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ARTICLE INFO ABSTRACT

Keywords: This study aimed to investigate the biochemical basis of seed morphological traits in red lentils that are
1 . . . . . .

H NMR important for lentil producers in relation to quality, consumers’ preferences and commercial value.
LMult_llvanate statistical analyses To achieve this objective, proton Nuclear Magnetic Resonance (‘H NMR) spectroscopy combined with
entils

multivariate statistical analyses was employed. A collection of 64 red lentil varieties exhibiting diversity in seed
colour, size, weight, and cotyledon pigmentation was analysed. Aqueous extracts of the seeds were profiled using
'H NMR, and spectra were processed into bucketed variables. Partial Least Squares Regression and Multiple
Linear Regression were applied to assess relationships between spectral data and continuous morphological
traits: lightness (L*), chromatic indexes (a*, b*), Hundred Kernel Weight, and seed size. For categorical traits like
cotyledon colour, Partial Least Squares Discriminant Analysis (PLS-DA) and binomial logistic regression were
used. Variable Importance in Projection scores helped to identify key metabolite buckets significantly contrib-
uting to trait prediction. Metabolites such as leucine, fructose, and phenolic compounds were positively asso-
ciated with seed size and weight, while NAD" and short-chain fatty acids showed negative associations.
Cotyledon colour classification achieved high accuracy (up to 100 %) using both PLS-DA and logistic models,
with amino acids like leucine and alanine linked to yellow pigmentation and tryptophan and citrate linked to
orange. Overall, the study demonstrates that 'H NMR fingerprinting, combined with rigorous statistical
modelling, effectively elucidates the multivariate relationships between metabolomic profiles and key agronomic
traits, providing a valuable tool for phenotypic prediction and lentil breeding.

Morphological traits

1. Introduction

The cultivation of lentils (Lens culinaris Medik) accounts for 2.4 % of
global pulse production, covering 5.50 million hectares (FAOSTAT,
2024). In addition to being a sustainable alternative to animal-based
proteins, lentils have attracted the interest of farmers and breeders
worldwide, also because they are a rich source of health-promoting
compounds (Ganesan & Xu, 2017; Kushi et al., 1999; Lastras et al.,
2021). Lentils exhibit diverse seed characteristics that influence their
cooking behaviour and nutritional value (Dutta et al., 2023). Different
varieties like green, red, brown, and black lentils, each having unique
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textures, cooking times, and flavour profiles, are used in many cuisines
around the world. Thus, lentil quality and market acceptability are
largely influenced by seed morphological traits, such as seed colour,
seed size and seed weight (Abbo et al., 1991; Dutta et al., 2023; Manco
et al., 2023).

The small-seeded red lentil, characterized by a distinctive reddish-
brown seed coat and yellowish-orange cotyledons, is the most com-
mon variety in global trade and the most consumed worldwide
(Canadian Grain Commission, 2024, chap. 18, pp. 18-24). The red
colour of these lentils, which mimics the colour of meat, makes them
naturally suitable for vegan protein-rich foods (Erdogan, 2015;
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Muehlbauer et al., 2009, chap. 19). In addition, several companies have
introduced the use of red lentil flour to develop novel legume-based
gluten-free products. This trend is driven by the increasing demand
for gluten-free options and interest in the health-promoting benefits of
red lentils (Giusti et al., 2017; Manco et al., 2023). Exploring the genetic
diversity of red lentils for morphological traits is critical to underpin the
biochemical basis of seed colour, seed size, and seed weight, to support
breeding programs and improve commercial varieties (Kefelegn et al.,
2025).

Nuclear Magnetic Resonance (NMR) spectroscopy has been used to
investigate the variation of metabolites and bioactive components in
lentils, which could be related to bifunctionality, sensory characteristics,
genetic and geographical origin (Correia et al., 2025; Longobardi et al.,
2017; Rochfort et al., 2019). However, to the best of our knowledge,
there is a lack of studies investigating the content of small compounds
and metabolites in different lentil varieties in relation to lentil seed
colour and morphology. Among the analytical methods used for
metabolomic analysis, LC-MS methodology is the most popular, but
NMR-based metabolomics offers considerable advantages for the anal-
ysis of metabolites associated with biological, physiological or patho-
logical processes (Correia et al., 2025; Wishart et al., 2022). The
advantages of NMR spectroscopy include the fact that it is a
non-destructive method with high reproducibility, rapid and relatively
simple acquisition of molecular information (Emwas et al., 2019). The
use of 'H NMR spectroscopy allows the identification of numerous me-
tabolites in samples, avoiding time-consuming sample preparation and
providing chemical information from complex biological samples
(Marquez and Williamson, 2019; Ward et al., 2007). Unlike other
metabolomic approaches, NMR does not require analytical calibration
curves of standards (Giraudeau, 2017; Simmler et al., 2014).

This study presents the 'H NMR fingerprinting of a core collection of
64 red lentil cultivars that exhibit wide variation in seed characteristics,
including seed and cotyledon colour, size, and weight. To explore the
biochemical basis of this phenotypic diversity, the relationships between
NMR spectral data and key morphological descriptors were investigated
using a combined univariate and multivariate statistical approach. Both
continuous, instrumentally measured traits - including lightness (L*),
red index (a*), yellow index (b*), hundred kernel weight (HKW) and
seed size - and categorical, visually assessed traits (e.g. cotyledon
colour) were analysed. Statistical modelling included Partial Least
Squares Regression (PLSR), Multiple Linear Regression (MLR), Partial
Least Squares Discriminant Analysis (PLS-DA), and binomial logistic
regression. To improve biological interpretability and reduce dimen-
sionality, only NMR buckets with Variable Importance in Projection
(VIP) scores of at least 1 were retained for further analysis (Chong & Jun
2005). A combination of multivariate and univariate statistical ap-
proaches was used: (i) identify the most important spectral features
using VIP scores derived from PLS models; (ii) incorporate these selected
features into simplified predictive models- MLR for continuous traits and
logistic regression for categorical traits-to improve biological inter-
pretability; (iii) assess whether these reduced, biologically informed
models could retain predictive performance comparable to
full-spectrum approaches while allowing clearer interpretation of
metabolic contributions to phenotypic traits. The present study provides
insights into seed lentil metabolite-seed trait relationships, showing the
efficacy of multivariate analysis of both morphological traits and
metabolomic data.

2. Materials and methods
2.1. Plant materials

Sixty-four red lentil lines, with different pedigree, year of release,
country of origin, and seed morphology were received by ICARDA

Lebanon (Table S2). The plants were grown at Terbol, Lebanon
(33.81°N, 35.98°E) in 2023 growing season at ICARDA experimental
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station, according to a randomized complete block design including
three replications.

2.2. Morphological analyses

Lentils seed coat colour was assessed using a Minolta CR-400 model
spectrophotometer (Minolta Camera Co, Osaka, Japan) according to the
International Commission on Illumination (CIELab, 1978). Whole seeds
were transferred into the Minolta collector, and lightness (L*) and colour
(a*, red index; b*: yellow index) were assessed. Seed coat patterns and
cotyledon colours were classified based on the descriptors reported by
AGPG (1985).

2.3. Samples preparation for NMR analysis

Aqueous extracts of lentils were prepared according to a standard
method for metabolomics studies, a Bligh and Dyer twostep procedure
(Angile et al., 2020). In detail, ~100 mg of lentils, in three technical
replicates, were added to methanol (400 pL), deionized water (400 pL)
and chloroform (400 pL). The obtained solution was mixed and placed
on ice for 10 min. Successively, the samples were centrifuged at 10,
000xgg for 20 min at 4 °C. The polar phase (upper phase) was recu-
perated and dried by a SpeedVac concentrator. The aqueous extract was
dissolved in 600 pL DO (with KH2PO4 buffer, pH 6.0) containing
3-(trimethylsilyl)-propionic-2,2,3,3-d4 acid (TSP & = 0.00) as internal
standard. Then the obtained mixture was transferred into 5 mm NMR
tubes for NMR analysis.

2.4. NMR experiment and data processing

The NMR analysis was performed on a Bruker Avance III spectrom-
eter (Bruker, Germany) operating at 400.13 MHz for 'H observation and
300.0 K, equipped with a BBI 5 mm inverse detection probe incorpo-
rating a z axis gradient coil. Experiments were acquired in automation
mode after loading individual samples on a Bruker Automatic Sample
Charger BACS), interfaced with IconNMR version 5 (Bruker). For lentil
aqueous extracts, 1D sequence with pre-saturation (zgpr) was acquired,
with 128 number of scans, 4 dummy scans, 5s relaxation delay, size of
Free Induction Decay (FID) of 64 K data point, spectral width of 15.0191
ppm and acquisition time of 5.45 s. After acquisition, the resulting FIDs
were multiplied by an exponential weighting function corresponding to
a line broadening of 0.3 Hz before Fourier transformation, automated
phasing, and baseline correction. All spectra were processed using
TopSpin 3.6.5 (Bruker). The metabolites were assigned on the basis of
2D NMR spectra analysis (2D 1HJres, 1H COSY, 1H-13C HSQC, and
HMBC) and by comparison with published data (Correia et al., 2025;
Longobardi et al., 2017; Rochfort et al., 2019).

To reduce the data dimensionality, the bucketing processing and
following normalisation on the total area (corresponding to the sum of
each resonance intensity) within each bucket were calculated. In detail,
all spectra were segmented into rectangular buckets with uniform
spectral width (0.04 ppm) by using AMIX 3.315 software (Analysis of
Mixture, Bruker Biospin GmbH, Rheinstetten, Germany). For aqueous
extracts, the region 10.00-0.5 ppm was analysed, with the exclusions of
4.92-4.54 ppm and 3.40-3.34 ppm corresponding to the residual peaks
of water and methanol resonances respectively. The bucket table, ob-
tained by alignment and subsequent buckets row-reduced spectra, were
submitted to multivariate statistical analysis.

2.5. Statistical analysis

A comprehensive multivariate statistical strategy was adopted to
investigate the relationship between the lentil metabolomic profile ob-
tained by 'H NMR and the morphological characteristics of the seeds,
taking into account the nature of each response variable - either
continuous (instrumentally measured) or categorical (visually assessed).
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All statistical analyses were performed using MATLAB® (The Math-
Works, Inc.) with custom scripts and functions.

For the continuous morphological parameters L*, a*, b*, HKW and
seed size, Partial Least Squares Regression (PLSR) was employed. The
NMR spectral data (X matrix) were used as predictors for each
morphological trait (Y vector) in separate PLSR models. Model
complexity (i.e. the number of latent variables) was optimized using
Leave-One-Out Cross-Validation (LOOCV), and model performance was
evaluated using RZX, RZY, Q2 statistics and the Pearson correlation co-
efficient between the predicted and observed Y values (Wold et al.,
2001). Models were considered acceptable when Q2 > 0 and the cor-
relation between predicted and observed values from the PLSR fit was
statistically significant (p < 0.05). Models were considered to have
excellent predictive ability when Q? > 0.90 and |R%Y — Q2| < 0.20.

For each PLSR model, the contribution of each NMR bucket to the
prediction of morphological traits was quantified using Variable
Importance in Projection (VIP) scores. Buckets with VIP scores of at least
1 can be considered significant predictors (Chong & Jun 2005).

A selection of relevant buckets was used as inputs in Multiple Linear
Regression (MLR) models to explore multivariate associations. Prior to
regression, all variables were standardised (mean cantered and scaled to
unit variance) and standardised regression coefficients () were used to
compare the relative influence of each metabolite across traits
(Vittinghoff et al., 2005). The overall statistical significance of each MLR
model was assessed using the F-test for the null hypothesis that all
regression coefficients were equal to zero, with significance set at p <
0.05.

For the categorical morphological trait of cotyledon colour, samples
were grouped into two clearly distinguishable classes (yellow and or-
ange), with intermediate categories (e.g. orange/yellow and orange/
red) excluded due to their low frequency and non-instrumental classi-
fication. Partial Least Squares Discriminant Analysis (PLS-DA) was
applied to the full bucketed NMR dataset. Model selection was guided by
repeated 5-fold cross-validation (100 iterations), and performance was
evaluated using average classification accuracy (i.e. the percentage of
samples that were correctly predicted) and the Area Under the receiver
operating characteristic Curve (AUC) (Barker & Rayens, 2003; Szy-
manska et al., 2012), accepting models with accuracy >70 % and AUC
>0.70.

A subset of significant NMR buckets was then used in a multiple
binomial logistic regression model on standardised data. This allowed
identification of spectral regions associated with the class membership.
The resulting standardised logistic regression coefficients describe the
direction and relative strength of each metabolite’s contribution to
yellow or orange class membership. Positive coefficients indicate an
association with yellow cotyledons, while negative coefficients indicate
a greater likelihood of orange pigmentation (Bijlsma et al., 2006; Worley
& Powers, 2013). The overall statistical significance of each logistic
regression model was tested against the null model using the likelihood
ratio test, with p < 0.05 as the acceptance threshold.

3. Result and discussion
3.1. 'HNMR spectroscopy

Several metabolites were identified in the aqueous extracts of lentils
from a first visual inspection of the 1H NMR spectra (Fig. S1) (Table S1).
Overall, the spectra were characterized by a complex pattern of signals
due to the presence of metabolites belonging to different chemical
classes. In the low frequency region, signals corresponding to amino
acids such as aspartate, asparagine, glutamate, arginine, alanine, and
the branched amino acids valine and leucine were identified (Table S1).
In the same region, several organic acids were also identified, namely
lactate, acetate, malate and citrate (Fig. S1, Table S1). These results were
supported by previous works that showed the occurrence of amino acids
and organic acids with higher concentrations in lentils compared to
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other legumes and significant differences between lentil varieties
(Correia et al., 2025; Rochfort et al., 2019).

Based on sensory studies, the presence of leucine and valine was
previously associated with the bitter flavour of legumes and also lentils,
while alanine and asparagine were found to contribute to sweet flavour
(Correia et al., 2025). Different accumulations of asparagine in different
lentil genotypes were associated with drought and salinity stress (Sa
et al., 2025; Skliros et al., 2018). In line with previous findings, the
aqueous extracts were also characterized by the presence of organic
acids (Correia et al., 2025). These compounds were found to play a
critical role in energy metabolism in both plants and animals (Correia
et al., 2025). In plants, organic acids are involved in the TCA cycle
(tricarboxylic acid cycle), which is influenced by several factors such as
metabolic and physiological development and biotic stress conditions
(Correia et al., 2025). Among the organic acids, previous work showed
that citrate content was high in lentils and was associated with flavour
and aroma (Correia et al., 2025; Shi et al., 2022).

In the region of the spectra between 0.8 and 0.9 ppm, we identified
signals attributable to short-chain fatty acids (SCFAs), such as valerate.
Conversely, the mid-field region of the spectra was characterized by the
most intense peaks corresponding to sugars. Despite the presence of
overlapping signals, fructose, glucose, arabinose, sucrose, trehalose and
raffinose were identified. Notably, carbohydrates are the major chemi-
cal class in legumes, especially in lentil seeds, where they represent
about 60 % of the macronutrients, followed by proteins and fats (Liberal
et al., 2021; Lopez-Calabozo et al., 2024). Previous studies have shown
that lentils contain a wide variety of low molecular weight carbohy-
drates, mainly mono (glucose, fructose), di (sucrose) and oligosaccha-
rides (raffinose). In fact, the sugar content and composition were not
only related to genotype, but also depended on cultivation practices,
climatic factors, geographical location and origin (Lopez-Calabozo et al.,
2024). The content of low molecular weight carbohydrates has been
found to influence the organoleptic quality of legumes. Primarily fruc-
tose, followed by sucrose and glucose, was found to be associated with
sweet taste (Correia et al., 2025). On the other hand, complex carbo-
hydrates give lentils a low glycemic index, thus reducing the risk of type
2 diabetes, metabolic syndrome and coronary heart disease
(Lopez-Calabozo et al., 2024).

In the spectra, we also observed the signal of choline, whose presence
contributes to the health properties of lentils. Choline is a quaternary
amine and has been recognized as an essential nutrient. In fact, choline
is involved in several important processes in humans, such as phos-
pholipid synthesis, neurotransmitter synthesis, lipid transport, and
methyl group donation (Lewis et al., 2014). Moreover, we assigned
peaks present in the low-field aromatic region to aromatic amino acids
(i.e., tyrosine, tryptophan, and histidine) and to NAD" and uridine.
Aromatic amino acids are known to contribute to sensory attributes of
lentils, such as bitter taste (Correia et al., 2025). Furthermore, in the
metabolomic study of several legumes, including lentils, tryptophan
emerged as the amino acid mainly involved in several metabolic path-
ways (Correia et al., 2025).

The spectral region between 6.9 ppm and 7.0 ppm showed charac-
teristic signals attributed to phenolic compounds such as catechin and
epicatechin (Fig. S1, Table S1). The presence of these phenolic com-
pounds was indicated by signals at 5.69 and 5.89 ppm. Previous works
showed that the content of polyphenols in lentil seeds is strongly
influenced by the cultivar, having important implications for breeding
purposes. In fact, polyphenols in lentils contribute to seed colour (Manco
et al., 2023; Mirali et al., 2017), antioxidant properties (Liberal et al.,
2021), and inhibitory activity on a-glucosidase and pancreatic lipase
(Rochfort et al., 2019). Finally, trigonelline was identified in the spectra
(Fig. S1, Table S1), that is an aromatic alkaloid previously detected in
lentils being strongly influenced by the genotype (Rochfort et al., 2019).
This alkaloid plays a protective role against abiotic stresses such as salt
tolerance and water loss in plants (Nadeem et al., 2019), while, in
humans, contributes to preventing diabetes and liver disease (Rochfort
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et al., 2019).
3.2. Morphological traits of lentils

Morphological characteristics of lentil seeds are among the most
important factors influencing consumer preferences and lentil prices
worldwide (Akibode & Maredia, 2011; Ariyawardana et al., 2015). In
the present work, a large collection of sixty-four red lentil lines with
different pedigree, year and country of release (Table S2) were charac-
terized for seed coat colour parameters (i.e., red index: a*, yellow index:
b*, and lightness: L*), seed coat pattern, cotyledon colour, seed size, and
hundred seed weight (Table 1). Significant variation was observed
among the genotypes for all the traits. The mean red index was 12.54
and it varied widely among the genotypes with values ranging from
4.955 to 18.265 (LSD: 0.204, p < 0.05). The yellow index also showed
significant variation among the lines ranging from 2.935 to 13.550 (LSD:
9.1, p < 0.05), with a mean value of 9.1 (Table 1). The seeds of the 64
lines also differed significantly for L*, which ranged from 42.69 to 56.53
(LSD: 0.292, p < 0.05) (Table 1). These results suggest that the red lentil
lines included in the present collection represent an interesting source of
variation for seed coat colour, which could be attributed or associated
with different seed composition and quality, as previously shown by
Mirali et al. (2016) and Manco et al. (2023) on smaller sets of genotypes.

The results also showed that most of the lentil lines (38) were
characterized by the absence of seed coat patterns, although they
showed significant variation in seed coat colour parameters (Table 1).
The seed coat was dotted in 9 lentil lines, spotted in 9 and complex in 7,
while only one genotype had a marbled seed coat (lentil line N° 53,
1G143547). The cotyledon colour was bright orange or yellow in most
lines (44 and 15, respectively), while a few genotypes (3) had orange/
yellow cotyledons and 2 had orange/red cotyledons (Table 1). Seed coat
colour has become an important trait in lentil breeding for seed quality
(Bhattarai et al., 2024).

Seed size in the red lentil collection varied from 3.5 g to 6.8 g and
showed significant differences among the lines with LSD: 0.051, p < 0.2
(Table 1). The mean hundred-seed weight (HSW) was 3.72 g, ranging
from 1.932 g to 6.226 g, with significant differences among the red lentil
lines (LSD: 0.051 g, p < 0.05).

Seed size and hundred-seed weight (HSW) have previously been
associated with lentil quality, hulling efficiency and cooking time
(Erskine et al., 1991; Wang, 2008). Literature reports also showed that
seed size and HSW were associated with lentil yield and adaptability to
climatic constraints (Abbo et al., 1991). The overall results presented
here proved the existence of a large diversity for lentil seed morphology
among the studied red lentil lines. The novelty of the present results is
based on the fact that a large collection of red lentil lines was charac-
terized for the first time, while previous works focused on a smaller
number of genotypes (Ganesan & Xu, 2017; Manco et al., 2023; Mirali
et al., 2017).

3.3. Multivariate statistical analysis applied to the metabolomic profile

To comprehensively explore the relationships between lentil
metabolomic profiles and seed phenotypic traits, we used different sta-
tistical approaches tailored to the nature of the measured parameters.
For the instrumentally derived continuous variables-lightness (L*), red
index (a*), yellow index (b*), hundred kernel weight (HKW), and seed
size-we applied PLSR. This method is particularly well suited to
modelling the covariance structure between high-dimensional spectral
data (predictors) and continuous responses, while accounting for the
multicollinearity and redundancy inherent in spectroscopic data sets.

In contrast, the categorical trait cotyledon colour (mainly classified
as "yellow’ or ’orange’) required a classification-based approach. In this
case, we used PLS-DA to maximize the separation between groups and to
identify spectral features that predicted class membership.

In this framework, PLSR and PLS-DA were used primarily as variable
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selection tools, allowing us to identify a subset of metabolically infor-
mative NMR buckets (VIP >1) while reducing dimensionality and
mitigating multicollinearity. These selected variables were then used in
classical models—MLR for continuous traits and binomial logistic
regression for categorical outcomes—to assess predictive performance
in a more interpretable and statistically transparent manner. This two-
step approach ensures robustness in variable selection and clarity in
model interpretation, which is particularly valuable in high-dimensional
metabolomics studies.

This dual strategy ensured methodological rigor in linking metab-
olomic patterns to quantitative and qualitative phenotypic variation.

3.3.1. Multivariate modelling of instrumental morphological traits using
PLSR and MLR

To investigate the relationships between the instrumentally
measured morphological traits of lentils and 'H NMR spectra, PLSR
analysis was performed using the bucketized NMR spectra of lentil ex-
tracts as the predictor matrix (X) and, in separate models, each of the
five measured morphological attributes L*, a*, b*, HKW, and size as the
response vector (Y). For each Y variable, the optimal number of latent
PLS components was selected by maximising the predictive cross-
validation statistic Q2. In PLSR, R2X represents the fraction of variance
in the spectral data captured by the model components, R2Y represents
the fraction of variance in the response variable explained by the same
components, and Qz, calculated via LOOCV, provides an estimate of the
model’s predictive ability on unseen samples. As summarised in Table 2,
all models have high R?X values (0.8199-0.8467), demonstrating that
over 81 % of the spectral variability is retained in latent space (NMR
spectra). Similarly, R2Y values range from 0.5874 (for a*) to 0.9498 (for
HKW), indicating that up to 95 % of the variation in lentil characteristics
is captured. Furthermore, the Q? statistics (ranging from 0.5243 to
0.9002) confirm strong cross-validated predictivity; in particular, L*, b*,
HKW and size models all exceed Q2 = 0.82, underlining the robustness
and reliability of the NMR-based PLSR approach for predicting these key
lentil quality parameters.

In addition, to systematically map the contributions of all NMR
buckets to the prediction of lentil morphological parameters, VIP (Var-
iable Importance in Projection) scores were computed for each spectral
bin in each PLSR model and are presented together in a simple heatmap
(Fig. 1). In the heatmap, only the bins that significantly contribute to the
morphological parameter prediction (VIP >1) are shown (Chong & Jun
2005; Wold et al., 2001).

The heatmap clearly showed that significantly high VIP values for
the different morphological indicators were distributed over the entire
1H NMR spectrum. We also observed that certain spectral regions
showed high VIP values for all 5 morphological indicators, e.g. buckets
between 6.82 ppm and 6.94 ppm (tyrosine and phenolic compounds).
Other buckets, however, were significant for the regression of only a few
morphological indicators, e.g. the bucket at 5.22 ppm (alpha-glucose) of
particular significance for size and HKW; the bucket at 3.22 ppm
(arginine) and the bucket at 2.58 ppm (citrate) of particular significance
for L* and b*. While the full heatmap provided an overview of model
influence across the spectrum, buckets exceeding the commonly
accepted threshold of VIP >1 were used to define a focused subset of
"significant" buckets. These high VIP buckets were then annotated, and
those corresponding to unbiased NMR signals of specific metabolites
were selected.

To further investigate the relationship between the selected buckets
and the morphological parameters, Pearson correlation coefficients
were calculated between the intensities of each of the 24 selected
buckets and each of the five morphological parameters. Fig. 2 shows a
heat map of the correlation coefficients that are statistically significant
(p < 0.05). This univariate approach highlighted that only a limited
number of buckets were significantly correlated with the morphological
parameters and that, in absolute terms, the highest observed correlation
values (0.4836 between the bucket associated with phenolic compounds
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Table 1
Morphological traits of the lentil collection.

Lentil lines Seed coat colour parameters of whole seeds HSW (g) Size (mm)  Seed coat pattern  Cotyledon colour
N° Red index (a*) Yellow index (b*) Lightness (L*)
1 1G358 12.97 + 0.042 11.44 £+ 0.071 50.695 + 0.064 2.849 + 0.03 4.5+0.1 Absent Orange
2 1G590 12.68 + 0.057 8.305 + 0.148 47.895 + 0.262 3.716 £+ 0.07 5.6 £0.1 Absent Orange
3 1G481 13.325 £ 0.007 9.38 £ 0.014 47.375 £+ 0.007 3.452 £+ 0.02 4.2+0.1 Spotted Orange
4 1G784 12.56 + 0.028 7.23 £ 0.014 46.305 + 0.035 2.935 £ 0.02 4+0.1 Dotted Orange
5 1G854 12.075 £+ 0.148 10.01 + 0.085 49.545 + 0.177 5.077 £ 0.02 6.8 £0.1 Absent Yellow
6 1G2580 8.81 £0.11 6.1 + 0.06 45.68 + 0.14 2.58 £ 0.02 4.1 +0.1 Complex Orange/yellow
7 1G1005 10.925 + 0.007 6.935 + 0.007 45.55 + 0.057 3.131 £ 0.03 42 +0.1 Dotted Orange
8 1G4399 15.75 + 0.156 9.59 £+ 0.099 46.585 + 0.191 3.298 + 0.02 4.1 +0.1 Spotted Orange/Red
9 1G4400 18.265 + 0.346 10.495 + 0.318 49.66 + 0.014 5.236 + 0.04 6+0.1 Absent Yellow
10 1G4605 9.225 £ 0.134 13.555 £ 0.163 56.53 + 0.226 4.499 + 0.02 5.8+ 0.1 Absent Yellow
11 1G73661 14.97 + 0.042 11.36 + 0.141 50.24 + 0.198 3.600 + 0.06 5+0.1 Absent Orange
12 1G76027 9.2 £ 0.085 6.475 + 0.064 46.335 £ 0.092 2.204 £ 0.02 3.9+0.1 Dotted Orange
13 1G5562 13.385 £ 0.007 10.43 £+ 0.014 48.24 + 0.071 3.110 £ 0.12 4.5+0.1 Spotted Orange/Yellow
14 1G5582 14.825 + 0.092 11.75 £+ 0.156 51.925 + 0.177 3.782 £+ 0.02 5+0.1 Absent Yellow
15 1G5588 13.59 + 0.099 11.75 + 0.071 50 £+ 0.156 2.950 + 0.14 4+0.1 Absent Orange
16 1G5722 9.18 £ 0.028 7.61 £ 0.071 49.885 + 0.247 3.904 + 0.02 5.3+0.1 Absent Orange
17 1G5748 15.365 + 0.106 11.65 + 0.141 50.43 + 0.141 3.981 + 0.02 45+0.1 Absent Yellow
18 1G5769 15.52 + 0.03 10.43 £+ 0.03 50.74 + 0.03 5.54 £ 0.16 6.3 +£0.1 Spotted Yellow
19 1G69492 15.95 + 0.071 10.045 + 0.064 49.125 + 0.078 4.346 + 0.02 51+0.1 Absent Orange
20 1G69497 9.845 + 0.05 5.84 £ 0.01 45.99 + 0.08 2.14 £ 0.09 3.5+0.1 Dotted Orange
21 1G70043 15.69 + 0.028 11.325 + 0.092 50.87 + 0.170 4.985 + 0.02 54 +0.1 Absent Yellow
22 1G73979 15.825 + 0.134 10.55 + 0.113 47.505 £ 0.601 3.279 £ 0.03 4.5+0.1 Absent Orange
23 1G70076 15.905 + 0.134 10.53 £+ 0.198 49.285 + 0.247 3.623 £ 0.02 4.7 +£0.1 Absent Orange
24 1G156736 16.335 + 0.035 10.4 + 0.057 47.58 + 0.099 3.55 £+ 0.02 4.8 £ 0.1 Spotted Orange
25 1G70092 13.125 + 0.092 10.55 + 0.113 50.57 + 0.170 5.441 £ 0.10 55+0.1 Absent Yellow
26 1G71144 15.275 £+ 0.035 10.405 + 0.092 50.005 + 0.163 5.367 £ 0.12 6.2+ 0.1 Absent Yellow
27 1G117646 15.815 £+ 0.120 10.305 + 0.007 49.41 + 0.028 4.104 + 0.02 5+0.1 Absent Orange/Red
28 1G71178 15.965 + 0.007 10.28 + 0.000 47.61 + 0.028 3.539 £ 0.11 4.8 +0.1 Absent Orange
29 1G117679 15.435 £ 0.134 10.72 £+ 0.127 49.88 + 0.170 4.996 + 0.18 5.6 £ 0.1 Absent Yellow
30 1G73685 14.29 + 0.141 10.56 + 0.057 49.275 £+ 0.120 3.114 £ 0.02 4+0.1 Absent Orange
31 1G122918 9.54 £ 0.042 6.22 + 0.085 45.815 + 0.106 2.479 £+ 0.03 3.8+0.1 Complex Orange
32 1G73858 14.055 + 0.163 10.14 £+ 0.156 47.51 + 0.198 3.096 + 0.02 4+0.1 Spotted Orange
33 1G73874 14.98 + 0.156 10.455 + 0.064 47.785 £+ 0.120 3.498 + 0.02 43+0.1 Absent Orange/Yellow
34 1G75896 17.32 + 0.071 10.845 + 0.035 49.180 + 0.127 4.744 £+ 0.04 5+0.1 Absent Yellow
35 1G122934 13.875 + 0.064 10.075 + 0.021 49.09 + 0.071 4.326 + 0.04 5+0.1 Absent Orange
36 1G75920 13.22 £ 0.113 7.5 +£0.071 46.575 £+ 0.106 3.904 + 0.02 5+0.1 Absent Orange
37 1G75932 14.3 + 0.099 12.575 + 0.163 51.315 + 0.276 3.276 £ 0.03 4.8 +£0.1 Absent Orange
38 1G76232 11.485 + 0.092 8.85 £ 0.099 47.095 + 0.148 4.453 + 0.02 52+0.1 Absent Orange
39 1G114687 12.025 £ 0.177 11.6 + 0.071 54.94 + 0.198 3.926 + 0.03 5+0.1 Absent Orange
40 1G114688 12.045 £+ 0.148 7.57 £ 0.071 45.78 + 0.085 3.545 £ 0.02 4.4 Spotted Orange
41 1G114713 15.7 + 0.085 11.68 + 0.057 49.42 + 0.099 3.975 £ 0.02 5+0.1 Absent Orange
42 1G129136 10.455 + 0.04 8.72 £+ 0.04 47.84 + 0.04 3.17 £ 0.03 4.5+0.1 Spotted Orange
43 1G117647 13.435 £ 0.177 11.475 £ 0.092 51.635 £+ 0.163 6.225 + 0.05 6.5+ 0.1 Absent Yellow
44 1G117680 11.795 + 0.035 7.895 + 0.007 49.01 + 0.141 4.665 + 0.02 52+0.1 Absent Orange
45 1G117682 8.86 &+ 0.000 5.895 + 0.049 45.145 + 0.106 2.666 + 0.02 4+0.1 Dotted Orange
46 ILL8006 9.715 £ 0.021 6.45 £ 0.057 44.96 + 0.071 2.524 £ 0.02 4+0.1 Dotted Orange
47 1G129142 11.275 + 0.134 9.42 + 0.014 48.575 + 0.007 3.985 + 0.02 5+0.1 Spotted Orange
48 ILL8009 8.52 £ 0.127 7.005 + 0.007 47.885 + 0.007 1.933 + 0.06 3.8+0.1 Complex Orange
49 1G122878 9.87 + 0.071 12.4 + 0.071 55.425 + 0.049 5.302 £+ 0.02 6.3 +0.1 Absent Yellow
50 1G122880 7.125 £ 0.035 6.595 + 0.021 48.5 £ 0.127 4.308 + 0.03 4.8 +£0.1 Dotted Yellow
51 1G142268 11.525 + 0.106 8.005 + 0.007 48.505 + 0.064 3.901 + 0.04 5+0.1 Absent Orange
52 1G156670 9.01 £+ 0.141 8 + 0.071 49.15 + 0.028 2.265 + 0.02 4+0.1 Complex Orange
53 1G143547 4.955 + 0.04 2.935 + 0.04 42.69 + 0.02 3.09 £ 0.08 39+0.1 Marbled Orange
54 1G156514 9.67 + 0.014 12.01 £+ 0.071 53.3 £ 0.085 5.931 + 0.05 6.2+ 0.1 Absent Yellow
55 1G156631 13.65 + 0.028 7.57 + 0.014 47.735 £ 0.078 4.216 + 0.03 5+0.1 Absent Orange
56 1G156693 16.225 £+ 0.021 10.76 £+ 0.014 48.51 + 0.042 2.817 £ 0.02 43+0.1 Absent Orange
57 1G156695 8.085 + 0.092 6.445 + 0.064 47.13 + 0.057 2.101 £ 0.01 3.8+0.1 Dotted Orange
58 10867/10174/6SPS 11.38 + 0.099 7.09 £+ 0.057 46.92 + 0.071 3.761 + 0.04 4.7 £ 0.1 Absent Orange
59 F1X2011S-132/F1X2011S-110/23-10 12.485 + 0.049 7.855 + 0.021 47.46 + 0.028 3.093 + 0.03 4.8 +£0.1 Absent Orange
60 8114/7663/2SPS 9.3 + 0.042 5.37 £ 0.000 46.35 + 0.014 3.062 £ 0.12 4.6 £ 0.1 Complex Orange
61 F1X2011S-132/F1X2011S-110/6-2 13.88 £ 0.113 7.685 + 0.078 46.67 + 0.071 3.284 £ 0.13 4.8 +0.1 Absent Orange
62 7978/DPL 62/10-8 10.115 £ 0.092 7.69 £ 0.042 47.88 + 0.071 3.431 £+ 0.02 5.1+0.1 Complex Orange
63 4605/3596/2SPS 8.255 + 0.078 5.145 + 0.007 45.915 + 0.035 3.458 £ 0.11 43+0.1 Complex Orange
64 10072/1712/10-3 12.825 + 0.064 6.495 + 0.049 46.365 + 0.092 3.167 £ 0.18 45+ 0.1 Dotted Orange

Min. 4.955 2.935 42.69 1.932 3.5

Max 18.265 13.55 56.53 6.226 6.8

Mean 12.54 9.1 48.57 3.72 4.8

LSD (p < 0.05) 0.204 0.178 0.292 0.051 0.2

HSW: Hundred Seed Weight; LSD: Least Significant Difference.
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Table 2

Summary of key results from PLSR applied to NMR spectra as independent
variables (X) and the various parameters as dependent variables (Y). The table
reports the optimal number of components determined by the maximum Q2
value, along with R?X, R%Y, Qz, and the Pearson correlation coefficient between
the observed Y values and those predicted by the model.

Parameter ~ Number of PLS-R ~ R%X R%Y Q? Y vs Ypred
components Pearson
correlation
L 8 0.8467 0.9083 0.8274 0.9531
ax 3 0.8199 0.5874 0.5243  0.7664
b* 8 0.8431 0.9439 0.8936 0.9715
HKW 8 0.8445 0.9498 0.9002 0.9746
Size 8 0.8431  0.9439 0.8896  0.9595
L* 35
3
a*
2.5
b*
2
HKW
1.5
Size
9 8 7 6 5 4 3 2 1
Delta (ppm)

Fig. 1. Heatmap of VIP scores from PLSR analysis, with NMR bucket ppm
values on the x-axis and the different parameters used as dependent variables
(Y) on the y-axis. The colour intensity represents the importance of each NMR
region/bucket in predicting the corresponding parameter. Only VIP scores >1
are coloured to put in evidence significant prediction power.

trigonelline -0.3153 -0.3707 95

NAD+
tryptofan
histidine
phenolic compounds
tyrosine
urindine
raffinose
sucrose
alpha-glucose
fructose
choline
asparagine
aspartate
citrate

malate

glutamate
acetyl groups
arginine
alanine
lactate
valine
leucine -0.3095
short-chain fatty acids -0.4112 -0.2944
Lt a* b* HKW Size

-0.5

Hs

Fig. 2. Heatmap of Pearson correlation coefficients between the intensities of
selected NMR buckets and the different parameters. Only statistically signifi-
cant correlations (p < 0.05) are shown, with colour intensity indicating the
strength and direction of the correlation.
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and the HKW parameter, and —0.5171 between the bucket associated
with citrate and the HKW parameter) were significantly lower than the
correlation values obtained by PLSR analysis. These results suggested
that the relationship between the intensities of the selected cups and the
morphological parameters was multivariate. To verify this multivariate
nature, and considering that the number of samples (64) exceeded the
number of selected buckets (24), it was possible to apply a simple
multiple linear regression. Specifically, the multiple linear regression
was performed considering the intensities of the 24 buckets as predictors
and, each of the five morphological parameters as response variables.

The overall results of the multiple linear regression performance are
reported in Table 3, which includes the values of R?, RMSE (Root Mean
Square Error), and the Pearson correlation coefficient between the
measured response variable and the one predicted by the model. The
regression performances were excellent for each of the five parameters,
with correlation values ranging from 0.91 to 0.94 for the parameters L*,
b*, HKW, and size, and 0.82 for a*.

The results obtained were in line with expectations and consistent
with those obtained from the PLSR analysis (see Table 2). Although the
multiple linear regression using the 24 selected buckets yielded slightly
lower performance than the PLSR using the full set of buckets, the results
clearly highlighted the need to consider multivariate relationships be-
tween NMR spectra and morphological parameters. Furthermore, the
strong multivariate correlations obtained with only the 24 selected
buckets, comparable to those obtained with the full spectra, demon-
strated both the effectiveness of the bucket selection strategy and its
representativeness of the overall covariance structure.

To facilitate comparison of the relative importance of predictors
across multiple linear regression models, we present standardised
regression coefficients in the form of a heat map in Fig. 3. Standardised
coefficients, also known as f-weights, were calculated by standardizing
all variables (predictors and outcome) prior to model estimation. This
was done by subtracting the mean and dividing by the standard devia-
tion of each variable, effectively converting them to z-scores.

This transformation removed the influence of the original scales of
the variables, allowing direct comparison of effect sizes both within and
across models. Heat map visualization provided an intuitive and
compact representation of these coefficients (Vittinghoff et al., 2005).

Among the various metabolites analysed, leucine emerged as the
most influential predictor of HKW with the highest standardised positive
coefficient (B = 0.7552). This finding highlighted a strong and inde-
pendent association between leucine levels and increased seed weight,
independent of the presence or concentration of other metabolites.
Previous studies have shown that leucine is positively associated with
seed size and weight in other plant species.

In fact, the gene IKU2 (Receptor-like protein kinase HAIKU2),
encoding a leucine-rich repeat (LRR) kinase, was shown to increase seed
size, weight, and oil content when overexpressed in Arabidopsis (Fatihi
et al., 2013). Also, amino acid transporters like AAP8, which is involved
in amino acid transport during seed development, was found to be
linked to increased seed size and weight (Jiang et al., 2024). In partic-
ular, the Arabidopsis AAP8 was identified as a key player in seed
development and was associated with larger seeds and increased seed
yield (Jiang et al., 2024).

Table 3

Summary of key results from multiple linear regression using selected NMR
buckets as independent variables and various parameters as dependent variable.
The table reports R2, RMSE, and the Pearson correlation coefficient between the
observed Y values and those predicted by the model.

Parameter R? RMSE Y vs Y5, Pearson correlation
L* 0.8198 1.521 0.9054
a* 0.6786 2.151 0.8238
b* 0.8919 1.006 0.9444
HKW 0.8855 4.370 0.9410
Size 0.8212 0.412 0.9062
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trigonelline 0.1159 0.3755
UGN 07645 0.07661 -0.3661 o8
tryptofan | -0.2855 -0.05164 -0.2352 -0.1835 -0.2007
histidine | -0.01683 0.3767 0.1706
phenolic compounds 0.2584 0.1096 0.4¢ 0.6
tyrosine 0.2339 0.1802
urindine | 0.3243 -0.1198 0.1614 -0.05908 003132 ..
raffinose | 0.04492 0298 0.1467 005407 005766
sucrose -0.2286 0.2157 -0.1613 -0.3969 -0.396
alpha-glucose -0.09794 -0.2909 -0.1754 02
fructose | -0.2143 -0.2458 -0.09985 1925
choline | -0.02876 -0.05185 -0.0465 -0.06427 0.1245 1o
asparagine | 0.1129 02715 004181 0.08213 0.1522
aspartate | 0.8245 -0.2314 03381 0431 02262
citrate [ -0.4128 02664 | 04126 -0.363 -0.2948 02
malate -0.3852 009186 -0.03645
glutamate | 0.2792 -0.1739 0.2887 001748 0.1183
acetyl groups | -0.1325 0.2362 001462 0.1372 -0.006887 |t
arginine | 0.2426 0.005972 0.1342 -0.2463 -0.3201
alanine 0.215 0.1506 0.2696 0.4439 0.3376 0.6
lactate | -0.05688 -0.2025 01611 0.007366 0.0447
valine | 0.08272 -0.04614 0.2609 0.4713
leucine | 0.07696 0.1108 001475 0 0 08
shortchain fatty acids | 02279 | 00842 | 0476 0.9424 0.74
v a* b* HKW Size

Fig. 3. Heatmap of standardised () coefficients from multiple linear regression
models, using selected NMR bucket intensities as predictors for the five seed
morphological traits.

In addition to leucine, fructose (B = 0.6065) and phenolic com-
pounds (p = 0.4946) also showed significant positive contributions to
HKW. The results suggested that these metabolites may play an impor-
tant role in promoting biomass accumulation in lentil seeds. Higher
fructose levels in mature embryos were previously associated with larger
embryos in Arabidopsis (Liu et al., 2020). It was shown that mutations in
the AtENO2 gene in Arabidopsis affects fructose levels resulting in
smaller and lighter seeds (Liu et al., 2020). Furthermore, suppressing
ADP-glucose pyrophosphorylase in Camelina resulted in increased seed
size and mass (Na et al., 2018; Yun et al., 2025). These previous works
support our findings and the hypothesis that changes in fructose and
other sugars can be linked to changes also in lentil seed traits.

About the correlation between polyphenols and seed traits, previous
works showed that phenolic compounds, particularly flavonoids and
anthocyanins, had higher concentrations in black soybeans with larger
seeds (Choi et al., 2020). In particular higher anthocyanin and isofla-
vone contents were found associated with larger seeds (Choi et al.,
2020).

A strongly negative standardised coefficient for short-chain fatty
acids (p = —0.9424) indicated a robust inverse relationship with seed
weight, suggesting that higher levels of these compounds were consis-
tently associated with markedly reduced HKW, independent of other
metabolic influences. These results were supported by previous evidence
demonstrating a negative correlation between short-chain fatty acids
(SCFAs) and seed size and weight (He et al., 2020). SCFAs, particularly
acetate, propionate, and butyrate, are crucial energy sources for plant
cells and can influence seed development inhibiting fatty acid synthesis
and reducing seed size and weight. These effects are part of SCFAs’
broader role in regulating metabolism and energy balance (He et al.,
2020).

When seed size was considered, short-chain fatty acids showed an
interesting pattern. Although they had a strong influence (f = —0.7421),
their negative coefficient indicated that higher concentrations of these
compounds were associated with smaller seeds once other variables
were controlled. In contrast, leucine (p = 0.5776), phenolic compounds
(B = 0.5445) and fructose (f = 0.4925) were again among the most
prominent positive predictors of larger seed size. This consistency for
both HKW and seed size further reinforced their potential importance in
determining seed development traits.

In addition to weight and size, the metabolic profile was also ana-
lysed in relation to seed coat colour using the standard colour indices L*,
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a* and b*. The L* index, which reflects seed lightness, was most nega-
tively associated with NAD™ (p = —0.7645) and malate (p = —0.5757).
These results indicated that increased levels of these metabolites were
associated with darker seed pigmentation, suggesting a possible link
between the redox state of the seed and its coat colour characteristics.
Previous studies suggested a negative correlation between NAD ™" levels
and seed size and weight in Arabidopsis (Feitosa-Araujo et al., 2020,
2022). Reducing the expression of a mitochondrial NAD" transporter
(NDT2) resulted in smaller seeds and reduced seed weight
(Feitosa-Araujo et al., 2020, 2022).

For the a* index, which captures the transition from green to red
hues, the most significant positive associations were observed with
malate (f = 0.6214) and histidine (3 = 0.3767). This suggests that
higher concentrations of these compounds are correlated with redder
seed colour, independent of other metabolic influences.

For the b* index, which measures the spectrum from blue to yellow,
tyrosine (p = 0.6449) was identified as the strongest positive predictor.
This finding supports a potential role for tyrosine in enhancing yellow
pigmentation, possibly through its involvement in phenylpropanoid
metabolism and pigment biosynthesis pathways.

The analyses showed that metabolites such as leucine, fructose and
phenolic compounds consistently exert positive effects on both seed
weight and size, whereas others, such as NAD" and short-chain fatty
acids, are more strongly associated with darker colour and smaller seed
size, respectively. These associations reflect the unique contribution of
each metabolite after accounting for shared variance with other pre-
dictors, thus reducing the confounding effects of multicollinearity.

3.3.2. Classification modelling of cotyledon colour using PLS-DA and
logistic regression

Unlike continuous morphological traits, cotyledon colour was
treated as a categorical variable, which was visually assessed and
assigned to qualitative classes. Out of the 64 red lentil genotypes ana-
lysed, 59 samples were selected for analysis, comprising only those that
were clearly classified as yellow (15 samples) or orange (44 samples).
Intermediate phenotypes — orange/yellow and orange/red — were
intentionally excluded from the analysis for two main reasons. Firstly,
they were poorly represented in the dataset, which would have impaired
the robustness of the statistics. Secondly, they were subjectively classi-
fied based solely on visual inspection and not instrumentally quantified.
Including them would have introduced noise into the classification,
thereby weakening the clarity and reliability of the subsequent statisti-
cal analysis.

To explore the relationship between cotyledon colour and the NMR
metabolomic profile, a PLS-DA was first performed on the entire NMR
bucket dataset. The number of latent components was optimized
through 100 x 5-fold cross-validation to select the model that maxi-
mized average classification accuracy. The optimal nine-component
model achieved an average classification accuracy of 89.5 %, meaning
that nearly nine out of ten samples were correctly predicted across cross-
validation runs. Additionally, the AUC was 0.953, indicating excellent
discrimination performance (where an AUC of 1.0 implies perfect clas-
sification and an AUC of 0.5 corresponds to random guessing). When
applied to the entire dataset, the model correctly classified all samples
(100 % accuracy).

Utilising the same criteria as for continuous morphological param-
eters, VIP scores from the PLS-DA were then employed to select the 19
most informative NMR buckets, corresponding to a subset of potentially
relevant metabolites.

Subsequently, these 19 selected buckets were utilised as predictors in
a binomial logistic regression, which was performed on standardised
data (i.e., each bucket was transformed to have zero mean and unit
variance). Standardisation was considered to make the resulting
regression coefficients directly comparable, allowing the relative influ-
ence of each metabolite to be interpreted regardless of its original con-
centration scale or variance. The logistic regression model was also



L. Palombi et al.

subjected to cross-validation using the same repeated 5-fold strategy,
yielding an average accuracy of 87.2 % and an AUC of 0.9314, thereby
demonstrating strong generalisation performance. When applied to the
full dataset, the model again achieved 100 % classification accuracy.

The standardised regression coefficients, illustrated in Fig. 4 as a
horizontal bar chart, offer a comprehensible perspective on the direction
and magnitude of the association between metabolite levels and coty-
ledon colour. Positive coefficients corresponded to metabolites whose
elevated concentrations were statistically associated with yellow coty-
ledons, whereas negative coefficients were linked to a greater likelihood
of orange cotyledons.

The application of a logistic regression model identified leucine,
alanine, and phenylalanine as positively associated with the yellow
phenotype. This finding suggests that higher levels of these amino acids
may be characteristic of lighter cotyledon pigmentation. Conversely,
tryptophan, citrate, malate, and valine exhibited negative coefficients,
suggesting an enrichment in orange cotyledons.

4. Conclusions

This study demonstrates the strong potential of 'H NMR metab-
olomics as a powerful tool for linking biochemical composition to
morphological traits in lentil seeds. By analyzing a collection of 64 red
lentil accessions, clear and consistent metabolic signatures were iden-
tified that were linked to seed size, Hundred Kernel Weight (HKW), seed
coat colour (lightness, a*, b*) and cotyledon pigmentation. Key me-
tabolites, such as leucine, fructose, and phenolic compounds, were
positively associated with larger seeds and higher weight, highlighting
their involvement in biomass accumulation and energy metabolism.
Meanwhile, compounds such as malate, histidine, and tyrosine were
closely linked to pigmentation traits, emphasizing their involvement in
colour expression.

Multivariate regression and classification models (PLSR, MLR, PLS-
DA and logistic regression) demonstrated high predictive accuracy,
confirming that metabolic fingerprints contain valuable information
regarding both quantitative and qualitative phenotypes. Notably, the
ability to accurately predict cotyledon colour based on a few discrimi-
nant metabolites opens new opportunities for rapid, early-stage selec-
tion in breeding pipelines. These findings establish a robust analytical
framework for phenotypic prediction that is immediately relevant to
lentil breeding programs. Integrating metabolomics with multivariate
statistics allows us to identify bioactive compounds associated with
important agronomic and nutritional traits, which support the devel-
opment of improved lentil varieties that are more appealing to the
market and offer health benefits.

Looking ahead, the present approach offers a scalable and transfer-
able model for trait prediction across legume species. It can accelerate
genetic gain by supporting marker-assisted selection and complement-
ing genomic tools. As such, it represents a promising innovation for
modern, data-driven crop improvement strategies. By supporting the
development of lentil varieties with improved nutritional profiles, an
appealing appearance and greater yield potential, our work can
contribute to food security, sustainable agriculture and healthier diets,
especially in regions where pulses are an important source of plant-
based protein. Furthermore, identifying bioactive compounds associ-
ated with desirable traits creates new opportunities for the functional
food industry and value-added pulse products. Overall, this study pro-
vides a forward-looking framework for integrating metabolomics into
breeding pipelines, thereby bridging the gap between advanced
analytical science and practical outcomes that benefit producers, con-
sumers and society.
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