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Abstract

Capparis spinosa L. is a Mediterranean medicinal species of high economic value, yet its large-scale propagation and
metabolite production remain constrained by conventional approaches. This study evaluated the effects of four hormonal
combinations, 6-benzylaminopurine (BAP)+ 1-naphthaleneacetic acid (NAA), BAP+2,4-dichlorophenoxyacetic acid (2,4-
D), kinetin (KIN)+2,4-D, and KIN+NAA, on callus fresh weight gain (FWG) from leaf explants using a pairwise combi-
natorial experimental design. The resulting dataset was analyzed using three machine learning (ML) algorithms, Random
Forest (RF), Gradient Boosting (GB), and Extreme Gradient Boosting (XGBoost), as well as a second-degree polynomial
regression model (PL2). Among these models, RF achieved the best performance, with a cross-validation coefficient of
determination (R*CV) of 0.89, a coefficient of determination (R?) of 0.86, and a root mean square error (RMSE) of 263.33.
SHapley Additive exPlanations (SHAP) analysis revealed 2,4-D as the most influential predictor of callogenesis, followed
by a positive contribution from BAP, while KIN and NAA had minimal or negative effects on FWG prediction. Experi-
mental validation was restricted to the five highest-ranked RF-predicted combinations, demonstrating good agreement
between predicted and observed values. In addition, rutin, the major bioactive flavonoid of C. spinosa, was identified by
LC-QTOF-MS/MS and relatively quantified by LC-TQ-MS/MS under BAP and 2,4-D combinations. A stacked RF model
integrating FWG predictions was further developed to estimate rutin accumulation, achieving satisfactory performance
with an R? of 0.82, an R2CV of 0.84, and an RMSE of 0.41. Maximum accumulation was observed at moderate hormone
concentrations. Overall, this integrative ML and SHAP-based approach provides an interpretable and scalable strategy for
optimizing callus culture and enhancing metabolite production, offering a sustainable alternative to wild plant harvesting.
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Introduction

Capparis spinosa L., a native species widely distributed
across arid and semi-arid Mediterranean regions, has
attracted increasing scientific attention due to its medicinal,
nutritional, and agroecological values. The species is exten-
sively harvested and commercially exploited across several
Mediterranean countries, including Morocco, Spain, Italy,
Greece, and Turkey (Sozzi and Vicente 2006; Grimalt et al.
2018, 2022; Hazrati et al. 2025). C. spinosa is characterized
by a rich phytochemical profile, encompassing glucosino-
lates, phenolic acids, alkaloids, and flavonoids, which are
associated with a wide range of biological activities such as
antioxidants, antidiabetic, anti-inflammatory, and anticancer
effects (Moghadamnia et al. 2019; Esmaeilpour et al. 2020;
Rahimi et al. 2020). These properties highlight its con-
siderable potential for applications in the pharmaceutical,
nutraceutical, and cosmetic industries (Karous et al. 2021;
Kirkan et al. 2021; Annaz et al. 2022). Among these com-
pounds, rutin is the most abundant molecule in the leaves
of C. spinosa, with a content of approximately 0.61 mg/g,
making it a key target for biotechnological production strat-
egies (Ramezani et al. 2008). Its biosynthesis is integrated
into the phenylpropanoid and flavonoid pathways derived
from phenylalanine. The main enzymatic steps involve
phenylalanine ammonia-lyase (PAL), 4-coumarate-CoA
ligase (4CL), chalcone synthase (CHS), chalcone isomerase
(CHI), flavanone-3-hydroxylase (F3H), flavonoid-3’-hy-
droxylase (F3’H), and flavonol synthase (FLS). The path-
way proceeds through successive glycosylation reactions
catalyzed by flavonoid-3-O-glucosyltransferase (UFGT)
and flavonol-3-O-glucoside L-rhamnosyltransferase (RT),
the latter representing the committed final step in the bio-
synthesis of rutin (Kianersi et al. 2020). Furthermore, plant
growth regulators (PGRs) may modulate the expression of
genes involved in key metabolic pathways, thereby induc-
ing significant variations in the accumulation of secondary
metabolites (Kumari et al. 2024; Li et al. 2025).

The exploitation of this plant supports the livelihoods
of rural and marginalized communities while contributing
to local economies (Sozzi et al. 2012). However, commer-
cial harvesting relies mainly on wild populations, increas-
ing pressure on natural resources and threatening long-term
sustainability (Zhang and Ma 2018). Due to its tolerance to
water deficit and adverse soils, C. spinosa also represents
an ideal candidate for climate-resilient agriculture (Yousefi
et al. 2025). Despite these advantages, traditional propaga-
tion methods, whether sexual or vegetative, face significant
limitations, including low efficiency, slow growth, and the
potential loss of desirable traits (Gristina et al. 2014). Pre-
treatments such as scarification, sulfuric acid exposure, or
hormone application partially improve germination and
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rooting but remain insufficient for rapid large-scale multi-
plication (Labbafi et al. 2018; Nowruzian and Aalami 2023).

In vitro culture techniques, particularly callus induction,
offer an effective solution (Efferth 2019). They enable the
regeneration of uniform, pathogen-free plants (Nimavat
and Parikh 2024). They can constitute an effective system
for enhancing the accumulation of secondary metabolites,
thereby contributing to the conservation of natural popu-
lations and meeting the growing demand for phytothera-
peutic resources (Yin et al. 2014; Mohaddab et al. 2022).
Although research on C. spinosa remains limited (Caglar et
al. 2005; Movafeghi et al. 2008; Al-Safadi and Elias 2011;
Carra et al. 2012; Fahmideh et al. 2019; Gianguzzi et al.
2019; Mohaddab et al. 2024), callus tissue, being totipotent,
serves as an ideal platform for targeted secondary metabo-
lite production. Hagaggi et al. (2024) reported that callus
extracts contain higher levels of phenolic and flavonoid
compounds, a greater diversity of volatile metabolites, and
superior antioxidant and antibacterial activities compared
to leaf extracts. Thus, strict control of culture conditions
enhances the accumulation of bioactive flavonoids, offering
direct potential for industrial and pharmaceutical applica-
tions (Wijerathna-Yapa et al. 2025).

Callus formation and proliferation depend on intrinsic
factors, including explant type, age, and medium composi-
tion, as well as extrinsic factors such as light, temperature,
and humidity (Pasternak and Steinmacher 2024). PGRs,
particularly auxins and cytokinins, are essential for mor-
phogenesis, biomass accumulation, and secondary metabo-
lite production (Ikeuchi et al. 2013; Bravo-Vazquez et al.
2023). Commonly used phytohormones include 2,4-D and
NAA, applied alone or in combination with cytokinins such
as BAP or KIN (Koufan et al. 2022; Higazy et al. 2023).
Studies indicate that 2,4-D at 1.0 mg/L combined with BAP
at 1.5 mg/L effectively induces callus from C. spinosa leaf
explants (Wang et al. 2007; Liu et al. 2011; Yin et al. 2014).
Strategic manipulation of PGRs during callogenesis can
therefore enhance both callus regeneration and flavonoid
production, particularly rutin (Sobhy et al. 2025).

In vitro plant development is a complex process governed
by multiple interconnected variables (Ma et al. 2018; Svo-
lacchia and Sabatini 2023). Studying these factors in isola-
tion is insufficient, as their interactions strongly influence
outcomes. Classical statistical approaches are limited when
handling nonlinear and multidimensional datasets and often
exhibit high error rates (Aasim et al. 2023; Katirc1 et al.
2024). Mechanistic models, although grounded in biologi-
cal knowledge, require precise measurement of numerous
parameters that are difficult to standardize experimentally
(Noordijk et al. 2024), reducing their predictive power
and practical usefulness for rapid protocol optimization
(Baker et al. 2018). Artificial intelligence (Al), especially
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supervised learning or ML, offers a means to manage this
complexity (Peng and Rajjou 2024). ML applications to
callogenesis and organogenesis represent an emerging and
promising field (Hesami and Jones 2021). Algorithms such
as RF, GB, and XGBoost have been successfully applied to
predict callus induction, shoot regeneration, biomass yield,
and secondary metabolite production in various species
(Hesami and Jones 2021; Alcalde et al. 2022; Eren et al.
2023; Demirel et al. 2023; Sarabandi et al. 2024; Bozkurt
et al. 2024; Tan et al. 2024; Zarbakhsh et al. 2024; Kogak et
al. 2025; Sarmah et al. 2025). Despite their predictive per-
formance, these models often remain “black boxes,” where
relationships between biological variables and observed
responses are opaque (Petch et al. 2022). SHAP values pro-
vide a solution to this opacity. Derived from game theory,
they quantify the contribution of each variable to the final
prediction by considering all possible factor combina-
tions (Lundberg and Lee 2017; Lundberg et al. 2020). By
transforming a black-box model into a “white-box” model,
SHAP values allow identification of key variables and their
interactions, offering biologically meaningful interpretation
(Ekanayake et al. 2022).

Although ML methods have been progressively inte-
grated into plant tissue culture research across various spe-
cies (Hesami and Jones 2021; Sarabandi et al. 2024; Bozkurt
et al. 2024), their application to C. spinosa remains unex-
plored. Moreover, the use of SHAP-based interpretability
frameworks to analyze key hormonal regulators involved in
both callus induction and secondary metabolite biosynthe-
sis has not yet been reported for this plant. To our knowl-
edge, this study is the first to integrate ML to simultaneously
model callus growth and rutin accumulation in C. spinosa,
thereby proposing a novel and reproducible framework for
the biotechnological optimization of this medicinal plant.

Fig. 1 Wild Capparis spinosa L. from Taounate, Morocco. (a) Natural
habitat. (b) Mature fruiting plant showing explant source leaves. Red
arrow: pollinated flowers. Yellow arrow: fruits

This study examined the effects of growth regulators,
individually and in combination, on callus induction and
proliferation, as well as on rutin accumulation. The collected
data were evaluated using ML models, complemented by
SHAP analyses, to quantify the relative influence of each
regulator and identify the key factors modulating both cal-
lus development and rutin accumulation.

Materials and methods
Collection of plant material

Fresh leaves of C. spinosa L. were collected in April 2022
from mature wild plants at the fruiting stage in the Taou-
nate region (Morocco; latitude: 34°26°31.187” N, longi-
tude: 4°42°11.97” W, altitude: 435 m). The plant material
was identified and authenticated based on morphological
characteristics by the National Agency for Medicinal and
Aromatic Plants in Taounate, Morocco. The leaves were
immediately processed on the same day for subsequent
experiments (Fig. 1).

Surface sterilization

Surface sterilization of the harvested leaves was performed
before culture establishment. The procedure followed the
protocol described by Slimani et al. (2021), with minor mod-
ifications, to ensure the absence of microbial contamination
prior to inoculation onto the culture medium. The leaves
were first washed under running tap water for 15 min, then
immersed in 70% ethanol for 30 s. Surface disinfection was
subsequently carried out using a 2.5% (w/v) sodium hypo-
chlorite (NaOCIl) solution supplemented with two drops
of Tween-20 per 100 mL, under continuous agitation for
15 min. The explants were then rinsed three times with ster-
ile distilled water (5 min each) under laminar airflow condi-
tions. All subsequent procedures were performed under a
laminar flow hood to prevent microbial contamination.

Culture medium preparation

Callus induction was carried out on Murashige and Skoog
(MS) medium (Murashige and Skoog 1962), supplemented
with 0.8% agar, 3% sucrose, and MES buffer (M0255,
Duchefa). The leaf explants, approximately 1 cm in diam-
eter with an average weight of 32.90+1.42 mg, were placed
abaxial side down on 20 mL of medium in each Petri dish,
with five explants per dish. A total of 795 explants were
used in the experiment. The pH of the medium was adjusted
to 5.7+0.1 before autoclaving at 121 °C for 20 min under
1 bar of pressure.

@ Springer
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Plant growth regulator combination design

The basal medium was supplemented with various con-
centrations of exogenous PGRs to evaluate their effects on
callus induction. The PGRs used included two cytokinins,
BAP and KIN, as well as two auxins, 2,4-D and NAA. A
combinatorial experimental design was applied using four
combinations: BAP+NAA, BAP+2,4-D, KIN+NAA, and
KIN+2,4-D. For each combination, four concentrations
(0.0, 0.5, 1.0, and 1.5 mg/L) were tested for each regulator,
generating 16 concentration pairs per combination, result-
ing in a total of 64 treatments prior to removal of duplicates.
In addition, each plant growth regulator was evaluated indi-
vidually at a concentration of 2.0 mg/L. All treatments were
conducted in three independent replicates, bringing the total
number of experimental units to 159.

In vitro culture conditions

All cultures were maintained in a phytotron under a 16-hour
light/8-hour dark photoperiod at 24+2 °C for 30 days. Illu-
mination was provided by Sylvania fluorescent tubes deliv-
ering a light intensity of 40 pmol m=2 s

Measurement of callus growth

After 30 days, FWG was determined by weighing the cal-
lus from each Petri dish immediately after removal from the
culture medium. The resulting data were subsequently com-
piled into a dataset for ML analysis.

FWG was calculated as:

FWG (mg) = Final fresh weight — Initial weight of explant

Identification and relative quantification of rutinin
callus cultures using LC-MS/MS

The identification and relative quantification of rutin were
performed using LC-QTOF for qualitative structural eluci-
dation coupled with LC-TQ-MS/MS in negative ionization
mode based on the internal standard method and Multiple
Reaction Monitoring (MRM) mode. Approximately 150 mg
of oven-dried callus material, dried at 30 °C to constant
weight, was extracted with 2 mL of methanol-water (80:20,
v/v). The extracts were spiked with 5 pL of an internal stan-
dard solution of flavone (molecular weight=220 g/mol)
dissolved in DMSO at a concentration of 2 mg/mL. Sam-
ples were sonicated in an ultrasonic bath for 20 min and
centrifuged at 3000 x g for 10 min. The resulting superna-
tants were filtered through 0.22 um syringe filters prior to
injection.
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Structural identification of rutin was carried out using an
Agilent 1290 Infinity II LC system coupled to an Agilent
6530 quadrupole time-of-flight (Q-TOF) mass spectrometer
(Agilent Technologies, Santa Clara, CA, USA), equipped
with an electrospray ionization (ESI) source operating in
negative ionization mode. Chromatographic separation was
achieved on an Acquity® BEH C18 column (2.1 x 100 mm,
1.8 um particle size, Waters Co., Milford, MA, USA) with
an injection volume of 10 pL. A 16-minute gradient elution
was applied according to Belkessam et al. (2025), at a flow
rate of 0.450 mL/min. The mobile phase consisted of sol-
vent A (Milli-Q water with 0.1% formic acid) and solvent B
(MS-grade acetonitrile with 0.1% formic acid). The gradi-
ent started at 1% B for 1 min, increased linearly to 100%
B over 11 min, was maintained isocratically at 100% B for
1.5 min, then returned to 1% B over 2.5 min for column re-
equilibration. Column and autosampler temperatures were
set at 30 °C and 15 °C, respectively. Full scan MS1 data
were acquired over an m/z range of 100—1000, with a mass
accuracy tolerance below 16 ppm. MS/MS fragmentation
was performed at a collision energy of 35 eV, isolation width
of 1.3 m/z, and fragment mass range of 100-650 m/z. Rutin
identification was confirmed by comparison with MassBank
and PubChem databases and published literature.

For relative quantification, MRM transitions were
recorded using an Agilent 1290 Infinity II LC system cou-
pled to an Agilent 6475 triple quadrupole mass spectrometer
(Agilent Technologies, Santa Clara, CA, USA), under iden-
tical chromatographic conditions. Ion source parameters
were as follows: drying gas temperature 300 °C, drying gas
flow 13 L/min, nebulizer pressure 35 psi, sheath gas tem-
perature 250 °C, sheath gas flow 11 L/min, and capillary
voltage 4000 V. MRM transitions were acquired in negative
ionization mode with an acquisition time of 5 ms, fragmen-
tor voltage of 150 V, and collision energy of 30 V. Rutin was
monitored using the transition 609 — 300. Relative quanti-
fication was calculated as follows:

Rutin content (A.U./mgDW) =
MRM peak area of rutin
MRM flavone peak area x Sample dry weight

where A.U. = Arbitrary Units and DW=Dry Weight. All
data were acquired and processed using MassHunter®
Workstation software (version 10.0, Agilent Technologies,
Santa Clara, CA, USA).

Modeling procedures
Callogenesis was induced using four PGR combinations:

BAP/NAA, BAP/2,4-D, KIN/NAA, and KIN/2,4-D at vary-
ing concentrations to evaluate their effects on FWG and
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rutin accumulation. To ensure data quality, the data were
normalized, outliers were identified and removed using the
Z-score method, and the relationships between parameters
were examined using a Pearson correlation test. The final
dataset was partitioned into a training set (75%) and an
independent test set (25%), while maintaining a balanced
distribution of experimental conditions (Fig. 2A).

Four ML models, RF, GB, XGBoost, and PL2, were eval-
uated to predict FWG. Model performance was primarily
evaluated using k-fold cross-validation, based on the R*CV.
This approach optimizes the efficient use of available data
by simultaneously utilizing training and validation subsets,
while providing a robust estimate of the models’ generaliza-
tion ability. In this context, cross-validation serves to reduce
the risk of overfitting and ensures that performance metrics
reliably reflect the models’ true predictive ability under
varying experimental conditions. The hyperparameters used

(A)

for each model were defined as follows: the RF model was
configured with n_estimators=100, max_depth=10, and
random_state=42; the GB model with n_estimators= 100,
max_depth=3, learning rate=0.1, and random_state=42;
the XGBoost model with n_estimators=100, max
depth=3, learning_rate=0.1, subsample=0.8, colsample
bytree=0.8, and random_state=42; and the polynomial
regression model with a degree of 2. Following the training
phase, the models were evaluated on an independent test
set to verify their predictive performance. Statistical met-
rics were used to quantify prediction accuracy, including the
R? and the RMSE, complemented by residual analysis and
evaluation of their distribution. Final model selection was
performed using Friedman and Wilcoxon signed-rank tests
with Bonferroni correction.

SHAP analysis was applied as a model interpretation
framework to quantify the individual contribution of each

Model 1
Random
Forest

oaine!
e

® <&

"White box"
|nput Feature contributed
BAP . Callus
{ "~-.4 Fresh Weight Gain
KIN )L (FWG)
+ "7 Models training : —>- validation
' -Random Forest set
.y -Gradien Boosting FWG
et prediction
NAA )" ¥ -Polynomial Testing v
Regression 250, mma Best model
24Dy 0
N AR ARS
s‘, S L "Black box" | (C)
RV P p——— A L RN Model prediction
. . - . - RN PR R -
Rutin L e L. ACRTT P P Stacked model
BTN aemmmme- .l M, 77T LeemTmTTEEEE P (Inputs for model 2)
“‘ P =
v
-=- Input validation Model 2
T Step. . set ’\< Rutin Prediction of Rutin
—e Prediction prediction accumulation
>—e Validation

Fig. 2 A schematic representation of the stepwise computational
approach used in this study. (A) Modeling and prediction of callus fresh
weight gain (FWG) (output) based on 6-benzylaminopurine (BAP),
kinetin (KIN), 1-naphthaleneacetic acid (NAA), and 2,4-dichloro-

phenoxyacetic acid (2,4-D) as inputs using four models. (B) SHAP
value analysis of the best-selected model to identify and quantify the
key model features. (C) Stacking of the best model and its integration
as input for the accumulation of rutin (Model 2)
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PGR to FWG predictions generated by the best-performing
ML model (Fig. 2B). This approach decomposes each model
prediction into additive contributions from the different fea-
tures, while accounting for all possible interactions between
variables. It provides both local explanations for individual
predictions and a global perspective on feature importance
across the entire dataset (Lundberg and Lee 2017; Lundberg
et al. 2020).

Predictions from model 1 were then incorporated into
a stacked model designed to predict rutin accumulation
(model 2) (Fig. 2C). This model used both the initial PGR
concentrations and the FWG predictions as input variables,
directly linking callus growth to secondary metabolite accu-
mulation. To evaluate potential error propagation inherent
to stacked modeling architectures, model 2 was trained and
assessed using experimentally measured FWG values and
RF-predicted FWG values. To validate the efficiency and
reliability of this optimized model, the predicted conditions
for maximizing FWG and rutin accumulation were indepen-
dently tested in triplicate, following the same protocols used
in the initial experiment.

Statistical analysis

Statistical analysis was performed on experimental data
using one-way analysis of variance (ANOVA). When sig-
nificant differences were detected, pairwise comparisons
were conducted using Tukey’s Honestly Significant Differ-
ence (HSD) post-hoc test, with p<0.05 as the significance
level. Data are presented as mean+ standard deviation (SD),
based on three independent replicates per treatment.

ML model performance was evaluated using k-fold
cross-validation (k=5), based on the R2CV and RMSE. To
formally compare predictive performance across models,
the Friedman test was applied, followed by pairwise Wil-
coxon signed-rank tests with Bonferroni correction for mul-
tiple comparisons. Residual and distribution analysis was
performed to assess model reliability. Pearson correlation

analysis was conducted to examine relationships between
input variables prior to model training. All statistical and ml
computations were performed using Python (version 3.12).

Results

Influence of plant growth regulators on C. spinosa
callus induction

This study investigated the influence of phytohormones com-
binations at different concentrations (0, 0.5, 1 and 1.5 mg/L)
and hormonal combinations BAP/NAA, BAP/2,4-D, KIN/
NAA, and KIN/2,4-D on the FWG of callus derived from
C. spinosa leaf explants after 30 days of culture (Fig. 3;
Supplementary Table A). As expected, no callus formation
was observed in hormone-free control medium. The anal-
ysis of variance (ANOVA) revealed a significant overall
effect of phytohormone treatments on FWG (Supplemen-
tary Table B), indicating that the different hormonal combi-
nations induce statistically significant (p<0.001) variations
in biomass.

Among the tested hormone combinations, 2,4-D and
BAP showed a significant effect on callus induction and
growth (Supplementary Figure A). The highest FWG
(3639.5 mg+208.0) was recorded with a combination
of 1 mg/L BAP with 1 mg/L 2,4-D. Similarly high val-
ues were observed with 1 mg/L BAP+0.5 mg/L 2,4-D
(3459.33 mg+84.68). Additionally, 2,4-D applied alone
also promoted substantial callus proliferation, with FWG
values of 3438.5 mg+493.5 and 3394 mg+31 at 0.5 and
1 mg/L, respectively.

In contrast, the (BAP/NAA) and (KIN/NAA) combina-
tions produced significantly lower FWG (Supplementary
Figure A), indicating less efficiency in promoting callus
formation and proliferation. The maximum FWG in these
groups was observed with 0.5 mg/L BAP combined with
1.5 mg/L NAA (1874.45 mg+25.66) and with 0.5 mg/L

Fig. 3 Stereomicroscopic observations of Capparis spinosa callus derived from leaf explants
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Table 1 Machine learning model performance for predicting callus

! ! were applied and compared: RF, GB, XGBoost, and a tradi-
fresh weight gain

tional second-degree Polynomial Regression.

2 2
11\{4: Models §.86 gsgv l;é\;lil;: The ensemble learning models, RF, GB, and XGBoost,
B 083 0.86 285,59 demonstrated superior and comparable performance
XGBoost 0.85 0.86 274.46 (Table 1). RF achieved the best predictive performance with
Lo 0.56 0.63 471.98 an R? of 0.86, R2CV of 0.89, and a low RMSE of 263.33,

indicating satisfactory generalization capacity. XGBoost
and GB also performed well, with R? values of 0.85 and
0.83, R2CV of 0.86 for both, and RMSE values of 274.46
and 285.59, respectively. These results highlight the abil-
ity of ensemble methods to capture complex, non-linear
relationships in FWG data effectively. In contrast, the PL2
model exhibited substantially lower performance, with an
R? of 0.56, R*CV of 0.63, and a markedly higher RMSE of
471.98. This indicates that simple polynomial relationships
are insufficient to model the underlying biological complex-
ity, resulting in larger prediction errors.

The combined analysis of numerical and graphical
results highlights the superiority of ensemble tree-based
models (RF, GB, and XGBoost) for predicting callus
FWG. As shown in Fig. 4, these models exhibit regression
slopes close to unity (RF: 0.98x+42.04; GB: 0.94x+83.13;
XGBoost: 0.96x+71.62) and a tight clustering of points
around the ideal y=x line, indicating precise calibration.

R?: coefficient of determination, R2CV: cross-validated R?, RMSE:
root mean square error, RF: Random Forest, GB: Gradient Boosting,
XGBoost: Extreme Gradient Boosting, PL2: second-degree polyno-
mial regression

KIN combined with 1 mg/L NAA (1350.5 mg+215.5). To
further investigate these complex hormonal interactions and
their effects on callus induction, ML was employed to ana-
lyze the dataset.

Model performance in predicting callus induction

The callogenesis of C. spinosa was quantitatively modeled
using a set of explanatory variables representing four exog-
enously applied PGRs: BAP, KIN, NAA, and 2,4-D. The
target variable for modeling was the FWG of callus tissue.
To capture the complex relationships between hormonal
treatments (inputs) and FWG (outputs), four ML models
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Fig.4 Scatter plots presenting real vs. predictions of callus fresh weight gain for four models: Random Forest, Gradient Boosting, XGBoost, and
second-degree polynomial regression
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These findings are consistent with the high R? and low
RMSE reported in Table 1, confirming the robustness and
generalizability of these models across the full FWG range.
Residual analysis further corroborated these observations,
as the RF, GB, and XGBoost models exhibited residuals
randomly distributed around zero with approximately nor-
mal distributions (Supplementary Figure B (a — f)), indi-
cating the absence of notable systematic bias. In contrast,
PL2 showed a markedly lower slope (0.81x+244.11) and
substantial dispersion, reflecting systematic underestima-
tion of high FWG values and poor ability to capture the
non-linearities inherent in biological data, a pattern further
confirmed by its more dispersed and asymmetric residuals
(Supplementary Figure B (g and h)). Overall, the Friedman
test revealed highly significant differences among the tested
models for both R?CV and RMSE scores (p<0.001, Supple-
mentary Table C). Pairwise Wilcoxon signed-rank tests with
Bonferroni correction showed that RF significantly outper-
formed GB, XGBoost, and PL2. No significant difference

A
2,4-D

KIN
BAP

NAA

was observed between GB and XGBoost (»<0.001, Supple-
mentary Table D).

Therefore, RF was selected for subsequent analyses,
including SHAP-based interpretation of variable impor-
tance. Figure 5 illustrates the overall importance of the vari-
ables and reveal that 2,4-D is the most influential predictor
of callus FWG in the RF model, with the highest mean abso-
lute SHAP value (~700), far exceeding those of BAP, KIN,
and NAA (Fig. 5A). Directional SHAP analysis (Fig. 5B)
indicates that 2,4-D exhibits the strongest positive associa-
tion with FWG predictions (+12.19), suggesting a favorable
association under the tested experimental conditions. BAP
also contributes positively to the predictions, but to a more
moderate extent (+6.39). In contrast, KIN is associated
with a decrease in FWG predictions (—6.95), whereas NAA
showed a marginal negative contribution (—2.01).

100 200 300

400 500 600 700

mean(|SHAP value|) (average impact on model output magnitude)

2,4-D |

KIN{ -6.95

BAP -

NAA - 2.01

12.19

T T
-5 0

T T T
5 10 15

mean SHAP value

Fig. 5 Global importance (A) and directional effects (B) of hormones on predicted callus fresh weight gain using SHAP values in the Random
Forest model. 6-benzylaminopurine (BAP), kinetin (KIN), 1-naphthaleneacetic acid (NAA), and 2,4-dichlorophenoxyacetic acid (2,4-D)
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Experimental validation of callus fresh weight gain

Laboratory experiments were conducted to validate the five
highest-ranked phytohormone combinations predicted by
the RF model. The validation results demonstrated satis-
factory agreement between predicted and observed callus
FWG values (Fig. 6), confirming the reliability of the RF
model for predicting optimal hormonal combinations for
callus induction in C. spinosa.

Callus culture as a platform for rutin accumulation

Hormonal regulation is a key factor in controlling the accu-
mulation of secondary metabolites in C. spinosa callus cul-
tures. In this study, rutin, the major bioactive flavonoid of
this species, was first identified using LC-QTOF-MS/MS,
while its relative concentration was subsequently quanti-
fied using LC-TQ-MS/MS in MRM mode (609 — 300).
The BAP/2,4-D hormonal combination was selected for
these experiments due to its favorable influence on FWG
(Fig. 5), thereby providing optimal conditions for evaluat-
ing rutin accumulation in callus tissues. The effect of hor-
monal treatments on rutin content was further investigated
using an RF model. Figure 7 presents a comparison between
experimentally determined and predicted rutin concentra-
tions. The data indicate that rutin accumulation is strongly
dependent on the relative concentrations of BAP and 2,4-D.
The highest rutin levels were observed under moderate BAP
concentrations (0.5-1.0 mg/L) combined with low 2,4-D
concentrations (0.0-1.0 mg/L). In contrast, the observed
reduction in rutin content at high BAP (>1.5 mg/L) and
2,4-D (>1.5 mg/L) concentrations may be explained by the
fact that elevated auxin and cytokinin levels preferentially
promote cell division and biomass accumulation rather than
secondary metabolite accumulation, consistent with the
high FWG values observed under these conditions (Fig. 6).
Overall, the RF model effectively captured these trends, as

well as the non-linear relationship between PGRs and rutin
accumulation, with predicted values closely matching the
experimental observations.

The RF model applied to rutin accumulation prediction
achieved an R? of 0.821, an R2CV of 0.837, and an RMSE
of 0.408, with a regression slope of 0.79 and an intercept
of 0.25 (Fig. 8). The associated p-value was significant
(»<0.05), indicating satisfactory predictive performance.
Residual analysis further supported these results, as the
model exhibited residuals randomly distributed around zero
and approximately following a normal distribution (Supple-
mentary Figure C), confirming the absence of systematic
bias and the adequacy of model fit. These findings indi-
cate that the model reliably reproduces overall trends, even
within a complex biological system, despite the relatively
limited dataset size. The marginal differences in R? between
experimentally measured FWG values and RF-predicted
FWG values confirmed that error propagation had a limited
impact on rutin accumulation predictions. Ensemble tree-
based algorithms are distinguished by their flexibility, abil-
ity to model higher-order nonlinear interactions, capacity
to handle heteroscedasticity, and robustness against overfit-
ting. These properties make them particularly well suited
for predicting and understanding the accumulation of sec-
ondary metabolites, such as rutin, in plant tissue cultures.

Experimental validation of rutin accumulation in
callus cultures

The predictions of rutin accumulation obtained by the RF
model (Fig. 9), based on the BAP/2, 4-D combinations, show
overall agreement with the experimental data, particularly
for the condition BAP=2.0+2,4-D=2.0, highlighting the
robustness of the model in anticipating metabolic responses
to different hormonal treatments. The slight overestimation
observed for certain combinations (BAP=1.5+2,4-D=2.0
and BAP=2.0+2,4-D=1.0) does not alter the overall
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Fig. 8 Scatter plots presenting
real vs. predictions rutin accu-
mulation values obtained by the
Random Forest model
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Fig.9 Real vs. predicted rutin
accumulation using the Random
Forest model
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consistency of the predictions. These results demonstrate
that the model represents a reliable tool for estimating rutin
accumulation in C. spinosa callus cultures and provide
effective support for optimizing culture conditions to maxi-
mize secondary metabolite accumulation.

Discussion

Callus induction is a central step in plant tissue culture, rep-
resenting a cellular reprogramming process in which differ-
entiated cells revert to an undifferentiated and proliferative
state (Lee et al. 2024). This process is primarily regulated by
the exogenous application of PGRs, which provide the plas-
ticity required for subsequent morphogenetic events, such
as organogenesis and somatic embryogenesis (Pasternak
and Steinmacher 2024). Callus also serves as a reservoir for
secondary metabolite accumulation, including rutin, high-
lighting the importance of understanding auxin-cytokinin
effects on both callogenesis and metabolic activity.

In this study, the effects of different concentrations of
BAP, KIN, NAA, and 2,4-D on FWG and rutin accumula-
tion in C. spinosa were evaluated using RF, GB, XGBoost,
and PL2. ML algorithms, particularly ensemble tree-based
models, have been increasingly applied in plant tissue cul-
ture, although comparative studies remain limited.

These findings highlight that classic statistical methods,
based on linear relationships or limited curvature, struggle
to capture the complex interactions, threshold effects, and
saturation phenomena characteristic of plant hormonal
responses (Sadat-Hosseini et al. 2022). Callus formation in
vitro involves highly non-linear and synergistic interactions
among PGRs, requiring more flexible modeling approaches
(Fallah Ziarani et al. 2022). In this context, ensemble tree-
based methods such as RF and XGBoost are particularly
well suited to this challenge (Munasinghe et al. 2020). Their

5
=%
49

2 o
o o
PGR Combination

key advantages include the ability to model high-order
interactions, handle heteroscedasticity, and remain robust
to overfitting (Ali and Aasim 2024; Kaushik et al. 2025).
However, several limitations of these approaches deserve
recognition, as they have the potential to affect the model’s
overall performance. In particular, the relatively limited size
of the dataset, a common feature of in vitro studies (Hesami
and Jones 2020), restricts the model’s generalizability and
may reduce the reliability of predictions outside the tested
hormonal range. Furthermore, the models developed in this
study were trained exclusively on plant PGR concentra-
tions, while other influential factors, such as temperature,
light intensity, explant age, and culture medium composi-
tion, were held constant and therefore not included as input
variables. Although SHAP analysis significantly improves
the model’s interpretability, the RF model remains partially
opaque compared to mechanistic biological models.

The demonstrated accuracy of these models highlights
the value of integrating ML into plant tissue culture research,
not only to improve predictive ability but also to enhance
our understanding of the complex mechanisms driving hor-
monal responses.

To evaluate the relative contributions of individual
growth regulators to callus development, we focused the
SHAP analysis on the RF model, selected for its superior
performance in terms of predictive accuracy. This approach
allows for a quantitative assessment of the effect of each
factor (BAP, KIN, NAA, and 2,4-D) on FWG predictions
for C. spinosa callus tissue, while taking into account poten-
tial interactions between variables.

Recent studies comparing ML models for predicting
callogenesis in saffron (Crocus sativus) have reported that
boosting-based algorithms, particularly XGBoost and Gra-
dient Boosting, achieve high predictive accuracy (R? >
0.95), outperforming artificial neural networks and RF in
modeling in vitro culture systems (Sarabandi et al. 2024).
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In the present study, the predictive performance of sev-
eral approaches, RF, GB, XGBoost, and PL2, was evalu-
ated for FWG in C. spinosa. Tree-based ensemble models
consistently outperformed polynomial regression, with RF
exhibiting the best overall predictive performance for cal-
logenesis (R? = 0.86). Although this performance is slightly
lower than the R? values exceeding 0.95 reported for C. sati-
vus, this discrepancy should be interpreted cautiously due to
differences in input variables, experimental protocols, and
species-specific biological complexity, which limit direct
comparability between studies. Nevertheless, the results
consistently highlight the central role of auxins in callus
induction (Sarabandi et al. 2024). Although this study rep-
resents the first direct comparison of these algorithms in the
context of C. spinosa in vitro culture, the obtained perfor-
mance levels are consistent with those reported in compa-
rable plant tissue culture studies conducted under similar
experimental conditions (Ozcan et al. 2023; Bozkurt et al.
2024; Sarmah et al. 2025). Furthermore, the robustness of
RF has been demonstrated in related biological systems,
including Nilgirianthus ciliatus, where R? values of up to
0.97 were reported for callus growth and metabolite produc-
tion (Jeevan Ram et al. 2025), further supporting its suitabil-
ity for such predictive applications.

The utility of SHAP values as an interpretive tool for
identifying and quantifying the importance of variables has
been demonstrated in several recent studies (Ekanayake et
al. 2022; Antonini et al. 2024). SHAP constitutes a math-
ematically rigorous, consistent, and objective approach for
decomposing a model’s predictions into contributions attrib-
uted to each of the explanatory variables (Lundberg and Lee
2017). This method enables both a precise local interpreta-
tion of individual predictions and a global analysis of the
importance of the model’s variables (Lundberg et al. 2020).
Using SHAP, key variables such as 2,4-D, NAA, sucrose
concentration, and culture duration, have been identified as
determinants in various experimental contexts (Sarabandi et
al. 2024). In a similar approach, Kumar and Kumar (2026)
used SHAP-based interpretability to evaluate the effects of
PGRs on callogenesis in Clerodendrum phlomidis using
an XGBoost model. Their results indicated that fresh cal-
lus weight is a major response variable, with the model
primarily highlighting the influence of auxins, particularly
NAA and indole-3-acetic acid (IAA). Moreover, cytokinins
such as BAP exhibited a positive effect on induction time,
whereas KIN showed a relatively weaker contribution to
both studied parameters. This is consistent with the pres-
ent study, where SHAP analysis highlighted 2,4-D as the
most influential factor in predicting FWG, followed by the
effect of BAP, while KIN exhibited a negative contribution
on callus formation in C. spinosa. The identification of these
factors is of particular importance when the accumulation

@ Springer

of secondary metabolites is the primary objective of callus
cultures.

To our knowledge, this study provides the first systematic
assessment of the impact of various PGRs on both callogen-
esis and rutin accumulation in C. spinosa. To directly link
callus growth with metabolite accumulation, we employed
a stacked RF model, using callogenesis outputs as inputs to
predict rutin accumulation. This approach effectively mod-
eled the nonlinear relationship between cell proliferation and
rutin accumulation, yielding satisfactory predictive perfor-
mance (R? = 0.82) and minimal deviation between observed
and predicted values, confirming method robustness.

Direct comparisons with previous studies remain limited
due to differences in explant sources, methodologies, and
experimental objectives. However, qualitative trends are
consistent across studies. Yin et al. (2014) and Duran and
Issah (2022) reported similar callus responses to BAP, NAA,
and 2,4-D combinations, although values are not directly
comparable. In the present study, maximum callus forma-
tion was observed with 2,4-D, consistent with reports in C.
spinosa (Sobhy et al. 2025), and other species where auxin
application significantly promotes callogenesis (Slimani et
al. 2021; Teoh et al. 2023; Ranade et al. 2023; Mahood et al.
2024; Abdelazeez et al. 2025).

Overall, experimental validation confirmed the reli-
ability of the RF model, with satisfactory agreement
between predicted and observed values, despite slight
overestimations in some cases. These results highlight
the potential of ML approaches to optimize callus cul-
ture and the accumulation of secondary metabolites. A
similar trend was reported by Jeevan Ram et al. (2025) in
Nilgirianthus ciliatus, where ML models, including the
multilayer perceptron, LightGBM, and RF, showed high
concordance between predicted and observed values for
key callus growth parameters and metabolic parameters.
Future studies incorporating a wider range of physiologi-
cal and environmental variables, as well as larger data-
sets, may further improve the model’s generalizability.
Investigations might also focus on the combination of
2,4-D with other plant growth regulators, or extend to cell
suspension cultures and bioreactor production systems,
which represent promising avenues for future research.

Conclusion

This research provides the first comprehensive evaluation
of the combined effects of BAP, KIN, NAA, and 2,4-D
on callogenesis and rutin accumulation in C. spinosa
using an integrated ML and explainable-Al framework.
Ensemble tree-based models, particularly RF, accurately
predicted callus biomass and metabolite accumulation,
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outperforming classical statistical approaches. SHAP
analysis identified 2,4-D as the most influential predic-
tor, while BAP showed a positive additive contribution
to callus growth, and KIN and NAA contributed weak
or inhibitory effects. Experimental validation confirmed
the reliability of the predicted optimal hormonal combi-
nations, demonstrating satisfactory agreement between
predicted and observed FWG and rutin levels. Moderate
concentrations of BAP and 2,4-D favored rutin accumu-
lation, underscoring the importance of fine hormonal tun-
ing for metabolic optimization.

Overall, this study highlights the relevance of ML-
driven modeling for deciphering complex hormonal inter-
actions and accelerating protocol optimization in plant
tissue culture. The established models constitute a robust
foundation for scaling up callus-based production systems,
including suspension cultures and bioreactors, aimed at
sustainable, high-yield accumulation of rutin and other
valuable metabolites in C. spinosa. Future investigations
integrating larger datasets, molecular markers, and elici-
tation strategies will further strengthen predictive perfor-
mance and advance the biotechnological exploitation of
this species.
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