly influence CP predictions. Data were divided into 80% for training/validation
and 20% for testing. Model performance was assessed with stratified 5-fold cross-validation,
and hyperparameters were tuned via grid search. The XGBoost model yielded a Pearson
correlation coefficient (r) of 0.78, a mean absolute error (MAE) of 1.45, and a coefficient of de-
termination (R?) of 0.57. The results showed that precipitation in the range of 100-180 mm
increased the predicted CP content. Application of 240 kg N ha~! year~! positively af-
fected predicted CP, whereas a lower dose of 80 kg N ha~! year~! had a negative impact,
reducing predicted levels of CP. These findings highlight the importance of integrated
management strategies that combine grazing height, nitrogen fertilization, and grazing
intervals to optimize crude protein levels in tamani grass pastures.

Keywords: algorithms; SHapley Additive exPlanations; pasture management; precision
livestock farming; Panicum maximum

1. Introduction

The productivity of animal production systems that rely on pasture as the primary
feed source for ruminants can be enhanced through the adoption of improved technologies
and management practices [1]. In this context, monitoring pasture quality is essential to
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determine the optimal grazing time, balance forage production and nutritive value, and
ultimately improve animal performance [2].

Accurate and reliable information on pastures is, therefore, critical for research aimed
at developing technologies that optimize production efficiency while reducing resource use,
labor, and land requirements [3,4]. This calls for tools that allow rapid and cost-effective
data collection. With continuous advances in artificial intelligence, machine learning
techniques have gained prominence as they can efficiently analyze complex datasets,
extract meaningful insights, and support faster decision-making [5].

Predictive modeling using machine learning has been widely applied to estimate
canopy height and biomass from UAV and remote sensing imagery [6-9]. However, the
application of these approaches in pasture-based systems remains challenging due to
pronounced spatial and temporal heterogeneity. Although deep learning-based models
have demonstrated promising performance, their practical application in field conditions is
still constrained. For instance, Wang et al. [10] showed that variations in lighting conditions
compromised the accuracy of computer vision models for blueberry detection, underscoring
the sensitivity of these algorithms to environmental variability and the need for more robust
and interpretable approaches for real-world applications.

Moreover, the effectiveness of machine learning techniques in capturing the inter-
actions between biotic and abiotic factors in predictive modeling remains insufficiently
understood [11]. Many models are inherently complex and often function as “black boxes,”
making it difficult to interpret the reasoning behind predictions, even when their internal
parameters are accessible [12]. Understanding why a model produces a specific output
can be as important as predictive accuracy, as it builds user confidence and generates
actionable insights [13].

In this regard, SHapley Additive exPlanations (SHAP) have emerged as a powerful
framework to improve model interpretability by quantifying the contribution of each
variable to the prediction [13,14]. SHAP assigns a value of importance to each feature
based on its impact on the prediction, regardless of whether the variable is present in
a given estimation [15,16]. This enables both the direction and magnitude of variable
effects to be assessed, allowing interpretation at both the local and global levels. Unlike
traditional methods such as Random Forest, feature importance, or Linear Regression
coefficients, SHAP captures complex, non-linear interactions among variables, making
it particularly suited for advanced algorithms such as XGBoost, Neural Networks, and
Random Forest [13].

Recent studies have increasingly employed SHAP (SHapley Additive exPlanations) to
enhance the interpretability of machine learning models in livestock and grassland systems.
For example, SHAP analysis has been applied to GPS-derived features to interpret cattle
foraging behavior [17]; environmental and physiological sensor data for predicting core
body temperature in dairy cows [18]; satellite-based vegetation indices and agrometeo-
rological data for grassland yield prediction [19]; and hyperspectral bands for biomass
and nutrient estimation [20]. While these approaches demonstrate the utility of SHAP
in revealing the contribution of spectral, sensor-based, and remotely sensed predictors,
there remains a notable gap in applying SHAP analysis to tabular datasets derived from
pasture management practices, such as grazing intervals, pre- and post-grazing heights,
and nitrogen fertilization. Addressing this gap could provide interpretable, evidence-based
insights directly applicable to management decisions in grazing systems.

Accordingly, the objective of this study was to apply SHAP analysis to interpret
the influence of management heights, grazing interval, nitrogen doses, light intercep-
tion, precipitation, temperature, and solar radiation on the predictions of an XGBoost
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model [21] to estimate the crude protein (CP) content of Megathyrsus maximus cv. BRS
Tamani grass leaves.
The contributions of this study are as follows:

e It provides an interpretation of the XGBoost model for predicting the crude protein
(CP) content of Tamani grass leaves using the SHAP technique. This represents an
advance in the methodological framework for forage production studies, offering an
explainable model that generates insights to support decision-making.

e  The analysis revealed that rainfall within the range of 100-180 mm tends to increase
the CP content of Tamani grass leaves, underscoring the value of interpretability in
identifying optimal management practices.

e  The findings demonstrated that the application of 240 kg ha~! year™! of nitrogen
enhances leaf CP content when combined with favorable pasture structural conditions,
such as appropriate pre- and post-grazing heights.

2. Materials and Methods
2.1. Data Description

Data were collected from a 0.96 ha tamani grass pasture at Brazilian Agricultural
Research Corporation (Embrapa Beef Cattle, Campo Grande, MS, Brazil), intensively man-
aged from October 2020 to April 2022, located in the Cerrado biome, Brazil (Figure 1). The
experimental area was divided into four blocks, each further subdivided into four paddocks
of 0.06 ha. A randomized block design was employed, arranged in a 2 x 2 factorial scheme.
The treatments consisted of two grazing frequencies: 90% and 95% light interception (LI);
combined with two nitrogen (N) topdressing rates: 80 and 240 kg ha~! year!. Grazing
intensity was kept fixed at 50% of pasture height in pre-grazing for the four treatments.
The grazing method was mob stocking [22].

Figure 1. Experimental area of tamani grass pastures outlined in red.

The variables temperature, precipitation, and solar radiation for the experimental
period were collected by the Embrapa Beef Cattle meteorological station, located approx-
imately 2.4 km from the experimental area. The data were organized into the following
seasons: 20/21 Rainy (December 2020 to 28 February 2021), transition 21 Rainy-Dry (March
and April 2022), 21 Dry-Rainy (first grazing cycle of each treatment after the dry period),
21/22 Rainy (December to 28 February 2022), and 22 Rainy-Dry (March and April 2022).
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Forage mass was collected at each grazing cycle using quadrat sampling. The samples
were separated into leaf blades, stems, and dead material. Leaf subsamples were ground
and analyzed for crude protein (CP) content using NIRS, following Marten et al. [23]. At
each grazing cycle, canopy light interception and pre- and post-grazing sward height were
measured, and the interval between grazing was calculated as the sum of the rest days.

The dataset comprised 14 variables, including one dependent variable and 13 inde-
pendent variables (season, temperature, solar radiation, precipitation, nitrogen dose, light
interception, grazing interval, and pre- and post-grazing heights), totaling 90 instances.
Table 1 summarizes the dataset, indicating the meaning, units, and ranges of all variables.
The data were split into 80% for training and validation and 20% for testing. Model evalua-
tion employed stratified 5-fold cross-validation with 100 iterations to mitigate overfitting.
Hyperparameter tuning was performed using grid search on the training set and integrated
into the cross-validation process to optimize the balance between bias and variance, thereby
improving the reliability of the results.

Table 1. Description of the variables that make up the dataset. There are 14 variables in total, 5 of
which are categorical and 9 are numerical. The independent variable is crude protein (CP).

Variable (Symbol) Meaning Unit Range
20/21 Rainy season binary var. (1/0) [0; 1]

21 Rainy-Dry season binary var. (1/0) [0; 1]

21 Dry-Rainy season binary var. (1/0) [0; 1]
21/22 Rainy season binary var. (1/0) [0; 1]

22 Rainy-Dry season binary var. (1/0) [0;1]
TEMP average temperature degrees °C [22.72; 30.35]
RAD solar radiation KJ /m? [673.79; 2184.90]
PREC precipitation mm [0; 1136.4]
PRECIP.100-180 discretized precipitation mm [100; 180]
PRECIP.180+ discretized precipitation mm [180; 1136.4]
PRECIP.60-90 discretized precipitation mm [60; 90]

N DOSE nitrogen dose kg ha~! year! [80; 240]
LI light interception % [90; 95]
IBG interval between grazing days [12; 69]
HPRE pre-grazing height cm [24.5; 51]
HPOST post-grazing height cm [11; 26]
cr crude protein % of DM [6.6; 18.51]

DM: dry matter.

2.2. Machine Learning

Several machine learning algorithms, including Random Forest and Neural Networks,
were evaluated. XGBoost was selected for its superior predictive performance, robustness
to overfitting, and computational efficiency on tabular data. Based on gradient boosting,
XGBoost sequentially builds decision trees by splitting data according to input variable
thresholds, capturing complex relationships between predictors and the target variable.
This approach creates a hierarchical tree-shaped structure, where the root defines the first
division criterion, the internal nodes represent intermediate subdivisions, and the leaves
correspond to the final output of the model [13]. The hyperparameter configuration used
was shallow trees with a maximum depth of 2, 200 iterations and a learning rate of 0.1 with
60% of the data and 60% of the features per tree (Table 2).
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Table 2. Hyperparameters and intervals on the XGBoost model.

Model Hyperparameters Interval
Colsample bytree: 0.6, learning rate: 0.1, max [ ch)giarorlglleobl}itﬁix[gg ?h&r}oi’r Zfr:(lg gSr;t)e:n
XGBoost depth: 2, n estimators: 200, reg alpha: 0.6, reg Y P Tp- B\ O L),

estimators: [200, 600,1000], reg alpha: [0, 0.2, 0.6],

lambda: 2, subsample: 0.6 reg lambda’: [1, 1.5, 2]

The XGBoost model yielded a Pearson correlation coefficient (r) of 0.78, a mean
absolute error (MAE) of 1.45, and a coefficient of determination (R?) of 0.57 in predicting
the crude protein content of tamani grass leaves.

2.3. SHapley Additive exPlanations (SHAP)

The SHAP technique was used to interpret and explain prediction results, as well as
to provide a measure of the importance of each variable in the XGBoost model for CP pre-
diction. To calculate the model’s SHAP values, we used the TreeExplainer implementation
developed by [15], which offers an efficient and accurate method for gradient-boosted tree-
based machine learning models. Unlike permutation-based methods, TreeSHAP follows
only valid paths in the tree and avoids unrealistic feature combinations. It calculates a
weighted average over reachable leaf nodes for each feature coalition and scales linearly
with the number of samples and polynomially with the number of features.

Based on Shapley value theory, which originates from cooperative game theory, the
SHAP approach fairly distributes the importance of each predictor variable by considering
all possible combinations of features. SHAP values quantify the impact of each variable on
the model’s prediction by computing the difference between the expected model output;
this is the case if no information about the features are known (the base value, E[f(z)]) and
the current prediction is f(x). In this framework, SHAP values allow for the measurement of
the individual contribution of each feature to a specific prediction. The prediction for a given
instance is decomposed into additive contributions assigned to each variable, such that the
sum of these parts equals the model’s output exactly—a property known as efficiency. This
local decomposition faithfully represents the model’s behavior, as it accounts for all possible
combinations of input features and computes their average marginal contribution [15].

Grapbhs of the overall importance of the variables, SHAP summary graphs to investi-
gate the overall behavior of the model, and SHAP strength graphs to examine the model’s
prediction in specific samples were generated [14-16]. To implement the SHAP technique,
the seasons, temperature, solar radiation, precipitation, nitrogen (N) dose (80 and 240 kg
ha~! year’1 of N), light interception (LI) (90% and 95% LI), interval between grazing (IBG),
pre-grazing height (HPRE), and post-grazing height (HPOST) were used as input variables
in the XGBoost model to predict the crude protein content (CP) of tamani grass pastures.

3. Results

The experiments were structured into three evaluations seeking to answer the follow-

ing research questions (RQs):

e  RQI: When disregarding the effect of the season, does the order of the variables with
the greatest impact change?

e  RQ2: How does increasing nitrogen dose (N_DOSE) affect CP content?

e  RQ3: Which precipitation range has positive SHAP values in predicting the CP content
of tamani grass?

e RQ4: Does N_DOSE influence the hierarchy of importance of management and envi-
ronmental variables in predicting the CP content of tamani grass leaves?
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The following sections describe the experiments performed to answer the above
questions. The contribution of attributes/characteristics to the estimation of CP content
in tamani grass leaves (Figure 2) was classified using the SHAP technique. All input data
were considered when comparing the importance of the attributes.

IBG
N_DOSE
RAINY20/21
HPOST
HPRE
PRECIPITATION
RAINY21/22
o
Teve [

i |

RAINY-DRY21 [

RAINY-DRY22 [J]

DRY-RAINY21 ||

0.0 0.2 0.4 0.6 0.8
mean(|SHAP value|) (average impact on model output magnitude)
Figure 2. Global interpretation of the XGBoost model using SHAP values for the CP prediction task:
SHAP global feature importance graph. IBG: interval between grazing, N_DOSE: nitrogen dose,
HPRE: pre-grazing height, HPOST: post-grazing height, TEMP: temperature, RAD: solar radiation,
LI light interception.

The attribute that has the greatest impact on the magnitude of the model output is
IBG, followed by N_DOSE, the 20/21 rainy season, post-grazing height, and pre-grazing
height. The variables radiation, precipitation, temperature, and LI have less influence, but
still affect the model results depending on the context (Figure 2).

3.1. Answering RQ1: When the Effect of the Season Is Disregarded, Is There a Change in the Order
of the Variables That Have the Greatest Impact?

In order to understand whether there is a change in the order of the variables that
most impact the prediction of CP content, the variables corresponding to the seasons were
excluded from the analysis. Seasons were removed because they represent a combination
of climatic factors, which could obscure their individual effects. The revised ranking of
variable importance after this exclusion is shown in Figure 3.

The IBG and N_DOSE remained the variables with the greatest impact on the model
after excluding the season variables. However, two main changes were observed in the
order of importance of the attributes (Figure 3): (i) management heights (HPOST and
HPRE) came next after IBG and N_DOSE, and (ii) the order of relevance of climatic factors
was modified, with solar radiation having the greatest impact, followed by precipitation,
and finally temperature.

In response to RQ1, it can be stated that there is a change in the order of importance of
the variables, with the individual contribution of climatic factors being lower than that of
the management variables IBG, N doses, and pre- and post-grazing heights.
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IBG
N_DOSE
HPOST

HPRE

£
o

PRECIPITATION

TEMP

L

0.0 0.2 0.4 0.6 0.8 10
mean(|SHAP value|) (average impact on model output magnitude)
Figure 3. Global interpretation of the XGBoost model using SHAP values for the CP prediction task:
SHAP global feature importance graph disregarding the seasons. IBG: interval between grazing;
N_DOSE: nitrogen dose; HPRE: pre-grazing height; HPOST: post-grazing height; TEMP: temperature;
RAD: solar radiation; LI: light interception.

3.2. Answering RQ2: How Does Increasing Nitrogen Dose (N_DOSE) Affect CP Content?

To investigate the effect of N_DOSE on CP content, a SHAP summary plot was used
to examine the importance of this attribute, along with the direction and magnitude of
its contribution to the model (Figure 4). In the global interpretation of the model using
SHAP values, the variables with the greatest influence on predictions appear at the top
of the y-axis. Each point in the figure represents an individual instance and is associated
with: (i) a categorical value on the y-axis, indicating the variable it refers to; (ii) a real
value on the x-axis, representing the SHAP value; and (iii) a color. SHAP values quantify
the contribution of each feature to the model’s prediction, where positive values indicate
that the variable contributes to increasing the predicted outcome. The color denotes the
magnitude of the feature itself: pink corresponds to high values (for binary variables, 1; for
continuous variables, the upper range of values), while blue corresponds to low values.

SHAP Summary Plot - XGBoost

High
IBG o Sofutlof t..}qq s 3 §Bed ol B el o
N_DOSE ot Se cotUiB o0 o ‘n-.ap..
ol chmdobes onee .
HPOST ] .
[Ty] —_
0 HPRE wer B et /i S
2 @
1] - e w =
@ RAD obe =
&
PRECIPITATION .. -od
TEMP o 1.
LI
T T Low

15 -10 -05 00 05 10 15

SHAP Value
Figure 4. Global interpretation of the XGBoost model using SHAP values for crude protein (CP)
prediction: SHAP summary plot. Variables with the greatest influence on the predictions appear
at the top of the y-axis. SHAP values on the x-axis indicate the direction and magnitude of their
contribution, while color represents the feature value (pink = high, blue = low).



Agronomy 2025, 15, 2780

8of 17

A single variable may be associated with multiple instances, which vary in both
color and SHAP values. This variation reflects the specific influence of each value on the
model output. For example, for the variable N_DOSE, several pink points show positive
SHAP values, indicating that higher N doses contribute to an increase in the prediction.
Conversely, blue points show negative SHAP values, suggesting that lower N doses are
associated with a reduction in the model output (Figure 4).

However, this relationship is not always linear or easily interpretable. An example
of this is the IBG variable, which has blue points with both positive and negative SHAP
values. This indicates that low IBG values can either increase or decrease the prediction,
depending on the interaction with other variables present in the model. This behavior
reinforces the importance of considering the complex relationships between attributes in
interpretability analysis (Figure 4).

High values of HPOST, HPRE, and RAD (shown in pink) tend to lower the model
output; in other words, the higher these values, the stronger their effect in reducing the
predicted CP content. Conversely, lower values of these variables (in blue) drive the
model toward higher CP predictions (Figure 4). Regarding RQ?2, the results indicate a clear
relationship between nitrogen (N) dose and the model’s predictions: a dose of 240 kg ha~!

year~! increases the predicted CP content, whereas a dose of 80 kg ha~! year~! reduces it.

3.3. Answering RQ3: Which Precipitation Range Has Positive SHAP Values in Predicting the CP
Content of Tamani Grass?

To facilitate the interpretation of precipitation’s influence on the model, this variable
was discretized into four classes, defined by ranges of accumulated values in millimeters
(mm). The intervals were: up to 60 mm (PRECIP_60), 60-100 mm (PRECIP_60-100),
100-180 mm (PRECIP_100-180), and 180-1200 mm (PRECIP_180+). This approach
(Figure 5) allowed for a clearer assessment of precipitation’s role in the model predictions.

SHAP Summary Plot - XGBoost

High
IBG P fifefen. 1 AASN.. o2 : du.ag .l
N_DOSE ot oot b o ....‘.....
HPOST sremdBoaslos  emBpeliZn iulin .
HPRE o R e o )
o RAD iRt o TE
2 v
E PRECIP_100-180 & -n g
TEMP I &
PRECIP_180+ -
Ll »
PRECIP_60-100 -l
Low

15 -10 -05 00 05 10 15
SHAP Value
Figure 5. Global interpretation of the XGBoost model using SHAP values for crude protein (CP)
prediction: SHAP summary plot with discretized precipitation. The variable Precipitation was divided
into four classes: PRECIP_60, PRECIP_60-100, PRECIP_100-180, and PRECIP_180+. SHAP values on
the x-axis indicate the direction and magnitude of their contribution, and color denotes feature value
(pink = high; blue = low).
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The results show that the following:

e  When discretized precipitation is in the range of 100-180 mm (PRECIP_100-180 = 1),
the SHAP value is positive, indicating that it drives the model toward higher predic-
tions of leaf CP content;

o  When precipitation exceeds 180 mm (PRECIP_180+ = 1), the SHAP value is negative,
contributing to a decrease in the model’s prediction;

e  Precipitation in the range of 60-100 mm (PRECIP_60-100 = 1) and LI have no signifi-
cant impact on the model (SHAP value ~ 0) (Figure 5).

In response to RQ3, precipitation in the range of 100-180 mm shows positive SHAP
values, indicating an increase in CP prediction by the model.

3.4. In Response to RQ4: Does N_DOSE Influence the Hierarchy of Importance of Management
and Environmental Variables in Predicting the Crude Protein Content of Tamani Grass Leaves?

To assess whether the order of variable importance changes with N dose, the dataset
was divided according to the applied N levels. Figure 6 illustrates the impact of the
variables on model output at a dose of 80 kg ha~! year~! of N (Figure 6a) and at a dose of
240 kg ha=! year~! of N (Figure 6b).

(a) 80 kg ha'year™ of N High
PRECIPITATION o oo . ..'..:... o e% % eem
HPOST e
HPRE . s I o okl dte eee we o
«» PRECIP_100-180 i ceesee - E!
Q ©
2 >
E] RAD eoefle ¢ Wleo e o3 o
3 2
w u e de :—:' E
TEMP o Jem cme 0B el so e o
PRECIP_180+
PRECIP_60-100 ’
T Low
-1.0 -0.5 0.0 0.5 1.0
SHAP Value

(b) 240 kg ha' year~' of N

High
HPOST eoetBoceces o o o wde jnlag e
HPRE o oo o o e ot it tafigags
PRECIPITATION oo mafag..  ode
o TEMP o dur o %
% RAD .u..hy.l *- §
&£ preciP_100-180 (= 3
u =[m
PRECIP_180+ =
PRECIP_60-100 §

Low

-25 =20 -15 -10 -05 00 05 10
SHAP Value

Figure 6. SHAP summary plot for CP prediction, divided into two datasets: (a) 80 kg ha~! year~! of
N and (b) 240 kg ha=! year—! of N.

The order of variable importance shifts between the two N doses (Figure 6). At 80 kg
N ha~! year~!, precipitation is the most influential factor, followed by HPOST and HPRE
(Figure 6a). Among precipitation classes, only 100-180 mm, >180 mm, and LI showed
distinct effects. Precipitation in the 100-180 mm class (PRECIP_100-180 = 1; pink) and
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precipitation outside the >180 mm class (PRECIP_180+ = 0; blue) both exert a positive
influence. For LI, management at 90% (blue) has a positive impact on the model, whereas
management at 95% (pink) has a negative impact (Figure 6a).

At 240 kg N ha~! year !, the hierarchy of importance changes: management variables
(HPOST, followed by HPRE) appear at the top, while climatic variables have a lower impact
(Figure 6b). In response to P.P. 5, the order of importance of the variables changes according
to the N dose. In pastures that received 240 kg ha~! year—! of N, management heights have
a greater influence. In pastures that received 80 kg ha~! year ! of N, precipitation has the
greatest influence on the CP content of tamani grass leaves.

Interactions between variables using SHAP

The questions presented above allowed us to identify the main factors influencing the
XGBoost model’s prediction of CP content in tamani grass leaves. However, in addition to
the importance of each variable, the explanations generated by SHAP also make it possible
to explore interactions between climate and management variables, offering additional
insights into the behavior of the model.

In this section, we analyze how these interactions affect predictions, identify scenarios
in which variables expected to be influential have a reduced impact, and highlight specific
contributions at the local level using interpretability tools such as SHAP force plots.

Figures 7-11 show force plots illustrating local interpretability for five representative
samples. SHAP values represent different forces that drive the increase or decrease in
model predictions [14]. Each prediction starts from a base value, corresponding to the
average of all outputs for each CP value in the dataset, considering the absence of infor-
mation about the input attributes [13]. In the present study, the CP content has a base
value probability = 12.5% (Figures 7-11). The variables that contributed to increasing the
prediction are represented in red, while those that contributed to decreasing the output
value appear in blue.

higher < > lower
13.57 1
b)) ) ) [ —

PRECIP_100-180 =1 HPRE =293 P IBG =26 N_DOSE = 80 RAD = 1761

Sample CP predicted CP true
15 13:57 13.50

Figure 7. SHAP force plot illustrating the contribution of individual features to the predicted CP
value for sample 15. Features pushing the prediction higher are shown in red, while those pushing it
lower are in blue.

higher = lower
16.19
po o )

PRECIP_100-180 =1 TEMP = 2722 HPRE =284 HPOST = 1345 N_DOSE = 240 BG=13 RAD = 1421

Sample CP predicted CP true

58 16.19 16.69

Figure 8. SHAP force plot illustrating the contribution of individual features to the predicted CP
value for sample 58. Features pushing the prediction higher are shown in red, while those pushing it
lower are in blue.
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Figure 9. SHAP force plot illustrating the contribution of individual features to the predicted CP
value for sample 9. Features pushing the prediction higher are shown in red, while those pushing it
lower are in blue.
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Figure 10. SHAP force plot illustrating the contribution of individual features to the predicted CP
value for sample 63. Features pushing the prediction higher are shown in red, while those pushing it
lower are in blue.

higher = lower
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Sample CP predicted CP true
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Figure 11. SHAP force plot illustrating the contribution of individual features to the predicted CP
value for sample 68. Features pushing the prediction higher are shown in red, while those pushing it
lower are in blue.

When the dose used was 80 kg ha—! year~! of N and a RAD value of 1.761 drove the
model to reduce the CP prediction from 14.5% to 13.57% (Figure 7). Conversely, when IBG
was 26 days, HPOST was 15.5 cm, precipitation was in the 100-180 mm class, and HPRE
was 29.3 cm, the model increased the prediction, resulting in a CP content of 13.57% for
tamani grass leaves (Figure 7).

The RAD variable, with a value of 1.421, directed the model to decrease the prediction
of CP content in tamani grass leaves (Figure 8). The other variables, however, contributed
to an increase in the CP prediction. Starting from a base value of 12.5% CP, the combination
of precipitation in the range of 100-180 mm, a temperature of 27.22 °C, HPRE of 28.4 cm,
HPOST of 13.45 cm, a nitrogen dose of 240 kg ha~! year !, and an IBG of 13 days raised
the predicted CP content to 16.19%. (Figure 8).

The 27-day IBG and precipitation ranging from 100 to 180 mm increased the predicted
CP content in tamani grass leaves (Figure 8). In contrast, a temperature of 28.7 °C, RAD
of 1653, HPRE of 38.9 cm, HPOST of 19.5 cm, and a nitrogen dose of 80 kg ha™! year’l
reduced the model prediction, resulting in a CP content of 10.73% (Figure 9).

Among the variables, only N_DOSE (240 kg ha~! year~!) contributed to increasing
the prediction of CP content in tamani grass leaves, whereas all other variables acted to
decrease the prediction (Figure 10). Specifically, precipitation outside the 100-180 mm
range, a temperature of 27.42 °C, and a RAD of 1147.5 led the model to predict the baseline
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CP content of 12.5%. Furthermore, with HPRE of 39 cm, IBG of 32 days, and HPOST of
21 cm, the model reduced the predicted CP content from 12.5% to 10.26% (Figure 10).

HPRE of 26.4 cm and HPOST of 11.65 cm, in combination with a nitrogen dose of
240 kg ha~! year~!, increased the predicted CP content in tamani grass leaves. Conversely,
a 30-day IBG, RAD of 1716, a temperature of 29.13 °C, and precipitation outside the
100-180 mm range reduced the prediction. Collectively, these factors resulted in a predicted
CP content of 13.6% (Figure 11).

Relevant interactions between climatic and management variables were identified as
having a significant influence on the model’s predictions. Specifically, combinations such as
pre-grazing heights below 30 cm, post-grazing heights below 19 cm, precipitation between
100 and 180 mm, IBG shorter than 30 days, and nitrogen fertilization at 240 kg ha~! year~!
contributed substantially to increasing the predicted CP content (Figure 8).

Moreover, the model revealed contrasting responses to subtle temperature variations:
while 27.22 °C increased the predicted CP content (Figure 8), a temperature of 27.42 °C re-
duced it (Figure 10), underscoring the model’s sensitivity to specific contextual interactions.
These findings, derived from the SHAP plots, provide valuable insights that can support
evidence-based decision-making through an interpretable modeling approach.

4. Discussion

The pasture ecosystem is dynamic and influenced by both management and abiotic
factors, such as water availability, light, nutrients, and temperature. However, it was
observed that management variables are more important in the chemical composition of
tamani grass leaves than environmental factors (Figure 3). Among these, IBG is particularly
critical for the model, as it influences the maturity stage of the forage at the time of animal
defoliation (Figure 4). During the initial weeks of regrowth, protein content and digestibility
are at their highest. As regrowth progresses, however, the plant allocates more resources to
structural development, leading to culm elongation, a reduction in highly digestible cellular
contents, and increased fiber deposition. This structural shift slows down and reduces
the efficiency of forage digestion [24], which in turn lowers intake rates and compromises
animal performance [25].

The SHAP values showed contrasting behavior between the N doses evaluated, in
which the dose of 80 kg ha~! year~! had a negative impact on the model’s prediction,
while 240 kg ha~! year~! had a positive impact (Figure 4). This finding indicates that
the higher nitrogen dose was decisive in increasing CP content. Nitrogen is a key factor
limiting plant growth and, when adequately managed, enhances both forage yield and
nutritional quality [26,27].

Precipitation between 100 and 180 mm increased the predicted CP content of tamani
grass (Figures 5-9). During the rainy season, under well-managed pastures, forage CP
concentration and digestibility tend to be higher, whereas fiber and lignin contents increase
during periods of low rainfall [28]. The positive effects of precipitation within this range
can therefore be attributed to adequate soil water availability, which promotes vegetative
growth and leaf turnover, resulting in younger and higher-quality pastures.

The overall ranking of variable importance (Figure 6) changed when the database was

—1 was insufficient for tamani

stratified by nitrogen dose. The use of 80 kg N ha~! year
grass, a species with high fertility requirements, for which the recommended nitrogen
rates are 100-150 and 200-300 kg N ha~! year! in medium- and high-input production
systems, respectively [29].

In pastures receiving low nitrogen doses (Figure 6a), precipitation plays a predominant
role in determining the CP content of tamani grass leaves. Under these conditions, precipi-

tation between 100 and 180 mm increased predicted CP content, suggesting that adequate



Agronomy 2025, 15, 2780

13 of 17

water availability favors the accumulation of nitrogen compounds. Management at 95%
LI led the model to predict lower CP content (Figure 6a), likely due to the reduced tiller
population density caused by limited nitrogen availability. This condition may delay the
achievement of the LI target for grazing, resulting in taller canopy heights and consequent
changes in forage chemical composition.

In pastures that have reached maturity or are managed improperly, CP content typ-
ically declines while fiber content increases [30]. Therefore, when there is no adequate
supply of nutrients, even if the management goals are respected, if there is no precipitation,
the CP content of tamani grass may be compromised.

On the other hand, when nitrogen is adequately supplied (240 kg ha~! year™!)
(Figure 6b), the management height variables HPOST and HPRE become decisive for
the chemical composition of tamani grass. Under these conditions, height control must be
implemented rigorously, as the canopy rapidly reaches the grazing target when water is
available. These dynamics demand greater management precision to prevent plants from
advancing to more mature stages, which can compromise forage quality, particularly with
respect to CP content. Adequate nitrogen supply shortens the interval between grazing
events in tropical pastures [31] by accelerating plant metabolism and promoting rapid
regeneration of leaf tissue after defoliation [32]. Younger plants are known to have higher
protein concentrations compared to more mature plants [33,34], which contributes to more
efficient utilization of the forage offered to animals.

Lower pre-grazing heights (HPRE less than 30 cm) and post-grazing heights (HPOST
less than 19 cm), combined with precipitation between 100 and 180 mm and a grazing inter-
val of 26 days, increased the CP content. In contrast, a nitrogen dose of 80 kg ha~! year~!
and radiation reduced the predicted CP content in sample 15, which was managed at
90% LI during the 21/22 rainy season (Figure 7). This result reinforces that controlling
the canopy height of tamani grass enables more effective regulation of pasture structure,
directly influencing its chemical composition [35]. However, in sample 58, under the same
seasonal conditions and LI, but with a nitrogen dose of 240 kg ha~! year’l (Figure 8),
the interval between grazing events was reduced to 13 days, half of that observed with
80 kg ha~! year~! of N (Figure 7). This contrast highlights the critical role of nitrogen
fertilization in regrowth dynamics, as the higher N dose, under adequate precipitation,
accelerated tamani grass growth and shortened the time required for the canopy to reach
the target grazing height (Figure 8). Such conditions allow forage accumulation to be
optimized within a shorter period, thereby improving grazing efficiency.

The predicted CP content of 10.73%, below the average of 12.5%, observed in sample 7
(Figure 9), resulted from conditions that limited the CP concentration in tamani grass leaves.
Although precipitation in the 100-180 mm range and a 27-day grazing interval had positive
effects, they were not sufficient to offset the negative influence of other variables. The data
from sample 7 correspond to the onset of pasture management in the 20/21 rainy season,
which, combined with a low nitrogen dose, may have reduced tiller population density.
This, in turn, led to lower soil cover and reduced leaf expansion per unit area, thereby
decreasing the canopy’s light interception efficiency [36]. As a compensatory strategy, the
plants increased canopy height at the expense of tiller density to achieve the target LI
for grazing.

The high nitrogen dose increased the CP content of tamani grass (Figures 10 and 11),
with predictions ranging from 10.26% to 13.60% CP. This variation can be attributed to
different combinations of environmental and management factors. The highest prediction
(Figure 11) suggests that, under the lowest pre-grazing height, the younger canopy favored
leaf tissue renewal and a higher concentration of nitrogen compounds, resulting in greater
CP content. Moreover, sample 68 (Figure 11) was managed under the 90% LI strategy during
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the second year of pasture management, whereas sample 63 (Figure 10) corresponded to the
95% LI strategy in the first year of pasture management. In this latter strategy, the canopy
reaches 95% LI at a greater height compared to 90% LI, which explains the higher pre- and
post-grazing heights and IBG observed (Figure 10). These findings are consistent with the
literature, which highlights pasture height as a practical indicator of LI and an effective
tool for regulating canopy structure, thereby influencing both productivity and chemical
composition [37,38]. The model thus recognizes that the isolated effect of fertilization is
insufficient to increase CP levels when structural conditions are unfavorable.

The effect of solar radiation in reducing predicted CP content in tamani grass leaves
(Figures 7-11) may be related to the increase in the photosynthetic rate induced by high
radiation levels, which favors the synthesis of structural carbohydrates at the expense of
nitrogenous compounds. Under high radiation intensities, accelerated grass growth can di-
lute CP concentration due to greater deposition of structural carbohydrates and lignin [39].

Temperature around 27 °C exhibited antagonistic effects on the model (Figures 8 and 10),
highlighting the complex interactions between plant and environment. For instance, under
lower grazing heights (HPRE 28.4 cm and HPOST 13.45 cm), a short IBG (13 days), a
nitrogen dose of 240 kg ha~! year~!, and precipitation between 100 and 180 mm, a tem-
perature of 27.22 °C promoted an increase in crude protein (CP) content (Figure 10). In
contrast, when the temperature was 27.42 °C with the same nitrogen dose but combined
with higher grazing heights (HPRE 39 cm and HPOST 21 c¢m), a longer IBG (32 days), and
precipitation above 180 mm, an imbalance among growth factors occurred, resulting in
reduced CP (Figure 10).

These results indicate that the combination of appropriate management targets can
control plant growth responses to abiotic conditions, allowing the cultivar to express its po-
tential and influencing pasture structure, which ultimately affects animal performance [28].
The SHAP analysis further revealed that even small changes in environmental variables,
such as temperature, can lead to contrasting effects on predicted CP, demonstrating that
tamani grass responses are highly non-linear and context-dependent. For agronomic
practice, this suggests that minor variations in temperature, precipitation, or nitrogen
application can significantly impact forage quality, and management decisions should
account for these interactions.

The SHAP technique is a powerful tool for interpreting machine learning models, pro-
viding consistent and quantitative explanations of each variable’s individual contribution
to model predictions. In the context of pasture management, SHAP translates complex
model outputs into agronomically relevant information, facilitating the identification of key
factors such as nitrogen rates and precipitation patterns. This approach has the potential to
transform the use of predictive models in field decision-making by offering transparency
and interpretability without compromising predictive performance. However, additional
studies with larger datasets and across diverse environments and cultivars are needed
to strengthen the generalizability of SHAP-based interpretations. Future research should
broaden the dataset to include different ecosystems and environmental conditions, while
the integration of more diverse data sources could further enhance model performance.

The reported R? of 0.57 indicates a moderate predictive capacity. While this level of
fitness is sufficient to capture general trends in crude protein content and provide guidance
for pasture management decisions, it may not fully account for all sources of variability
in the field. Consequently, these predictions should be used as a support tool rather
than a definitive guide. Further improvements in model precision could be achieved by
increasing the dataset size and enhancing the reliability of predictions for more fine-tuned
management strategies.
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5. Conclusions

SHAP analysis indicates that precipitation between 100 and 180 mm increases the
crude protein (CP) content of Tamani grass leaves. Nitrogen fertilization of 240 kg N ha~!
year ! positively affects predicted CP, mitigating the influence of environmental conditions,
particularly precipitation, whereas a lower dose of 80 kg N ha~! year~! reduces CP and
makes it more sensitive to environmental factors.

Under the evaluated conditions, combining 240 kg N ha~! year~! with adequate pre-
cipitation and maintenance of recommended grazing heights can optimize leaf CP content.
These findings provide practical guidance for producers and extension specialists, offering
support for fertilization and grazing management decisions to improve forage quality.

Future work

Future research should expand the dataset to improve model robustness and en-
hance predictive performance and generalization. Validation across different ecosys-
tems is also required to test model transferability and broaden applicability to diverse
production systems.
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