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Abstract
Background Brassica juncea

has morphologically and agronomically diverse cultivated forms used for vegetative, root, and seed
production and consumption. Although glucosinolate (GSL) composition varies substantially within B.
juncea, the extent to which this crop-use diversification is reflected in leaf GSL composition remains
underexplored. This study aimed to characterize leaf GSL variation among accessions representing
vegetative (VM), root (RM), and seed mustard (SM) types, and to identify GSL features contributing to
crop-use type discrimination.

Results

The results showed significant differences at both the crop-use forms and accession levels in B. juncea.
Aliphatic GSL accounted for more than 98% of the total GSL in all three mustard-types, with sinigrin as
the predominant compound. RM accessions exhibited lower total GSL than VM and SM, but
comparatively higher 4-hydroxyglucobrassicin and neoglucobrassicin. PCA positioned RM in a distinct
region, whereas SM overlapped substantially with the broader VM distribution. Pairwise machine
learning (ML) further supported this pattern, with linear support vector machine and random forest
models discriminating RM from VM and SM, respectively, while VM and SM exhibited weaker separation.
Shapley additive explanations (SHAP) analysis detected recurrent contributions of 4-
hydroxyglucobrassicin, neoglucobrassicin, sinigrin, glucocheirolin, and related GSLs to RM-associated
differentiation.

Conclusion

The findings establish a biochemical framework for B. juncea germplasm characterization and support
the prioritization of contrasting genetic resources and GSL signatures for future breeding and mustard
improvement.

Background

Brassica juncea (L.) Czern. & Coss., commonly known as Indian mustard, is an economically important
multipurpose crop cultivated as an oilseed, condiment, and vegetable, with different forms utilized for
their seeds, leaves, stems, or roots. The crop is valued for its nutritional constituents, viz. vitamins,
minerals, carotenoids, glucosinolates, and phenolic compounds [1, 2]. It is an allotetraploid crop species
(AABB, 2n = 36) derived from the diploid progenitors B. rapa (AA) and B. nigra (BB), with extensive
morphological and agronomic diversity. This diversification has given rise to distinct cultivated forms
differing markedly in their principal harvested organs and patterns of use. Accordingly, based on crop
use and morphology, four major subspecies have been proposed, including subsp. juncea (seed
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mustard), subsp. integrifolia (leaf mustard), subsp. napiformis (root mustard), and subsp. tumida (stem
mustard), with additional varietal forms occurring within these broad groups [3, 4]. Such diversity
provides a biologically relevant context for examining biochemical differentiation among cultivated
mustard forms.

GSLs are specialized metabolites of Brassicaceae family, and their composition contributes to both plant
defense mechanism as well as characteristic pungency and quality attributes of mustard crops [5]. GSL
accumulation in B. juncea is strongly influenced by genetic background and tissue-specific regulation.
Functional analysis of GSL transporters (GTR1 and GTR2) has demonstrated distinct regulation and
distribution of these metabolites among vegetative and reproductive tissues [6], while substantial
quantitative and compositional variation has been documented among B. juncea germplasm across
plant organs and developmental stages [7]. Despite this reported variation, comparative information on
leaf GSL composition across contrasting cultivated forms of B. juncea remains limited.

Previous comparative studies on root, stem, and leaf mustard have highlighted distinct GSL and related
phytochemical profiles in seeds and sprouts [8, 9]. However, studies of leaf GSL composition have
predominantly focused on leaf-mustard germplasm [10, 11]. Consequently, whether contrasting
cultivated forms of B. juncea retain distinguishable GSL profiles when evaluated in a common leaf tissue
remains relatively underexplored. Determining whether such crop-use diversification is accompanied by
consistent differences in leaf GSL composition is therefore important for characterizing germplasm for
identifying contrasting genetic resources.

Assessing such biochemical variation requires analytical approaches capable of capturing patterns
across multiple metabolites. Multivariate analysis is particularly useful for resolving overall
compositional structure and group-associated patterns that may not be evident when GSL compounds
are considered individually. For instance, principal component analysis (PCA) and partial least squares
discriminant analysis (PLS-DA) can summarize major sources of variation and identify variables
associated with group segregation in metabolomic datasets [12]. The discriminatory potential of GSL
profiles has been demonstrated across Brassicaceae crops, where hierarchical clustering analysis (HCA)
and PCA of quantitative GSL composition distinguished 12 vegetable types and broadly reflected their
morphological classification highlighting taxonomic and phenotypic patterns [13]. Similarly, in Chinese
cabbage germplasm, multivariate GSL profiling resolved groups associated with germplasm status and
geographical origin with PCA and orthogonal PLS-DA identifying major contributor compounds
elucidating the differentiation [14].

Beyond characterizing compositional structure, evaluating whether these GSL profiles can consistently
distinguish predefined groups provides a complementary measure of biochemical discrimination. ML
approaches are well suited to this predictive component because they enable performance to be
assessed across complex multivariate data and alternative modelling strategies [15]. In B. juncea,
multiple algorithms including support vector machine (SVM), random forest (RF), decision tree,
generalized linear model, and deep learning approaches have been compared for varietal recognition
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using leaf spectral profiles, while boosting algorithms have been applied to predict leaf GSL content,
phenolics, flavonoids, anthocyanins, and chlorophyll [16, 17]. In addition, UPLC-ESI-MS/MS profiling
coupled with orthogonal PLS-DA and RF identified GSLs and other metabolites associated with varietal
and nitrogen-treatment responses in B. napus seeds [18]. For metabolite-specific classification,
predictive performance alone does not identify the biochemical features underlying class assignment.
SHAP provide a model-agnostic framework for attributing predictions to individual features and
evaluating both the magnitude and direction of their contributions [19]. Integrating feature attribution
with multivariate and predictive analyses therefore provides a coherent approach for evaluating both
group discrimination and pinpointing key metabolite contributors.

Accordingly, this study aimed to characterize leaf GSL variation among B. juncea accessions
representing VM, RM, and SM crop-use types, and to determine the extent to which crop-use
differentiation is reflected in their GSL composition. Targeted profiling of 17 GSLs was integrated with
univariate and multivariate analyses, pairwise ML classification, and SHAP-based interpretation to
evaluate compositional structure, predictive performance, and contribution of individual GSLs to
resolution among mustard-types. It was further hypothesized that the three crop-use types would exhibit
structured differences in leaf GSL composition despite substantial accession level variation, and that any
resulting discrimination would reflect the contributions of multiple GSLs rather than a single dominant
compound.

Materials and Methods
2.1 Germplasm acquisition and taxonomic grouping

A total of 42 Brassica juncea accessions used in this study were obtained from the National
Agrobiodiversity Center (RDA-Genebank) in the Republic of Korea. The collection represented
taxonomically diverse materials assigned to B. juncea subsp. integrifolia, B. juncea subsp. integrifolia var.
rugosa, B. juncea subsp. juncea, B. juncea var. foliosa, B. juncea var. integrifolia, B. juncea var. japonica, B.
juncea var. longidens, B. juncea var. napiformis and B. juncea var. tumida. Accessions were classified into
three crop-use types according to their taxonomic designation and principal cultivated organ. Following
established classifications of B. juncea cultivated forms, leaf- and stem-use accessions were
consolidated as VM, napiformis accessions were classified as RM, and subsp. juncea accessions as SM
[3]. Accession identity, taxonomical designation, crop-use grouping, and other passport information are
provided in Table S1.

2.2 Experimental conditions

Prior to experimental evaluation, the germplasms were cultivated under conditions to maintain
accession purity. During greenhouse multiplication in 2022-2023, plants were enclosed with fine mesh
material during the reproductive period from February to June to minimize unintended cross-pollination.
Seeds obtained from the greenhouse grown plants were subsequently cultivated in the field from
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September to November. Plants showing phenotypic heterogeneity within an accession were identified
during multiplication and excluded to maintain phenotypic uniformity of the propagated material.

2.3 Sample pre-treatment and glucosinolate extraction

For each accession, three healthy plants were selected as biological replicates. Inner, middle and outer
leaves were randomly harvested from each plant, pooled separately, and promptly transferred to
polyvinyl bags. The harvested material was freeze for 48 hours using an LP500 vacuum freeze-dryer
(llshinbiobase Co., Dongducheon, Republic of Korea). After lyophilization, the dried leaves were finely
ground into powder form and stored at - 80°C until further processing. Precisely, 0.1 g of freeze-dried
leaf powder was mixed with 5 mL methanol (80%) and incubated at 25°C for 30 min, subsequently
agitated at 120 rpm for an additional 30 min at same temperature and centrifuged at 14000rpm for 10
min at 4°C. The resulting supernatants were carefully collected into clean vials and retained for
subsequent GSL analysis.

2.4 Chromatographic conditions for UPLC-MS/MS analysis

GSL analysis was carried out employing the ACQUITY Ultra-Performance Liquid Chromatography system
(Waters, Milford, CT, USA) coupled with Xevo™ TQ-S system (Waters MS Technologies, UK), following the
methodology described by [14]. Chromatographic separation was achieved on an ACQUITY UPLC BEH
C18 column (1.7 pm, 2.1 x 100 mm) maintained at 35°C. The injection volume was 5 pL, and the mobile
phase was delivered at a flow rate of 0.5 mL min™'. Solvent A and solvent B consisted of 0.1%
trifluoroacetic acid in water and in methanol, respectively. Elution gradient was programmed according
to the solvent ratio (A: B) as follows: 0—7 min; 100:0, 7-10 min, gradually changed to 80:20; 10-11 min,
changed to 0:100; 11-15 min, returned to 100:0; and 15—-16 min, maintained at 100:0 for column re-
equilibration.

2.5 Glucosinolate detection and quantification

Mass spectrometric detection was performed using negative electrospray ionization (ESI) source under
multiple reaction monitoring (MRM) conditions. The capillary and cone voltages were set to 3 kV and 54
V, respectively. Individual GSLs were identified by comparing their chromatographic retention times and
compound-specific MRM transitions with those of authentic reference standards (Phytolab,
Vestenbergsgreuth, Germany; PhytoPlan, Heidelberg, Germany). Quantification was based on external
standard calibration using peak area responses and linear regression equations generated for the
corresponding GSL standards. Spectrometric data were processed using MassLynx 4.1 software. The
MRM transitions, retention times, calibration details for the 17 GSLs retained for downstream analysis
are provided in Table S2. GSL concentrations were determined based on these calibration curves and

expressed as pmol kg™ ' sample dry weight (DW).
2.6 Statistical analysis

GSL concentrations were analyzed using linear mixed-effects models with crop-use type as a fixed effect
and genotype nested within crop-use type as a random effect. Crop-use type and genotype-within-type
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effects were assessed using Satterthwaite-adjusted F-tests and likelihood-ratio tests, respectively,
followed by Tukey-adjusted pairwise comparisons at P < 0.05. Pearson correlation analysis was used to
examine relationships among individual GSLs. HCA was executed on z-score standardized data using
Euclidean distance and Ward.D2 linkage. PCA was conducted on centered and unit-variance scaled data,
and PLS-DA was performed using the SIMPLS algorithm with two latent components. Variable
importance in projection (VIP) scores were calculated to assess the contribution of individual GSL to the
PLS-DA model. Statistical and multivariate analyses were carried out in RStudio Version 2024.09.1 + 394
(Posit Software, Boston, MA, USA) using the ImerTest [20], emmeans [21], pheatmap [22], pls [23], ggplot2
[24], and ggrepel packages [25].

2.7 Machine learning classification and SHAP analysis

Pairwise ML classification was performed for VM versus RM, VM versus SM, RM versus SM utilizing 17
GSL compounds as predictors. Six algorithms were evaluated, including elastic-net logistic regression
(ENLR), linear support vector machine (LSVM), radial support vector machine (RSVM), k-nearest
neighbors (kNN), RF, and extreme gradient boosting (XGBoost). Model performance was assessed using
20 repeated stratified three-fold outer cross validation, with two-fold inner cross-validation for
hyperparameter tuning, based on accuracy, balanced accuracy, macro-F1 score, Matthews correlation
coefficient (MCC), and area under the ROC curve (AUC), where ROC is receiver operating characteristic.
SHAP were applied to the selected RM-associated models using model-agnostic Monte Carlo estimation
with 1,000 simulations; mean absolute SHAP values were used to rank GSL importance, while signed
SHAP values indicated the direction of contribution toward RM classification. All analyses were
implemented in Rv4.4.2 using the caret [26], gimnet [27], kernlab [28], kknn [29], randomForest [30],
xgboost [31], pROC [32], fastshap packages [33].

Results

3.1 Variation in glucosinolate composition across Brassica
juncea germplasm

Leaf GSL profiles varied markedly among the three crop-use types (Table 1). Aliphatic GSLs constituted
the predominant fraction of total GSL (TGSL) in all groups, accounting for 98.44% in VM, 98.99% in RM,

and 98.07% in SM (Fig. 1A). Aromatic GSLs contributed 1.21, 0.57, and 1.74%, respectively, while indolic
GSLs represented 0.34, 0.44, and 0.19%. Sinigrin (SIN) was the major individual GSL across all crop-use

types and reached its highest mean concentration in SM (12488.88 pmol kg™ ' DW) and lowest in RM
(7753.15 umol kg~ ! DW), with a significant difference between these groups.

Nine of the 17 GSL compounds exhibited significant crop-use type effects. Gluconapin (GNA) and

glucobrassicanapin (GBN) are 1202.71 umol kg™ ' DW and 19.24 pmol kg™ DW, respectively in VM were
significantly higher than in both RM and SM. In addition, SM revealed the highest Glucoiberin (GIB)

concentration is 24.87 umol kg~ ' DW which was considerably higher than that in RM (9.35 pmol kg™’
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DW). Among the ARGSLs, VM and SM accumulated significantly higher gluconasturtiin (GNS) and
glucobarbarin (GBB) compared to RM. Distinct configurations were also evident for indolic GSLs; RM
contained greater amounts of 4-hydroxyglucobrassicin (4HGBS) and neoglucobrassicin (NGBS) i.e. 0.59
and 29.89 pmol kg-1 DW, respectively, whereas 4-methoxyglucobrassicin (4AMGBS) was significantly
more abundant in VM and SM compared to RM.
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Table 1

Leaf glucosinolate concentrations and statistical differences among crop-use types of Indian mustard

accessions.

GSL
Class

AGSL

ARGSL

INGSL

GSL compounds

(umol kg™ ' DW)

Sinigrin

Gluconapin

Glucobrassicanapin

Epiprogoitrin

Progoitrin

Glucoraphasatin

Glucoiberin
Glucoraphenin
Glucoraphanin

Glucocheirolin

Glucotropaeolin

Gluconasturtiin

Glucobarbarin
Sinalbin

4-

Hydroxyglucobrassicin

4-

Methoxyglucobrassicin

Neoglucobrassicin

Crop-use type (Mean t SE)

VM

10666.18 +
498.482b

1202.71
481.232

19.24 +8.382

5.03 +1.96°
4.74+1.80°
0.16 +0.042
15.89 +2.02%
0.18+0.102

2.59+1.392

776.85%
44.542

1.44+0.12°2

151.82+
22.042

3.16 +0.33
0.01 +0.00°

0.16 £+ 0.03?

33.13+4.232

10.92+1.122
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RM

7753.15+
603.86°

65.90 +
8.28P

216+
0.672°

3.02+1.75°
3.80 +2.03?
0.02 +0.002
9.35+2.12°

ND

0.10+0.012

502.52 +
46.992

1.45+0.292

44.80 +
7.57°

1.42 +0.16°
0.01+0.002

0.59+0.15°

7.01+1.42b

29.89 +
7.91P

SM

12488.88 +
473.092

84.58 +
15.31P

0.89+0.58P

1.46 £ 0.642
1.47 £ 0.602
0.02+0.01°
24.87 +3.462
0.01 +0.002

0.09 +0.02°

1051.98 +
41.612

1.42 +0.142

236.71
60.172

4.47 +0.932
0.02+0.01°

0.08 +0.04°

16.56 +2.42°2

10.09 +
1.91@b

ANOVA
(P value)
T G(T)
* *%%
*%* *%k
* *k%k
ns *k*k
ns **k%
ns *%*
* *%k%k
ns *k%k
ns *k*k
ns ns
ns *k%
*% *%k%k
*%* *%k%x
ns ns

*%

*k*k

*kk

*kk

**k%




GSL GSL compounds Crop-use type (Mean t SE) ANOVA
Class

(P value)
(umol kg™~ ' DW) VM RM SM T G(T)
TGSL Total Glucosinolates 12894.20 + 8425.19 13923.61 *hk o kkk

313.552 667.51° 543.86°

SE, standard error; VM, vegetative mustard; RM, root mustard; SM, seed mustard, ALGSL, aliphatic
glucosinolate; ARGSL, aromatic glucosinolate; INGSL, indolic glucosinolate; TGSL, total glucosinolate.
Different alphabets indicate significant differences based on Tukey-adjusted comparisons (P < 0.05). ns,
non-significant; *, **, and ***represents P < 0.05, 0.01, and 0.001, respectively; ND, not detected.

TGSL concentration also varied significantly among crop-use types (Table 1; Fig. 1B). VM and SM
belonged to the same statistical group, with mean TGSL value of 12894.20 + 313.55 and 13923.61 +
543.86 pmol kg~ ! DW, respectively, while RM showed considerably lower concentration of 8425.19 +
667.51 pmol kg~ ! DW. Significant genotype-within-type effect occurred for 15 of the 17 individual GSLs,
demonstrating pronounced accession level variation within each mustard types.

3.2 Hierarchical clustering and principal component
analysis of glucosinolate profiles

HCA partitioned the accessions based on GSL composition (Fig. 2A), highlighting accession-level
diversity across the germplasm panel. Notably, IT297448 and IT297449 from India, and IT297458 from
Thailand formed a distinct cluster characterized by comparatively high relative abundance of GNA, GBN,
epiprogoitrin (EPI), progoitrin (PRO), glucoraphasatin (GRH), glucoraphenin (GRE), and glucoraphanin
(GRA), together with lower SIN and glucocheirolin (GCH). The remaining accessions were distributed
among broader clusters exhibiting diverse combinations of aliphatic, aromatic, and indolic GSLs.
Pearson correlation analysis further supported coordinated variation among several of these
compounds, including positive associations between EPI, GRE, SIN, GNA, and GNS with PRO, GRA, GCH,
GBN, and GBB, respectively (Fig S1).

PCA further resolved the major axes of variation in GSL composition among the 42 accessions (Fig. 2B).
PC1 and PC2 explained 43.3% and 15.6% of the total variance, respectively, accounting for 58.9%
cumulatively. RM accessions occupied a comparatively distinct region, predominantly at negative PC2
scores, while SM accessions are concentrated toward positive PC2 scores and overlapped with the
upper portion of the broader VM distribution. VM showed the greatest within-group dispersion.
Importantly, the three VM accessions 17297448, 1T297449, and 1T297458 (Brassica juncea var. japonica)
were markedly displaced toward positive PC1, consistent with their distinct GSL profiles observed by
HCA.
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The loading structure provided a compositional basis for these accession distributions (Fig. 2C). GRA,
GRE, GRH, GBN, and PRO contributed predominantly toward positive PC1, whereas SIN, GCH, NGBS, and
glucotropaeolin (GTL) were oriented toward negative PC1. Along PC2, GBB, GNS, 4MGBS, and GIB
showed positive loadings, with NGBS and 4HGBS contributing in the opposite direction. This loading
pattern corresponded with the crop-use distribution, placing RM closer to NGBS and 4HGBS and SM
closer to GBB, GNS, 4MGBS, and GIB. A complementary PLS-DA displayed a broadly comparable crop-
use associated distribution, with corresponding score and VIP plots provided in Fig S2.

3.3 Comparative machine learning classification of Indian
mustard crop-use types

Pairwise ML analysis revealed pronounced differences in the predictability of the Indian mustard types.
Across six evaluated algorithms, VM versus RM and RM versus SM showed consistently stronger
classification performance (Fig. 3). LSVM provided the strongest performance for VM versus RM, with
accuracy, balanced accuracy, and macro-F1 of 0.99, together with MCC and AUC of 0.98 and 1.00,
respectively. Similarly, RF showed high performance for RM versus SM, while its performance for VM
versus SM was substantially lower, particularly for balanced accuracy and MCC.

The normalized confusion matrices further demonstrated the class-specific performance of the selected
models (Fig. 3B-D). LSVM almost completely resolved VM from RM, correctly assigning all VM
observations and 97% of RM observations. For RM and SM, RF showed strong discrimination with
complete recovery of RM and 99% true prediction of SM. In contrast, VM and SM remained difficult to
distinguish. Although 95% of VM observations were correctly identified, only 28% of SM observations
were recovered. This patterns were also reflected in the ROC analysis, where VM versus RM and RM
versus SM each attained an AUC of 1.00 except for VM versus SM (Fig. 3E-G).

3.4 SHAP analysis of glucosinolate contributions to root
mustard type classification

Feature attribution differed between the two RM-associated classification models, while retaining a
substantial set of common contributors (Fig. 4). In the VM versus RM comparison LSVM model, 4HGBS
showed the highest mean absolute SHAP value, followed by SIN, 4MGBS, GCH, and GNA with NGBS,
GNS, GBB, GRH, and Sinalbin (SNB) contributing to a lesser extent (Fig. 4A). The corresponding SHAP
distribution showed distinct directional effects among these compounds (Fig. 4B). Higher 4HGBS and
NGBS levels, together with lower levels of several prominent ALGSLs and ARGSLs generally shifted
predictions toward RM. This contrast therefore reflected a mixed attribution pattern, in which RM
classification was characterized by both enrichments of selected indolic features and relative depletion
of several otherwise influential GSLs.

A partly overlapping but differently ranked feature profile was obtained for the RM versus SM RF model
(Fig. 4C, D). The feature importance was concentrated most strongly in GCH, GBB, and SIN with mean
absolute SHAP values of approximately 0.06. Similar to VM versus RM, directional SHAP patterns
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exhibited positive RM-directed predictions were associated with higher values and several INGSLs and
lower values of ALGSLs and ARGSLs relative of SM. Cross contrast comparison further revealed that
eight out of ten highest ranked GSLs were common to both models, indicating substantial stability in the
principal predictive features despite differences in their relative importance (Table S3). This contrast
specific redistribution was evident for GNA, which contributed more strongly to VM versus RM
classification, and GIB, which was more prominent in discriminating RM from SM.

Discussion

Brassica juncea comprises agronomically distinct forms that have undergone extensive diversification
during domestication and selection. Previous population-genomic studies have shown that the species
diversified along multiple evolutionary trajectories, leading to the differentiation of genetically distinct
cultivated forms including root, seed, leafy and stem mustard subspecies [3]. In the present study, leaf
GSL profiles were compared across 42 accessions representing three different crop-use types. This
framework enabled assessment of whether agronomic diversification in B. juncea is reflected in variation
in leaf GSL composition.

4.1 Leaf glucosinolate patterns associated with crop-use
diversification in B. juncea.

The dominance of ALGSLs, particularly SIN, across all three mustard groups indicates the crop-use
differentiation has occurred within a broadly conserved leaf GSL background. Similar biochemical
patterns have been reported in a large B. juncea leaf germplasm collections, with SIN identified as the
predominant GSL in 210 Korean leaf-mustard accessions and in broad panel of 355 leaf-mustard
accessions [10, 11]. Both studies also documented pronounced accession level variation in individual
and total GSL concentrations, highlighting the considerable biochemical diversity retained with B. juncea
germplasm. Consistent with this pattern, significant genotype-within-type effects were detected for most
GSL in this study (Table 1), indicating marked accession level heterogeneity within each crop-use group
rather than chemically uniform group-specific GSL profiles.

Against the shared SIN-dominated background, RM displayed the most distinct compositional profile,
characterized by lower TGSL (Fig. 1B) and reduced accumulation of several prominent ALGSLs and
ARGSLs, but comparatively higher 4HGBS and NGBS (Table 1). Comparable variation in INGSLs,
including 4HGBS, 4MGBS, and NGBS, has been documented in B. juncea leaf accessions [7]. Together
with the contrasting GNA and GBN levels in VM and GIB, GNS, and GBB in SM, these patterns
demonstrate that differentiation among mustard types involves changes in the relative balance of
individual GSLs rather than merely differences in total GSL accumulation. This interpretation is
particularly relevant because GSL abundance and composition vary strongly among B. juncea tissues
and developmental stages [34, 35]. In addition, as the present comparison was based exclusively on leaf
tissue, the observed contrasts reflect variation in leaf GSL composition among the three mustard types
rather than differences attributable to their respective harvested organs.
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4.2 Multivariate clustering of accessions across different
mustard types

The multivariate analyses revealed that variation in leaf GSL composition was not organized into three
completely discrete crop-use groups. Instead, HCA and PCA showed partial structuring, with RM
accessions occupying a comparatively distinct position, while SM remained extensively embedded
within the broader VM distribution (Fig. 2). Similar accession-dependent differentiation in leaf GSL
content has been mentioned in Brassica germplasms, where multivariate analyses resolved chemically
divergent accessions and groups based on contrasting GSL accumulation [36, 37]. However, our results
suggest that GSL-based clustering differed among mustard types, with robust compositional separation
of RM than between VM and SM.

The comparatively distinct placement of RM is consistent with recently reported evidence specifying
root type mustard (napiformis) as a differentiated evolutionary lineage within B. juncea [38]. Although
genomic rather than metabolic, the differentiation provides evolutionary context for stronger GSL
separation observed in RM. Because RM in the present panel corresponds to var. napiformis and SM to
subspecies juncea, crop-use and taxonomic identity are partly confounded; the RM separation should
therefore be interpreted as root mustard/napiformis-associated feature rather than an independent crop-
use effect.

Notably, three VM accessions, [T297448, 1T297449, and 1T297458 (B. juncea var. japonica) formed a
distinct cluster in HCA and positioned in the positive extreme of PC1 in PCA, suggesting that accession
level taxonomic background may also contribute to the multivariate organization of leaf GSL profiles.
Recent metabolomics characterization of genetically diverse B. rapa and B. oleracea accessions revealed
pronounced inter- and intraspecific chemical diversity and demonstrated that metabolic differentiation
can persist both among taxonomical groups and among accessions within the same crop lineage [39].
This supports the view that the distinct positioning of the three B. juncea var. japonica accessions may
reflect accession-specific biochemical differences superimposed on the broader crop-use structure.

4.3 Predictive discrimination of mustard types and key
glucosinolate signatures

The pairwise ML analysis quantified the asymmetric pattern observed by PCA. VM versus RM and RM
versus SM were discriminated with consistently high performance, however VM versus SM showed
substantially weaker classification, including lower MCC and frequent assignment of SM accessions to
VM (Fig. 3). This contrast-dependent predictability reinforces the multivariate evidence that RM carries a
more distinctive leaf GSL composition, while the GSL boundaries between VM and SM remain
comparatively diffused. Previous studies have similarly demonstrated that metabolite composition can
support ML-based discrimination among biological or agronomic groups. In Pimpinella anisum,
physicochemical and metabolic variables contributed to RF classification among accessions and
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experimental groups [40], while metabolite-driven ML successfully recognized pigmented onion types
and identified influential compounds underlying their classification [41].

SHAP attribution further indicated that the strong RM-related classifications were not dependent on a
single GSL but to a recurrent combination of compounds spanning different GSL classes (Fig. 4). Eight
GSLs comprising SIN, GCH, 4HGBS, 4MGBS, GBB, GNS, NGBS, and SNB consistently ranked among the
most influential variables in both RM-associated comparisons. In contrast, GNA and GRH showed
greater importance in VM versus RM, besides GIB and GBN were more prominent in RM versus SM. The
prominence of 4HGBS and NGBS is consistent with their comparatively higher accumulation in RM, while
the contribution of several ALGSLs and ARGSLs reflects the broader compositional shifts identified in
the univariate analyses. Thus, the convergence suggests that RM discrimination arises from a
coordinated shift in GSL signatures rather than from the presence or absence of an isolated metabolite.
SHAP has similarly been used in metabolomics-based ML to identify phytochemical features
contributing to species resolution in Zanthoxylum [42]. However, because attribution among correlated
predictors can be redistributed across related variables, differences in SHAP rank should not be
interpreted as independent biological effects of individual GSLs [43]. These recurrently influential GSL
signatures are therefore more appropriately considered as candidate GSL discriminators of RM within
the present germplasm panel rather than validated biomarkers.

4.4 Limitations and future perspectives

Despite the promising discrimination of mustard types based on leaf GSL profiles in this study, several
aspects warrant further investigation. Broader accession coverage would provide a stronger assessment
of how consistently the identified patterns extend across the wider diversity of B. juncea. Environmental
stability also requires consideration, as GSL accumulation in Indian mustard is influenced by genotype,
environment, and their interaction [44], and nutrient availability and stress can alter leaf GSL composition
[45]. Accordingly, multi-year and multi-location evaluation would be useful for assessing the stability of
these signatures. In addition, although repeated internal cross-validation provided robust estimates of
predictive performance, validation in independent germplasm would further establish the transferability
of the recurrent GSL discriminators. The present targeted profiling focused on intact GSLs and did not
include downstream hydrolysis products, which may provide complementary biochemical information
because their formation can vary among B. juncea cultivars [46]. To address these limitations, future
studies incorporating these approaches would help determine whether the GSL signatures discerning
mustard types are reproducible across independent germplasm and environments and whether they are
accompanied by consistent differences in downstream GSL metabolism.

Conclusions

This study revealed that leaf GSL profiling can provide complementary biochemical basis for

distinguishing major crop-use forms and taxonomical relevance of B. juncea. RM accessions exhibited

the most distinct GSL composition and showed consistent separation from VM and SM across

multivariate and ML analyses. VM and SM displayed substantially greater overlap in their leaf GSL
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profiles. In particular, recurrent contributions of 4HGBS, NGBS, SIN, GCH and related compounds further
defined a coordinated GSL signature associated with RM differentiation. These compounds represent
candidate GSL discriminators that require validation across broader germplasm and environments.
Collectively, the targeted GSL-based framework may facilitate germplasm evaluation and
characterization, including the prioritization of contrasting genetic resources aiming subsequent
breeding strategies and mustard improvement programs.
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Figure 1

Relative glucosinolate class composition and total glucosinolate concentrations among mustard types.
(A) Stacked bar plots representing the relative contributions of aliphatic (ALGSL), aromatic (ARGSL), and
indolic (INGSL) glucosinolates to total glucosinolate (TGSL) in vegetative (VM), root (RM), and seed (SM)
mustard types, respectively. (B) Distribution of TGSL concentrations among individual accessions within
each crop-use type. Different lowercase letters indicate significant differences based on Tukey's-
adjusted pairwise comparison (P < 0.05).
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HCA-based clustering, PCA score plot, and loading plot of glucosinolates. (A) Hierarchical heatmap of 17
individual GSLs of the 42 Indian mustard accessions. (B) PCA score plot showing distribution of
vegetative (VM), root (RM), and seed (SM) mustard accessions. (C) Loading plot depicting the
contribution and the direction of individual GSLs associated with accession distribution along PC1 and
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Comparative performance of pairwise ML classification in B. juncea. (A) Performance of six ML models
(ENLR, LSVM, RSVM, kNN, RF, and XGBoost) for VM versus RM, VM versus SM, and RM versus SM
classification. Heatmap values represent mean accuracy, balanced accuracy, macro-F1, MCC, and AUC
across repeated stratified cross-validation. (B-D) Row-normalized confusion matrices for the best
performing model in each comparison, with rows and columns indicating true classes and predicted
classes, respectively. (E-G) ROC curves for the corresponding selected models, with AUC values shown
above each panel. VM, vegetative mustard; RM, root mustard; SM, seed mustard.
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