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Abstract
This study investigated the forage quality of four naturally occurring Lathyrus species (Lathyrus czeczottianus, 
L. pratensis, L. roseus, and L. rotundifolius subsp. miniatus), including one endemic taxon, collected from the Rize 
province of Turkey. Forage traits of two years were analyzed using the Taguchi design (TD) of experiment to 
determine trait stability and species-based differences and robustness. Machine learning models (Random forest – 
RF and Light gradient boosting – LightGBM) were applied to predict forage quality parameters. Results revealed L. 
pratensis as the most robust species for critical traits such as crude ash ratio, crude protein ratio, and K/(Ca + Mg) 
based on signal-to-noise ratio. The ML models showed high predictive accuracy for mineral and digestibility-related 
traits (R² > 0.97). The RF model exhibited superior predictive capacity for fiber traits compared to the LightGBM 
model. The combined use of TD and ML-based prediction demonstrates a potential framework for evaluating 
species-level differences, supporting data-driven breeding, optimizing forage quality, and sustainable livestock 
production in diverse environments. While ML models demonstrated promising predictive performance, future 
studies incorporating larger datasets and different cross-validation techniques are needed to enhance model 
robustness and improve the general applicability of these findings.
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Introduction
Grass pea (Lathyrus sativus L.) belongs to the genus Lath-
yrus and family Fabaceae. It is a self-pollinating annual 
vine having long, grass-like leaflets (Lambein). Lathyrus 
species are plants that grow naturally in various regions 
of Turkey, commonly in Eastern and Southeastern 

Anatolia. However, recent studies indicate that Lathyrus 
species exhibit a remarkable distribution and diversity in 
the central, inland, and coastal regions of the Black Sea 
[1]. It is documented that a total of 61 species of Lathyrus 
are found in the flora of Turkey, and approximately 20 
species were identified in the vegetation of the Black Sea 
Region. Whereas it was documented that 8 Lathyrus spe-
cies, with 2 endemics, are grown naturally in Rize prov-
ince of Turkey [2].

Grass pea is a traditional crop used both for animal and 
human consumption as food. Its drought tolerance and 
adaptability to a wide range of soil types, including mar-
ginal areas, make it an excellent forage legume [3], due 
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to high protein content. However, the utilization of grass 
pea grain is limited by the presence of a water-soluble 
non-protein amino acid β-N-Oxalyl Diamino propionic 
acid (β-ODAP). The grains of the grass pea plant act as 
a neurotoxin that cripples the lower limbs when con-
sumed in large quantities over a long period of time, and 
can cause neurolathyrism disease in monogastric animals 
and humans [4]. Therefore, the selection of suitable Lath-
yrus species with low β-ODAP is critical for the safe use 
of grass pea as a sustainable and high-protein forage and 
food crop.

In modern livestock nutrition management, selecting a 
superior species based on its forage quality traits [5], and 
optimization is done by using classical statistical tech-
niques. In this study, the Taguchi Design (TD) was incor-
porated to quantify forage traits based on signal-to-noise 
(S/N) ratios. The TD methodology is used for process 
design optimization by offering a systematic and effi-
cient method for conducting experiments under varying 
operational environments [6], and the impact of variation 
is reduced during processing [7, 8]. It allows to analyze 
noise factors (variations in the input data) to enhance 
robustness and reliability. The signal-to-noise (S/N) ratio 
measures the quality in relation to target values [9] and is 
highly advantageous in plant sciences due to optimizing 
design parameters, leading to significant improvements 
in crop yield and resource management [10, 11].

The integration of artificial intelligence (AI), especially 
machine learning (ML) algorithms, is transforming the 
predictive modeling landscape in agriculture by extract-
ing patterns from complex, nonlinear, and high-dimen-
sional biological and agronomic data [12]. Among the 

widely adopted models, Random Forest (RF) and Light 
Gradient Boosting Machine (LightGBM) have shown 
remarkable performance for diverse agricultural applica-
tions ranging from yield forecasting to nutritional trait 
prediction, and stress diagnosis [13, 14, 15]. The main 
hypothesis of using ensemble-based ML is to predict 
multiple forage quality parameters more accurately by 
using routinely available input data. Furthermore, it is 
hypothesized that performance will vary by trait due to 
underlying biological complexity and data structure. In 
recent years, applications of ML models for forage and 
grassland crops have been reported to predict, validate, 
or optimize forage-related traits [16, 17]. From a practical 
perspective, AI-driven forage quality has the potential to 
support nutrient balancing and feed planning [18].

In this study, forage quality characteristics of 4 Lath-
yrus species, 1 of which is endemic (Lathyrus czeczot-
tianus Bassler-Endemic, Lathyrus pratensis L., Lathyrus 
roseus Steven, Lathyrus rotundifolius Willd. subsp. min-
iatus (M.Bieb. ex-Steven) P.H. Davis), growing naturally 
in Sıraköy locality of Çamlıhemşin district of Rize prov-
ince, were determined. It was hypothesized that traits 
would differ among species due to biological variation. 
Whereas TD and ML models would capture these differ-
ences based on species and year as a source of variation.

Materials and methods
Forage quality analysis
This study was carried out in 2019 and 2020 by collect-
ing spontaneously growing Lathyrus species in Sıraköy, 
Çamlıhemşin, Rize province (40° 47’ 55.66’’ N, 40° 55’ 
59.73’’ E), at an average altitude of 1960 m above sea level 

Graphical Abstract



Page 3 of 15Çatal et al. BMC Plant Biology         (2026) 26:1188 

and 38  km away from the district of Çamlıhemşin. The 
climatic data of Rize province obtained from the Gen-
eral Directorate of Meteorology from 1964 to 2020 were 
obtained. Whereas soil analysis of the research area was 
also determined. Plant materials were collected in accor-
dance with national regulations, and sampling was car-
ried out in compliance with local conservation guidelines 
to ensure that the sustainability of natural populations 
was not adversely affected.

Four Lathyrus species, including one endemic (Lath-
yrus czeczottianus-Endemic, Lathyrus pratensis, Lathyrus 
roseus, Lathyrus rotundifolius subsp. miniatus), were 
used. All four species are grown naturally in the area 
of study. The formal identification of Lathyrus species 
used in this study was performed by Asst. Prof. Hüseyin 
BAYKAL, Recep Tayyip Erdoğan University, Rize, Turkey. 
Samples of each taxon collected are publicly available at 
the herbarium of Recep Tayyip Erdoğan University, Fac-
ulty of Agriculture. A total of 15 plants were collected in 
3 replicates from the specified locations at the full matu-
rity stage (BBCH scale, stage 79: nearly all pods have 
reached final length) for quality analysis. The develop-
mental stages were identified according to the extended 
BBCH scale for grain legumes [19].

Crude ash content was determined by burning the hay 
samples at 550 °C for 4 h in a porcelain crucible in a muf-
fle furnace. Other forage quality traits (Acid Detergent 
Fiber (ADF), Neutral Detergent Fiber (NDF), Acid Deter-
gent Protein (ADP), Phosphorus (P), Potassium (K), Cal-
cium (Ca), and Magnesium (Mg)) were determined using 
a Near-Infrared Spectroscopy (NIRS) system (Foss NIR 
Systems, Model 6500). Before analysis, all samples were 
standardized by drying at 60  °C and milling to a 1  mm 
particle size. The system was operated using WinISI II 
(v1.5) software with the IC-0904FE calibration package. 
To ensure the accuracy of the predictions, the calibration 
was validated against reference values obtained from lab-
oratory wet chemistry. The reliability of the results was 
assessed through the Standard Error of Prediction (SEP) 
and the Ratio of Performance to Deviation (RPD). For the 
primary traits (CP, ADF, and NDF), the RPD values are 
> 2.0, indicating high predictive power and confidence 
in the reported data. Hemicellulose ratio, Digestible Dry 
Matter (DDM), Dry Matter Intake (DMI), Relative Feed 
Value (RFV), Digestible Energy (DE), and Metabolic 
Energy (ME) values were calculated according to ADF 
and NDF ratios, and Ca/P and K/(Ca + Mg) ratios were 
determined according to macro element contents.

Hemicellulose = NDF - ADF
Digestible Dry Matter (DDM) = 88.9 - (0.779 × ADF%) 

[20].
Dry Matter Intake (DMI) = 120 / (%NDF) [21].
Relative Feed Value (RFV) = (DDM × DMI) / 1.29 [21].
Digestible Energy (DE) = 0.27 + 0.0428 × (%DDM) [22].

Metabolic Energy (ME) = 0.821 × DE (Mcal/kg) [23].

Statistical analysis
The data were subjected to analysis of variance in the 
JMP 13 statistical program [24] for two-way ANOVA 
analysis. The difference between mean values of the 
treatments was determined by the F test, grouped at 5% 
(P < 0.05) level according to Tukey’s significance test. 
Results were also analyzed by constructing a Pearson 
correlation matrix to identify the positive and negative 
correlations. A heatmap was used for the visual presen-
tation of the correlation rather than inferential testing. 
All pairwise correlations were computed using the aver-
age trait values for each species. To ensure the robustness 
of the statistical analyses and machine learning models, 
the data were structured as follows: For each of the four 
Lathyrus species, three independent biological replicates 
were collected annually over two consecutive years (2019 
and 2020). This resulted in a total of 24 unique observa-
tions (4 species × 3 replicates × 2 years) for each forage 
quality trait. Rather than averaging the yearly data, each 
year’s results were treated as separate data points to allow 
the machine learning algorithms to account for inter-
annual environmental variations. These 24 observations 
formed the primary dataset for Taguchi optimization and 
subsequent predictive modeling.

Taguchi model analysis
Taguchi experimental design is suitable for biological 
systems with complex interactions and variability, and is 
used to evaluate the effects of multiple factors on forage 
quality traits [7, 9]. In this study, two parameters (spe-
cies and year) were used to investigate Signal-to-Noise 
(S/N) ratios of all characteristics tested to assess robust-
ness and optimize performance parameters. In this study, 
the year was treated as a noise factor and species as the 
control factor. The robustness of the model was inter-
preted biologically as the ability of the species to main-
tain stable nutritional traits under varying environmental 
conditions. For this purpose, the Minitab 21.0 program 
was used, and S/N ratios of all measured forage-quality 
traits (CAR, DMR, CPR, Hmcl, DDM, DMI, RFV, DE, 
ME) were analyzed using the “Larger-the better”. Fibre 
fractions, including ADF, NDF, and K(Ca + Mg), were 
evaluated using the smaller-the-better criterion because 
lower values improve forage quality and animal health. 
Mineral concentrations (P, K, Ca, Mg) and the Ca/P ratio 
were automated at the nominal-the-best criterion due to 
their optimal physiological ranges in ruminant nutrition. 
Because Taguchi S/N ratios are computed using logarith-
mic transformations, the resulting values may be either 
positive or negative and represent the relative signal 
strength compared with experimental noise rather than 
raw trait values.
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Machine learning models
RF and LightGBM are tree-based ensemble methods 
that construct decision rules through threshold-based 
partitioning of the feature space and are therefore insen-
sitive to the scale of input variables. The RF is the most 
extensively used advanced decision tree model that trains 
several trees simultaneously using bagging, or bootstrap 
aggregation [26]. It is generally employed for understand-
ing complex nonlinear interactions, outperforming linear 
statistical models. In this model, all trained trees contrib-
ute to the outcome, fundamental principle of the entire 
operational system is presented in Eq. 5 [27].

	
y =

n∑
i−1

(α i − α *
i )k (x, xi) + b� (5)

LightGBM is a Microsoft-developed model based on 
the gradient boosting algorithm [25], and its operational 
principle involves decision trees for improved forecast 
accuracy, making it a valuable tool in agricultural science 
and plant modeling. Although its application is limited 
to plant sciences, despite its robustness [28]. In recent 
years, the use of both techniques for solving problems by 
classification or regression models in plant and agricul-
tural sciences has been increasing [29].

The dataset followed a 4 × 2 factorial design (species 
× year) with three replicates per treatment combina-
tion, yielding a total of 24 observations. Species and year 
were used as predictor variables, and each replicate was 
treated as an independent observation during model 
development and validation. Both predictors were han-
dled as categorical variables and encoded numerically 
before model fitting. No feature scaling was applied. Mul-
ticollinearity was not considered a concern in this study 
because only two independent categorical predictors 
(species and year) were used in the models. These vari-
ables represent distinct experimental factors and do not 
exhibit linear dependence.

For each trait, a separate ML model was trained using 
the leave-one-out cross-validation (LOO-CV) method 
[30], which is appropriate for small datasets as it maxi-
mizes the use of available training data. In each iteration, 
a single observation was held out for testing, while the 
remaining observations were used to train the model.

Hyperparameter optimization was conducted via grid 
search. The open-source Python programming lan-
guage and the Sklearn package were utilized for the cod-
ing process. For the Random Forest model, the search 
space included n_estimators (10–400), max_depth 
(10–30), max_features (‘sqrt’, ‘log2’), min_samples_split 
(2–10), and min_samples_leaf (1–4). For LightGBM, 
the tuning parameters comprised num_leaves (4–32), 
learning_rate (0.01–0.1), min_data_in_leaf (5–50), and 

Machine learning analysis
Two different ML models were employed to investigate 
the forage quality parameters of four different Lathyrus 
species. The objective of the ML analysis was to predict 
individual forage quality traits of naturally occurring 
Lathyrus species and explore the predictive capability 
of two different ML models for these traits [25]. For this 
purpose, RF and LightGBM models were selected, and 
model’s performance was tabulated based on four differ-
ent performance metrics listed in Eqs. 1–4.

Coefficient of determination (R2)
The R2 is a useful statistical metric used for assessing the 
predictive strength of regression models. A high R2 score 
implies a high prediction accuracy of the model and a 
strong association between the independent and depen-
dent variables.

	

R2 = 1 −

n∑
i=1

(
Yi − Ŷi

)2

n∑
i=1

(
Yi − Ỹ

)2
� (1)

Mean Squared Error (MSE) 
Is used to measure the average squared difference 
between predicted values and actual values in regression 
models. It implies how close a regression line is to the 
measured data points,

	
MSE = 1

n

n∑
i=1

(
Yi − Ŷi

)2
� (2)

Mean Absolute Error (MAE)
The MAE is a crucial metric used for evaluating pre-
dictive models by measuring the average magnitude of 
errors between predicted and observed values.

	
MAE = 1

n

n∑
i=1

∣∣∣Yi − Ŷi

∣∣∣� (3)

Mean Absolute Percentage Error (MAPE)
The MAPE is a valuable metric used for assessing and 
forecasting accuracy, expressed as a percentage.

	
MAPE = 1

n

n∑
i=1

∣∣∣∣∣
Yi − Ŷi

Yi

∣∣∣∣∣ × 100� (4)



Page 5 of 15Çatal et al. BMC Plant Biology         (2026) 26:1188 

colsample_bytree (0.05–1.0). The final model configura-
tion was selected based on the minimum cross-validated 
mean squared error (MSE).

Results
ANOVA analysis of forage quality traits of lathyrus species
The species × year interaction was found statistically sig-
nificant for most of the traits; results were interpreted in 
a year-specific manner rather than as main effects. The 
year-specific differences were presented when needed. 
The analysis of variance (ANOVA) results for forage 
quality traits exhibited statistically significant effects 
for all traits except DMI by species (P < 0.01), indicating 
substantial interspecific variability among the species 
for most parameters (Table 1). Conversely, the insignifi-
cant impact of the year was recorded only for CAR and 
[K/(Ca + Mg)], suggesting the limited impact of environ-
mental variation on most traits. The interaction between 
year and species was statistically significant for CAR, 
CPR, ADF, NDF, Hmcl, DDM, DE, and ME. Compari-
son of species revealed better performance of L. praten-
sis, and exhibited the highest values for key nutritional 
traits, including CAR (12.98%), CPR (19.96%), DDM 
(61.03), DMI (1.96), Relative Feed Value (RFV, 93.06), DE 

(2.88 Mcal/kg), and ME (2.36 Mcal/kg). It also exhibited 
the highest mineral values for phosphorus (P, 0.29%), 
potassium (K, 1.95%), and the K/(Ca + Mg) ratio (1.02). 
Whereas L. rotundifolius subsp. Miniatus exhibited the 
highest DMR (95.97%), ADF (48.08%), Ca (1.86%), Mg 
(0.41%), and Ca/P ratio (8.95). The highest values for 
ADP (1.99%) and Hmcl (27.85%) were recorded from 
L. czeczottianus species. Conversely, the highest NDF 
(70.09%) and the lowest CPR (13.66%), RFV (68.93), DE 
(2.49 Mcal/kg), and ME (2.04 Mcal/kg) were recorded 
for L. roseus. Results also showed the significant interac-
tions’ impact for CAR, CPR, ADF, NDF, Hmcl, DDM, DE, 
and ME, suggesting that the influence of species on these 
traits varied depending on the year (Table 1).

Taguchi-based response to noise (S/N) analysis
The S/N ratio values of years and species highlight the 
temporal stability or variation of forage quality traits. The 
delta (Δ) value refers to the difference between maximum 
and minimum values, and it reflects how consistent each 
parameter is under similar environmental conditions in 
response to time (Figs. 1a-i and 2a-i).

The species-based S/N ratio analysis provides insights 
into biological or varietal sensitivity. The delta of CAR 

Table 1  Significance levels and forage quality values of Lathyrus species for the studied traits
Variation CAR DMR CPR ADF NDF ADP Hmcl DDM DMI
Year * ns ns ns ns ns ns ns ns

Species ** ** ** ** ** ** ** ** ns

Year * Species * ns ** ** ** ns ** * ns

Species CAR** DMR** CPR** ADF** NDF** ADP** Hmcl** DDM** DMI
L. czeczottianus 6.73b 92.72b 15.59b 40.30b 68.15a 1.99a 27.85a 57.50a 1.76

L. pratensis 12.98a 91.55b 19.96a 35.77c 61.01c 1.21d 25.23ab 61.03a 1.96

L. roseus 3.80c 93.90ab 13.66b 47.44a 70.09a 1.40c 22.65b 51.94b 1.71

L. rotundifolius 7.32b 95.97a 10.90c 48.08a 65.02b 1.45b 16.94c 51.44b 1.85

Mean 7.71 93.54 15.03 42.90 66.07 1.51 23.17 55.48 1.82

SD 3.84 1.89 3.81 5.92 3.97 0.33 4.66 4.61 0.11

Minimum 3.80 91.55 10.90 35.77 61.01 1.21 16.94 51.44 1.71

Maximum 12.98 95.97 19.96 48.08 70.09 1.99 27.85 61.03 1.96

Variation RFV DE ME P K Ca Mg Ca/P K/(Ca + Mg)
Year ns ns ns ns ns ns ns ns *

Species ** ** ** ** ** ** ** ** **

Year * Species ns * * ns ns ns ns ns *

Species RFV** DE** ME** P** K** Ca** Mg** Ca/P** K/(Ca + Mg)**
L. czeczottianus 78.49b 2.73a 2.24a 0.20b 1.34b 1.67b 0.30b 8.47a 0.67b

L. pratensis 93.06a 2.88a 2.36a 0.29a 1.95a 1.65b 0.25c 5.74b 1.02a

L. roseus 68.93d 2.49b 2.04b 0.20b 0.45c 1.48c 0.32b 7.35ab 0.24c

L. rotundifolius 73.52c 2.47b 2.02b 0.21b 0.41c 1.86a 0.41a 8.95a 0.18d

Mean 78.50 2.64 2.17 0.23 1.04 1.67 0.32 7.63 0.53

SD 10.46 0.20 0.16 0.04 0.74 0.16 0.07 1.43 0.39

Minimum 68.93 2.47 2.02 0.20 0.41 1.48 0.25 5.74 0.18

Maximum 93.06 2.88 2.36 0.29 1.95 1.86 0.41 8.95 1.02
ns not significant, CAR Crude Ash Ratio, DMR Dry Matter Ratio, CPR Crude Protein Ratio, ADF Acid Detergent Fiber, NDF Neutral Detergent Fiber, ADP Acid Detergent 
Protein, Hmcl Hemicellulose, DDM Digestible Dry Matter, DMI Dry Matter Intake, RFV Relative Feed Value, DE Digestible Energy, ME Metabolic Energy

*: P < 0.05, **: P < 0.01
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(Δ = 10.62) and CPR (Δ = 5.48) showed very high vari-
ability for species, respectively. Whereas a considerable 
variation was recorded for Hmcl (Δ = 5.67) and DDM 
(Δ = 1.53), indicating the significance of species. Rela-
tively low deltas for DMR (Δ = 0.41) and ME (Δ = 1.37) 
suggest relatively robust performance regardless of spe-
cies. The ADF (Δ = 2.53) and NDF (Δ = 1.20) varied mod-
erately for species, showing that fiber quality is partly 
genetically determined, and low-ADF/NDF species could 
be preferred for breeding or recommendation. The most 
extreme trial-based variation was seen in the K/(Ca + Mg) 
ratio, with a delta of 14.95, indicating big differences 
among species in mineral balance. Likewise, K also 
showed a very high delta (Δ = 13.44), highlighting how 
species-specific traits or their nutrient uptake efficiency 
can drastically affect this parameter.

On the other hand, P, Ca, and Mg showed moderate 
to high variability (Δ = 4.97, 4.71, and 4.40, respectively), 
suggesting that genetic traits or root nutrient uptake 
characteristics of different species are critical in deter-
mining mineral content. Whereas Ca/P ratio also showed 
trial-based variation (Δ = 3.60), which could influence 
mineral bioavailability and livestock performance. In gen-
eral, most of the parameters remained stable and low for 
years, showing less impact of environmental changes on 

biological or varietal differences. Whereas relatively high 
variability was observed for species, showing the impact 
of biological differences or management practices. Based 
on Taguchi results, L. pratensis was the most ideal spe-
cies, followed by L. czeczottianus and L. rotundifolius, 
respectively. Whereas L. roseus was the least desired spe-
cies among the tested species (Table 2).

Forage quality trait correlation analysis
To understand the correlation between key agronomic 
and nutritional parameters on forage quality, a corre-
lation matrix was constructed using average values of 
quality traits of four Lathyrus species, illustrating indica-
tive patterns rather than definitive relationships. Results 
indicate potential correlations for CPR and DE, suggest-
ing that forage samples with higher protein content also 
tend to exhibit higher digestible energy levels. Whereas 
CAR showed a positive association with DMR and DMI, 
which may reflect a potential relationship between car-
bohydrate-related traits and forage utilization. Similarly, 
DDM exhibited positive associations with RFV and DE, 
suggesting possible links between digestibility and overall 
feed quality.

Results also exhibit negative correlations for ADF 
and DDM, possibly due to indigestible plant cell wall 

Fig. 1  Signal-to-noise ratio of forage traits of Lathyrus species (a) CAR, (b) DMR, (c) CPR, (d) ADF, (e) NDF, (f) ADP, (g) Hmcl, (h) DDM, and (i) DMI
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components. Whereas NDF exhibited a negative corre-
lation with DMI and RFV, confirming that higher fiber 
content can limit intake and overall feed value. A nega-
tive relationship was observed between ADF/NDF and 
traits like CAR, DE, and CPR, emphasizing that high 
fiber reduces energy and nutrient efficiency. To further 
highlight interdependence, a correlation network graph 
was generated, focusing on strong relationships (|r| ≥ 
0.75). This visualized how key traits like CPR, DDM, 
RFV, and DE form a positively reinforcing cluster, while 
ADF and NDF act as suppressors in the system. These 
patterns are essential in targeting simultaneous improve-
ment of multiple traits (Fig. 3).

Machine learning analysis
The performance of both RF and LightGBM models 
demonstrates promising predictive accuracy for most of 
the forage quality parameters within the given dataset. 
Results revealed high R² values for both RF (0.995) and 
LightGBM (0.996) models, along with very low or negli-
gible MSE and MAE values. The consistent high accuracy 
of both models to K might be due to its strong correla-
tion with other forage quality markers. The K/(Ca + Mg) 
ratio exhibited a similar trend to K, and high R² scores 
were recorded for both models, underscoring the synergy 

between the nutrient dynamics in predicting plant min-
eral balances. For ADP, both models showed excel-
lent predictive performance, with the LightGBM model 
(0.984) slightly outperforming the RF model (R² of 0.977). 
Results were further validated by negligible MSE and 
MAE, possibly owing to its relationships with fiber com-
ponents and dry matter digestibility.

Both models also predicted moderate R² scores for 
Ca, P, CPR, NDF, DDM, ME, Hmcl, and ADF. Results 
revealed R² scores of 0.807 (RF) and 0.761 (LightGBM), 
with relatively very low errors, possibly due to inter-
actions with other macronutrients like P and Mg. The 
results of P were recorded as 0.733 for the RF and 0.666 
for the LightGBM model. Results of CPR were almost 
identical and recorded as R² of 0.842 (RF) and 0.828 
(LightGBM). However, relatively high MAPE (9.0%) 
scores indicated some underlying variability, perhaps due 
to physiological or environmental factors.

The NDF results were an R² score of 0.749 for the RF 
and 0.718 for the LightGBM model. However, a moder-
ate MAPE score of 2.7–2.8 suggests that fiber complex-
ity or environmental modulation could add noise. The 
DDM revealed relatively lower R² scores of 0.656 for 
RF and 0.537 for LightGBM, suggesting that both mod-
els struggle to capture the variability. The ME was also 

Fig. 2  Signal to noise ratio of nutrient traits of Lathyrus species (a) RFV, (b) DE, (c) ME, (d) P, (e) K, (f) Ca, (g) Mg, (h) Ca/P, and (i) K/(Ca + Mg)
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predicted moderately, and R² of 0.657 for RF and 0.537 
for LightGBM was observed. Although Hmcl exhibited 
high R² scores (0.794 for RF and 0.706 for LightGBM), 
relatively high MAPE scores (11.5–14.8%) were recorded, 
indicating the complex plant physiology and structure of 
Hmcl that may require deeper feature engineering. The 
RF model predicted ADF better (0.863) compared to the 
LightGBM (0.747), with relatively higher MSE in Light-
GBM (8.912). Whereas low R² (~ 0.435–0.471) Ca/P with 
significantly high MAPE (12–13%) implies inconsistent 
performance, reflecting the possible impact of external 
factors such as mineral antagonism. The DMI was the 
least predicted factor, and both models failed to predict 
accurately, resulting in negative R2 scores. Detailed error 
metrics of the DMI trait were not documented in Table 3 
because both produced negative R2 values, indicating 
poor predictive performance.

The results of Model-dependent performance varia-
tions revealed better performance of the RF model com-
pared to the LightGBM model for fiber-related (ADF 
and DDM) metrics, possibly due to high errors attrib-
uted to the LightGBM model. Both models were excel-
lent for RFV prediction (R² ~0.911 to 0.918). LightGBM 
was better due to lower MAPE (2.589 vs. 3.12). Con-
versely, slightly higher MSE and MAE were recorded for 
the LightGBM model despite showing a higher R² score. 

Variables such as K, K/(Ca + Mg), ADP, and RFV with 
relatively R² > 0.9 and low MAPE < 5% make them traits 
with comparatively stable predictive behavior in the pres-
ent dataset. The graphical presentation of actual and pre-
dicted scores of all traits is presented in Figs.  4a-h and 
5a-i.

A comprehensive evaluation of both models demon-
strates strong capabilities in predicting a wide range of 
forage quality parameters, based on the complexity of the 
biological trait. Both models predicted moderately com-
plex traits involving intake dynamics and fiber fractions. 
Whereas consistent and accurate prediction was attrib-
uted to parameters such as K, digestible proteins, and 
certain mineral ratios.

Discussion
The present study highlights the potential of integrat-
ing multiple statistical and ML models to evaluate for-
age quality traits in Lathyrus species. Results of ANOVA 
analysis illustrated the substantial genetic variability in 
forage quality traits among the four Lathyrus species. The 
results underscore the importance of species selection 
in optimizing forage production, the significant impact 
of species on almost all factors, showing strong genetic 
control over nutrient composition and fiber character-
istics. Results align with findings from recent studies 

Table 2  Response table of the signal-to-noise ratio for forage quality parameters of different Lathyrus species
Data CAR

(%)
DMR
(%)

CPR
(%)

ADF
(%)

NDF
(%)

ADP
(%)

Hmcl
(%)

DDM DMI

Target LTB LTB LTB STB STB LTB LTB LTB LTB

Year 1 17.19 39.43 23.24 -32.50 -36.38 3.62 27.24 34.91 5.061

Year 2 16.64 39.40 23.16 -32.65 -36.39 3.32 26.12 34.76 5.125

Delta 0.55 0.03 0.09 0.15 0.001 0.30 1.11 0.15 0.064

L. czeczottianus 16.56 39.34 23.76 -32.10 -36.67 5.99 28.83 35.16 4.834

L. pratensis 22.21 39.23 25.98 -31.08 -35.71 1.68 27.93 35.71 5.874

L. roseus 11.59 39.45 22.55 -33.52 -36.91 2.95 26.79 34.30 4.555

L. rotundifolius 17.30 39.64 20.50 -33.61 -36.26 3.25 23.16 34.17 5.108

Delta 10.62 0.41 5.48 2.53 1.20 4.32 5.67 1.53 1.319

Opt. Sp. 2 4 2 2 2 4 4 2 2

Data RFV DE (Mcal/kg) ME (Mcal/kg) P
(%)

K
(%)

Ca
(%)

Mg
(%)

Ca/P K/(Ca + Mg)

Target LTB LTB LTB NTB NTB NTB NTB NTB STB

Year 1 37.90 8.475 6.76 22.38 28.24 30.68 21.35 19.41 7.52

Year 2 37.76 8.342 6.63 20.16 28.32 30.33 20.49 17.60 7.45

Delta 0.14 0.133 0.13 2.22 0.08 0.34 0.86 1.81 0.08

L. czeczottianus 37.89 8.703 6.99 19.99 28.77 33.69 20.13 18.32 3.36

L. pratensis 39.37 9.190 7.48 23.22 36.26 29.90 18.41 19.80 -0.21

L. roseus 36.75 7.924 6.21 18.45 25.28 29.45 22.32 16.21 12.05

L. rotundifolius 37.32 7.818 6.11 23.42 22.81 28.98 22.81 19.69 14.74

Delta 2.62 1.372 1.37 4.97 13.44 4.71 4.40 3.60 14.95

Opt. Sp. 2 2 2 1 1 2 1 1 4
LTB larger-the-better, STB smaller-the-better, NTB nominal-the-better, CAR Crude Ash Ratio, DMR Dry Matter Ratio, CPR Crude Protein Ratio, ADF Acid Detergent 
Fiber, NDF Neutral Detergent Fiber, ADP Acid Detergent Protein, Hmcl Hemicellulose, DDM Digestible Dry Matter, DMI Dry Matter Intake, RFV Relative Feed Value, DE 
Digestible Energy, ME Metabolic Energy
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emphasizing the role of genetic diversity in determin-
ing forage quality in legumes [31, 32]. Forage traits like 
CAR and [K/(Ca + Mg)] were regulated by year, indicat-
ing the impact of environmental variability on certain 
mineral and ash-related parameters [33]. Whereas CAR, 
ADF, NDF, and DDM parameters were regulated by the 
interaction of year × species, reflecting that climatic fac-
tors can modulate species-specific responses related to 
digestibility and feed value [34].

Results further revealed the superior nutritional qual-
ity of L. pratensis, characterized by high CPR, DDM, DE, 
ME, and RFV values. These traits collectively indicate the 
nutritional quality of forage and regulate animal intake 
and productivity. The superior CPR and DDM suggest 
efficient nutrient assimilation and lower fiber contents. 
Whereas high DE and ME indicate sustainable energy 
provision for ruminants. The elevated mineral content (K 

and P) further enhances the suitability of L. pratensis for 
livestock nutrition. The findings support prioritizing this 
species in regions that lack protein-rich, digestible feed 
for livestock. Results were further supported by consider-
ing other species, where high fiber and mineral content, 
including the highest ADF and Ca/P ratio, were recorded 
for L. rotundifolius subsp. miniatus. Although elevated 
Ca and Mg levels can be beneficial for forage crops, the 
high ADF content may limit digestibility, potentially 
reducing animal intake. Whereas elevated hemicellu-
lose and ADP were recorded for L. czeczottianus, which 
revealed moderate quality and can be used as supple-
mental forage. Among the tested species, L. roseus was 
the least preferred species due to lower CPR, DE, ME, 
and RFV values. These findings emphasize the critical 
role of species selection in supporting preliminary data-
driven evaluation of forage quality [35].

Fig. 3  Heat map analysis of forage and nutrient traits of Lathyrus species
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Although ANOVA identifies statistically signifi-
cant mean differences for species, TD analysis provides 
additional insights by quantifying robustness using 
S/N ratios. The results of the S/N ratio-based analysis 
revealed the significant variability among treatments and 
years. The results of S/N for years showed relatively low 
variation for most parameters, suggesting the minimum 
impact of annual climatic variability or field manage-
ment on nutrient composition compared to biological or 
treatment-related factors. The results of DMR, DMI, and 
ME exhibited stability over time due to very low delta for 
these parameters [36, 37]. On the contrary, K/(Ca + Mg), 
K, CAR, CPR, and Hmcl were the most sensitive and 
exhibited variability, illustrating the influence of species 
and climatic conditions on mineral balance and energy/
protein components in forage [38, 39].

Likewise, variable variation among species due to 
genetic diversity or management treatments was also 
observed. Relatively high variation for the K/(Ca + Mg) 
ratio and K levels highlights the critical role of species 
selection. It is well established that excessive K uptake 
can reduce Ca and Mg absorption, leading to disorders 
[40, 41]. Likewise, the variation in CPR and Hmcl among 
species suggests a strong influence on digestibility and 
protein content [42]. Whereas moderate variation in 
ADF and NDF among the species revealed the potential 
for genotype-based improvement in fiber digestibility 
[43]. Lower ADF and NDF are desirable for better for-
age intake and energy utilization [44]. High variability in 
mineral parameters such as Ca, Mg, P, and particularly 

the Ca/P and K/(Ca + Mg) ratios, suggests the need for 
targeted management of soil fertility and plant nutrient 
uptake. Maintaining these ratios within recommended 
limits is essential for ensuring optimal animal health and 
performance [45], and variation in forage quality can 
be attributed to species differences and environmental 
adaptation.

The correlation analysis highlights distinct groups of 
positively and negatively associated forage traits. Cor-
relation matrix is a powerful tool, and critical for breed-
ing, species selection, and nutrient management in forage 
systems based on agronomic and nutritional parameters 
[46]. Understanding these relationships has profound 
implications for forage science due to balanced digest-
ibility, nutrient density, and fiber structure to meet the 
requirements of different livestock systems. Several for-
age quality traits like CPR, DDM, and RFV serve as criti-
cal indicators of forage quality and animal performance 
potential, and their strong positive correlations highlight 
an opportunity for simultaneous improvement through 
breeding programs [46, 47]. It was observed that high 
protein content (CPR) also tends to exhibit higher digest-
ible energy levels (DE), which confirms the role of protein 
as a contributor to energy density in ruminant diets [43]. 
Likewise, higher carbohydrate concentrations improve 
forage recovery and palatability [48], as CAR was corre-
lated positively with DMR and DMI. The central role of 
determining feed quality was also confirmed by promot-
ing positive associations between DDM with RFV and 
DE [49].

Table 3  Performance metrics of ML models for different forage traits of Lathyrus species
Model RF Model LightGBM
Metrics R2 MSE MAE MAPE Metrics R2 MSE MAE MAPE

CAR 0.973 0.302 0.319 3.602 CAR 0.974 0.300 0.341 3.911

DMR 0.405 3.344 1.381 1.473 DMR 0.358 3.609 1.530 1.636

CPR 0.842 2.209 1.241 8.966 CPR 0.828 2.399 1.330 9.657

ADF 0.863 4.836 1.893 4.521 ADF 0.747 8.912 2.422 5.587

NDF 0.749 4.253 1.785 2.706 NDF 0.718 4.775 1.871 2.837

ADP 0.977 0.002 0.035 2.424 ADP 0.984 0.001 0.032 2.22

Hmcl 0.794 7.887 1.782 11.528 Hmcl 0.706 11.285 2.434 14.806

DDM 0.656 8.335 2.201 4.049 DDM 0.537 11.210 2.611 4.859

DMI -0.005 * * * DMI -0.0889 * * *

RFV 0.911 7.764 2.360 3.120 RFV 0.918 7.144 1.963 2.589

DE 0.682 0.014 0.093 3.624 DE 0.537 0.021 0.112 4.344

ME 0.657 0.010 0.079 3.717 ME 0.537 0.014 0.092 4.344

P 0.733 0.000 0.018 8.363 P 0.666 0.001 0.021 9.351

K 0.995 0.002 0.034 4.539 K 0.996 0.002 0.033 4.312

Ca 0.807 0.004 0.048 2.915 Ca 0.761 0.005 0.056 3.386

Mg 0.767 0.001 0.028 9.047 Mg 0.736 0.001 0.029 9.509

Ca/P 0.471 1.264 0.927 12.089 Ca/P 0.435 1.350 0.973 12.996

 K/(Ca+Mg) 0.995 0.001 0.019 5.529 K/(Ca+Mg) 0.995 0.001 0.019 5.501
*Error metrics for DMI are not reported due to negative R² values by ML models; CAR (Crude Ash Ratio), DMR (Dry Matter Ratio), CPR (Crude Protein Ratio), ADF (Acid 
Detergent Fiber), NDF (Neutral Detergent Fiber), ADP (Acid Detergent Protein), Hmcl (Hemicellulose), DDM (Digestible Dry Matter), DMI (Dry Matter Intake), RFV 
(Relative Feed Value), DE (Digestible Energy), ME (Metabolic Energy)
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A negative correlation between ADF and DDM exhib-
ited the reduced digestibility due to indigestible plant cell 
wall components (mainly cellulose and lignin) contained 
in ADF [50]. Whereas a negative correlation of NDF with 
DMI and RFV indicates that higher fiber content can 
limit intake and overall feed value [51]. A negative rela-
tionship was observed between ADF/NDF and traits like 
CAR, DE, and CPR, emphasizing that high fiber reduces 
energy and nutrient efficiency. Conversely, the nega-
tive impact of ADF and NDF on digestibility and intake 
reinforces the necessity to select for low-fiber genotypes 
without compromising yield. These insights aid in devel-
oping multi-trait selection indices, supporting decisions 
on variety deployment and nutritional planning [46]. 
Moreover, improving correlations between energy and 
intake traits contributes to ruminant feed efficiency and 
sustainability of forage-based systems, especially in cli-
mate-stressed environments [43].

The RF and LightGBM models are highly efficient 
models used for agricultural traits prediction due to their 
ability to handle nonlinear interactions and their robust-
ness against overfitting in high-dimensional data [52, 
53]. Studies on nutrient contents, forage digestibility, 
yield, yield traits, or environmental responses have been 
documented [54]. Comparison of results based on met-
rics revealed the significance of agronomic decisions. A 
high R² score is generally desired for traits like mineral 
content and digestibility because these influence critical 
feeding decisions. Whereas MAE is crucial for nutrient 
threshold planning. MAPE metrics help to understand 
relative prediction accuracy. Traits like Hmcl and Ca/P 
showing MAPE > 10% suggest them for fine-grained rec-
ommendations. An analysis of the model’s performance 
based on multiple metrics for robust model selection is 
recommended [55], especially for nutritional monitoring 
systems for legumes for precise prediction [54].

Fig. 4  Actual and predicted values of RF and LightGBM model of forage traits of Lathyrus species (a) CAR, (b) DMR, (c) CPR, (d) ADF, (e) NDF, (f) ADP, (g) 
Hmcl, and (h) DDM
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In forage science, data regarding digestible matter, 
macro/micronutrients, and energy values interact in 
complex ways that require ensemble learning models 
to provide a valuable framework [56]. Results revealed 
high K and K/(Ca + Mg) ratio, which reflects their stable 
behavior in plant tissues and consistent soil-plant uptake 
patterns [57]. Protein digestibility depends largely on 
fiber (e.g., ADF, NDF) and N2 contents, and exhibits 
strong predictability in ML models [58]. Whereas mod-
erate predictability of CPR and NDF suggests partial 
linearity and stable responses under various environ-
mental conditions [59], possibly due to the low impact of 
genotype-environment interactions on protein and fiber-
related traits. The DMI exhibited a negative or near-zero 

R² value, found extremely hard to predict due to the 
challenge in behavioral intake data using only physico-
chemical data [60], weak correlation with input features, 
or failure of models to deal with non-linear physiologi-
cal drivers. Hmcl and ADF exhibited high MAPE values 
despite being structural fiber components, due to envi-
ronmental variability in lignification and plant maturity 
stages, which aren’t always well captured in numeri-
cal features. Similar inconsistencies in predicting leaf 
mechanical traits using ML are attributed to the limited 
explanatory power of indirect features, such as spectral 
reflectance [17]. Conversely, Ca/P ratio exhibited high 
prediction error due to strong interdependence and 
antagonism between Ca and P uptake [57].

Fig. 5  Actual and predicted values of RF and LightGBM models of nutrient traits of Lathyrus species (a) RFV, (b) DE, (c) ME, (d) P, (e) K, (f) Ca, (g) Mg, (h) 
Ca/P, and (i) K/Ca + Mg)
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Model selection and interpretability revealed that the 
RF model offers better interpretability through feature 
importance rankings, better handling of missing values, 
and more robust performance in variables with nonlin-
ear distributions, such as fiber fractions and energy traits 
[61]. The RF model performs better in biological yield 
forecasting in environments with a data set having more 
noise and high dimensionality. On the other hand, Light-
GBM tends to outperform larger datasets, but can be 
more sensitive to hyperparameter tuning and less robust 
in high-noise contexts, which may explain its higher error 
values for traits like DDM or Hmcl. Although negative R2 
scores were observed for DMI by both models, this trait 
showed poor predictive performance and was therefore 
excluded from the detailed error-metric reporting in 
Table 3, which reflects the high uncertainty and limited 
reliability of its prediction. Although LOOCV-based ML 
models demonstrated high predictive performance, small 
sample sizes may lead to overfitting and fail to generalize 
to new data, and results should therefore be interpreted 
as exploratory rather than definitive. It is recommended 
that integrating spectral and environmental data can be 
helpful to improve model robustness for traits that are 
highly sensitive to climate, soil, and management [57]. 
Future studies should include direct quantification of 
β-ODAP to evaluate potential toxicity. Likewise, appli-
cation of neural network models, LSTM-based models 
[13], and feature selection optimization can be helpful to 
enhance prediction performance [62]. It is also recom-
mended to follow the practical constraints on wild collec-
tions, and broader utilization should follow sustainable 
practices, prioritizing cultivated species rather than col-
lecting from nature.

Conclusions
This study demonstrated that integrating Taguchi design 
with ML models provides a robust and efficient frame-
work for evaluating forage quality traits in Lathyrus spe-
cies. The results of TD and ML revealed L. pratensis as 
the most robust species for forage quality under variable 
conditions. These results support the targeted selection 
of Lathyrus species with a superior nutritional profile for 
future breeding. On the other hand, the predictive capa-
bility of ML models offers promising exploratory tools for 
decision support, allowing more precise farming of for-
age crops for diverse environments. However, their prac-
tical decision support applicability requires validation 
using a larger and more diverse dataset. The failure of 
ML models to predict the accuracy of DMI highlights the 
need for more comprehensive datasets, hyperparameter 
tuning, and trait-specific model optimization. Despite 
the robustness of the dual framework, data collection of 
species should be broadened to multiple locations and 
include both natural and cultivated species to increase 

genetic pools. Integrating multi-omics data with TD 
and ML may further enhance trait stability and acceler-
ate precision breeding. Synergy between statistical design 
methods and artificial intelligence tools can significantly 
enhance precision breeding, trait stability, and sustain-
able forage production, and improve decision-making 
in legume improvement initiatives, especially in regions 
with limited agronomic resources.
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