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Abstract
The present study aims to model and optimize phenolic acids productions from Lactuca undulate root
and leaf-derived callus using the feed-forward Arti�cial Neural Network (ANN) model. For this purpose, the
effect of different concentrations (0, 0.1, 0.5, 1, and 2 mg/l) of Kin in combinations with or without 2,4-D
and/or NAA was investigated on callus induction and phenolic acids production. A multi-layer
perceptron ANN was applied to correlate the output parameters (cichoric acid, chlorogenic acid and
caffeic acid contents) to input (Kin, 2,4-D and NAA) training parameters. A single hidden layer with 5, 10,
15, 20, 25, 30, 35 and 40 neurons was used to optimize ANN architecture. Sum squared error (SSE),
Relative Error (RE) and correlation factor (R2) were applied to identify the performance of ANN models.
According to the obtained data, the feed-forward neural network with tangent-sigmoid (3-30-1), tangent-
tangent (3-15-1) and tangent-tangent (3-35-1) activation function was found as the best model to predict
cichoric acid, chlorogenic acid and caffeic acid production from leaf-derived callus, respectively.
Meanwhile, ANN with activation function of tangent-tangent (3-20-1), tangent-tangent (3-25-1) and
sigmoid-sigmoid (3-20-1) were the most effective models to predict the amount of cichoric acid,
chlorogenic acid and caffeic acid from root-derived callus, respectively. In the current study, there was a
strong correlation between experimental and predicted data. These results demonstrated that the selected
ANN model could predict the effects of plant growth regulators on phenolic acids production using callus
culture method. 

Introduction
Lactuca undulata is an annual plant belonging to the Asteraceae family. The most critical components of
this species are phenolic acids including caffeic acid, cichoric acid and chlorogenic acid (Ramezannejad
et al., 2019b). Cichoric acid is a primary caffeic acid derivative and identi�ed in various plants,
particularly the Asteraceae family (Liu et al., 2012; Sytar et al. 2018). This metabolite is a valuable
industrial medicinal compound with many potential bene�ts for human health and can exert the effects
of anti-cancer, anti-ADIS, and anti-diabetes, along with others (Chappel and Hahlbrock 1984; Dixon 1995).
Our previous study indicated that stems of L. undulata had the highest cichoric acid content (2.31 mg/g
DW) during reproductive stage (Ramezannezhad et al. 2019). Various factors such as plant species,
developmental stage, plant age, and drying methods can affect cichoric acid production (Lee and Scagel
2013).

Caffeic acid, as a precursor of cichoric acid, is known for its immune-stimulatory activities and anti-tumor
properties (Chung et al. 2004). Like cichoric acid, chlorogenic acid is a caffeic acid derivative that is
known as a potent antioxidant. In addition, chlorogenic acid can reduce the risks of type 2 diabetes,
Alzheimer’s, and cardiovascular diseases (Farah et al. 2008).

Callus culture is a proper method to induce and enhance the production of secondary metabolites in
different plants (Vanisree et al. 2004). Various factors such as genotype, plant growth regulators (PGRs),
medium culture, type and age of explant, and environmental conditions can affect the callus production
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(Effert 2019). So far, few reports were published concerning cichoric acid production in in vitro conditions
in different plant species, such as Echinacea purpurea (Manayi et al. 2015, Ramezannezhad et al.
2019a). However, no reports have been published on the tissue culture of L. undulata.

Nowadays, data processing technology allows the modeling of biological processes by various softwares
such as Arti�cial Neural Network (ANN) (Kerdpiboon et al. 2006). ANN is a �exible mathematical tool that
can interconnect arti�cial neurons and identify the complex nonlinear relationships between input and
output variables. When it is di�cult to describe the characteristics of the investigated processes by
mathematical equations, applying ANN models is valuable and e�cient. By using ANN, we can map input
and output data without knowing the relationship between them. Also, ANN has self-learning, which is
essential for predicting the process (Aghbashlo et al. 2012). ANN has successfully been applied in the
tissue culture to optimize culture conditions and produce various secondary Metabolites. Arab et al
(2016) used ANN to model and optimize a new culture medium for in vitro rooting of G×N15 rootstock. So
far, the ANN was used to determine the three marker compounds (cichoric acid, chlorogenic acid, and
echinacoside) in Echinacea commercial formulations (Agatonovic-Kustrin et al. 2013). However, there is
no study available in the literature concerning the use of ANN for modeling phenolic acids production in
L. undulata. For the �rst time, the present study investigates the impact of three PGRs: 2,4-D, NAA, and Kin
on cichoric acid, chlorogenic acid, and caffeic acid production in callus culture of L. undulata, as well as
to model the process variables by ANNs. The present study results are useful as a model system to
exploit tissue cultures for commercial production of pharmaceutical compounds using large bioreactors.

Material And Methods
Plant Material

In this work, Lactuca undulata was collected from the Binalood Mountains in the northeast of Iran (36
´321´´6° N, 59´40´´53° E), identi�ed by plant Science Institute Herbarium, Ferdowsi University, Mashhad,
Iran and authenticated under number 6962.

Seed Sterilization

Seeds were washed with tap water and sterilized by soaking 70% ethanol for 30 seconds. Then seeds
were sterilized 5 minutes in 7% (v/v) commercial bleach followed by �ve times washing in sterile distilled
water. Sterilized seeds were plated on agar solidi�ed 1/2 MS medium (Murashige and Skoog 1962)
supplemented with 15 g/L sucrose and 8 g/L agar at pH 5.7 and transferred to a growth chamber at 25
ºC under a 16-h-light/8-h-dark photoperiod for two months.

Callus Induction

Root and leaf explants were obtained from 2 months old sterile seedlings. The selected explants were
cultured on 1/2 MS medium supplemented with different concentrations (0, 0.1, 0.5, 1, and 2 mg/L) of
Kin in combination with 2,4-D and or NAA. The cultures were incubated in a growth chamber at 25 ± 2°C
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under a 16-h-light/8-h-dark photoperiod. Three replications, arranged in a completely randomized design,
were prepared for each treatment. The callus was sub-cultured to the fresh medium every two weeks.
After eight weeks, the percentage of callus production, total phenol, caffeic acid, cichoric acid, and
chlorogenic acid amount was measured.

Determination of Total Phenol Content (TPC)

Total phenol content was measured based on the folin-ciocalteu method, as described by Meda et al.
2005. In brief, 0.1 gr dried powdered samples were dissolved in 80% aqueous methanol (20 ml) and kept
at room temperature for 48 hours. The mixture was centrifuged at 13000 g for 10 minutes at 0°C. The
supernatant was used for determination of total phenol content.

Extraction of Caffeic Acid Derivatives

Dried callus (0.01 g) was extracted in 10 ml of 20% (V/V) acetonitrile in the complete darkness for 24 h.
The mixture was centrifuged at 13000 g for 10 min. The supernatant was used to determine caffeic acid
derivatives content (Luo et al. 2006).

HPLC Analysis

Caffeic acid and its derivatives contents were determined by an HPLC method using a eurospher C18
(250 x 4 mm) column and a UV/VIS detector. The mobile phase was composed of absolute acetonitrile
(Phase A) and 1% aqueous phosphoric acid (v/v) (Phase B). The constant �ow rate was 1 ml/min.
Caffeic acid and chlorogenic acid were detected on 278 nm, while cichoric acid were monitored at 330
nm. The volume of injection was 20 µL of each sample. The compounds in each sample were calculated
using the standard curve.

Statistical Analyze

Analysis of variances (ANOVA) was made by using SAS-software Version 9.1. Differences between
means were reported by Duncan’s multiple range test (p ≤ 0.05).

In order to measure the levels of cichoric acid, chlorogenic acid, and caffeic acid, we selected
concentrations of PGRs, which caused the highest production of TPC in leaf and root-derived callus. Our
previous study results showed a signi�cant positive correlation between TPC and the production of
cichoric acid, chlorogenic acid, and caffeic acid (Ramezannejad et al. 2020). For this purpose, the slicing
interaction method was used to analyze the effect of PGR concentrations on total phenol content (Nouri
et al. 2006; Khaliliaqdam et al. 2012).

Modeling of ANN

In the present study, the applied ANN model is a feed-forward multiplayer perceptron designed by SPSS
software (version 27). ANN is a powerful tool for recognizing, function �tting, and clustering of data. It
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comprises units including input/output, weights, hidden layer, and activation function. The mathematical
explanation of the fundamental ANN is as follows:

1. O= f (wx+ bias) 

2. W= w1, w2, . . . ,wn,

3. X= x1, x2, . . ., xn.

Weights (W) and inputs (X) are expressed by equations (2) and (3), respectively. The following equation
obtains the transfer function of the ANN:

In the formula, Wij is the weight index of neuron i connected to neuron j. p represents the number of inputs
for each neuron, and bj represents the bias value of neuron j (Salehi et al. 2012). 

If the sigmoid function is used as the activation function, the network output is as follows:

The ANN layout, in this study, consists of three inputs and one output, and a single hidden layer. Inputs
include concentrations of Kin, 2,4-D, and NAA, and outputs comprise cichoric acid, chlorogenic acid and
caffeic acid. In order to simplify the analysis, we analyzed each of the output variables separately. Figure
1 presents the proposed ANN model with three inputs and one output with a hidden layer in leaf and root-
derived callus. A single hidden layer with a combination of two activation functions (sigmoid and tangent
hyperbolic) for hidden and output layers was used to obtain the best value of network performance.
Studied models, including sigmoid–sigmoid, sigmoid–tangent, tangent-tangent, and tangent–sigmoid
and 10 different neuron numbers (5, 10, 15, 20, 25, 30, 35, 40), were designed to predict the phenolic acids
production in leaf and root-derived callus.

Data were classi�ed into two categories to develop the ANN model: training (70%) and testing (30%). R2

(the coe�cient of explanation) and relative error (RE) were used as the main indicators to determine the
best layout of ANN. 

The R2 and MRE criterions are de�ned as 7 and 8 equations, respectively:



Page 6/19

In the formula,  the number of observations, P  the predicted data, P  the experimental data, and 
Pm   the mean experimental data.

Results And Discussion
Callus induction: The leaf and root explants were cultured on ½ MS medium supplemented with different
concentrations of Kin either alone or in combination with 2,4-D and or NAA. After seven days, callus
induction was observed in the margin of root and leaf explants treated with or without different
concentrations of PGRs combinations. Callus induction was observed at a high frequency (100%) in all
treatments. In addition, the morphology of the leaf-derived callus was friable and light green, but root-
derived callus was friable and cream (Fig. 2). 

Total Phenol Content (TPC): Data from statistical analyses showed that the interaction
between Kin×explant, 2,4-D×explant, Kin×2,4-D, and Kin×2,4-D×explant had a signi�cant effect (p ≤ 0.01)
on the TPC of leaf and root-derived callus (Table 1A). The interaction slicing method was applied to
analyze the effects of different concentrations of Kin in combination with 2,4-D and or NAA on the TPC.
 The obtained data revealed that 0.5, 1, and 2 mg/L Kin in combination with different concentrations of
2,4-D had a signi�cant effect on TPC in both leaf and root-derived callus (Table 1B). 

The results demonstrated that the effect of explant, Kin, and NAA× explant was not signi�cant on TPC.
However, the effects of other treatments were signi�cant (p≤0.01) on TPC (Table 2A). Interestingly, root-
derived callus showed a signi�cant increase (p≤ 0.01) in TPC when grown in the medium supplemented
with 0.5, 1, and 2 mg/L Kin in combination with different concentrations of NAA (Table 2B).

The comparison of means revealed that the highest TPC (32.23 mg/g DW) was observed in leaf-derived
callus grown on ½ MS medium supplemented with the combination of 0.5, 1 mg/L Kin, and  2,4-D,
respectively. Meanwhile, the highest TPC (35.5 mg/g DW) was observed in the root-derived callus, grown
on ½ MS medium containing 2, 2 mg/L Kin, and NAA (Table 3).

Up to now, several reports have been published to show the effect of PGRs on the phenolic acids
production in different medicinal plants in tissue culture conditions. However, there is no report for the
callus culture of L. undulata. Our previous research showed that TPC in different parts of L. undulata in
the reproductive phase is as follows: stem>root>leave. But during the vegetative phase, there is no
signi�cant difference in the TPC between different organs of this species (Ramezannezhad et al.
2019b). Secondary metabolites biosynthesis depends on various factors such as plant species and
developmental stages. Because of the role of Secondary metabolites in the plant life cycle and growth

ANN EXP

EXP
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stages, the concentration and accumulation of these compounds vary in different plant organs (Cheynier
et al. 2013; Jiang et al. 2013). It was reported that TPC reached the maximum level in many herbaceous
plants during the �owering time (Ammar et al. 2012; Fernando et al. 2013; Feduraev et al. 2019). On one
hand, similar results have been reported by Lannucci et al. (2013), who reported a correlation between
concentrations of phenolic compounds and plant growth.  On the other hand, the obtained results
indicated that the type of PGRs has an effective role on TPC in callus derived from different explants.
Aremu et al. (2015) demonstrated that cytokinin can affect the phenylpropanoids pathway, especially at
molecular levels. Another report con�rmed that NAA induces phenolic compounds metabolism pathways
via binding with TIR1 (Auxin receptor) (Buer et al. 2006). 

Phenolic acids contents: Cichoric acid, chlorogenic acid, and caffeic acid contents were measured in leaf
and root-derived callus, which contained the highest TPC. These metabolites were identi�ed in both root
and leaf explant and their corresponding callus. The obtained results revealed that cichoric acid and
chlorogenic acid contents in root explant were more than leaf explant. However, the leaf explant
contained a higher amount of caffeic acid than the root explant (Fig. 2A-D). The amount of polyphenols
(such as cichoric acid) depends on various parameters, including harvested organ, harvest time, plant
species, plant age, climatic factors, growth conditions, and others (Lee and Scagel 2013). For example,
Qu et al. (2005) reported that the amount of cichoric acid in roots and shoots of Echinacea purpurea
ranged from 2.03 to 38.55 mg/g DW. On the contrary, Zolgharnein et al. (2010) reported that the cichoric
acid content is about 1.50 mg/g DW in the same plant (Zolgharnein et al. 2010).

Leaf-derived callus showed the highest amount of cichoric acid (3.95 mg/g DW) when grown on ½ MS
medium supplemented with 0.5, 1 mg/L Kin, and 2,4-D, respectively (Figure 2A). In contrast, cichoric acid
amount increased to 4.59 mg/g DW in root-derived callus when grown on medium contained 2, 2 mg/L
Kin, and 2,4-D (Figure 2B). 

On one hand, the obtained results showed that the amount of chlorogenic acid in root explant (1.03 mg/g
DW) was almost two times more than in leaf explant (0.58 mg/g DW) (Figure 2C-D). On the other hand,
the highest amount of chlorogenic acid (2.50 mg/g DW) was obtained by the treatment with 1, 0.1 mg/ l
Kin, and 2,4-D, respectively (Figure 2 C). However, chlorogenic acid accumulation reached to 3.17 mg/g
DW in root-derived callus when grown on the medium containing 2, 2 mg/ l Kin, and 2,4-D (Figure 2 D). 

In addition, 0.5, 1 mg/l Kin, and 2,4-D were the most effective PGRs concentration for caffeic acid
production (24.23 mg/g DW) in leaf-derived callus (Figure 2 E). Interestingly, the highest amount of
caffeic acid (13.23 mg/g DW) was recorded in root-derived callus when grown on the medium containing:
2, 2 mg/l Kin, and NAA (Figure 2F). 

In spite of no published reports concerning L. undulata tissue culture, some reports demonstrated that the
amount of phenolic acids in explant is higher than corresponding callus in different plant species (Butiuc-
Keul et al. 2012). It seems that plant species, the age of explant or callus, and concentrations of applied
PGRs play a vital role in phenolic acids production under tissue culture conditions. According to the
current data, the effect of PGRs on the phenolic acids content in leaf and root-derived callus was
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different, and it can be due to the type and concentration of PGRs. Caffeic acid is produced via
Phenylpropanoids biosynthesis pathways, and PGRs regulate the biosynthesis of phenolic acids (Buer et
al. 2006). The authors also found that NAA is linked to TIR1 (Auxin receptor) and induces phenolic acids
metabolism pathway. Our data revealed that the root explant of L.undulata contained higher cichoric acid
and chlorogenic acid than leaf explant. Whereas it contained lower caffeic acid, compared to the leaf
explant. It can be because converting caffeic acid to its derivative (cichoric acid and chlorogenic acid) in
root explant is faster than leaf explant. Besides, caffeic acid conversion to cichoric acid and chlorogenic
acid is done by two separate pathways (Buer et al. 2006). It is possible that in both leaf and root explant,
caffeic acid is converted to cichoric acid rather than chlorogenic acid. Overall, the current results
indicated that both leaf and root-derived callus accumulated a higher amount of cichoric acid,
chlorogenic acid, and caffeic acid, compared to the corresponding explants.

ANN modeling

In this study, the ANN model has been applied to predict the effects of different concentrations of PGRs
(Kin, 2,4-D and NAA) on the production of phenolic acids in leaf and root-derived callus from L.undulata.
Based on the data obtained from the interaction slicing method, several concentrations of Kin, 2,4-D, and
NAA were selected, which had the most stimulatory effect on the TPC in root and leaf-derived callus
(Table 4). 

Figure 3 reveals the value of experimental outputs (cichoric acid, chlorogenic acid, and caffeic acid
production) versus its predicted values obtained from leaf and root-derived callus in the most effective
models of ANN.

Some of the performance factors of the used models were summarized in table 5. The results showed
that the tangent- sigmoid activation function-based neural network with 30 hidden layer neurons had the
most accurate prediction for the cichoric acid content in leaf-derived callus. Meanwhile, the correlation
factor (R2) between the experimental outputs and the predicted output by ANN was equal to 0.8733
(Figure. 3A). By contrast, tangent-tangent activation function-based neural network with 20 hidden layer
neurons indicated the best prediction for the content of cichoric acid in root-derived callus with R2 value
equal to 0.8035 (Figure  3B). The sum of the square error (SSE) and the relative error (RE) were very low in
both structures. Therefore, the current models can be reliable for the dataset (Table 3).

The structure 3-15-1 showed the best prediction for chlorogenic acid content in leaf-derived callus
when tangent-tangent activation function was used in the hidden and output layer, respectively (Table 5).
When, the experimental output variables were plotted against ANN-predicted output variables (Figure 3C),
the value of R2 between those values were 0.6838. In contrast, the structure of 3-25-1 with tangent-
tangent activation functions was determined as the best model for predicting the amount of chlorogenic
acid in root-derived callus (Table 5). The correlation between the experimental value of the variables and
the ANN-predicted values of the output variables is shown in Figure 4D. According to this plotted curve,
R2 is 0.975 and it demonstrates a strong correlation between the MLP-model outputs and experimental
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data. SSE and RE value of model was very low (Table 5). Therefore, the proposed model can predict the
amount of chlorogenic acid in root-derived callus. 

The optimized structure to predict caffeic acid values in leaf-derived callus is 3-25-1 with a tangent-
tangent activation function (Table 5). The obtained R2 value was 0.72 (Fig. 3E). The best structure for the
production of this metabolite in root-derived callus was sigmoid-sigmoid activation function-based neural
network with 20 hidden layer neurons. In this case, the obtained R2 value was 0.93 (Figure 3F). Value of
SSE and RE were also very low (Table 5) and R2 datasets revealed a strong correlation between
experimental and predicted data (Figure. 3F).

To date, there were no published reports for ANN modeling to predict phenolic acids production in
L.undulata. However, few studies have predicted the production of phenolic acids using ANN in several
plant species. Yu et al. (2019) used ANN to predict the optimized chlorogenic acid value in Lonicera
japonica. Their results revealed that ANN modeling was successful in predicting the chlorogenic acid
value. The constructed ANN indicated high R2 values (0.9898).  Also, ANN modeling was used for total
phenol production in two species of bananas (cv. Musa nana and Musa cavendishii) (Guiné and
Costa 2016). In this case, the sigmoid function was selected as the activation function. The results
indicated that ANN could predict the experimental results. The highest error percentage between
experimental and predicted data was less than 2.7, and R2 was equal to 0.95. Xi et al. (2013) used ANN to
optimize the extraction of polyphenols from tea. They used a feed-forward neural network with three
input neurons, one hidden layer with eight neurons, and one output layer with a single neuron. The trained
network showed the lowest MRE value (0.03) and maximum R2 value (0.9571), which indicates a good
agreement between the predicted value and the experimental value. 

Conclusion
In the current study, ANN model was applied to predict the effect of PGRs (Kin, 2,4-D and NAA) on the
production of cichoric acid, chlorogenic acid, and caffeic acid in leaf and root-derived callus of L.
undulata. The ANN models were reliable, with values of R2 of 0.87, 0.66, and 0.70 for cichoric acid,
chlorogenic acid, and caffeic acid contents in leaf-derived callus, respectively. On the other hand, the
proposed models for the prediction of cichoric acid, chlorogenic acid, and caffeic acid in root-
derived callus had R2 value of 0.80, 0.97, 0.93, respectively, which showed a good agreement between
experimental data and ANN-predicted data. The developed model could be used to determine the
optimum plant growth regulators concentration to obtain e�cient phenolic acids production. 
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Table 1. Analysis of variance of the effect of explant type and PGRs (2,4-D ,Kin) concentrations on total
Phenol content (TPC) of leaf and root-derived callus of Lactuca undulata (a), Slicing interaction for
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various concentrations of Kin in combination with each concentration of 2,4-D (b).

Table 2. Analysis of variance of the effect of explant type and PGRs (NAA, Kin) concentrations on total
Phenol content of leaf and root-derived callus of Lactuca undulata (a), Slicing interaction for various
concentrations of Kin in combination with each concentration of NAA (b).

Table 3. The effect of various concentrations of Kin in combination with each concentration of 2,4-D and
or NAA on TPC (Total Phenol Content) of leaf and root-derived callus from Lactuca undulata. Column
bars with different letters indicate signi�cant differences at p≤0.05, according to the slicing interaction
method.
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PGR
(mg/L)

Kin     2,4-
D

Leaf derived
callus

Root derived
callus

PGR
(mg/L)

Kin    
 2,4-D

Leaf derived
callus

Root derived
callus

 

 

0

0 11.02± 0.44 b 10.2± 0.38 b  

 

0

0 8.89± 0.44 c 10.2± 0.33 d

0.1 11.02± 0.5 b 11.32± 0.1 a 0.1 11.02± 0.11 b 19.77± 0.24 b

0.5 11.02± 0.07 b 9.35± 0.32 c 0.5 11.25± 0.4 c 17.02± 0.22 c

1 11.02± 0.65 b 10.18± 0.6 b 1 13.72± 0.72 a 23.21± 0.17 a

2 11.02±  0.17 b 9.12±  0.06 c 2 11.98±  0.4 b 19.07±  0.26 b

 

 

0.1

0 10.26±0.53 c 10.02±0.53 c  

 

0.1

0 9.41±0.53 d 9.41±0.53 d

0.1 11.02±0.35 ab 9.632±0.15 d 0.1 17.2±0.05 b 17.2±0.05 b

0.5 11.79±0.16 a 9.25±0.03 c 0.5 19.8±0.31 a 19.8±0.31 a

1 12.23±0.53 a 10.42±0.08 b 1 15.25±0.5 c 15.25±0.5 c

2 6.78±0.33 d 11.12±0.4 a 2 15.2±0.06 c 15.2±0.06 c

 

 

0.5

0 25.02±0.22 c 9.35±0.19 d  

 

0.5

0 10.89±0.22 e 9.35±0.19 e

0.1 32.11±1.01 a 8.88±0.12 d 0.1 19.8±0.19 c 19.8±0.08 c

0.5 18.02±0.69 c 16.6±0.5 b 0.5 25.32±0.32 a 25.32±0.3 a

1 32.23±0.11 a 9.47±0.14 c 1 20.12±0.53 b 20.12±0.12 b

2 17.23±0.37 e 22.2±0.3 a 2 18.32±0.08 d 18.32±0.03 d

 

 

1

0 15.15±0.35 d 9.67±0.35d  

 

1

0 9.84±0.35 d 9.67±0.02 d

0.1 21.89±0.48a 9.04±0.02d 0.1 19.2±0.27 b 19.2±0.1 b

0.5 21.56±.0.12b 11.17±.0.28 d 0.5 19.56±.0.12 b 19.56±.0.08 b

1 21.01±0.79a 13.7±0.55 a 1 21.7±0.95 a 21.7±0.72 a

2 15.42±0.11c 10.17±0.15 c 2 17.09±0.27 c 19.09±0.12 c

 

 

2

0 19.24±1.12 a 8.76±1.34 a  

 

2

0 9.52±1.71 e 8.76±0.67 d

0.1 10.26±0.44 d 14.8±0.67 d 0.1 19.2±0.2 b 15±0.36 c

0.5 12.02±0.1 d 10.05±0.77 a 0.5 14.5±0.15 d 16.21±0.07 b
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1 12.23±0.22 b 10.08±0.28 c 1 16.23±0.16 c 16.23±0.03 b

2 11.79±0.25 c 10.23±0.2 c 2 30.d±0.12 a 35.5±0.12 a

Table 4. The selected PGRs concentrations for modeling by ANN to predict their effects on the cichoric
acid, chlorogenic acid, and caffeic acid content in leaf and root-derived callus from Lactuca undulata.

    PGRs(mg/L)  

Explant Kin 2,4-D NAA

 

 

 

 

 

Leaf derived callus

                   

0 0 0

0 0.5 0

0.1 1 0

0.5 1 0

1 0.1 0

2 2 0

0 0 1

0.1 0 0.5

0.5 0 0.5

1 0 1

2 0 2

 

 

 

 

 

Root derived callus

0 0 0

0 1 0

0.1 0.1 0

0.5 1 0

1 0.1 0

2 2 0

0 0 1

0.1 0 0.5

0.5 0 0.5

1 0 1

2 0 2
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Table 5. Performance of the ANN model used to predict production of cichoric acid, chlorogenic acid, and
caffeic acid. SSE: Sum Square Error and RE: Relative Error for dataset training and testing. 

organ output Activation 

function

Architecture R2 SSE RE

 

Leaf derived callus

Cichoric acid tangent- sigmoid 3-30-1 0.87 0.16 0.125

Chlorogenic acid tangent-tangent 3-15-1 0.68 0.203 0.232

Caffeic acid tangent-tangent 3-35-1 0.72 0.21 0.317

             

 

Root derived callus

Cichoric acid tangent-tangent 3-20-1 0.8 0.157 0.191

Chlorogenic acid tangent-tangent 3-25-1 0.97 0.076 0.027

Caffeic acid sigmoid-sigmoid 3-20-1 0.93 0.066 0.017

 

Figures

Figure 1
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Schematic model of Arti�cial Neural Network (ANN) used to predict the effect of PGRs (Kin, 2,4-D and
NAA) on cichoric acid, chlorogenic acid, and caffeic acid production from leaf and root-derivated callus of
L. undulata.

Figure 2

A) Sterile 2 months old Lactuca undulata seedling, B) Leaf-derived callus on ½ MS medium
supplemented with 0.5, 0.5 mg/L 2,4-D and Kin, C) Root-derived callus on ½ MS medium supplemented
with 0.5, 0.5 mg/L NAA and Kin.
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Figure 3

Cichoric acid (A, B), Chlorogenic acid (C,D) and Caffeic acid (E,F) contents in leaf and root-derived callus
of L. undulata grown on ½ MS medium supplemented with different concentrations of Kin in combination
with 2,4- D and or NAA. Data are mean ± SE. The data were obtained from three independent experiments.
Different letters within each column indicate signi�cance at ρ ≤ 0.05 by the least signi�cant difference
(LSD) test (n = 3).
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Figure 4

Correlation coe�cient (R2) between experimental outputs (cichoric acid, chlorogenic acid, and caffeic
acid production) versus ANN-predicted outputs in leaf (A) and root (B)-derived callus of Lactuca undulata.


