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Abstract

:

In vitro rooting as one of the most critical steps of micropropagation is affected by various extrinsic (e.g., medium composition, auxins) and intrinsic factors (e.g., species, explant). In Passiflora species, in vitro adventitious rooting is a difficult, complex, and non-linear process. Since in vitro rooting is a multivariable complex biological process, efficient and reliable computational approaches such as machine learning (ML) are required to model, predict, and optimize this non-linear biological process. Therefore, in the current study, a hybrid of generalized regression neural network (GRNN) and genetic algorithm (GA) was employed to predict in vitro rooting responses (rooting percentage, number of roots, and root length) of Passiflora caerulea based on the optimization of the level of auxins (indole-3-acetic acid (IAA), indolebutyric acid (IBA), and 1-naphthaleneacetic acid (NAA)) and the type of explant (microshoots derived from leaf, node, and internode). Based on the results, the GRNN model was accurate in predicting all in vitro rooting responses of P. caerulea (R2 > 0.92) in either training or testing sets. The result of the validation experiment also showed that there was a negligible difference between the predicted-optimized values and the validated results demonstrating the reliability of the developed GRNN-GA model. Generally, the results of the current study showed that GRNN-GA is a reliable and accurate model to predict and optimize in vitro rooting of P. caerulea.
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1. Introduction


Passiflora caerulea L. (Passifloraceae family) is an evergreen and climbing Passiflora species that is cultivated in tropical and subtropical regions [1,2]. P. caerulea has been widely used in medicinal and horticultural industries due to its edible fruits, beautiful flowers, and valuable secondary metabolites (e.g., phenols, alkaloids, glycosides, flavonoids, and saponins) [3,4]. Different propagation (i.e., sexual and asexual) methods can be used to propagate P. caerulea [5,6]. Although asexual propagation through seeds is the most common approach for the propagation of P. caerulea, a high degree of genetic diversity is the most important problem of this propagation method [7]. On the other hand, asexual propagation through cutting and grafting can result in virus outbreaks [8]. Hence, in vitro propagation has become a reliable and useful method for producing disease-free clonal P. caerulea [2,3].



Plant regeneration is a key character of in vitro propagation, and rhizogenesis (i.e., in vitro adventitious rooting) of microshoots is a critical stage for the success of micropropagation [9,10]. In Passiflora species, in vitro adventitious rooting is a difficult and complex process [8]. The adventitious rooting process is affected by various factors ranging from endogenous levels of biochemical components and genetics (e.g., species and explant) to environmental conditions (e.g., medium composition, carbohydrate sources, plant growth regulators (PGRs) such as auxins, gelling agent, light spectra, light intensity, and temperature) [11] (Figure 1). The conventional analytical techniques for modeling in vitro growth and development are cost and time consuming and sometimes become ineffective because of the existing complex system [12]. To overcome these limitations during the establishment and development of in vitro propagation protocol, new and reliable computational strategies such as machine learning (ML) should be employed [11].



Machine learning as an evolving sub-branch of artificial intelligence (AI) has a great potential to solve a wide range of complex problems in biological systems [13,14,15]. Indeed, ML aims to recognize the pattern within a given dataset and then develop a predictive model based on mathematical rules without specific step-by-step programming [16,17,18]. In the plant tissue culture, different ML algorithms have been recently used for developing and optimizing in vitro propagation protocols in different species such as chrysanthemum [19,20,21,22,23,24], Prunus rootstock [9,25,26], cannabis [27,28,29,30,31], ajowan [32], wheat [33], wallflower [34], chickpea [35], tomato [36], and walnut [37]. The reliability and accuracy of artificial neural networks (ANNs) as one of the most well-known ML have been approved in different in vitro culture studies [11,12]. It has been shown that generalized regression neural network (GRNN) as one of the most powerful of ANNs has more accuracy than other ANNs in modeling and forecasting in vitro culture procedures [28,30,33,38].



In addition to ML, optimization algorithms such as genetic algorithm (GA) can be used for the optimization of in vitro culture systems [9,11]. Several studies have proposed a hybrid of GRNN and GA as a powerful and reliable method for the prediction, modeling, and optimization of in vitro propagation protocols in different species [28,29,30,33]. However, there exists no report on using ML methods on in vitro P. caerulea propagation. Therefore, the objectives of the present study were (i) evaluating the effect of PGRs and type of explant on in vitro adventitious rooting of P. caerulea, (ii) using GRNN for modeling and prediction of in vitro adventitious rooting of P. caerulea, and finally (iii) employing GA as a single-objective evolutionary optimization algorithm to optimize the level of PGRs and explant for in vitro adventitious rooting of P. caerulea.




2. Materials and Methods


2.1. Plant Material, Culture Medium, and Growth Conditions


In the present investigation, in vitro grown microshoots derived from different explants (i.e., leaf, node, internode) were used as initial material for studying the in vitro rooting of P. caerulea. MS [39] along with 0.7% agar and 3% sucrose was used as the basal medium in this study. Different auxins (i.e., indole-3-acetic acid (IAA), indolebutyric acid (IBA), and 1-naphthaleneacetic acid (NAA)) at various concentrations (0, 0.5, 1.0, 2.0 mg/L) were used for studying the rooting of in vitro grown P. caerulea microshoots. Prior to autoclaving for 20 min at 120 °C, the pH of the media was adjusted to 5.8. For each treatment, 30 mL medium was poured into each glass jar.



In vitro rooting experiment was conducted based on a randomized complete block design (three blocks) with sampling (ten samples) with the factorial arrangement including two factors (i.e., explants and auxins). Each glass jar contained one microshoot. All glass jars were kept in the growth chamber at 25 ± 2 °C under 16 h photoperiod with 45 ± 4 μmol m−2 s−1 light intensity.




2.2. Modeling Procedures


In the current study, GRNN was employed to model and predict in vitro rooting of P. caerulea. Before using the GRNN model, Box-Cox transformation was applied to normalize the data (Figure 2).



To detect outliers, principal component analysis (PCA) was used; however, no outlier was identified. Different auxins (IBA, IAA, and NAA) and explants (i.e., in vitro grown microshoots derived from different explants including leaf, node, internode) were selected as input variables, while rooting percentage, number of roots, and root length were considered target (output) variables (Figure 3). Additionally, 75% and 25% of dataset were, respectively considered for training and testing sets.



To evaluate the efficiency and accuracy of the models, root mean square error (RMSE), R2 (coefficient of determination), and mean absolute percentage error (MAPE) were employed.




2.3. Sensitivity Analysis


Sensitivity analysis was performed to detect the importance degree of NAA, IBA, IAA, and explants on in vitro rooting of P. caerulea. The sensitivity of these parameters was calculated by the criteria including variable sensitivity error (VSE) value showing the RMSE of GRNN model when that input variable is removed from the model. Variable sensitivity ratio (VSR) value was calculated as ratio of VSE and GRNN model error (RMSE value) when all input variables are available. A higher important variable in the model was determined by higher VSR.



MATLAB (R2018b, The MathWorks Inc., Natick, MA, USA) software was employed for writing all the codes.




2.4. Optimization Process via Genetic Algorithm (GA)


GA as a single-objective evolutionary optimization algorithm was used for finding the appropriate concentrations of auxins (IBA, IAA, and NAA) and type of explant (leaf, node, internode) to obtain the highest in vitro rooting responses (rooting percentage, number of roots, and root length). The upper bound and lower bound of the dataset were considered as constraints, and the point with the highest value for each studied in vitro rooting response was recognized as the optimal solution. Roulette wheel as a selection function, 2-point crossover function, and the uniform of mutation function were considered during the optimization process. The crossover rate, generation number, initial population, and mutation rate were, respectively set to 0.7, 1000, 200, and 0.04 to obtain the best fitness (Figure 4).




2.5. Validation Experiment


To confirm the efficiency and reliability of the developed model (GRNN-GA), the predicted-optimized outcomes for in vitro rooting responses (rooting percentage, number of roots, and root length) were experimentally tested with 3 replications and each replication contained 10 microshoots.





3. Results


3.1. Effect of Type and Concentration of Auxins as Well as Type of Explants on In Vitro Rooting of P. caerulea


In the present investigation, the effect of different types (IBA, NAA, IAA) and concentrations (0, 0.5, 1, and 2 mg/L) of auxins were investigated on in vitro rooting of P. caerulea. Based on Table 1, various in vitro rooting responses were examined in different combinations of auxins as well as type of explant. Based on our results (Table 1), there exists no in vitro rooting in the medium without auxins. Instead, the microshoots-derived from different explants were elongated due to cell elongation and microshoot growth. However, the presence of 1 mg/L IBA in the medium resulted in the maximum (90%) rooting percentage in microshoots derived from leaf and node explants (Table 1). Additionally, 1 mg/L IBA led to the highest root number (9.83 ± 0.088) in microshoots derived from leaf explant (Table 1). Moreover, the highest root length (5.87 ± 0.033 cm) was obtained from either leaf or node explants cultured in MS medium containing 1 mg/L NAA (Table 1). Generally, IAA resulted in the minimum in vitro rooting responses of P. caerulea (Table 1).




3.2. The Efficiency of GRNN in Modeling and Predicting In Vitro Rooting of P. caerulea


In the current study, GRNN as one of the most well-known ANNs was applied to model and predict in vitro rooting responses of P. caerulea to various types of explants and auxins (NAA, IBA, IAA).



To assess the accuracy and efficiency of the developed GRNN models, different performance criteria including R2, RMSE, and MAPE were applied. As can be seen in Table 2, the GRNN model was accurate in predicting all in vitro rooting responses of P. caerulea including rooting percentage (R2 > 0.93), root number (R2 > 0.92), and root length (R2 > 95) in either training or testing sets.



Moreover, the correlations between observed and predicted data demonstrated a good fit for the developed models (Figure 5).




3.3. The Importance of Input Variables in In Vitro Rooting of P. caerulea


Sensitivity analysis was performed to rank the importance of each input variable. Based on the results (Table 3), IBA > NAA > IAA > explant was ranked for both rooting percentage and root number. However, for root length, NAA was the most important parameter followed by IBA, IAA, and explant, respectively (Table 3).




3.4. Application of GRNN-GA for Determining the Optimal Concentration of Auxin as Well as the Type of Explant to Maximize In Vitro Rooting of P. caerulea


To determine the optimal level of auxins as well as the type of explant, the developed GRNN model was linked to GA. Based on the GRNN-GA results (Table 4), the highest rooting percentage (90%) can be obtained from leaf explants cultured in MS medium supplemented with 0.64 mg/L IBA plus 0.33 mg/L NAA plus 0.15 mg/L IAA. Additionally, the maximum root number (9.83) would be obtained from leaf explants cultured in MS medium supplemented with 0.57 mg/L IBA plus 0.23 mg/L NAA plus 0.19 mg/L IAA (Table 4). Moreover, the highest root length (5.81 cm) can be obtained from leaf explants cultured in MS medium supplemented with 0.39 mg/L IBA plus 0.82 mg/L NAA plus 0.24 mg/L IAA (Table 4).



To confirm the reliability of the developed GRNN-GA, the predicted-optimized results for in vitro rooting responses of P. caerulea (rooting percentage, root number, and root length) were experimentally tested. The result of the validation experiment (Table 4) showed that there were no significant differences between the predicted-optimized values and the validated results.





4. Discussion


In vitro rooting is one of the most critical stages in the establishment of micropropagation protocols [9]. Since in vitro rooting is a multivariable biological process that is influenced by extrinsic (e.g., medium composition and PGRs) and intrinsic (e.g., species and explant) factors, ML methods are well-fitted to accurately model and predict in vitro rooting outcomes [11]. Among intrinsic and extrinsic factors, the type of explant as well as type and concentration of PGRs play an important role in rhizogenesis and directly impact the growth of in vitro-grown plantlets [8]. Hence, in the present investigation, the effect of various levels of auxins (IBA, NAA, and IAA) and different types of explants (leaf, node, internode) on in vitro rooting of P. caerulea by using a hybrid of GRNN and GA was studied.



Our results showed that GRNN had a great performance in modeling and predicting in vitro rooting of P. caerulea. In line with our results, previous studies have approved the efficiency and accuracy of GRNN in different in vitro culture stages such as in vitro shoot growth and development [28], plant regeneration [33], in vitro seed germination [30], and in vitro secondary metabolite production [38]. The GRNN is a kind of regression tool and also a probabilistic neural network with a dynamic network structure which was developed by Specht [40]. GRNN can effectively model non-linear systems (e.g., in vitro culture systems) due to its high robustness, high fault tolerance, simplicity of network structure, and strong non-linear mapping capability [41,42]. Hence, GRNN has been widely employed in different fields such as wind speed forecasting [43], exchange rates forecasting [44], medicinal chemistry [45], batch processes [46], and pattern recognition [47].



To find the optimal level of auxins and type of explant in in vitro rooting of P. caerulea, a GA was linked to the GRNN. GA as a search algorithm is a single objective evolutionary optimization algorithm that is inspired by natural selection and genetics concepts [11]. The basic concepts of GA are the generation of the initial population to search for possible solutions and then for elite solutions which are employed for crossover by using selection methods (e.g., tournament and roulette wheel), which will finally choose the best solution among possible elites [28]. The result of the validation experiment of the current study also showed that there was a negligible difference between the predicted-optimized values and the validated results demonstrating the reliability of the developed GRNN-GA model. In line with our results, previous studies showed that GA can be used as a reliable and efficient optimization algorithm to optimize various in vitro propagation systems [28,29,30,33].



Based on the sensitivity analysis results, IBA > NAA > IAA > explant was ranked for both rooting percentage and root number. Similar to our results, previous studies have also demonstrated that IBA and NAA were the most important auxins for in vitro rooting of Passiflora species [5,7,8]. For instance, Anand et al. [7] reported that a combination of IBA and NAA was the best treatment for in vitro rooting of P. foetida. Additionally, Boboc Oros et al. [8] showed that NAA and IBA were the best auxins for in vitro rooting of P. quadrangularis. Based on our results, the type of explant had the minimum importance in in vitro rooting of P. caerulea. Previous studies have also shown that the type of explants plays an indirect role in in vitro rooting of Passiflora species [1,2,3,48]. Since microshoots- derived from different types of explants are completely developed during plant regeneration, the type of explant has the minimum effects on in vitro rooting [49,50]. In fact, the effects of the type of explants rely on the endogenous phytohormones within the microshoots [51]. Generally, the results of the current study showed that GRNN-GA is a reliable and accurate model to predict and optimize in vitro rooting of P. caerulea.




5. Conclusions


Various factors such as type and concentrations of auxins and type of explant affect in vitro rooting of P. caerulea. Optimizing in vitro rooting can be considered as one of the most important steps to establish a whole plantlet propagation protocol. Recently, different ML algorithms have been widely implemented to predict and optimize plant tissue culture systems. In this study, GRNN was employed for the prediction and optimization of in vitro rooting of P. caerulea. Based on our results, the developed GRNN model can accurately model and predict in vitro rooting of P. caerulea. In addition, our results demonstrated that GA was able to accurately find the optimized level of auxin and explant to maximize in vitro rooting of P. caerulea. The results of the present investigation show that the hybrid of GRNN and GA can open a helpful window for modeling and understanding in vitro propagation and can pave the way for further in vitro culture studies (e.g., direct and indirect organogenesis and somatic embryogenesis) in P. caerulea.
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Figure 1. Schematic representation of factors affecting in vitro rooting of P. caerulea. 
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Figure 2. Histogram of residuals in training sets and testing sets of (a) rooting percentage, (b) root number, and (c) root length in P. caerulea. 
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Figure 3. Schematic representation of generalized regression neural network (GRNN) algorithm. 
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Figure 4. Schematic representation of genetic algorithm (GA). 
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Figure 5. Scatter plot of values of observations vs. predictions in training sets and testing sets of (a) rooting percentage, (b) root number, and (c) root length in P. caerulea. 
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Table 1. Effect of type and concentration of auxins as well as type of explants on in vitro rooting of P. caerulea.
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Input Variables

	
Output Variables




	
IBA

mg/L

	
NAA

mg/L

	
IAA

mg/L

	
Type of

Explant

	
Rooting Percentage

(%)

	
Root

Number

	
Root Length

(cm)






	
0

	
0

	
0

	
Leaf

	
0.00 ± 0.000

	
0.00 ± 0.000

	
0.00 ± 0.000




	
0

	
0

	
0

	
Node

	
0.00 ± 0.000

	
0.00 ± 0.000

	
0.00 ± 0.000




	
0

	
0

	
0

	
Internode

	
0.00 ± 0.000

	
0.00 ± 0.000

	
0.00 ± 0.000




	
0.5

	
0

	
0

	
Leaf

	
50.00 ± 0.000

	
7.10 ± 0.058

	
3.97 ± 0.088




	
0.5

	
0

	
0

	
Node

	
53.33 ± 3.337

	
7.17 ± 0.033

	
4.00 ± 0.058




	
0.5

	
0

	
0

	
Internode

	
50.00 ± 0.000

	
7.10 ± 0.100

	
4.00 ± 0.058




	
1

	
0

	
0

	
Leaf

	
90.00 ± 0.000

	
9.83 ± 0.088

	
4.83 ± 0.033




	
1

	
0

	
0

	
Node

	
90.00 ± 0.000

	
9.80 ± 0.116

	
4.80 ± 0.058




	
1

	
0

	
0

	
Internode

	
86.67 ± 3.337

	
9.80 ± 0.058

	
4.83 ± 0.067




	
2

	
0

	
0

	
Leaf

	
60.00 ± 0.000

	
6.00 ± 0.000

	
4.10 ± 0.100




	
2

	
0

	
0

	
Node

	
60.00 ± 0.000

	
6.27 ± 0.120

	
4.17 ± 0.088




	
2

	
0

	
0

	
Internode

	
60.00 ± 0.000

	
6.10 ± 0.058

	
4.07 ± 0.067




	
0

	
0.5

	
0

	
Leaf

	
50.00 ± 0.000

	
3.93 ± 0.033

	
4.57 ± 0.067




	
0

	
0.5

	
0

	
Node

	
50.00 ± 0.000

	
4.00 ± 0.000

	
4.60 ± 0.058




	
0

	
0.5

	
0

	
Internode

	
50.00 ± 0.000

	
4.00 ± 0.058

	
4.57 ± 0.033




	
0

	
1

	
0

	
Leaf

	
40.00 ± 0.000

	
3.00 ± 0.000

	
5.87 ± 0.033




	
0

	
1

	
0

	
Node

	
40.00 ± 0.000

	
3.20 ± 0.058

	
5.87 ± 0.033




	
0

	
1

	
0

	
Internode

	
40.00 ± 0.000

	
3.07 ± 0.033

	
5.80 ± 0.000




	
0

	
2

	
0

	
Leaf

	
30.00 ± 0.000

	
2.00 ± 0.000

	
3.83 ± 0.033




	
0

	
2

	
0

	
Node

	
30.00 ± 0.000

	
2.13 ± 0.088

	
3.83 ± 0.033




	
0

	
2

	
0

	
Internode

	
33.33 ± 3.337

	
2.13 ± 0.033

	
3.80 ± 0.058




	
0

	
0

	
0.5

	
Leaf

	
16.67 ± 3.337

	
1.60 ± 0.058

	
2.57 ± 0.067




	
0

	
0

	
0.5

	
Node

	
20.00 ± 0.000

	
1.60 ± 0.058

	
2.53 ± 0.033




	
0

	
0

	
0.5

	
Internode

	
16.67 ± 3.337

	
1.53 ± 0.033

	
2.60 ± 0.058




	
0

	
0

	
1

	
Leaf

	
20.00 ± 0.000

	
1.23 ± 0.033

	
2.47 ± 0.033




	
0

	
0

	
1

	
Node

	
26.67 ± 3.337

	
1.27 ± 0.033

	
2.53 ± 0.088




	
0

	
0

	
1

	
Internode

	
20.00 ± 0.000

	
1.23 ± 0.033

	
2.43 ± 0.033




	
0

	
0

	
2

	
Leaf

	
13.33 ± 3.337

	
1.07 ± 0.033

	
2.03 ± 0.033




	
0

	
0

	
2

	
Node

	
13.33 ± 3.337

	
1.07 ± 0.033

	
2.07 ± 0.033




	
0

	
0

	
2

	
Internode

	
16.67 ± 3.337

	
1.03 ± 0.033

	
2.03 ± 0.033








Values in each column represent means ± Standard error. IAA: indole-3-acetic acid; IBA: indolebutyric acid; NAA: 1-naphthaleneacetic acid.
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Table 2. Performance criteria of GRNN model for in vitro rooting of P. caerulea in training and testing sets.
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In Vitro Rooting Response

	
Performance Criteria

	
Training

	
Testing






	
Rooting percentage (%)

	
R2

	
0.970

	
0.939




	
RMSE

	
2.524

	
3.580




	
MAPE

	
0.0

	
63.6




	
Root number

	
R2

	
0.949

	
0.929




	
RMSE

	
0.074

	
0.106




	
MAPE

	
0.0

	
0.9




	
Root length

	
R2

	
0.958

	
0.955




	
RMSE

	
0.069

	
0.133




	
MAPE

	
0.0

	
3.6








RMSE: root mean square error; R2: coefficient of determination; MAPE: mean absolute percentage error.
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Table 3. Determining the importance of factors involved in in vitro rooting of P. caerulea through sensitivity analysis.
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Input Variable

	
Item

	
Learning Process

	
IBA

	
NAA

	
IAA

	
Explant






	
Rooting percentage

	
VSR

	
Training

	
9.266

	
4.629

	
2.447

	
1.436




	
Testing

	
6.747

	
3.983

	
1.728

	
0.871




	
Rank

	

	
1

	
2

	
3

	
4




	
Root number

	
VSR

	
Training

	
34.427

	
12.896

	
5.172

	
1.282




	
Testing

	
22.400

	
10.335

	
3.769

	
1.051




	
Rank

	

	
1

	
2

	
3

	
4




	
Root length

	
VSR

	
Training

	
17.581

	
19.028

	
9.569

	
1.435




	
Testing

	
9.674

	
12.151

	
5.362

	
0.555




	
Rank

	

	
2

	
1

	
3

	
4








VSR: variable sensitivity ratio; IAA: indole-3-acetic acid; IBA: indolebutyric acid; NAA: 1-naphthaleneacetic acid.
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Table 4. The results of optimization process via GA as well as the validation experiment for in vitro rooting of P. caerulea.
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	Objective Function
	Type of Explant
	IBA (mg/L)
	NAA (mg/L)
	IAA (mg/L)
	Predicted-Optimized Value
	Value ± SE in the Validation Experiment





	Rooting percentage
	Leaf
	0.64
	0.33
	0.15
	90%
	93.33 ± 3.335%



	Root number
	Leaf
	0.57
	0.23
	0.19
	9.83
	9.91 ± 0.325



	Root length
	Leaf
	0.39
	0.82
	0.24
	5.81 cm
	5.87 ± 0.124 cm







IAA: indole-3-acetic acid; IBA: indolebutyric acid; NAA: 1-naphthaleneacetic acid.
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