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Abstract: This study comprehensively explored the micropropagation and rooting capabilities of four
distinct lavender genotypes, utilizing culture media with and without 2 g/L of activated charcoal.
A systematic examination of varying concentrations of BAP for micropropagation and IBA for
rooting identified an optimal concentration of 1 mg/L for both BAP and IBA, resulting in excellent
outcomes. Following robust root development, the acclimatization of plants to external conditions
achieved a 100% survival rate across all genotypes. In addition to the conventional techniques
employed, integrating machine learning (ML) methodologies holds promise for further enhancing
the efficiency of lavender propagation protocols. Using cutting-edge computational tools, including
MLP, RBE, XGBoost, and GP algorithms, our findings were rigorously examined and forecast using
three performance measures (RMSE, R?, and MAE). Notably, the comparative evaluation of different
machine learning models revealed distinct R2 rates for plant characteristics, with MLP, RBE, XGBoost,
and GP demonstrating varying degrees of effectiveness. Future studies may leverage ML models, such
as XGBoost, MLP, RBF, and GP, to fine-tune specific variables, including culture media composition
and growth regulator treatments. The adaptability and ability of ML techniques to analyze complex
biological processes can provide valuable insights into optimizing lavender micropropagation on a
broader scale. This collaborative approach, combining traditional in vitro techniques with machine
learning, validates the success of current micropropagation and rooting protocols and paves the way
for continuous improvement. By embracing ML in lavender propagation studies, researchers can
contribute to advancing sustainable and efficient plant propagation techniques, thereby fostering the
preservation and exploitation of genetic resources for conservation and agriculture.

Keywords: micropropagation; rooting efficiency; activated carbon; BAP; IBA

1. Introduction

Lavender (Lavandula L.), a valuable aromatic plant from the Lamiaceae family [1],
is economically significant as an essential oil and attractive ornamental plant in arid
regions. Lavandula, a genus widely distributed from North Africa to the Mediterranean,
southwestern Asia, Arabia, western Iran, and eastern India, comprises over 39 known
species [2]. Lavender cultivation is practiced in many countries, including Argentina,
Brazil, Bulgaria, Cyprus, Greece, Croatia, Hungary, Iran, Italy, Russia, Spain, Tiirkiye,
Japan, and Great Britain [3]. France, Bulgaria, England, the USA, North Africa, and Tiirkiye
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also economically cultivate lavender. Mainly, L. hybrida and L. angustifolia are species of
economic importance due to their quantity and quality of essential oils.

The essential oils from these species find applications in the perfume and fragrance
industry. Some are widely used in aromatherapy and are known for their antiseptic and
antimicrobial properties [4].

The composition and yield of oil in the Lavandula species distinguish them. Standard
criteria for determining oil quality include the proportions of camphor, linalool, and linalyl
acetate in the essential oil [5]. In recent years, increased interest in lavender cultivation
has heightened the significance of scientific research on advanced cultivation techniques,
leading to significant developments in this field. The propagation of lavender has be-
come a critical aspect of lavender production, gaining considerable importance worldwide.
Lavender propagation can be achieved through two main methods: generative and vege-
tative. Some Lavandula species can only be propagated generatively through their seeds,
while others can be propagated vegetatively through stem cuttings. Certain lavender
species and varieties can be efficiently propagated using both methods, offering a quicker
and more accessible means of reproduction. L. angustifolia and L. spica, with a diploid
(2x = 2n) and tetraploid (4x = 2n) structure, are suitable for both generative and vegetative
propagation. In contrast, triploid (3x = 2n) variations of Lavandula not L. are sterile and
cannot produce seeds; they can only be propagated vegetatively [6]. The propagation
performance of different Lavandula species and genotypes varies. Similar to many plant
species, the propagation of lavender genotypes through plant tissue culture has become an
essential and advantageous practice.

Plant tissue culture is an important technique across various domains of research
and practical applications. It encompasses the cultivation and development of plant cells,
tissues, or organs within a controlled environment facilitated by an artificial nutrient
medium [7]. This method has brought about a paradigm shift in plant biotechnology, serv-
ing as a crucial instrument for producing high-quality plant-based medicines, consistently
generating biologically active compounds and conserving endangered plant species [8].

In summary, plant tissue culture is a pivotal technique that has many applications
and advantages. It enables the production of genetically uniform and disease-free plant
material, the consistent generation of biologically active compounds, the preservation of
endangered plant species, and the exploration of plant biology. Despite these limitations,
tissue culture has ushered in a revolution in plant biotechnology and continues to be an
indispensable tool for researchers and practitioners.

Micropropagation, also known as in vitro propagation, plays a pivotal role in the
large-scale production, conservation, and enhancement of lavender plants. This technique
involves cultivation and development of lavender cells, tissues, or organs under controlled
conditions in an artificial nutrient medium [9]. The composition of the culture medium
holds paramount importance in lavender micropropagation, as it dictates the plant tissue’s
growth, morphological attributes, and phytochemical makeup [10]. Numerous studies
have been dedicated to refining micropropagation protocols for lavender, revealing that
shoot proliferation increases in initial subcultures but declines in subsequent ones [11,12].
Elicitor compounds such as jasmonic and salicylic acid, integrated into the culture medium,
have positively impacted the growth and biochemical composition of in vitro propagated
lavender [10]. These elicitors effectively enhance the production of secondary metabolites,
including the essential oils distinctive to lavender, which find versatile applications in
the pharmaceutical, cosmetic, and food industries [13]. Meristem culture is employed
in lavender micropropagation, utilizing apical meristem or axillary buds as explants for
injtiation [14]. Shoot multiplication is achieved by forming adventitious roots [9], which is
a crucial step in facilitating the successful acclimatization and establishment of micropropa-
gated lavender plants under field conditions [15]. Incorporating calcium into the culture
medium has been instrumental in addressing issues such as hyperhydricity and shoot-tip
necrosis, familiar challenges encountered during lavender micropropagation [16].
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In addition to protocol optimization, research endeavors have aimed to characterize
micropropagated lavender plants. Studies have revealed distinctions in the essential oil
composition between in vitro propagated lavender and field-grown counterparts, con-
tributing to heightened antioxidant and antimicrobial activities in micropropagated plants.
These essential oils have also been scrutinized for potential applications in cosmetic formu-
lations [13]. Furthermore, micropropagation techniques offer a means for preserving and
conserving lavender germplasm. As lavender remains a sought-after ornamental crop, effi-
cient in vitro propagation methods are essential to mitigate the overexploitation of natural
populations [17,18]. Micropropagation facilitates the rapid multiplication and preservation
of elite lavender cultivars and presents opportunities for creating novel forms and estab-
lishing clonal micropropagation systems [19]. In summation, micropropagation emerges
as a valuable tool in the mass production, conservation, and enhancement of lavender
plants. The refinement of culture media, the application of elicitors, and the comprehensive
characterization of micropropagated plants collectively contribute to the successful integra-
tion of this technique into lavender production. Micropropagation presents a sustainable
and efficient means of propagating lavender, ensuring a consistent supply of high-quality
plants for diverse industries and safeguarding lavender germplasm for future generations.

Machine learning (ML) represents the application of data science techniques to ad-
dress intricate challenges across various scientific domains. However, the utilization of ML
methodologies in the context of plant and agricultural sciences is relatively constrained
compared with their extensive deployment in other scientific domains [20]. However,
as explained by some researchers, they have demonstrated remarkable success in var-
ious areas of plant science, including plant breeding [21]. Artificial neural networks
(ANNSs) represent a category of nonlinear computational techniques employed for var-
ious purposes, including grouping data, making predictions, and categorizing intricate
systems [22,23]. ANNs can uncover the connections between output and input variables
and the underlying insights within datasets without relying on prior physical assumptions
or considerations [24]. ANN has played a significant role in various plant sciences, in-
cluding in vitro germination, regeneration studies, in vitro mutagenesis, and plant system
biology [24-29]. This study employed four distinct machine learning models—multilayer
perceptron (MLP), radial basis function (RBF), Gaussian process (GP), and extreme gradient
boosting (XGBoost)—each with its unique strengths and capacity to capture complex rela-
tionships within the data. MLP uses a supervised training process in which the input and
output variables are provided as part of the training set. RBF uses the Euclidean distance
between each neuron’s center and the input as the main input to the neuron’s transfer
function. GP calculates the likelihood that the input samples belong to a specific class and
functions as a nonparametric classifier for binary datasets. Its main advantage is that it
works effectively with small datasets, simultaneously providing consistency, precision,
and ease of calculation [20]. XGBoost is adept at learning from errors and progressively
decreasing the error rate over multiple rounds [27]. The combined use of these models
reflects a deliberate effort to utilize a diverse set of machine learning techniques, enhancing
the ability of the study to understand the intricate relationships in the dataset involving
lavender genotypes, micropropagation, and rooting efficiency.

This study is strategically positioned to contribute to the global interest in lavender
cultivation by advancing micropropagation techniques. The overarching goal is to elevate
the quality of propagated plants and advocate for sustainable cultivation practices. This
study pursued multifaceted objectives, including exploring diverse lavender genotypes,
optimizing culture media components, assessing plant growth regulators, and successfully
acclimatizing micropropagated plants to external conditions. This study aims to integrate
artificial neural network (ANN) analysis and machine learning approaches to enhance the
research scope. Computational techniques have been used to model and predict the effects
of various culture media components and plant growth regulators on micropropagation
quality. Additionally, they analyze and optimize lavender genotype characteristics, ulti-
mately improving the successful acclimatization of micropropagated plants to external
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conditions. These advanced tools enhance our understanding and augment our predictive
capabilities in lavender cultivation. The study aspires to contribute to sustainable and
productive farming methods in lavender cultivation through this comprehensive approach.
By achieving these goals, this research aims to provide valuable insights and practical
recommendations for lavender growers and enthusiasts seeking to meet the demands of the
lavender industry while conserving valuable genetic resources and ensuring the long-term
sustainability of lavender cultivation.

2. Materials and Methods
2.1. Plant Material

Derived from a preceding thesis study conducted by Dalda Sekerci [6], the current
research harnessed the potential of four discrete lavender genotypes (160, 175, 183, and
198), distinguished by their exceptional attributes of plant characteristics, essential oil
content, and antioxidant capacity. These plant materials were generated through seed
segregation populations, a methodology meticulously detailed by Dalda Sekerci [6] in the
study mentioned above.

2.2. Plant Tissue Culture Works
2.2.1. Sterilization of Shoot Tips

Before being introduced into the culture, the shoot tips were thoroughly sterilized.
Initially, the shoot tips were rinsed with tap water for ten minutes. Subsequently, they
were immersed in a 70% ethyl alcohol solution for four minutes and then submerged in a
10% sodium hypochlorite solution for two minutes. The shoot tips were meticulously rinsed
three times with sterile distilled water within a sterile laminar flow cabinet to eliminate
residual sterilizing agents.

2.2.2. Micropropagation

Following the sterilization procedure, the shoot tips were placed into an MS [30]
nutrient medium supplemented with various concentrations of BAP (0, 0.5, 1, and 2 mg/L),
in addition to 8 g/L agar. All media were repeated with and without 2 g/L AC. The plants
were maintained under controlled conditions, including a temperature of 25 £ 2 °C and
photoperiod of 16/8 h (light/dark). Subculturing of the plants was performed at four-week
intervals, with three subcultures being conducted throughout the experiments.

2.2.3. In Vitro Rooting

In vitro rooting trials were conducted using MS nutrient media supplemented with
varying concentrations of IBA (0, 0.5, 1, and 2 mg/L), along with 8 g/L agar. All media
were repeated with and without 2 g/L AC. The plants were maintained under controlled
conditions at a constant temperature of 25 + 2 °C and a photoperiod of 16/8 h (light/dark).
The plants remained in the solid media for four weeks.

2.3. Acclimatization of Plants to External Conditions

Before transferring the rooted plants to external conditions, the lids of the culture plates
were progressively opened to facilitate a pre-acclimatization phase within the laboratory.
Subsequently, the plants were transplanted into vials filled with a sterile mixture of peat
and perlite at a 1:1 ratio within a controlled greenhouse environment. The plantlets
derived from various lavender genotypes and culture media were carefully monitored in
separate vials under the shelter of a small mini tunnel to ensure a gradual adjustment to
external conditions.

2.4. Experimental Design, Statistical Analyses, and Investigated Characteristics

The tissue culture experiments were executed following a factorial design with three
replications. Fifteen shoot tips were used for each lavender genotype within the solid
culture. In the context of micropropagation, parameters such as multiplication coefficient
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and plant height (in centimeters) were recorded. In the in vitro rooting trials, variables
encompassing rooting ratio (%), number of roots, and root length were quantified four
weeks after culture initiation. Statistical analysis of the experimental data was conducted
using JMP 5.01. Percentage (%) values underwent arcsine transformation to meet the
assumptions of the statistical tests. Significance among means was determined through
the least significant difference (LSD) test, with multiple comparison tests applied at a
5% significance level.

2.5. Modeling Procedure

In this study, two well-established artificial neural networks (ANNSs) (multilayer per-
ceptron (MLP) and radial basis function (RBF)) and two machine learning (ML) algorithms
(Gaussian process (GP) and extreme gradient boosting (XGBoost)) were utilized for the
modeling and prediction of micropropagation and rooting efficiency of diverse lavender
genotypes through activated carbon and plant growth regulators. The dataset was divided
into training and testing subsets with a five-fold cross-validation approach with 20 repeti-
tions to rigorously assess the predictive performance of the ANNs. However, no repetitions
were used in the ML algorithms (XGBoost and GP).

The input variables encompassed four distinct genotypes, and 2 g/L AC and four
different concentrations of BAP were used as input variables. In contrast, the target
(output) variables comprised micropropagation rate, plant height, number of roots, and
root length. R programming language was used for coding with the aid of the Caret and
Kernlab packages.

The evaluation and comparison of the effectiveness and precision of the ANNs were ex-
ecuted through the utilization of various metrics, including the coefficient of determination
(R?), which estimates the strength of the relationship between the model and dependent
variable; root mean square error (RMSE), an indicator of how closely the regression line
aligns with the observed data points; and mean absolute error (MAE), which measures the
average amount of error between the observed and predicted values (Equations (1)—(3)).
These metrics offer a comprehensive assessment of the performance of ANNs in modeling
and predicting the micropropagation and rooting efficiency of diverse lavender genotypes
through activated carbon and plant growth regulators.

R2 =1— ?:1 (Yl — Yi>2 (1)

?:1 (Yz - Y)Z

(5 - v2)
RMSE = )
n
. .
MAE:%ZW:'—YJ ®3)
i=1

While Y; = actual value and Y; = predicted value, lN/ = mean of the actual values and
n = sample count.

2.5.1. Multilayer Perceptron (MLP) Model

The multilayer perceptron (MLP), recognized as one of the foremost artificial neural
networks (ANNSs), is structured with multiple layers, comprising at least one hidden layer
in addition to an input layer and an output layer, as depicted in Figure 1a. MLP employs a
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supervised training procedure in which it is presented with both input and output variables
as part of the training set. The training process persists until Equation (4) is minimized.

12 N
E:EZ(%_%) 4)
n=1
Input Layer

output Layer

output Layer

(b)
Figure 1. ANN models; (a) multilayer perceptron, (b) radial basis function.

In Equation (4), n is the number of observations, ys is the sth observation variable, and

Y, is the sth of predicted variable.

To calculate the predicted value y in the multilayer perceptron (MLP), which has a
hidden layer with p neurons and k output variables, the following equation is applied.

. p k
y=f Y wji.g () wjixi+wj) +wo (5)
=1 i=1

In Equation (5), x; represents the ith output variable, w; corresponds to the weighted
input data entering the jth hidden neuron, f is the activation function applied to the output
neuron, wj; signifies the weight associated with the direct connection from input neuron i
to hidden neuron j, wjo represents the bias specific to the jth neuron, w, represents the bias
linked to the output neuron, and g is the activation function utilized for the hidden neuron.

2.5.2. Radial Basis Function

The radial basis function (RBF) network is a three-layer artificial neural network
comprising an input layer, hidden layer, and output layer (Figure 1b). It uses the Euclidean
distance between each neuron’s center and input as the primary input to the transfer
function of the neuron. The equations that define the Gaussian function, a well-known
transfer function in RBF, are as follows:

f=(X,Xp) = o~ l1Xr—Xp][%0.8326 /1) ©)

X, Xp, and h are input with unknown output, observed inputs in time b, and spread,
respectively.
The dependent variable (Y;) by predictor X; is calculated as follows:

Y, =) wy < f(Xr, Xp) + wo @)
=1
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2.5.3. Extreme Gradient Boosting (XGBoost) Model

Chen and Guestrin [31] created the XGBoost algorithm, a potent tool for handling
regression and classification issues. It belongs to the gradient boosting decision tree class
and is renowned for its outstanding performance and speed. In a gradient boosting
framework, XGBoost is particularly good at learning from mistakes and gradually lowering
the error rate over several rounds.

D
yi=F(x)= Y falx;), fa€F, i=1,...,n ®)
(=)
L ~(j-1)
Lj= ;l(yi, y o+ i) +Qf) )

The XGBoost iterative model is displayed in Equation (9), while the XGBoost objective
function is indicated in Equation (8).

2.5.4. Gaussian Process (GP) Model

The supervised learning GP model extends the Gaussian probability distribution to
explain random variable spread, which helps with classification and regression problems.
It computes the likelihood that input samples will fall into a certain class and functions as a
nonparametric classifier for binary datasets [32]. Its main benefit is that it works well with
tiny datasets, offering consistency, precision, and ease of calculation simultaneously [33].
The derivation of the procedure for each input (x) and matching output (y) is shown in
Equation (10).

yi=f(xi) +e (10)

3. Results
3.1. Micropropagation

Shoot tips of four different lavender genotypes (obtained through seed segregation
populations, a methodology meticulously detailed by Dalda $Sekerci [6]) were cultured
in growth media with 0.5, 1, and 2 mg/L BAP, both with and without activated charcoal
(AC). The multiplication coefficient and plant height (cm) of the resulting plantlets were
measured, and the results are shown in Figure 2.

Figure 2 shows the multiplication rate of genotype 160 for each medium condition
with respect to the multiplication coefficient and plant height. It demonstrates how quickly
the genotype spreads. While lower values indicate a slower rate of multiplication, higher
values indicate a faster rate. Genotype 160 was cultivated at a rate of 2.78 in a growth
medium containing 1 mg/L BAP without AC, resulting in the maximum multiplication rate.
Additionally, 0.5 mg/L BAP without AC demonstrated a high rate of 2.71 multiplication.
The lowest multiplication rate, on the other hand, was 1.42 under 0.5 mg/L BAP with
2 g/L AC. The best results in terms of plant height were obtained with 1 mg/L BAP and
2 g/L AC, yielding 4.57 and 4.42, respectively. The media displayed the lowest 2.60 sans
BAP and AC (Figure 2).

Our research concentrated on genotype 175 and evaluated its plant height and rate
of multiplication in various growth environments (Figure 3). The genotype multiplied
at a rate of 2.57 when grown in a medium containing 1 mg/L BAP without AC. Under
1 mg/L BAP without AC, a remarkable multiplication rate of 2.53 was also noted. In
contrast, the absence of BAP and AC resulted in the lowest multiplication rate (1.28),
indicating a less favorable environment for growth (Figure 3). The most notable plant
heights, which reached 4.00, were attained under circumstances with 0 mg/L BAP and
2 g/L AC. On the other hand, the lowest plant height of 2.35 was found in media devoid of
both BAP and AC, indicating that the absence of these growth-promoting elements led to a
decrease in plant height (Figure 3).
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Figure 4 shows the results of our investigation into the multiplication rate and plant
height of genotype 183. When grown in a medium with 1 mg/L BAP and 2 g/L AC, the
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genotype showed the most significant multiplication rate of 4.21, as shown in Figure 4. The
settings without BAP and with 2 g/L AC had the lowest multiplication rate, 1.42, indicating
an unfavorable growing environment.
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Figure 4. Multiplication rate and plant height for genotype 183. Lowercase letters display the
interactions between BAP and AC, uppercase letters display the averages of BAP and AC separately.

Continuing to Figure 4, the conditions combining 1 mg/L BAP and 2 g/L AC resulted
in a plant height of 4.01, the most significant for genotype 183. In contrast, the media
lacking BAP and AC resulted in the lowest plant height, 2.71 inches. These observations
clarify the growth traits of genotype 183 under various growing settings.

We measured plant height and multiplication rate of genotype 198 under various
growth conditions. Notably, genotype 198 was cultured in a growth medium containing
1 mg/L BAP, both with and without AC, and the maximum multiplication rate of 4.21 was
obtained. In contrast, genotype 198 was cultured in media containing 0 mg/L BAP and
0g/L AC, which resulted in the lowest multiplication rate of 1.17, indicating a less favorable
environment for growth (Figure 5).

The best results in terms of plant height were obtained under circumstances with the
mixture of 1 mg/L BAP and 2 g/L AC, resulting in a plant height of 4.50. The lowest plant
height, 2.60, was observed in medium conditions lacking BAP and AC (Figure 5).

3.2. In Vitro Rooting

In vitro rooting tests on lavender genotype 160 produced the best rooting ratio (85.71%)
when 1 mg/L IBA was combined with 2 g/L AC. Meanwhile, 0.5 g/L achieved without
AC had the lowest value (42%) (Table 1).

Table 1. Rooting percentage (%) of genotype 160.

AC IBA Free 0.5mg/LIBA  1mg/LIBA 2mg/LBAP  AC Average
2g/LAC 57.14 (51.42)  71.42(64.28) 8571 (77.14)  71.42(64.28)  71.42(64.28)
AC free 57.14 (51.42)  42.85(38.57) 57.14(51.42)  71.42(64.28) 51.14(51.42)

IBA average  57.14 (51.42)  57.14 (51.42) 7142 (64.28)  71.42 (64.28)

LSDac: N.S., LSDiga: N.S., LSDac#a: N.S., N.S., not significant. Percentages were subjected to angle transforma-
tion, and these values are presented in parentheses.
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Figure 5. Multiplication rate and plant height for genotype 198. Lowercase letters display the
interactions between BAP and AC, uppercase letters display the averages of BAP and AC separately.

A thorough investigation was performed using the table that shows genotype 160’s
root length and root count under various IBA (indole-3-butyric acid) and AC (active carbon)
conditions. The growth medium containing 1 mg/L IBA and 2 g/L AC had the most
significant average root number (2.28). However, when the growing medium contained
0.5 mg/L IBA without AC, the lowest average root number, 0.92, was discovered.

When the growth medium contained 1 mg/L IBA and 2 g/L AC, the root length
average was the greatest, reaching 3.12. On the other hand, the lowest average root length,
1.17, was found in circumstances with 0.5 mg/L IBA and no AC. These findings highlight
how sensitive root development is to different IBA concentrations and the presence or
absence of AC, and they provide essential information for maximizing root characteristics
in the study setting (Table 2).

Table 2. Number of roots and root lengths (cm) of genotype 160.

AC IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average
No. Root No. Root No. Root No. Root No. Root
of Roots Length of Roots Length of Roots Length of Roots Length of Roots Length
2g/LAC 1.28 1.64 1.64 2.15 2.28 3.12 1.64 247 171 2.35A
AC free 142 1.82 0.92 117 142 1.53 1.35 2.17 1.28 1.67B
IBA average 1.35 1.73 1.28 1.66 1.85 2.32 1.50 2.32

No. of roots: LSDac: N.S., LSDiga: N.S., LSDac#Ba: N.S.; root length: LSDA(:0.55, LSDiga: N.S., LSDac#a: N.S.;
N.S., not significant.

During rooting tests on lavender genotype 175 plants, it was found that exposure to
growth media containing 1 mg/L and 2 mg/L IBA without AC resulted in the highest
rooting ratio (85.71%) (Table 3). On the other hand, when genotype 175 was exposed to a
condition of media without IBA and AC, the least advantageous rooting ratio (32.14%) was
observed, indicating a less suitable environment for root production.

When the growing medium contained 1 mg/L IBA and 2 g/L AC, the genotype 175’s
average root number, which stood at 2.14, was the greatest. The growth medium with
0 mg/L IBA and 2 g/L AC had the lowest average root number, measuring 0.50. The most
significant average was attained in the root length when the growth medium contained
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1 mg/L IBA and 2 g/L AC, reaching 2.64. In contrast, the conditions with 0 mg/L IBA
and 2 g/L AC had the lowest average root length, 0.46. These data also demonstrate root
development’s sensitivity to different IBA concentrations and the presence or absence of
AC, providing vital information for improving root features in the study setting (Table 4).

Table 3. Rooting percentage (%) of genotype 175.

AC IBA Free 0.5 mg/L IBA 1mg/L IBA 2 mg/L BAP AC Average
2g/L AC 28.57 (25.71) 42.85 (38.57) 78.57 (70.71) 50.00 (45.00) 50.00 (45.00)
AC free 35.71 (32.14) 64.28 (57.85) 85.71 (77.14) 85.71 (77.14) 67.85 (61.07)
IBA average 32.14C (28.92) 53.57BC (48.21) 82.14A (73.92) 67.85AB (61.07)
LSDac: N.S., LSDyga: 21.93, LSDac#a: N.S.; N.S., not significant. Percentages were subjected to angle transfor-
mation, and these values are presented in parentheses.
Table 4. Number of roots and root lengths (cm) of genotype 175.
IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average
AC No. Root No. Root No. Root No. Root No. Root
of Roots Length of Roots Length of Roots Length of Roots Length of Roots Length
2¢g/LAC 0.50 0.46 0.85 1.03 2.14 2.64 1.14 1.60 1.16 1.43
AC free 0.57 0.85 1.28 1.85 1.85 241 1.78 2.54 1.37 191
IBA average 0.53C 0.66C 1.07BC 1.44B 2.00A 2.52A 1.46AB 2.07AB
No. of roots: LSDac: N.S., LSDiga: 0.58; root length: LSDac#a: N.S., LSDac: N.S., LSDipa:0.70, LSDac#Ba: N.S.
N.S., not significant.

In the context of rooting studies performed on lavender genotype 183, it was apparent
that the genotype was grown in a growth medium containing 1 mg/L IBA and 2 g/L AC,
which resulted in the genotype achieving the maximum rooting ratio (100%) (Table 5). On
the other hand, genotype 175, subjected to a condition without IBA or AC in the growth
medium, showed the lowest rooting ratio (10.71%), indicating a less favorable environment
for root production.

Table 5. Rooting percentage (%) of genotype 183.
AC IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average
2g/L AC 14.28(19.28) 64.28(55.38) 100 (90.00) 78.57(70.71) 64.28A (59.46)
AC free 7.14(—0.00) 57.14(51.38) 85.71(77.14) 69.23(57.85) 54.80B (45.98)
IBA average 10.71C (9.64) 60.71B (54.64) 92.85A (83.57) 73.90B (63.05)
LSDc: 13.42, LSDipa:18.88, LSDac#Ba: N.S. N.S., not significant. Percentages were subjected to angle transfor-
mation, and these values are presented in parentheses.

The highest average root number in genotype 183, 3.50, was found when the growing
medium contained 1 mg/L IBA, as shown in Table 6. Instead, when IBA and AC were
absent from the growth media, the lowest average root number—measuring 0.50—was
observed. Additionally, when 1 mg/L IBA and 2 g/L AC were used as the growth medium,
the average root length increased, reaching 4.07. Conversely, the absence of IBA and AC
led to the lowest average root length, recorded at 0.21.

Table 6. Number of roots and root lengths (cm) of genotype 183.
AC IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average
No. Root No. Root No. Root No. Root No. Root
of Roots Length of Roots Length of Roots Length of Roots Length of Roots Length
2¢g/LAC 0.21 0.35 1.35 1.71 3.42 4.07 1.57 2.34 1.64 212
AC free 0.14 0.21 1.71 1.76 2.71 2.93 1.76 2.06 1.58 1.74
IBA average 0.17C 0.28C 1.53B 1.73B 3.07A 3.50A 1.67B 2.20B

No. of roots: LSDac: N.S., LSDypa: 0.58, LSDacspa: N.S.; root length: LSDac: N.S., LSD'BA: 0.60, LSDsc+pa: N.S.
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In trials using the lavender genotype 198, it was discovered that the rooting medium
containing 1 mg/L IBA, with or without 2 g/L AC, produced the genotype’s best rooting
ratio, which reached 100% (Table 7). The genotype 198 conditions, which lacked both IBA
and AC in the growth medium, resulted in the least advantageous rooting ratio, 14.28%,
indicating a less favorable environment for root development.

Table 7. Rooting percentage (%) of genotype 198.

AC IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average

2g/LAC 21.42 (19.28) 78.57 (70.71) 100 (90.00) 85.71 (77.14) 71.42 (64.28)

AC free 14.28 (12.85) 78.57 (70.71) 100 (90.00) 85.71 (77.14) 69.64 (62.67)
IBA average 17.85C (16.07) 78.57B (70.71) 100AB (90.00) 85.71AB (77.14)

LSDac: N.S., LSDipa: 16.34, LSDac#a: N.S. N.S., not significant. Percentages were subjected to angle transfor-
mation, and these values are presented in parentheses.

Regarding root length, the circumstances with 1 mg/L IBA and 2 g/L AC resulted
in the most significant average, reaching 4.61, emphasizing the beneficial effects of this
combination on root growth. The lowest average root length was found at 0.20 when both
IBA and AC were absent, highlighting root development’s difficulties in such circumstances
(Table 8).

Table 8. Number of roots and root lengths (cm) of genotype 198.

AC IBA Free 0.5 mg/L IBA 1 mg/L IBA 2 mg/L BAP AC Average
No. Root No. Root No. Root No. Root No. Root
of Roots Length of Roots Length of Roots Length of Roots Length of Roots Length
2g/LAC 0.50 0.83 1.92 2.35 3.92 4.61 2.00 2.67 2.08 2.61
AC free 0.21 0.20 2.28 2.88 3.85 411 2.14 2.68 2.12 2.47
IBA average 0.35C 0.52C 2.10B 2.62B 3.98A 4.36A 2.07B 2.67B
No. of roots: LSDac: N.S., LSDyga: 0.59, LSDac#a: N.S., Root length: LSDac: N.S., LSDiga: 0.67, LSDac#a: N.S.
N.S., not significant.

The effect of different mediums, both with and without AC, on rooting is illustrated in
Figure 6.

Figure 6. (A): 160 MS + 1 mg/L BAP, (B): 175 MS + 0.5 mg/L BAP + 2 g/L AC, (C): 183 MS+2 g/L AC,
(D): 198 MS + 1 mg/L BAP+2 g/L AC, (E): 183 MS + 1 mg/LIBA + 2 g/L AC, (F): 198 MS + 1 mg/L
IBA, (G): 175 MS + 0.5 mg/L IBA, (H): 160 MS + 2 mg/L IBA.
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3.3. Machine Learning and Artificial Neural Network Analysis

Enhancing the rooting effectiveness and micropropagation of several lavender geno-
types is essential. Applying contemporary techniques, such as artificial neural network
(ANN) analyses and machine learning (ML), has provided encouraging opportunities for
improving agricultural methods. Using these cutting-edge computational tools to pre-
dict, optimize, and fine-tune the desired goals with fewer errors and experimental efforts
is possible.

Our findings were exposed to ANN analysis utilizing the MLP, RBF, and ML al-
gorithms using XGBoost and GP. The results were validated and forecast using three
performance measures (RMSE, R?, and MAE).

In the comparative evaluation of different machine learning models and their perfor-
mance metrics for various plant characteristics, the R? values in the MLP model ranged
from 0.24 to 0.85. The highest R? was observed for root length (2 = 0.85), while the lowest
was for plant height (2 = 0.24). The mean absolute error (MAE) values were generally
low, with the number of roots displaying the lowest MAE (0.41). Root mean square error
(RMSE) values varied from 0.64 to 1.08, with plant height recording the highest RMSE
value and the lowest number of roots. For the RBF model, R? values ranged from 0.42 to
0.80, with the highest R? observed for root length (> = 0.80) and the lowest for plant height
(r? = 0.42). The MAE values also exhibited generally low levels (0.46 to 0.72), while plant
height registered the highest RMSE value, and number of roots achieved the minimum
RMSE. For the XGBoost model, R? values ranged from 0.46 to 0.87, with the highest R?
in root length (r* = 0.87) and the lowest in plant height (r* = 0.46). The MAE values were
generally low (0.40 to 0.75), micropropagation rate exhibited the highest RMSE value, and
root length displayed the lowest RMSE. For the GP model, R? values ranged from 0.42
to 0.84, with the highest R? observed for root length (2 = 0.84) and the lowest for plant
height (r? = 0.42). The MAE values for the GP model were generally low (0.43 to 0.77), and
the highest RMSE value was attributed to micropropagation rate. At the same time, the
number of roots revealed the minimum RMSE (Table 9).

Table 9. Assessment metrics for the ML and ANN models.

Models RMSE R? MAE

MLP 1.08 0.24 0.88

. RBF 0.88 0.42 0.72

Plant height XGBoost 0.84 0.46 0.66
GP 0.87 0.42 0.70

MLP 0.92 0.57 0.71

Micropropagation rate RBF 0.98 0.55 0.70
XGBoost 0.98 0.51 0.75

GP 1.00 0.48 0.77

MLP 0.64 0.81 0.41

RBF 0.68 0.79 0.46

Number of roots XGBoost 0.65 0.80 0.43
GP 0.66 0.80 0.43

MLP 0.67 0.85 0.45

RBF 0.78 0.80 0.54

Root length XGBoost 0.63 0.87 0.40
GP 0.74 0.84 0.60

ANN: artificial neural network; ML: machine learning; MLP: multilayer perceptron; RBF: radial basis function;
XGBoost: extreme gradient boost; GP: Gaussian process, RZ: coefficient of determination; MAE: mean absolute
error; RMSE: root mean square.

Figures 7-10 illustrate the distribution of actual and predicted values for each model,
capturing the analysis conducted on various plant metrics. These findings contribute to
understanding the predictive capacities and respective performances of the employed
models in assessing different plant characteristics.
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Figure 7. Scatterplot actual against predicted values of (a) plant height, (b) micropropagation rate,
(c) number of roots, and (d) root length using MLP model analysis.
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Figure 8. Scatterplot actual against predicted values of (a) plant height, (b) micropropagation rate,
(c) number of roots, and (d) root length using BRF model analysis.
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Figure 9. Scatterplot actual against predicted values of (a) plant height, (b) micropropagation rate,
(c) number of roots, and (d) root length using XGBoost model analysis.
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Figure 10. Scatterplot actual against predicted values of (a) plant height, (b) micropropagation rate,
(c) number of roots, and (d) root length using GP model analysis.

The ML and ANN algorithms’ R? rates for plant height were noted in the follow-
ing order: XGBoost > RBF = GP > MLP. The R? rates of micropropagation were also
MLP > RBF > XGBoost > GP, and number of roots were also ordered as MLP > XGBoost
=GP > BRE. Lastly, the R? rate of root length was ordered as XGBoost > MLP > GP > BRE.

In conclusion, XGBoost seems to outperform the other models, as indicated by the find-
ings. It performed exceptionally well in predicting root length and showed higher R? values,
reduced MAE, and competitive RMSE outcomes across all assessed plant parameters.

4. Discussion

Modern biotechnological methods, including tissue culture techniques, play a crucial
role in enhancing the outcomes of plant breeding efforts. Tissue culture techniques have
evolved into practical tools for developing new cultivars [34]. Among these techniques,
micropropagation has gained significant prominence for its ability to propagate and in-
duce root formation in various plant species rapidly. Tissue culture techniques involve
cultivating plant cells, tissues, or organs in a controlled environment, allowing for precise
control over the growth and development of plants. This technology has opened up new
possibilities for plant breeders to produce superior and genetically uniform plant varieties.
Micropropagation has become a go-to method for clonal propagation, enabling the mass
production of genetically identical plantlets from a single parent plant. This method offers
advantages such as speed, efficiency, and the ability to propagate plants with desirable
traits, such as disease resistance, high yield, or unique characteristics. Furthermore, tissue
culture techniques have revolutionized the rooting process, enabling the formation of roots
in plant cuttings under controlled conditions. This has accelerated the production of healthy
and well-established plants for various agricultural and horticultural purposes [35].

The successful micropropagation of lavender plants hinges on several crucial factors,
including the optimization of culture conditions and the strategic use of growth regulators.
For instance, the incorporation of benzylaminopurine and «-naphthaleneacetic acid in
the culture medium has been demonstrated to enhance the production of multiple shoots
from nodal segment explants, as highlighted in a study by Frabetti et al. [36]. Furthermore,
fine-tuning light conditions, such as employing red filters and eliminating indolebutyric
acid from the growth medium, has been shown to improve the in vitro rooting of lavender
plants, as discussed in research by Rodrigues et al. [37].

In our study, cultivation conditions, specifically the concentrations of benzylaminop-
urine (BAP) and activated charcoal (AC), significantly affected the multiplication rate and
plant height of each genotype. For genotype 160, the highest multiplication rate (2.78) was
achieved under conditions with 1 mg/L BAP without AC, while 0.5 mg/L BAP without
AC also demonstrated a notable rate of 2.71. The lowest multiplication rate (1.42) occurred
under conditions with 0.5 mg/L BAP and 2 g/L AC. Regarding plant height, the optimal
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results were observed with 1 mg/L BAP and 2 g/L AC, yielding heights of 4.57 and 4.42,
respectively. The absence of both BAP and AC resulted in the lowest plant height (2.60).
Genotype 175 exhibited a multiplication rate of 2.57 under 1 mg/L BAP without AC and a
notable rate of 2.53 under the same BAP concentration without AC. The absence of both
BAP and AC led to the lowest multiplication rate (1.28). Plant height reached its maximum
(4.00) under conditions with 0 mg/L BAP and 2 g/L AC, while the lowest height (2.35)
was observed in the absence of both BAP and AC. In the case of genotype 183, the highest
multiplication rate (4.21) was achieved when cultivated with 1 mg/L BAP and 2 g/L AC.

Conversely, the absence of BAP and the presence of 2 g/L AC resulted in the lowest
multiplication rate (1.42). Plant height followed a similar trend, with the most significant
height (4.21) observed under conditions with 1 mg/L BAP and 2 g/L AC, and the lowest
height (2.60) in the absence of both BAP and AC. Finally, for genotype 198, the maximum
multiplication rate (4.21) was attained with 1 mg/L BAP, with and without AC. The lowest
multiplication rate (1.17) was recorded when cultured in media lacking both BAP and AC.
Plant height exhibited a similar pattern, with the best results (4.50) under conditions with a
combination of 1 mg/L BAP and 2 g/L AC, and the lowest height (2.60) in the absence of
both BAP and AC.

These findings underscore the significance of BAP and AC concentrations in the
growth medium in influencing the multiplication rate and plant height of the evaluated
genotypes. These results suggest that a balanced combination of BAP and AC is crucial for
optimizing the growth conditions and overall performance of the studied genotypes.

The findings of our study highlight the significance of leveraging machine learning
(ML) techniques, specifically artificial neural network (ANN) analyses and ML algorithms
such as XGBoost and genetic programming (GP), to enhance the understanding and opti-
mization of in vitro rooting and micropropagation processes in lavender genotypes. Our
results demonstrated the effectiveness of these computational tools in predicting and
optimizing critical parameters related to rooting efficiency and micropropagation suc-
cess. Unlike traditional methods, ML models offer a more efficient and accurate way
of predicting outcomes in the complex and nonlinear biological processes involved in
in vitro rooting.

Using MLP and RBF algorithms in ANN analysis and XGBoost and GP in ML algo-
rithms allowed the prediction and optimization of various plant characteristics, including
root length, plant height, micropropagation rate, and number of roots. The R? values
obtained from the different ML models demonstrated their ability to accurately predict the
studied parameters. XGBoost consistently demonstrated superior performance, exhibiting
higher R? values across most plant characteristics, such as root length, micropropagation
rate, and the number of roots.

The comparative evaluation of R? values indicated that XGBoost outperformed other
models, followed by MLP, RBF, and GP. The mean absolute error (MAE) values, reflecting
the accuracy of predictions, were consistently low across all models, affirming the reliability
of ML techniques in predicting in vitro rooting responses. Root mean square error (RMSE)
values further supported the effectiveness of ML models in minimizing prediction errors.
In the context of lavender micropropagation, XGBoost emerged as the most robust model,
demonstrating its capability to provide accurate predictions with reduced errors. This
suggests that XGBoost is well suited for optimizing in vitro parameters in micropropagation
studies of lavender genotypes.

The comprehensive analysis of different ML models and their performance metrics
strengthens the argument for the practical application of these computational tools in
optimizing plant tissue culture protocols for further scientific investigations and biotech-
nological approaches. In conclusion, our study contributes valuable insights into the
application of ML techniques, emphasizing the superiority of XGBoost in predicting and
optimizing in vitro parameters for lavender micropropagation. Integrating these advanced
computational tools holds promise for streamlining and improving the efficiency of micro-
propagation protocols in lavender and potentially other plant species. Integrating machine
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learning (ML) techniques in plant tissue culture studies has become a pivotal strategy for
optimizing complex in vitro processes.

Drawing inspiration from Jafari et al. [38], who employed a hybrid generalized re-
gression neural network (GRNN) and genetic algorithm (GA) to predict in vitro rooting
responses in Passiflora caerulea, our study extends this approach to lavender genotypes.
We successfully predicted key micropropagation parameters using diverse ML algorithms,
including XGBoost, MLP, RBF, and GP. This aligns with the findings of Demirel et al. [39]
and Aasim et al. [26], where machine learning models, particularly XGBoost, demonstrated
superior performance in optimizing tissue culture conditions for black chokeberry and
predicting outcomes in common bean regeneration, respectively. Furthermore, the study by
Sadat-Hosseini et al. [40] on Persian walnut proliferation, employing MLPNN, KNN, and
gene expression programming (GEP), emphasizes the importance of accurate modeling
for tissue culture media optimization. In our research, we utilized similar ML techniques
(XGBoost, MLP, RBF, GP) for predicting and optimizing in vitro parameters in lavender.

Our findings, particularly the outstanding performance of XGBoost, echo the efficacy
demonstrated by GEP in the Persian walnut study [40], supporting the notion that ML
techniques significantly contribute to the precision and efficiency of tissue culture proto-
cols. The overarching trend observed in these studies, including ours, underscores the
transformative impact of ML in plant tissue culture research. The ability of ML models
to navigate intricate, nonlinear biological processes provides researchers with a powerful
tool for enhancing the accuracy of predictions and optimizing experimental outcomes. As
the field continues to embrace these computational advancements, it is anticipated that
ML will play an increasingly integral role in shaping the future of plant tissue culture stud-
ies, reducing experimental efforts and advancing our understanding of intricate in vitro
processes across diverse plant species.

5. Conclusions

The successful establishment of in vitro micropropagation and rooting protocols for
lavender genotypes, as evidenced by the findings of this study, represents a crucial ad-
vancement in ensuring a robust, year-round, and efficient propagation method for lavender
plants. The significance of these results lies in overcoming the limitations imposed by
seasonal variations and offering a flexible and reliable means for continuous plant propaga-
tion. In addition to these achievements, integrating machine learning (ML) techniques into
the optimization process can further enhance the efficiency of in vitro micropropagation
and rooting protocols for lavender. Machine learning models, such as XGBoost, MLP, RBE,
and GP, have effectively predicted and optimized critical parameters in complex biological
processes, as highlighted in contemporary plant tissue culture studies.

By incorporating ML into the fine-tuning process of specific variables, including cul-
ture media compositions, growth regulators, and activated carbon utilization, we can lever-
age predictive models to identify optimal conditions for lavender micropropagation. The
adaptability of ML models enables a data-driven approach to refining protocols, ensuring
precision in selecting growth conditions tailored to the unique characteristics of lavender
genotypes. This synergy between traditional in vitro techniques and machine learning
advances our understanding of lavender micropropagation and provides a pathway to
achieve higher efficiency and consistency in preserving, breeding, and commercial-scale
production of diverse lavender genotypes.

The continuous and uninterrupted supply of healthy plant material facilitated by these
optimized protocols aligns with the growing demand for lavender plants in various applica-
tions. As future studies delve deeper into the interplay of ML and in vitro techniques, there
is potential for uncovering novel insights and strategies to improve the sustainability and
efficiency of plant propagation methods. The utilization of machine learning in lavender
micropropagation represents a progressive step toward harnessing innovative technologies
for conserving and exploiting genetic resources in agricultural and conservation contexts.
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