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Abstract

Phytochemical differentiation between radish leaves and roots has implications for crop 
utilization and quality-oriented breeding, yet its association with tissue pigmentation and 
genotype remains unresolved. We quantified 18 glucosinolate (GSL) compounds, total phe-
nolic content (TPC), and antioxidant capacity, including ABTS and DPPH radical scavenging 
activities, in the leaves and roots of 23 early-maturing radish genotypes. Chemometrics, 
machine learning (ML), and Shapley additive explanations (SHAP) resolved pigmentation-
associated phytochemical signatures. Total GSL concentrations in roots were 3.1 times 
higher than in leaves, while leaves showed 3.3 times higher TPC and greater antioxidant 
activity. Dark green leaves and white roots were GSL-enriched, while light green leaves and 
red or mixed-color roots exhibited higher TPC and ABTS activity. Within-group variation 
distinguished genotypes with high GSL or strong phenolic and antioxidant profiles. Under 
genotype-grouped cross-validation, elastic-net logistic regression classified leaf and root 
pigmentation with balanced accuracies of 0.97 and 0.95. SHAP prioritized gluconasturtiin, 
glucoerucin, and sinalbin in leaves, and TPC and glucoraphasatin as the leading contribu-
tors in roots. Collectively, these findings provide trait-specific germplasm resources and 
candidate phytochemical discriminators for radish quality improvement.

Keywords: Radish; organ-specific; pigmentation; glucosinolates; antioxidant; machine 
learning; SHAP analysis; phytochemical discriminators

1.  Introduction
In recent years, increasing recognition of the relationship between diet and human 

health has accelerated consumer interest and demand for plant-based foods enriched with 
essential nutrients and bioactive compounds [1,2]. This trend has shifted global food 
systems toward the development of crop varieties that offer health-promoting functional 
properties [3]. Among these, Brassicaceae vegetables, such as broccoli, cauliflower, kale, cab-
bage, mustard, and radish, are valued for their diverse phytochemical constituents, includ-
ing glucosinolates (GSLs), phenolic compounds, carotenoids, and antioxidant-associated 
metabolites [4,5].

Radish (Raphanus sativus L.; 2n = 18) is an economically important Brassicaceae veg-
etable widely cultivated across Asia, Europe, and North America. Its roots are consumed 
in raw, cooked, and pickled forms and serve as a valuable source of vitamin C and dietary 
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fiber [6,7]. Furthermore, its nutritional significance is increasingly attributed to the presence 
of varied specialized metabolites, particularly GSLs and phenolic compounds [8]. GSLs are 
sulfur- and nitrogen-containing specialized metabolites that undergo myrosinase-mediated 
hydrolysis upon tissue disruption, producing biologically active compounds associated 
with characteristic pungency, plant defense responses, and potential chemopreventive and 
anti-inflammatory effects [9]. Depending on their amino acid precursors, GSLs are classified 
into aliphatic, indolic, and aromatic groups, with distinct distributions and biological func-
tions [10,11]. Among these, glucoraphasatin and glucoraphenin are particularly prominent 
in radish and have been proposed as important chemotaxonomic markers with bioactive 
constituents [6].

Radish also accumulates phenolic constituents, including flavonoids and non-flavonoids, 
which enhance its alimentary and functional value [8]. These compounds are involved in 
defense and lignification processes and act as antioxidants by scavenging reactive oxygen 
species (ROS) and modulating redox homeostasis [12]. Their antioxidant potential, together 
with that of GSL-associated metabolites, contributes to the functional properties of radish 
and has been linked to antimicrobial and other health-related bioactivities [13,14]. TPC and 
antioxidant activity, often assessed through assays that measure free-radical scavenging 
such as 1,1-diphenyl-2-picrylhydrazyl (DPPH) and 2,2′-azino-bis-3-ethylbenzothiazoline-6-
sulfonic acid (ABTS), are therefore widely used to characterize phytochemical and func-
tional variation in plant germplasm. Importantly, the accumulation of GSLs and phenolics, 
along with antioxidant-associated traits, can vary significantly among genotypes in re-
sponse to genetic, developmental, and environmental factors, highlighting the importance 
of characterizing phytochemical diversity within radish germplasm.

Extensive evolutionary diversification, domestication, and artificial selection have 
generated numerous radish landraces exhibiting variation in root morphology, color, and 
organoleptic properties [15]. Pigmented genotypes have exhibited enhanced antioxidant 
activity and differential levels of secondary metabolites [16], while darker-colored radish 
genotypes have shown comparatively higher GSL levels [17]. Red-pigmented germplasm 
has also exhibited greater DPPH scavenging than non-pigmented types [18]. Despite these 
observations, the relationships among pigmentation, plant organ, genotype, phytochemical 
composition, and antioxidant-associated traits remain insufficiently resolved. Prior studies 
have predominantly focused on whole-plant or root-level metabolite profiling, with compar-
atively limited attention to integrated leaf-root comparisons [17]. Although organ-specific 
profiling has provided valuable insights in other Brassicaceae species [19], the relationship 
between contrasting leaf and root pigmentation and organ-specific phytochemical profiles 
across genetically diverse radish genotypes has not been systematically investigated.

Mass spectrometry-based metabolite profiling enables sensitive and high-throughput 
characterization of chemically diverse metabolites [20,21]. In particular, ultra-performance 
liquid chromatography coupled with electrospray ionization tandem mass spectrome-
try (UPLC-ESI-MS/MS) and related UHPLC-MS/MS platforms have been successfully 
applied to GSL profiling in Brassicaceae germplasm [22,23]. Recent applications of 
triple-quadrupole mass spectrometry in radish have further demonstrated the utility of 
this approach for characterizing GSLs, phenolic acids, and flavonoids across contrasting 
cultivars [24].

Beyond compositional profiling, integrating mass-spectrometry-derived phytochem-
ical datasets with supervised ML provides a predictive framework for biological classifi-
cation and feature prioritization. In pigmented rice, high-resolution mass spectrometry 
metabolomics was integrated with phenolic, antioxidant, vitamin, and mineral traits to 
classify multinutritional ideotypes and identify superior germplasm using random for-
est modeling [25]. Similarly, multi-trait profiles acquired through UHPLC-Q-Orbitrap 
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HRMS and UHPLC-MS/MS were coupled with XGBoost and SHAP analysis to discrim-
inate three Zanthoxylum species and identify constituents contributing to classification 
and anti-inflammatory activity [26]. Phenolic profiles have likewise supported accurate 
ML-based differentiation of olive cultivars, demonstrating that even relatively minor phe-
nolic compounds can provide substantial discriminatory information [27]. These studies 
elucidate how ML can extend phytochemical profiling from descriptive characterization 
toward predictive classification and interpretable germplasm characterization. However, 
whether directly quantified GSL and antioxidant-associated profiles jointly discriminate 
organ-specific pigmentation groups in radish remains unexplored.

To address these gaps, the present study comprehensively evaluated 23 early-maturing 
radish genotypes from diverse geographic origins exhibiting contrasting pigmentation 
characteristics. GSL profiles in leaf and root tissues were analyzed using UPLC-ESI-MS/MS 
to quantify 18 GSLs, accompanied by assessments of TPC and antioxidant activity via DPPH 
and ABTS assays. The effects of plant organ, genotype, and pigmentation on GSL profiles 
and antioxidant-related traits were assessed to provide novel insights into phytochemical 
variation in radish. It further evaluated whether measured phytochemical and antioxidant 
profiles could discriminate the principal leaf and root pigmentation groups within the eval-
uated germplasm and employed SHAP analysis to identify features contributing strongly 
to classification. By integrating comparative phytochemical profiling, multivariate analysis, 
and interpretable ML, the study aimed to identify metabolically distinct genotypes and 
candidate organ-specific phytochemical discriminators, thereby providing a foundation for 
targeted germplasm utilization and nutritional quality improvement in radish.

2.  Materials and Methods
2.1.  Planting Materials and Growth Conditions

Leaf and root tissues analyzed in this study were obtained from the previously de-
scribed experiment [28]. The experimental panel comprised 23 radish genotypes from nine 
different origins, sourced from the Rural Development Administration (RDA) Gene Bank 
at the National Agrobiodiversity Center (Jeonju, Republic of Korea). Seeds were surface-
sterilized using 70% ethanol (Sigma-Aldrich, St. Louis, MO, USA), followed by thorough 
rinsing with distilled water, and were subsequently sown in polyvinyl chloride (PVC) pipes 
(6 cm diameter × 40 cm height) filled with organic soil mix (Tobirang, Baekkwang Fertility, 
Andong, Republic of Korea). Plants were cultivated under natural daylight conditions in 
a greenhouse at the National Agrobiodiversity Center (35°49′18″ N, 127°08′56″ E), with 
10 plants grown for each genotype. Greenhouse temperatures ranged from 18 ± 1 °C at 
night to a maximum of 32 ± 3 °C during the daytime, with relative humidity of 60–70%. 
Irrigation was carried out every 3–4 days, as needed to maintain adequate moisture in the 
growing medium throughout the cultivation period. Uniform and healthy plants were 
selected and harvested 20 days after sowing, representing the early-harvest stage of the 
Cherry Belle market class, which exhibits rapid growth with compact root development 
and is commonly utilized for fresh consumption. Further, leaf and root pigmentation were 
visually assessed at harvest following relevant radish descriptors provided in the guidelines 
of the International Union for the Protection of New Varieties of Plants (UPOV, 2023). The 
23 genotypes were classified as dark green (n = 7), medium green (n = 12), and light green 
(n = 4) for leaf pigmentation; and as white (n = 5), mix (red-white, n = 4), and red (n = 14) 
for root pigmentation.

2.2.  Chemicals and Reagents
Eighteen GSL reference standards, including sinigrin (SIN), gluconapin (GNA), glu-

cobrassicanapin (GBN), epiprogoitrin (EPI), progoitrin (PRO), glucoiberin (GIB), glu-
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coalyssin (GAL), glucocheirolin (GCH), glucoraphanin (GRA), glucoraphenin (GRE), 
glucoraphasatin (GRH), glucoerucin (GER), sinalbin (SNB), glucotropaeolin (GTL), glu-
conasturtiin (GNS), neoglucobrassicin (NGBN), 4-hydroxyglucobrassicin (4HGBN), and 
4-methoxyglucobrassicin (4MGBN) were purchased from Phytoplan Diehm, Neuberger 
GmbH (Neuenheimer, Heidelberg, Germany), with certified purity of ≥98%. Analytical-
grade methanol, gallic acid, Folin–Ciocalteu’s phenol reagent, sodium carbonate, DPPH, 
ABTS, potassium persulfate, and Trolox were procured from Sigma-Aldrich Co. (St. Louis, 
MO, USA). Trifluoroacetic acid and ethanol were obtained from Thermo Fisher Scientific 
Korea Ltd. (Seoul, Republic of Korea).

2.3.  Sample Preparation
For each genotype, three healthy plants were selected as biological replicates, and their 

leaf and root tissues were harvested separately and stored at −80 °C. Leaf and root samples 
from each plant were maintained as paired samples, with each tissue sample independently 
processed through extraction and analytical measurement. Subsequently, samples were 
freeze-dried for 48 h in an LP500 vacuum freeze dryer (Ilshinbiobase Co., Seoul, Republic 
of Korea), finely powdered, and preserved at −80 °C until extraction. Glucosinolates were 
extracted according to the previously reported protocol [29]. Briefly, 100 mg of ground 
tissue sample was extracted with 5 mL of 80% methanol, incubated at 25 °C for 30 min, and 
then agitated on an orbital shaker at 120 rpm for an additional 30 min. Following extraction, 
the mixture was centrifuged at 14,000 rpm for 10 min at 4 °C using a VS-180CFi centrifuge 
(Vision Scientific Co., Daejeon, Republic of Korea). The resulting supernatant was collected 
for GSL analysis.

2.4.  UPLC–ESI–MS/MS Analysis and Glucosinolate Quantification
Glucosinolate profiling was performed on an ACQUITY™ UPLC system (Waters Corp., 

Milford, MA, USA) interfaced with a Xevo™ TQ-S triple quadrupole mass spectrometer 
(Waters MS Technologies, Manchester, UK). Separation was achieved on an ACQUITY 
UPLC BEH C18 column (1.7 μm, 2.1 × 100 mm) maintained at 35 °C, with an injection 
volume of 5 μL and a flow rate of 0.5 mL min−1 . The mobile phase comprised solvent A 
(0.1% aqueous trifluoroacetic acid) and solvent B (0.1% trifluoroacetic acid in methanol), 
with the elution gradient as follows: initially set to 0–1 min, 100% A; followed by 1–7 min, 
100–80% A; 7–10 min, 80–0% A; 10–11 min, 0–100% A; and 11–15 min, 100% A for column 
re-equilibration. Mass spectrometry was performed using both positive and negative elec-
trospray ionization (ESI) interfaces with multiple-reaction monitoring (MRM) conditions. 
Ion source conditions were optimized using a capillary voltage of 3 kV and a cone voltage 
of 54 V. The source temperature was maintained at 150 °C and the desolvation temperature 
was set at 350 °C. The cone and desolvation gas flow rates were optimized at 150 and 
650 L h−1 , respectively. GSL compounds were identified by comparing retention times as 
well as MS/MS fragmentation patterns with commercial standards. Quantification was per-
formed using compound-specific external calibration curves constructed from five nominal 
standard concentrations (1, 10, 100, 1000, and 10,000 ppb) by applying 1/x-weighted linear 
regression. Calibration equations, coefficients of determination (R2 ), retention times, and 
multiple reaction monitoring (MRM) transitions for the 18 targeted GSLs are presented 
in Table S1. The limits of detection (LOD) and quantification (LOQ) were estimated as 
three and ten times, respectively, the standard error of the regression intercept divided by 
the calibration slope, following previously reported analytical approaches for GSL deter-
mination [30,31]. The estimated LOD and LOQ values ranged from 1.08 to 19.83 ppb and 
from 3.60 to 66.09 ppb, respectively. Data acquisition and processing were conducted in 
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MassLynx 4.1 software (Waters Corp., Milford, MA, USA), and final GSL concentrations 
were reported as μmol kg−1  dry weight (DW).

2.5.  Determination of Total Phenolic Content and Antioxidant Activity
TPC was assessed using the Folin–Ciocalteu colorimetric assay with modifications [32]. 

A 100 μL aliquot of the sample extract was combined with an equivalent volume of di-
luted Folin–Ciocalteu reagent (2 N, 1:1, v/v with distilled water) and thoroughly vortexed. 
Subsequently, the mixture was incubated for 30 min in the dark at room temperature; 
100 μL of sodium carbonate solution (2%) was then added, and the mixture was further 
incubated for 30 min in the dark. Absorbance was measured at 750 nm using an Eon 
Microplate Spectrophotometer (BioTek Instruments, Winooski, VT, USA), with methanol 
serving as the blank sample. TPC values were quantified against a gallic acid calibra-
tion curve (y = 0.0047x + 0.0231, R2  = 0.9991) and presented as milligrams of gallic acid 
equivalents per gram dry weight (mg GAE g−1  DW).

Both DPPH and ABTS radical scavenging activities were quantified following a previ-
ously described protocol [18]. For DPPH radical scavenging activity, a DPPH stock solution 
of 0.2 mM was prepared using ethanol and standardized to an absorbance of 1.0 at 517 nm. 
Furthermore, 100 μL of each sample extract was reacted with 100 μL of 150 μM DPPH solu-
tion (freshly prepared) and kept for 30 min in the dark at room temperature. Subsequently, 
absorbance was recorded at 517 nm using an Eon Microplate Spectrophotometer (BioTek 
Instruments, Winooski, VT, USA), with a blank solution (100 μL each of sample extract with 
ethanol) and a control solution (100 μL of ethanol and DPPH solution each). The antioxidant 
activity was determined using an ascorbic acid calibration curve (y = −0.0139x + 0.5503; 
R2  = 0.9883) and expressed as milligrams of ascorbic acid equivalent antioxidant capacity 
per gram dry weight (mg AAE g−1  DW).

Moreover, the ABTS radical scavenging assay was performed using two stock solutions, 
7.0 mM ABTS and 2.45 mM potassium persulfate. These were mixed in equal proportions 
to make the working solution and incubated at room temperature for 12–16 h under dark 
conditions to yield the ABTS radical cation. Prior to analysis, the ABTS working solution 
was diluted with ethanol (1:89) to attain an absorbance of 0.700 ± 0.02 at 734 nm. For the 
assay, 10 μL of each sample extract was mixed with 1 mL of ABTS solution and incubated in 
the dark for 30 min. Methanol was used as the blank and absorbance at 734 nm was recorded 
using the same spectrophotometer described above. ABTS radical scavenging activity was 
represented in milligrams of Trolox equivalent antioxidant capacity per gram dry weight 
(mg TE g−1  DW), using the Trolox standard curve (y = −0.0052x + 0.666; R2  = 0.9876).

For each biological replicate, aliquots of the same sample extract were used for 
TPC, DPPH, and ABTS measurements. Moreover, each measurement was performed in 
three technical replicates, and the resulting values were averaged before statistical analysis.

2.6.  Statistical and Multivariate Analyses
Statistical analyses were accomplished using R v4.4.2 in RStudio v2024.09.1 + 394 (Posit 

Software, Boston, MA, USA). Descriptive statistics were calculated, and univariate statistical 
analyses were performed in Microsoft Excel 2019 (Microsoft Corp., Redmond, WA, USA). 
Mean and standard deviation values were calculated across 23 genotype-level means for 
each organ, with each genotype mean derived from three biological replicates. Two-way 
repeated-measures ANOVA was conducted using the aov function in R to evaluate geno-
type, organ, and genotype-by-organ interaction effects based on biological replicate-level 
observations, with individual plants nested within genotypes to account for paired leaf–root 
measurements. Post-hoc comparisons among pigmentation groups of leaves and roots were 
conducted using Duncan’s multiple range test implemented in the ‘agricolae’ package [33], 
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while differences between organs were examined using a paired Wilcoxon signed-rank 
test. Pearson correlation was estimated using the ‘Hmisc’ package [34]. Log10 -transformed 
data were subjected to multivariate analysis. Principal component analysis (PCA) was 
visualized using ‘ggrepel’ [35], while hierarchical cluster analysis (HCA) was performed 
employing the Bioconductor R package ‘ComplexHeatmap’ [36]. Orthogonal partial least 
squares discriminant analysis (OPLS-DA) and variable importance in projection (VIP) were 
performed using the Bioconductor R package ‘ropls’ [37]. OPLS-DA model performance 
was evaluated using three-fold cross-validation for both leaf and root datasets, together 
with 200 response-label permutations. Model fit and predictive ability were assessed using 
cumulative proportion of variation in the response variable explained by the model (R2 Y) 
and cumulative predictive ability estimated by cross-validation (Q2 ), respectively.

2.7.  Machine Learning Analysis and Model Interpretation
Supervised ML classification was implemented using the ‘caret’ package [38]. Five ML 

models were evaluated: elastic-net logistic regression (ENLR) using ‘glmnet’ [39], ra-
dial support vector machine (RSVM) using ‘kernlab’ [40], random forest (RF) using 
‘ranger’ [41], extreme gradient boosting (XGBoost) using ‘xgboost’ [42], and decision 
tree (DT) using ‘rpart’ [43]. Models were trained using replicate-level observations and 
21 directly measured predictors. The consolidated pigmentation classes comprised 7 dark 
green and 16 medium/light green leaf genotypes (21 and 48 observations, respectively), 
and 5 white and 18 red/mixed root genotypes (15 and 54 observations, respectively). A 
fixed random seed (20260728) was used to ensure reproducibility. Model performance 
was assessed through 10 iterations of genotype-grouped three-fold cross-validation, while 
ensuring all replicate observations from the same genotype were retained within a single 
fold. ENLR hyperparameters were optimized by selecting the combination of α and λ that 
maximized cross-validated balanced accuracy. The α parameter controls the balance be-
tween LASSO (L1) and ridge (L2) regularization, whereas λ determines the overall strength 
of regularization. All 21 measured phytochemical variables were initially included without 
prior VIP or SHAP-based selection. Hyperparameter tuning was performed using automat-
ically generated grids for ENLR and DT (tuneLength = 10) and RSVM (tuneLength = 8), 
whereas predefined parameter grids were used for RF and XGBoost. The evaluated tuning 
specifications and selected hyperparameter settings are provided in Table S2. Missing-value 
imputation, centering, scaling, and filtering of near-zero-variance or highly correlated pre-
dictors were performed within each cross-validation training fold. Class imbalance was 
addressed through majority-class downsampling within training folds.

Out-of-fold predictions from the three validation folds were pooled across 10 cross-
validation repetitions. The pooled predictions were used to construct confusion matrices 
normalized within each observed class and to calculate precision, recall, specificity, bal-
anced accuracy, F1 score, and Matthews correlation coefficient (MCC). These metrics were 
calculated from the numbers of true-positive (TP), true-negative (TN), false-positive (FP), 
and false-negative (FN) classifications as follows:

Precision =
TP

TP + FP (1)

Recall =
TP

TP + FN (2)

Specificity =
TN

TN + FP (3)

Balanced Accuracy =
Recall + Specificity

2 (4)
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F1 score =
2 × Precision × Recall

Precision + Recall (5)

MCC =
TP×TN−FP×FN

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)
(6)

The area under the receiver operating characteristic curve (ROC-AUC) was calculated 
from pooled out-of-fold class probabilities using the ‘pROC’ package [44]. Contributions of 
the individual phytochemical predictors to the selected ENLR model were estimated using 
a custom Monte Carlo implementation of Shapley additive explanations [45,46]. SHAP 
values were calculated on the probability scale using 200 simulations per observation, with 
dark green leaves and white roots designated as the positive classes. SHAP importance 
and summary plots, correlation plot, and PCA plots were generated using the package 
‘ggplot2’ [47], while multipanel figures were assembled using ‘patchwork’ [48]. SHAP 
feature-ranking stability was further assessed by refitting ENLR models across 30 cross-
validation training subsets using the selected hyperparameters.

3.  Results and Discussion
3.1.  Phenotypic Diversity and Organ-Specific Glucosinolate Signatures in Radish Germplasm

The evaluated radish genotypes displayed considerable phenotypic diversity, particu-
larly in leaf and root pigmentation patterns (Figure 1A–F), representing a valuable resource 
for investigating natural variation in specialized metabolite accumulation. Comprehensive 
GSL profiling of 23 radish genotypes identified 18 glucosinolate compounds across leaf 
and root tissues, comprising 12 aliphatic, 3 aromatic, and 3 indolic GSLs. The detected 
aliphatic GSLs included SIN, GNA, GBN, EPI, PRO, GIB, GAL, GCH, GRA, GRE, GRH, and 
GER, while SNB, GTL, and GNS represented the aromatic GSLs, and NGBN, 4HGBN, and 
4MGBN represented the indolic GSLs. Although most GSLs were widely distributed across 
the germplasm, several compounds were not detected in specific genotypes (Table S3), in-
dicating substantial variation in GSL composition. Similar genotype-dependent differences 
in GSL profiles have previously been documented in radish and other Brassicaceae crops, 
suggesting strong genetic regulation of GSL biosynthesis and accumulation [17,49].

Significant variation in both individual and total GSL concentrations was observed 
across genotypes and between plant organs (Table 1; Figure 1), likely reflecting organ-
specific differences in biosynthesis, transport, and storage associated with distinct physio-
logical functions of leaf and root tissues [50]. Two-way repeated-measures ANOVA further 
confirmed significant genotype effects for all GSL compounds and classes except SIN, but 
organ effects were non-significant for SIN, SNB, GTL, and NGBN. Moreover, significant 
genotype × organ interactions for most compounds demonstrated that tissue-specific ac-
cumulation varied among genetic backgrounds rather than following a uniform organ 
response. Aliphatic glucosinolates (ALGSLs) constituted the predominant class across 
leaf and root tissues, making up the majority of total glucosinolate (TGSL) accumulation. 
Among the individual aliphatic compounds, GRE, GRH, and GER exhibited the maximum 
abundance, contributing approximately 40%, 27%, and 29% of the TGSL pool in leaves 
and 9%, 35%, and 52% in roots, respectively (Figure 1G). In contrast, aromatic (ARGSL) 
and indolic glucosinolates (INGSL) occurred at substantially lower concentrations and 
collectively contributed less than 4% of TGSLs. Overall, roots accumulated markedly higher 
levels of ALGSLs and TGSLs than leaves, with significantly higher accumulation of TGSLs 
in dark green leaves (34,372.79 μmol kg−1  DW) and white roots (131,739.63 μmol kg−1  DW) 
compared to other pigmentation groups (Figure 1H, Table S4). The predominance of these 
methionine-derived ALGSLs is consistent with previous studies reporting GRE, GRH, and 
GER as characteristic glucosinolates of radish [18,49,51]. Upon hydrolysis, these com-
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pounds yield bioactive isothiocyanates, including sulforaphene, raphasatin, and erucin, 
which contribute to the pungency and health-associated properties of radish [52,53].

Figure 1. Phenotypic diversity and organ-specific glucosinolate profiles associated with pigmentation 
variation in radish genotypes. (A–C) Leaf pigmentation phenotypes, including dark green (DG), 
medium green (MG), and light green (LG) color. (D–F) Root pigmentation phenotypes, including 
white, mix (red-white), and red roots. Scale bars denote 1 cm. (G) Relative abundance (%) of the 
major glucosinolate compounds contributing to the total glucosinolate profiles of leaf and root tissues. 
GRE, Glucoraphenin; GRH, Glucoraphasatin; GER, Glucoerucin; GRA, Glucoraphanin; 4HGBN, 
4-Hydroxyglucobrassicin; 4MGBN, 4-Methoxyglucobrassicin; and “Others” represents the combined 
contribution of the remaining individual GSLs. (H) Variation in average total glucosinolate (TGSL) 
accumulation among leaf and root pigmentation groups. Error bars represent standard error. Different 
letters indicate significant differences among pigmentation groups according to Duncan’s multiple 
range test (p < 0.05).

In addition, SIN, GNA, GBN, and SNB were detected as minor constituents of 
the GSL pool, with average concentrations below 1 μmol kg−1  DW. Comparable low-
abundance patterns of specific glucosinolates have been reported among diverse Brassica 
germplasm [54,55]. Although these compounds occurred at relatively low levels, variation 
in their relative abundance may still contribute to genotype-specific GSL profiles, as the 
composition and abundance of individual GSLs are important determinants of quality 
traits in Brassicaceae crops [56,57]. Interestingly, among the evaluated genotypes, IT340147 
(Turkey), IT297044, and IT344617 (Russia) exhibited the highest TGSL levels, while IT250789, 
IT308363, and IT278270 (China) showed the lowest TGSL levels (Table S3). The high-TGSL 
genotypes were characterized by dark green leaves and white roots, whereas low-TGSL 
genotypes generally exhibited medium to light green leaves with red roots. These findings 
indicate substantial organ-specific and pigmentation-associated variation in GSL signa-
tures among the radish genotypes, providing a foundation for further evaluation of their 
relationship with antioxidant-related phytochemical traits.
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Table 1. Comparative glucosinolate profiles and organ-specific variation among radish genotypes.

GSL Compound
(𝛍mol kg−1  DW)

Mean ± SD ANOVA (p Value)

Leaf Root G O G × O

SIN 0.14 ± 0.04 0.12 ± 0.08 0.668 ns 0.352 ns 0.745 ns 
GNA 0.08 ± 0.06 0.20 ± 0.14 3.73 × 10−4  *** 2.34 × 10−7  *** 0.443 ns 
GBN 0.14 ± 0.07 0.40 ± 0.37 2.85 × 10−8  *** 1.76 × 10−11  *** 1.19 × 10−5  ***
EPI 2.16 ± 1.97 12.97 ± 19.37 2.23 × 10−9  *** 1.57 × 10−7  *** 2.28 × 10−3  **
PRO 2.31 ± 3.01 14.75 ± 18.93 <2 × 10−16  *** <2 × 10−16  *** 2.63 × 10−5  ***
GIB 8.57 ± 6.47 5.11 ± 6.32 2.59 × 10−15  *** 7.72 × 10−14  *** 3.02 × 10−7  ***
GAL 15.51 ± 10.40 15.12 ± 14.18 <2 × 10−16  *** 2.68 × 10−10  *** <2 × 10−16  ***
GCH 51.87 ± 27.10 29.73 ± 25.32 <2 × 10−16  *** <2 × 10−16  *** 1.06 × 10−15  ***
GRA 210.60 ± 118.11 118.84 ± 99.89 9.57 × 10−8  *** 9.27 × 10−10  *** 2.47 × 10−4  ***
GRE 8196.77 ± 4220.40 5566.10 ± 4453.76 2.47 × 10−14  *** 5.15 × 10−14  *** 4.80 × 10−15  ***
GRH 5404.91 ± 5149.76 22,150.56 ± 15,314.22 <2 × 10−16  *** <2 × 10−16  *** 1.57 × 10−5  ***
GER 5973.71 ± 6138.82 32,630.25 ± 28,368.10 <2 × 10−16  *** <2 × 10−16  *** <2 × 10−16  ***

SNB 0.05 ± 0.04 0.06 ± 0.06 7.08 × 10−3  ** 0.106 ns 0.048 *
GTL 1.36 ± 0.99 2.27 ± 3.50 <2 × 10−16  *** 0.083 ns 1.76 × 10−4  ***
GNS 3.97 ± 3.88 22.21 ± 30.63 <2 × 10−16  *** <2 × 10−16  *** 1.21 × 10−15  ***

NGBN 4.90 ± 4.06 8.14 ± 10.81 <2 × 10−16  *** 0.0616 ns <2 × 10−16  ***
4HGBN 179.04 ± 126.21 1044.92 ± 376.02 6.95 × 10−16  *** <2 × 10−16  *** 1.24 × 10−15  ***
4MGBN 222.28 ± 151.71 1243.55 ± 1070.35 <2 × 10−16  *** <2 × 10−16  *** <2 × 10−16  ***

ALGSL 19,866.23 ± 11,408.04 60,544.12 ± 47,687.69 <2 × 10−16  *** <2 × 10−16  *** 1.18 × 10−5  ***

ARGSL 5.22 ± 4.07 23.92 ± 32.61 <2 × 10−16  *** <2 × 10−16  *** <2 × 10−16  ***

INGSL 406.21 ± 248.94 2296.62 ± 1004.61 <2 × 10−16  *** <2 × 10−16  *** <2 × 10−16  ***

TGSL 20,277.67 ± 11,582.07 62,864.66 ± 48,182.85 <2 × 10−16  *** <2 × 10−16  *** 1.65 × 10−5  ***
SIN, Sinigrin; GNA, Gluconapin; GBN, Glucobrassicanapin; EPI, Epiprogoitrin; PRO, Progoitrin; GIB, 
Glucoiberin; GAL, Glucoalyssin; GCH, Glucocheirolin; GRA, Glucoraphanin; GRE, Glucoraphenin; 
GRH, Glucoraphasatin; GER, Glucoerucin; SNB, Sinalbin; GTL, Glucotropaeolin; GNS, Gluconastur-
tiin; NGBN, Neoglucobrassicin; 4HGBN, 4-Hydroxyglucobrassicin; 4MGBN, 4-Methoxyglucobrassicin; 
ALGSL, Aliphatic glucosinolates; ARGSL, Aromatic glucosinolates; INGSL, Indolic glucosinolates; 
TGSLs, Total glucosinolates; SD, standard deviation; G, genotype effect; O, organ effect; G × O, 
genotype-by-organ interaction; ns, non-significant; *, p < 0.05; **, p < 0.01; ***, p < 0.001.

3.2.  Functional Diversity in Phenolic Accumulation and Antioxidant Capacity
Although GSLs are well-characterized specialized metabolites of radish, phenolic 

compounds also represent a major metabolite class contributing to both antioxidant ca-
pacity and nutritive quality of Brassicaceae vegetables [6,16]. Accordingly, TPC together 
with ABTS and DPPH radical scavenging activities were evaluated to characterize organ- 
and genotype-specific variation in antioxidant attributes among 23 radish genotypes. Sig-
nificant effects of genotype, organ, and genotype-by-organ interaction were detected for 
all three traits (p < 0.001), indicating pronounced genetic and tissue-dependent variation 
across the evaluated germplasm collection (Figure 2A–C; Table S5).

Overall, leaves showed significantly greater ABTS and DPPH radical scavenging 
activity and TPC than roots. Mean ABTS, DPPH, and TPC values in leaves were 
4.20 ± 0.29 mg TE g−1  DW, 0.90 ± 0.08 mg AAE g−1  DW, and 4.05 ± 0.56 mg GAE g−1  DW, 
respectively, compared with 3.54 ± 0.66 mg TE g−1  DW, 0.58 ± 0.07 mg AAE g−1  DW, and 
1.23 ± 0.36 mg GAE g−1  DW in roots. The concurrent increase in TPC and radical scaveng-
ing activity indicates that photosynthetically active leaf tissues represent a major reservoir 
of antioxidant constituents compared with storage roots. This organ-specific pattern is 
consistent with previous findings in radish, where leaves exhibited higher phenolic con-
tents and antioxidant capacity than roots [58–60]. These observations further emphasize 
the nutritional potential of radish foliage, given its comparatively high TPC and in vitro 
antioxidant activity.

https://doi.org/10.3390/antiox15111449

https://doi.org/10.3390/antiox15111449


Antioxidants 2026, 15, 1449 10 of 22

Figure 2. Organ- and pigmentation-associated differences in antioxidant activity and total phenolic 
content across radish genotypes. (A–C) Comparison of ABTS radical scavenging activity, DPPH 
radical scavenging activity, and total phenolic content between leaf and root tissues (n = 23 genotypes). 
Statistical differences between organs were determined using the paired Wilcoxon signed-rank test; *** 
indicates significance at p < 0.001. (D–F) Mean variations in ABTS, DPPH radical scavenging activity, 
and total phenolic content among leaf (DG, dark green, n = 7; MG, medium green, n = 12; LG, light 
green, n = 4) and root (red, n = 14; mixed, n = 4; and white, n = 5) pigmentation groups. Error 
bars represent the standard error across genotype-level means within each group, and the different 
lowercase letters indicate significant differences among pigmentation groups according to Duncan’s 
multiple range test (p < 0.05).

Further, pigmentation-associated differences were also evident for ABTS activity and 
TPC, whereas DPPH radical scavenging activity did not differ significantly across pigmen-
tation classes. Among leaf pigmentation groups, light green and medium green leaves 
exhibited significantly higher ABTS activity, and light green leaves showed the highest TPC 
than dark and medium green leaves (Figure 2D–F; Table S6). Alternatively, root pigmenta-
tion exhibited a distinct pattern. Red roots showed the greatest ABTS radical scavenging 
activity, followed by mixed-colour roots, while white roots showed the lowest ABTS activity. 
Similarly, TPC differed significantly among root color groups, with red and mixed-color 
roots exhibiting comparatively higher contents than white roots. This outcome aligns 
with prior studies reporting higher antioxidant and polyphenol activity in red-skinned 
radish [61]. The contrasting ABTS and DPPH responses across pigmentation groups may 
reflect differences in assay-specific reactivity toward the phytochemical constituents of 
radish extracts. Previous comparative studies have reported stronger associations between 
ABTS activity and phenolic content than DPPH activity [62], consistent with the positive 
TPC-ABTS relationships observed in the present study.

Considerable genotype-level variation in antioxidant activity and TPC was also ob-
served within each organ (Table S5). In leaves, the light green IT308360 and medium 
green IT308361 (China) genotypes recorded comparatively higher ABTS and DPPH radical 
scavenging activities and TPC, while the dark green genotypes IT340147 (Turkey) and 
IT344617 (Russia) showed lower values. Correspondingly, for antioxidant activity and 
phenolic accumulation in roots, red genotypes IT250789 (China) and IT344615 (Russia), 
together with the mixed-colour genotype CHERISH 1 (Korea) exhibited higher levels, and 
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the white-colour genotype IT297044 (Russia) showed lower levels for all three traits. No-
tably, IT344617 (Russia), characterized by dark green leaves and white roots, also exhibited 
reduced ABTS activity and TPC in roots, with lower ABTS and DPPH radical scavenging 
activities and TPC in leaves, highlighting a consistently lower antioxidant profile across 
both tissues. The marked variation among individual genotypes therefore identifies con-
trasting radish genetic resources with distinct antioxidant profiles, which may be valuable 
for subsequent nutritional characterization and germplasm utilization. Several genotypes 
also showed contrasting TGSL and antioxidant profiles, underscoring the complexity of 
their interrelationships across the evaluated germplasm.

3.3.  Multivariate Characterization of Glucosinolates and Antioxidant-Related Profiles
Pairwise correlation analysis revealed organ-specific association patterns among GSL 

and antioxidant-related traits (Figure S1). In radish leaves, moderate-to-strong positive 
correlations were predominantly observed among individual aliphatic GSLs and within 
the three indolic GSLs (r ≥ 0.5, p < 0.05), while aromatic GSLs exhibited more variable 
relationships. Roots displayed comparable positive associations among several aliphatic 
compounds, while the indolic and aromatic GSLs displayed compound-specific association 
patterns. In both organs, ABTS activity was negatively associated with several individual 
GSLs, whereas TPC was positively correlated with ABTS and DPPH activities in leaves, 
and with ABTS activity in roots (r = 0.6, p < 0.05). This aligns with a previous study in 
Brassica juncea reporting a positive association between total phenolics and antioxidant ac-
tivity, along with a negative association of ABTS with several GSLs [63]. These associations 
suggest that greater accumulation of certain GSLs does not necessarily correspond to higher 
ABTS radical scavenging activity, while the positive TPC-ABTS relationships indicate a 
possible contribution of phenolic-associated constituents. To further characterize coordi-
nated variation among the measured traits, PCA was conducted separately for leaf and root 
tissues using 18 individual GSLs, TPC, ABTS, and DPPH activity (Figure 3). GSL subclasses 
and TGSLs were excluded because they were derived from the individual compounds and 
would therefore introduce mathematical redundancy. In leaves, PC1 and PC2 explained 
34.4% and 21.8% of the variance, accounting for 56.2% cumulatively (Figure 3A,C). Most 
GSLs were positioned opposite to TPC and the antioxidant traits along PC1, indicating 
a major disparity between GSL-dominated and antioxidant-associated profiles. Medium 
and light green genotypes overlapped considerably, whereas several dark green genotypes, 
particularly IT340147, IT344617, and IT297044, occurred toward the GSL-associated re-
gion. Subsequently, root PCA explained 70.6% of the variance across PC1 (57.1%) and 
PC2 (13.5%) (Figure 3B,D). PC1 primarily represented a compositional gradient between 
GSL-associated profiles and those characterized by higher ABTS activity and TPC; however, 
DPPH activity contributed mainly to variation along PC2. White root genotypes were 
more frequently distributed toward the GSL-associated regions, while red and mixed roots 
tended toward the opposite end of PC1; nevertheless, substantial overlap remained among 
pigmentation groups.

Similarly, HCA revealed that distinct phytochemical profiles did not correspond ex-
clusively to pigmentation classes (Figure 3E,F). Comparable color-associated metabolic 
variation has been reported in radish. Park et al. [64] differentiated white and green root 
cultivars based on primary and secondary metabolites, with white roots containing higher 
levels of several GSLs and green roots showing greater phenolic accumulation. Likewise, 
Mei et al. [15] reported clustering of eight radish landraces into three PCA groups broadly 
corresponding to white-fleshed, green- and white-fleshed, and red-fleshed taproots. In 
contrast, Zhang et al. [65] found similar anthocyanin and flavonoid profiles between black 
and white radishes despite their contrasting coloration, indicating that visible pigmen-
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tation does not invariably correspond to overall metabolic composition. Together, these 
findings highlight that pigmentation captures part of the phytochemical variation in radish, 
but does not fully account for genotype-specific variation in GSL composition, TPC, and 
antioxidant activities. Pigmentation thus provides a useful context for phytochemical com-
parison, but its value as a quality indicator depends on the trait examined, as illustrated by 
pigmentation-associated differences in ABTS activity but not in DPPH activity.

Figure 3. Principal component and hierarchical clustering of individual GSLs and antioxidant-
associated profiles in radish genotypes. (A–D) are PCA score and loading plots of leaf and root tissues, 
respectively. In PCA score plots, the point colors represent leaf or root pigmentation groups; DG, 
dark green; MG, medium green; LG, light green. In the loading plots, orange vectors depict TPC and 
antioxidant-associated traits, while gray vectors indicate the 18 individual GSLs. (E,F) Hierarchical 
clustering maps of GSL compounds, antioxidant activity, and TPC across radish genotypes in leaf and 
root tissues, respectively. Warmer and cooler colors highlight relatively higher and lower values.
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Since PCA and HCA identified only partial correspondence between measured phyto-
chemical profiles and pigmentation classes, supervised analyses were subsequently per-
formed to evaluate class differentiation (Figure 4). In radish metabolomics, OPLS-DA 
has previously provided clearer group differentiation than PCA and HCA [66]. Unlike 
unsupervised ordination, PLS-DA and OPLS-DA incorporate class information when ex-
tracting latent variables, thereby enabling targeted assessment of variation associated with 
predefined groups [67,68]. An initial multiclass PLS-DA model and exploratory pair-
wise OPLS-DA comparisons were conducted to assess the overall differentiation among 
three pigmentation groups of leaves and roots (Figures S2 and S3). Dark green leaves were 
more clearly distinguished from both medium and light green leaves, while medium and 
light green leaves exhibited poor predictive discrimination. Similarly, white root genotypes 
were well differentiated from both red and mixed genotypes, unlike red and mixed root 
genotypes (Table S7). These patterns, together with the overlap observed in the unsuper-
vised analyses, supported the consolidation of medium and light green leaves, and red and 
mixed roots for subsequent binary OPLS-DA.

Figure 4. OPLS-DA of phytochemical profiles according to pigmentation groups in radish leaves and 
roots. (A,C) OPLS-DA score plot comparing dark green leaves with the combined medium/light 
group, and white roots with the combined red/mix group, respectively. (B,D) VIP score for the leaf 
and root OPLS-DA models, respectively. The red dashed line indicates the VIP threshold of 1; blue 
variables (exceeding VIP > 1) represent major contributors to class discrimination.

The binary OPLS-DA models demonstrated cross-validated discrimination between 
dark green and combined medium/light green leaves (R2 Y = 0.86, Q2  = 0.64). Similarly, 
white roots showed distinct separation from the combined red/mix group (R2 Y = 0.78, 
Q2  = 0.57), indicating that the major phytochemical differences were associated with these 
broader pigmentation classes rather than among the intermediate pigmentation groups 
(Figure 4A,C; Table S7). Further, VIP analysis identified the variables contributing most 
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strongly to the observed discrimination (Figure 4B,D). Remarkably, ABTS activity exceeded 
the VIP threshold in both leaf and root models, signifying that variation in antioxidant ca-
pacity also contributed to pigmentation differentiation alongside individual GSLs. Variables 
with VIP values > 1 were considered the principal contributors to pigmentation-associated 
discrimination and were compared with SHAP-based feature rankings from the subsequent 
ML analyses to identify candidate biochemical discriminators prioritized across both ap-
proaches. This is partially consistent with a prior study, which applied pairwise OPLS-DA 
to differently colored radish flesh and skin tissues and used VIP score criteria to prioritize 
metabolites contributing to their differentiation [61].

3.4.  Machine Learning Identifies the Best Performing Predictive Model for Radish Pigmentation
Five supervised ML algorithms were compared for phytochemical-associated classifi-

cation of the consolidated pigmentation groups defined by OPLS-DA (Figure 5; Figure S4). 
The binary groups (Dark Green vs. Medium/Light Green leaves, and White vs. Red/Mix 
roots) were retained to include all genotypes and evaluate broader pigmentation-associated 
phytochemical contrasts rather than restricting classification to the most readily separa-
ble pairwise groups. All five models exhibited high predictive performance for both leaf 
and root datasets, indicating that consolidated pigmentation groups were associated with 
reproducible multivariate differences in phytochemical composition. The concordant per-
formance across multiple algorithms reinforced the OPLS-DA results and indicated that 
class discrimination was not restricted to a particular modeling framework.

Figure 5. Comparative performance of supervised machine learning models for phytochemical-
based pigmentation classification in radish. (A) Performance comparison of five machine learning 
algorithms for pigmentation classes in leaf and root datasets. Bars represent mean balanced accu-
racy, and error bars indicate the standard deviation calculated across 30 individual validation folds 
(10 repetitions × 3 folds). (B,C) Normalized confusion matrices of the selected elastic-net logistic 
regression model for leaf and root pigmentation classification, respectively. Values on the right in-
dicate the proportion of samples classified into each observed and predicted class. (D) Radar plot 
summarizing the performance of the selected elastic-net logistic regression model across six evaluation 
metrics (balanced accuracy, precision, recall, F1 score, MCC, and ROC-AUC) for leaf and root datasets. 
Abbreviations are as follows: ENLR, Elastic-net logistic regression; RSVM, Radial support vector 
machine; RF, Random forest; XGBoost, extreme gradient boosting; DT, Decision tree; DG, Dark green; 
MG, Medium green; LG, Light green; MCC, Matthews correlation coefficient; ROC-AUC, Area under 
the receiver operating characteristic curve.
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Among the evaluated models, ENLR consistently achieved the highest overall per-
formance in both organs. ENLR achieved balanced accuracy of 0.97, MCC of 0.93, and 
ROC-AUC of 1.00 for leaf classification, with the corresponding values of 0.95, 0.91, and 
0.99 for root classification, respectively. RSVM and RF also demonstrated excellent pre-
dictive performance, while XGBoost and DT showed comparatively lower classification 
performance. In addition, high balanced accuracy and MCC values further indicate that the 
classification performance was consistently maintained across both pigmentation classes 
rather than being driven predominantly by the larger class. Although using the same cross-
validation procedure for hyperparameter optimization and model evaluation may introduce 
some optimism into the estimated performance, the results support discrimination between 
pigmentation groups within the evaluated germplasm collection. Given the number of 
predictors (n = 21) relative to the genotype panel (n = 23), the transferability of these 
findings to independent radish germplasm remains to be established.

The robust performance of ENLR may reflect its capacity to accommodate correlated 
predictors. ENLR combines lasso and ridge penalties; the lasso component reduces the 
contribution of less informative predictors and can eliminate them. Moreover, the ridge 
component stabilizes the coefficient estimates when multiple predictors contain overlapping 
information [69]. This property is relevant to the present dataset because several GSLs and 
antioxidant-associated traits were significantly correlated (Figure S1). Furthermore, the 
lower performance of XGBoost and DT models suggests that their non-linear partitioning 
provided no additional predictive benefit under the present sample size and validation de-
sign. This result, however, does not demonstrate that the underlying biological relationships 
are entirely linear.

Previous studies provide complementary evidence that ML can recover phytochem-
ical and pigmentation-related information from multivariate analytical profiles. In Bras-
sica juncea, hyperspectral models predicted anthocyanin, GSL, flavonoid, and chlorophyll 
contents, highlighting that spectral variation captured underlying differences in leaf phy-
tochemistry [70]. Earlier, in radish SHAP was applied to interpret the contributions of 
image-derived color and lighting variables to ML-based prediction of leaf SPAD values [71]. 
In addition, a previous study in onion reported that volatile-metabolite profiles success-
fully discriminate red, yellow, and white onion bulbs, and subsequently applied SHAP 
analysis to determine features contributing most strongly to color-group prediction [72]. 
The present study applies this classification and interpretation framework to radish by 
examining whether directly quantified GSLs, TPC, and antioxidant activity can discriminate 
organ-specific pigmentation groups. Based on its superior cross-validated performance, 
ENLR was selected for subsequent SHAP analysis to facilitate biological interpretation of the 
classification model. Although logistic regression coefficients are intrinsically interpretable, 
SHAP enables quantification of both the magnitude and direction of each phytochemical fea-
ture’s contribution to individual predictions relative to model baseline [45], thereby enabling 
identification of the metabolites most strongly associated with pigmentation classification.

3.5.  SHAP Analysis Reveals Candidate Phytochemical Discriminators
To elucidate the feature-level architecture of ENLR classification, SHAP analysis was 

conducted for individual phytochemical predictors in leaf and root models (Figure 6). 
Global feature importance was determined from the mean absolute SHAP value calculated 
across replicate observations, providing an aggregate ranking of predictors according to 
their overall influence on model predictions. SHAP summary plots further illustrated the 
sign of each attribution and its relationship with the standardized feature value. Positive 
SHAP values favored dark green leaf or white root classification, while negative values 
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favored the corresponding combined reference groups. Group-specific SHAP importance 
profiles are provided in Figure S5.

Figure 6. SHAP-based interpretation of feature importance for organ-specific pigmentation in radish. 
(A,C) Global SHAP feature importance for leaf and root pigmentation classification, respectively, 
based on the ENLR model. (B,D) SHAP summary plots illustrating the direction and magnitude of 
individual feature contributions to the corresponding classification models. Each point represents 
one observation, and point color indicates the standardized feature value (blue = low, red = high). 
Positive SHAP values favor prediction towards the positive class (dark green leaves or white roots), 
and negative SHAP values favor the reference class (medium/light green leaves or red/mixed roots).

In leaves, GNS contributed most strongly to pigmentation classification, followed by 
GER and SNB, whereas GAL, EPI, and GBN showed comparatively smaller but consistent 
contributions (Figure 6A,B). High GNS and GER predominantly generated positive SHAP 
values and shifted prediction towards the dark green class, while elevated SNB values 
contributed toward the combined medium and light green class. The contributions of 
GNS and GER were consistent with their higher mean concentrations in dark green leaves 
(Table S3), indicating that their predictive importance reflected observed differences in GSL 
composition among pigmentation groups. GER serves as a precursor of GRH through con-
version mediated by glucoraphasatin synthase 1, which is highly expressed in leaves [73]. 
Furthermore, GNS has been documented as a major GSL in wild radish [74]. These findings 
provide biochemical and comparative context for their contributions to the leaf phytochem-
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ical differences observed among pigmentation groups. Collectively, the concentration of 
model attribution in GNS, GER, and SNB delineated a compact GSL signature encompassing 
both aliphatic and aromatic compounds, suggesting that the ENLR discriminatory signal 
associated with leaf pigmentation was primarily attributable to a limited subset of GSLs.

In roots, TPC was the dominant predictor of pigmentation class, substantially exceeding 
the contribution of the remaining variables (Figure 6C,D). GRH, SNB, GNA, GBN, and GTL 
also contributed to model predictions, although with progressively lower importance. The 
SHAP summary plot indicated that reduced TPC values and higher GRH, SNB, GNA, and 
GBN concentrations favored white root classification. This pattern is consistent with the 
higher mean GRH and SNB concentrations and lower TPC in white roots than in red and 
mixed roots (Tables S3 and S6). The inverse correlations of TPC with GRH, SNB, and GNA 
further suggest coordinated variation in phenolic content and GSL composition among 
root genotypes (Figure S1). The association of lower TPC with white root classification 
aligns with previous findings from red and white radish hairy-root cultures, where white 
hairy roots exhibited lower phenolic content and no detectable anthocyanins compared 
with red hairy roots [75]. Because TPC represents the cumulative response of chemically 
diverse phenolics, its SHAP importance indicates a broad phenolic signature rather than 
the contribution of a specific pigment.

Comparison of SHAP feature rankings with the OPLS-DA VIP analysis highlighted 
considerable agreement for leaf pigmentation, with GNS, GER, GAL, EPI, GBN, ABTS, 
GCH, and GIB consistently prioritized by both approaches. Among these, GNS and GER 
exhibited the highest predictive importance in the ENLR model, while SNB emerged as an 
additional SHAP-prioritized feature despite receiving comparatively lower emphasis in the 
VIP analysis. In roots, agreement between the two approaches was more limited, with GNA, 
GBN, EPI, GRH, and ABTS consistently identified, whereas SHAP additionally highlighted 
TPC, SNB, and GTL as important predictive variables. This divergence reflects distinct 
measures of feature importance: VIP summarizes predictor contributions to OPLS-DA 
discrimination, while SHAP quantifies their contributions to ENLR predictions. When 
predictors are correlated, shared discriminatory information may be attributed differently 
by the two approaches, resulting in differences in feature rankings [76]. To further examine 
the stability of SHAP feature rankings, ENLR models were refitted across 30 cross-validation 
splits (Table S8). GNS, GER, and SNB were frequently ranked among the five leading leaf 
predictors (83.30–96.70%). Similarly, TPC, GBN, and GRH were frequently prioritized in 
roots (86.70–96.70%); however, SNB showed lower stability (26.70%).

Accordingly, variables supported by both analytical approaches (OPLS-DA and SHAP) 
were regarded as consensus candidate phytochemical discriminators, and SHAP-specific 
variables were considered predictive candidate phytochemical discriminators; both warrant 
further validation in independent germplasm collections. Validation in a larger, independent 
germplasm panel is required to establish external generalizability and assess the suitability 
of these features for breeding and quality assessment. In addition, analytical precision, 
extraction recovery, and matrix effects were not assessed as part of the present analytical 
validation, and their evaluation would further characterize the repeatability, extraction 
efficiency, and matrix-dependent response of GSL quantification. Collectively, integration 
of VIP and SHAP rankings provides a comprehensive basis for prioritizing organ-specific 
phytochemical signatures associated with radish pigmentation.

4.  Conclusions
In summary, evaluation of 23 radish genotypes (20 days after sowing) revealed pro-

nounced phytochemical differentiation among genotypes, between organs, and across 
pigmentation groups. Roots were characterized by greater GSL accumulation, and leaves 
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exhibited stronger phenolic and antioxidant profiles. Pigmentation reflected broad phy-
tochemical tendencies, but variation within color classes suggests that these trends did 
not uniformly characterize individual genotypes. Positive associations between TPC and 
antioxidant activity, together with inverse relationships between ABTS activity and several 
individual GSLs, further defined contrasting organ-specific phytochemical profiles. As 
indirect, assay-dependent measurements, TPC, ABTS, and DPPH collectively offer comple-
mentary evidence of antioxidant-associated variation among radish genotypes, establishing 
a basis for further identification of individual contributing metabolites and assessment of 
their physiological relevance. Specifically, IT340147 (Turkey), along with IT297044 and 
IT344617 (Russia), were identified as high-GSL genotypes. IT308360 and IT308361 from 
China exhibited promising leaf phenolic and antioxidant profiles, whereas IT250789 from 
China, IT344615 from Russia, and CHERISH 1 from Korea were prominent for these traits 
in roots. These complementary genotypes may provide valuable parental resources for 
developing radish cultivars with enhanced organ-specific GSL or antioxidant-associated 
characteristics and also for combining contrasting phytochemical profiles through targeted 
breeding. Despite within-class variation, ML classification demonstrated that combined 
phytochemical profiles discriminated the consolidated pigmentation groups within the 
evaluated collection. Integration of OPLS-DA, ML, and SHAP analyses prioritized GNS, 
GER, and SNB as the principal contributors in leaves and identified TPC and GRH as the 
dominant contributors in roots, with GBN additionally showing consistent prioritization 
across cross-validation splits. Partial concordance between SHAP and OPLS-DA VIP rank-
ings supported a focused set of candidate phytochemical discriminators. The identified 
phytochemical patterns were observed at a defined early-harvest stage under standard-
ized greenhouse conditions. Further evaluation across developmental stages, cultivated 
environments, and independent germplasm collections will help establish the consistency 
and broader applicability of these patterns and assess potential genotype-by-environment 
interactions. Together, these trait-specific genotypes and candidate phytochemical features 
provide a foundation for strategic germplasm evaluation and targeted improvement of 
organ-specific GSL and antioxidant-associated profiles in radish.
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//www.mdpi.com/article/10.3390/antiox15111449/s1, Figure S1: Correlation plot for all individ-
ual GSLs, subclasses, TGSLs along with phenolic content and antioxidant activity in leaf and root; 
Figure S2: Pairwise OPLS-DA comparisons among dark green, medium green, and light green leaf 
pigmentation groups and multiclass PLS-DA of all three groups; Figure S3: Pairwise OPLS-DA com-
parisons among red, mix, and white root pigmentation groups and multiclass PLS-DA of all three 
groups; Figure S4: Cross-validated classification performance of five supervised machine learning 
models for leaf and root pigmentation groups in radish; Figure S5: Pigmentation group-specific 
SHAP importance of phytochemical predictors in radish; Table S1: UPLC-MS/MS parameters for 
the targeted quantification of glucosinolates in radish tissues, including retention times, calibration 
equations, coefficients of determination, and multiple-reaction-monitoring transitions; Table S2: Opti-
mal hyperparameters for machine learning classification of radish pigmentation; Table S3: Variations 
in glucosinolate compounds for leaf and roots among 23 radish genotypes; Table S4: Pigmentation-
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Abbreviations
The following abbreviations are used in this manuscript:
GSL Glucosinolate
TPC Total phenolic content
ABTS 2,2′-azino-bis-3-ethylbenzothiazoline-6-sulfonic acid
DPPH 1,1-diphenyl-2-picrylhydrazyl
ML Machine learning
SHAP Shapley additive explanations

UPLC-ESI-MS/MS Ultra-performance liquid chromatography-electrospray ionization-tandem
mass spectrometry

SIN Sinigrin
GNA Gluconapin
GBN Glucobrassicanapin
EPI Epiprogoitrin
PRO Progoitrin
GIB Glucoiberin
GAL Glucoalyssin
GCH Glucocheirolin
GRA Glucoraphanin
GRE Glucoraphenin
GRH Glucoraphasatin
GER Glucoerucin
SNB Sinalbin
GTL Glucotropaeolin
GNS Gluconasturtiin
NGBN Neoglucobrassicin
4HGBN 4-hydroxyglucobrassicin
4MGBN 4-methoxyglucobrassicin
RF Random forest
ENLR Elastic-net logistic regression
MCC Matthews correlation coefficient
ROC-AUC Area under the receiver operating characteristic curve
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