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Antrodia cinnamomea (A. cinnamomea) faces the challenge of coping with commercial usage in formulating
nutraceuticals and functional foods in Taiwan. This research aimed to increase the biomass production of mycelia
during the cultivation of A. cinnamomea using a methodology that hybrids Response Surface Methodology (RSM)
and Artificial Neural Network (ANN). RMS aimed to optimize the culture condition while ANN intended to
identify the factors dominating biomass production. The Plackett-Burman design and 32 (27~2) fractional
factorial designs identified four key factors. A four-factor six-level central composite design was used to inves-
tigate the correlation between the biomass and the key factors. The yield of RSM was 200% higher than that of
the control medium. The proposed methodology offers reliable production of the medicinal fungus under opti-
mum conditions in laboratory culture and reduces the cost, time and effort made, compared to the slow-growing
propagation in nature. ANN opens a new opportunity of biomass prediction in microbial cultivation. Moreover,
we provide the potential of hybrid RSM-ANN methods when encountering multifarious tasks in the future with

the hope of bringing forward a new generation of biomass production technologies.

1. Introduction

In the current scenario, the under exploitation of bio-resources and
increasing economical requirements force scientific communities to
search for alternative renewable bio-resources like biomass-derived
energy to achieve the Sustainable Development Goals [1]. Under this
scenario, through obtaining bioactive compounds from mushrooms,
submerged cultures have the potential for high-yield and high-quality
mycelial production in a compact space with fewer chances for
contamination within a shorter time. Currently available reports on
nutritional requirements in cultures are limited to only a few mush-
rooms, ie. Antrodia cinnamomea (A. cinnamomea) [2-4], Ganoderma
lucidum [5], and Paecilomyces japonica [6]. Unlike many efforts that have
been made to explore the optimal submerged culture conditions for the
production of biomass and secondary metabolites from several mush-
rooms, a hybrid ANN & RSM approach offers the potential for a

multitude of economic and environmental benefits [7].

A. cinnamomea, a medicinal and slow-growing fungus and commonly
known as ‘niu-chang chih’ or ‘jang-jy’, has been used for illness caused
by toxication, such as by alcohol, food, or drugs, as well as for skin
itching, cancer, anti-aging, diarrhea, abdominal pain, and hypertension
[8,9]. A. cinnamomea is an indigenous fungus that parasitizes on the
inner cavity of Cinnamomum kanehirae, an endemic species in Taiwan.
Due to the limited distribution of the host plant and the slow-growing
rate in nature, researchers have made attempts to mass produce the
entitled fungus through fermentation systems for pharmaceutical usage
[10]. We have successfully used the precursor-feeding strategy for mass
producing the sulfated polysaccharides of this fungus, including
microelement [11], sodium thiosulfate [12], and ammonium sulfate
[13]. The polysaccharides from the cultured mycelia of the fungus
display anti-cancer activity [14] and anti-inflammatory activity [13].

Our previous studies indicated the mycelial growth of A. cinnamomea
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may be affected by several independent factors such as glucose, potato
dextrose broth (PDB), Cinnamomea camphora (CC)-polysaccharide (PS),
CC water extract, agar, and the culture condition of pH [15-17], where
these factors were investigated based on one-factor-at-a-time experi-
ments. Documentation concerning how several factors affect the mass
production of this species is rare. The Response Surface Methodology
(RSM), a statistical approach introduced by Box and Wilson [18], can
effectively explore the relationships between several explanatory vari-
ables and response variables and has been widely employed to maximize
the production of a specific substance by optimizing operational factors
[19,20]. There are also reports on the optimization of culture conditions
using RSM for the growth of fungal species from different sources
[21-23]. Artificial neural networks (ANNs) can extract the nonlinear
relationship between input and output variables for modelling nonlinear
problems and have been broadly used in various disciplines of scientific
research, such as biomass estimation [24-26], biofuel production [27,
28], and environmental issues [29-32]. Therefore, ANNs are considered
to be potential tools to estimate the optimum culture conditions for
biomass production of mycelia [33]. Nevertheless, there is very limited
documentation available in the application of ANNs to biomass pro-
duction [34,35]. Researchers have paid much attention to using ANNs
for the classification and/or estimation of biomass and bioethanol pro-
duction [36-38]. It is therefore worthwhile investigating the optimiza-
tion of the growth conditions of A. cinnamomea by use of RSM and ANN.

Our previous study cultured the parasitic hypha of A. cinnamomea in
the presence of water-soluble wood extracts from the host and four host-
related species (C. kanehirae, C. micranthum, C. osmophloeum, C. cam-
phora, and C. kotoense), and the results indicated that C. cinnamomea
(CC) water extract exhibits a higher level of growth promotion activity
than its host [17]. The effect of camphor concentration on the growth of
A. cinnamomea was reported [39]. This study propose a methodology
integrating RSM and ANN to identify the key affecting factors from CC
water extract and six other variables as well as optimize the mycelial
growth of A. cinnamomea during cultivation. We next demonstrate the
effectiveness and suitability of the proposed methodology for enabling
reliable production of the medicinal fungus under optimum conditions
in laboratory culture.

2. Materials and methods
2.1. Shake-flask culture of A. cinnamomea

The A. cinnamomea isolate (strain B85) obtained from Taitung
County in Taiwan was a generous gift from Dr. T.T. Chang (Division of
Forest Protection, Forest Research Institute, Taipei, Taiwan).
A. cinnamomea was subcultured and maintained in essentially the same
manner as reported previously [16]. Briefly, A. cinnamomea was inoc-
ulated at the center of Petri dishes containing 39 g/L of potato dextrose
agar at 28 °C for 19 days before being transferred to liquid culture. The
initial medium for liquid culture contained 40.00 g/L of PDB, 20.00 g/L
of glucose, 0.16 g/L of CC-PS, 1.00 g/L of camphor, 20.00 g/L of CC
water extract, 2.00 g/L of agar, and a pH value of 5.60, which was
denoted as the “start point”. The various conditions were incubated at
the corresponding dosages or condition for another 7 days by shaking at
50 rpm to obtain a mucilaginous medium containing mycelia. At the end
of the incubation, the mycelia were rapidly washed with 1 L of NaCl
(250 mM) using an aspirator-suction system to remove the contaminated
culture medium. Samples were then lyophilized, and the dry weight of
the mycelia was recorded.

2.2. Experimental design

2.2.1. Optimization of growth conditions for biomass production

Various physic-chemical factors were considered to improve the
mycelial growth of A. cinnamomea. Among different physic-chemical
parameters, some important parameters (variables) were chosen for
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use in the optimization process of the culture condition. The optimiza-
tion experiments were carried out in triplicate. The initial and important
step in the optimization process consisted of the design of the experi-
ment and the selection of each variable’s range. Multiple variables were
involved, and the yield was considered to be the response of indepen-
dent factors. RSM was used to identify the optimum conditions for the
process response. It, however, was a time-consuming and laborious
experimental process to identify the important factors affecting the
process response using RSM methods. Therefore, we used an ANN fed
with the first-stage RSM results as input data to efficiently and effec-
tively identify the dominant factors for biomass production.

2.2.2. Response surface methodology (RSM)

To investigate the interactive effects of the seven variables, including
pH (X1), glucose (X2), PDB (X3), CC-PS (X4), camphor (Xs), CC water
extract (Xg), and agar (X7), on biomass production, we employed two-
level fractional factorial designs (i.e. a 272 design has 32 runs), a
method commonly adopted by RSM, to identify the non-significant
factor(s) of the mycelial growth condition and reasonably reduce the
number of experiments without affecting the acquisition of information.
The experimental design for the seven factors (X;—Xy) is described in
Supplementary Tables S-1, followed by performing the steepest ascent
method (SAM) to make the concentration of each factor approach the
range where the extreme point is located. Finally, the central composite
design (CCD) was used to explore the regression equation for estimating
the curvature of the yield and each factor based on the central point
(from the fractional factorial design) coupled with the star point.

2.2.2.1. Steepest ascent method (SAM). When many variables are
involved, a two-level fractional factorial design can well determine the
path of steepest ascent toward the neighborhood of the response optima.
SAM will then be employed to reach the neighborhood of the center
point of the Plackett-Burman design (PBD) space, which can be
considered to be the origin for SAM (Supplementary Tables S-2). In this
study, experiments were run along the path described by SAM [40].

2.2.2.2. Central composite design (CCD). CCD, a second-order experi-
mental design, was then employed to fully elucidate the response surface
near the optimum that provided a basis for the second-order polynomial
approximation to the true response. In this study, CCD consisted of four
factors (X1, Xo, X3, and X7) and each factor had five code levels (-2, —1,
0, 1, and 2). The levels of independent variables were: 5-8.7 for pH;
0.600-0.652 g/30 mL for glucose; 1.200-1.250 g/30 mL for PDB; and
0.060-0.138 g/30 mL for agar. A total of 26 runs were generated using
Design Expert, where 16 runs were factorial runs, 8 runs were axial runs,
and 2 runs were for replicating the center point. The other three factors
were held constant at the central point of the PBD space.

The quality of the fitted polynomial model was assessed by the co-
efficient of determination (R?). According to the experimental data,
mathematical models were established based on initial pH values and C-
source concentrations via multiple regression, and then they were used
to resolve the maximum by partial differentiation for obtaining the new
center point for the process response of the next step (T4 experiment in
this study). This study fitted a full second-order regression model (Eq.
(1)) to the experimental data for determining its coefficients.

Y = a9 + ai X+ Xy + a3X3 + asXy + a;pXiXo + a;3X X3 + a1aX Xy +
423X0X3 + a24XoXat a3aXsXg + anXy? + anXo® + a33Xs” + apXy: (1)

where Y is the expected response value predicted by RSM; and a;, a; and
ajj are the model parameters to be estimated.

In this study, the multiple regression analysis was used to evaluate
the experimental data, with significance judged by the p value. All of the
regression planes were generated and analyzed by the software “JMP
statistical software package” (SAS Institute Inc., USA).
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2.3. Self-organizing feature map (SOM)

An artificial neural network (ANN) is an algorithm performed by
mathematically modeling the interconnected network structure for
simulating human neural networks and is considered an effective tool
for modeling biomass production (Fig. 1). The self-organizing feature
map (SOM) belongs to the family of ANNs and was used in this study for
identifying the factors dominating the growth of A. cinnamomea. SOM
contains several nodes, and associated with each node are the clustered
input data (variables) and a position in the map space [41]. SOM is
commonly constructed into a two-dimensional grid that represents a
lattice-like structure among neurons (nodes) to form a topological map
for visualizing data characteristics. SOM learns to recognize the groups
of similar input vectors in such a way that neurons physically near each
other in the hidden layer respond to similar input vectors. Each neuron
contains a vector with the same dimension of the input vector. Neurons
are subsequently trained based on competitive learning [42,43], which
can convert multi-dimensional input patterns into the responses of
two-dimensional ordering of neurons through performing this trans-
formation adaptively in a topologically ordered fashion. Consequently,
SOM enables the detection of the inherent structure and the interrela-
tionship of input data. Fig. 2 presents the architecture of SOM, consisting
of input variables, winner-clustered hidden nodes, and the weighted
sum of the outputs.

The 32 data sets of fractional factorial designs (T1) were used as the
training data for SOM. The implementation steps of the training algo-
rithm for SOM are summarized as follows.

Step 1. The initial training stage, initialize the weights of neurons
with random values.

Step 2. Find a neuron (denoted as the winner) with a weight vector
the most similar to the input vector (variables) according to the
minimum distance Euclidean criterion.

Step 3. Adjust the weights of the winner and its neighborhood neu-
rons towards the input vector. The magnitude of the change de-
creases with the distance from the winner over time.

This training process repeats until the feature map (topology) is well
unfolded. If the map fails to be unfolded after a certain number of it-
erations (e.g., 2000), it is suggested restarting the training process with a
different set of initial weights. Following the training process, the ob-
tained topology displays the neurons on the grid in topological order so
similar neurons stay close to one another while dissimilar neurons stay
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far from each other. Consequently, input vectors (training samples) are
allocated into the constructed topological map based on the degree of
similarity.

SOM uses an unsupervised learning algorithm to group input data
into clusters of similar patterns, and therefore input vectors can
memorize the clustering results specific to the network only. This
behavior can benefit the recognition of the problem but cannot effec-
tively reach a continuous function approximation. It is noted that similar
input patterns may result in different outputs. Therefore, it is common to
use the average of output values as the input patterns clustered into the
corresponding neuron, followed by using the output of the closest (the
most similar) neuron directly for the given input pattern [29,44].

3. Results and discussion

In this study, 4-stage experiments (T1-T4) were conducted by RSM,
with each culture condition being performed in triplet. A total of 96-, 18-
, 78- and 6-run experiments were carried out in T1-T4, respectively. In
support of factor analysis, SOM based on the T1 results of RSM was
responsible for efficiently and effectively identifying the dominant fac-
tors for biomass production. According to the single-factor analysis,
process variables and their ranges were selected while independent
variables were coded at three levels between —1 and 1 (Table 1).

3.1. SOM for the identification of dominant factors

SOM can effectively group input vectors into clusters of similar
patterns. One of its most significant features and contributions is the
results obtained from SOM can be visualized on its topological map.
Once the structure of SOM is determined, it stores the most relevant
information of the input variables in its topological map and allows all
such information to be displayed and explored. This study used SOM to
cluster the biomass obtained from the liquid culture process (T1). The
input layer of SOM contained the culture conditions of seven parameters
(variables), namely pH, glucose, PDB, CC-PS, camphor, CC water
extract, and agar. Due to the limited number (32 in this study) of sam-
ples, only a few map sizes of SOM were conducted to determine the most
suitable network structure (i.e. the number of neurons in the hidden
layer). After a number of trials, a total of 9 neurons in a hidden layer
were determined and the output was composed of one projected variable
(biomass production). It is noted that the input variables were normal-
ized before training the network. The weights and biases were adjusted
by the SOM algorithm. In this study, the 32 datasets (samples) were
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Fig. 1. Scheme of the artificial neural network (ANN) for modelling biomass production.
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Fig. 2. Architecture of the self-organizing map (SOM) for clustering the input variables.

Table 1
Assigned concentration of each variable at different levels and spacing of levels
expressed in coded and natural units.

Independent variables Code levels

-1 0 +1
X3 pH 4.6 5.6 6.6
X Glucose (g/L) 0 20 40
X3 PDB (g/L) 30 40 50
X4 CC polysaccharides (g/L) 0 0.16 0.32
X5 Camphor (g/L) 0 1 2
Xe CC water extract (g/L) 10 20 30
X7 Agar (g/L) 0 2 4

clustered by the Neural Net Clustering (SOM) of MATLAB (Version
2019a) based on 600 training epochs.

The samples in each of the 9 clusters are listed in Supplementary
Tables S-3. Cluster 1 (containing samples #18, #19, #25 and #28) had
the maximal mean value of the biomass while Cluster 4 (containing
samples #21, #24, #30 and #31) had the minimal mean value of the
biomass. The SOM results implied the clusters with larger mean values
possessed more applicable culture conditions than those of smaller mean
values. Fig. 3 illustrates the SOM clustering results in view of variables
X1-X7. It appears the concentrations of X3 (PDB) and X; (Agar) had a
positive relation with the biomass, whereas those of X5 (Camphor) and
Xg (CC water extract) had no relation with the biomass. Besides, it was
difficult to relate X; (pH), Xy (glucose) or X4 (CC-PS) with biomass
production. The SOM results suggest X3 (PDB) and X; (Agar) are the
dominant factors for biomass production while X5 (Camphor) and Xg
(CC water extract) are not necessarily important for biomass production.

We further explore the constructed topological map obtained from
SOM in view of 9 clusters, as shown in Fig. 4. The maximal mean value of
biomass production occurred in Cluster 1, which showed X3 (PDB) and
X7 (Agar) had the highest frequency of occurrence (i.e. each occurred 4
times; the largest red squares) in the code level of +1 while X5
(Camphor) and Xg (CC water extract) had the highest frequency of
occurrence (i.e. each occurred 4 times; the largest grey squares) in the
code level of —1. In contrast, the minimal mean value of biomass pro-
duction occurred in Cluster 4, which showed X3 (PDB), X5 (Camphor), Xg
(CC water extract) and Xy (Agar) had the highest frequency of occur-
rence (i.e. each occurred 4 times; the largest grey squares) in the code
level of —1. The results suggest X3 (PDB) and X7 (Agar) are the dominant
factors for biomass production. Specifically, it is of great potential to
reach the highest biomass production when the code levels of X3 (PDB)

and Xy (Agar) are +1 during cultivation. Nevertheless, X5 (camphor) and
Xe (CC water extract) are considered the least important for biomass
production because they were only present at the code level of —1 in
both Cluster 1 (the maximal mean value of biomass) and Cluster 4 (the
minimal mean value of biomass), which raises the difficulty in high-
lighting their importance in biomass production. As for X; (pH), Xz
(glucose) and X4 (CC-PS), they did not show consistent behavior in
biomass production. Therefore, further exploration of the three factors
can be made by RSM.

3.2. Plackett-Burman design (PBD) for the optimization of medium
composition

This study developed a hybrid methodology for optimizing the
growth condition of A. cinnamomea. After a series of preliminary ex-
periments, the initial pH value, glucose, PDB, CC-PS, camphor, CC water
extract, and agar were determined as the potential factors affecting the
growth of A. cinnamomea. Then, RSM was used to evaluate the relations
existing between the seven experimental factors and the observed
biomass. The code levels of the seven variables were selected for
biomass production based on the results obtained from the conventional
one-factor-at-a-time approach.

After defining the domain for each of the seven variables, the relation
between these assigned values in each code level can simply be obtained
from the following formula.

(x-x)

z
AX

2)
where Z is the code value; X is the corresponding natural value; X° is the
natural value in the center of the domain; and AX is the increment of X
corresponding to one code level of Z.

Table 1 shows the experimental variables and spacing of levels
expressed in coded and natural units. Supplementary Tables S—1 depicts
a 2772 fractional factorial design and the results of the PBD matrix. The
experiments contained variables X;—X; and 32 runs of the two-level
fractional factorial design and PBDs to screen the factors that were
considered potential, and then the incubation was carried out for 7 days.
In the experimental designs, the dry weight (biomass) of the mycelia was
measured.

According to the code level and the corresponding value, 96-run
experiments were conducted. The data on the biomass production of
A. cinnamomea were presented in yield (experimentally determined
biomass (g/L) after 7 days of incubation). The two-level results were
regarded as the coefficients of X;—Xy in the first-order regression
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expresses the mean value of biomass production. The upper right corner of each subfigure is the SOM topological map that shows the weight plane of each

input (X;-X7).

equation of the fractional factorial design experiment (Table 2), along
with the assigned value of each variable’s path of steepest ascent
(Supplementary Tables S-2). The R? of the regression analysis per-
formed by the nonlinear regression of SigmaPlot 11.0 was 0.5155
(Table 2). The correlation between the observed values and the results of
the screening model appeared to be highly significant (p value < 0.05),
representing the actual relationship between the response (biomass) and
the variables is significant. Variables pH (X;), glucose (X5), PDB (X3) and
agar (X7) showed significance values of p < 0.01 or p < 0.001 and were
considered to be key factors in the following design for the path of
steepest ascent. The regression equation considering all the terms irre-
spective of their significance (expressed in terms of actual concentration
values) is shown in Eq. (3).

Y = —5.7475 + 1.5886X + 0.0366X, + 0.0701X3 — 0.0822X, + 1.5935X5 —
0.0124X4 + 0.5459X7 3

where Y is the predicted mycelial biomass (g/L); X is the initial pH in
code form; Xj is the concentration of glucose (g/L) in code form; X3 is the

concentration of PDB (g/L) in code form; and X5 is the concentration of
agar (g/L) in code form. The growth response will be increased by
1.5886 g/L if X; (initial pH) is increased by one unit. Similarly, the
growth response will be increased by 0.0366 g/L if X5 (the concentration
of glucose) is increased by one unit. The growth response will be
increased by 0.0701 g/L if X3 (the concentration of PDB) is increased by
one unit. The growth response will be increased by 0.5459 g/L if X7 (the
concentration of agar) is increased by one unit.

The non-significant factors from Table 3 consisted of X4 (CC-PS), X5
(camphor), and X (CC water extract), which were discarded prior to the
next design for the path of steepest ascent. In contrast, X; (pH), X»
(glucose), X3 (PDB) and Xy (agar) were used to perform the design for
the path of steepest ascent. In general, higher biomass fermentation
depends on the species, cultural medium, cultural temperature, pH,
dissolved oxygen, and the amount of inoculum. The carbohydrate
required in culture media is usually acting as osmotica and help main-
tain an osmotic potential in the culture medium useful to cell and tissue
growth [45].
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Fig. 4. Mean values of biomass production in Clusters 1-9 and the occurrence frequencies of input data (X;-X) in the corresponding code levels. The larger the size
of rectangle, the higher the frequency of events.

3.3. Steepest ascent method (SAM) for identifying the search direction

SAM is conducted by searching the direction of the steepest ascent
and moving the maximal response value toward the neighborhood of the

Table 2

Regression analysis of the fractional factorial design (T1).
Coefficients Estimate Std. Error t value Probability
(Intercept) —5.7475 1.58745 -3.621 0.00049 i
X3 1.58864 0.21997 7.222 1.58E-10 e
Xy 0.03658 0.01106 3.307 0.00136 wx
X3 0.07014 0.02212 3.171 0.00208 wx
X4 —0.0822 1.38267 —0.059 0.95274
Xs 1.5935 0.22123 0.72 0.4732
X6 —0.0124 0.02212 —0.562 0.5753
X7 0.54593 0.11061 4.935 3.65E-06 i

**%: p < 0.001; **: p < 0.01; *: p < 0.05; R-Squared: 0.5155.

Table 3

optimum process response, where experiments are conducted until there
is no further increase in the response [46]. This model is useful in
indicating the direction along which variables keep changing in order to
enhance mycelial biomass (Yieldmax (Eq. (3)). The path of steepest
ascent can be determined using Eq. (3).

From the regression analysis, the probability of significance showed
X1 (pH), X2 (glucose), X3 (PDB) and X7 (agar) significantly impacted the
biomass, whereas X4 (CC-PS), X5 (camphor) and Xg (CC water extract)
had no significant impacts on the biomass (Table 2). Therefore, X; (pH),
Xs (glucose), X3 (PDB) and X7 (agar) that showed a relatively significant
contribution to the biomass were used in SAM. Hence, the path of

Assigned concentration of each variable at different code levels and the results of the path of the steepest ascent experiment (T2).

Factor PH Glucose PDB CCPS Camphor CC water extract Agar Yield (g/L)"
8/L
-2 3.1107 19.13 39.17 0.16 1 20 0.7 3.22 4 0.08
-1 4.0553 19.56 39.58 0.16 1 20 1.35 2.60 + 0.08
0 5 20 40 0.16 1 20 2 531 +£1.11
1 5.9447 20.44 40.42 0.16 1 20 2.65 6.89 + 0.37
2 6.8893 20.87 40.83 0.16 1 20 3.3 7.77 £ 0.93
3 7.834 21.32 41.26 0.16 1 20 3.95 5.84 4+ 0.83

# Under the condition of 28 °C and 50 rpm for 7 days. N = 3 (repeated 3 times under same experimental condition).
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steepest ascent was designed to keep the other non-significant factors
(not significant at a 95% confidence interval) at the center point level of
the PBD space. SAM was used to estimate the coefficients of the first-
order approximation. In code forms, X; (pH), X2 (glucose), X3 (PDB)
and X; (agar) were increased by 0.94467, 0.02175, 0.04171 and
0.32463 units, respectively (Table 4). Based on Eq. (3), Table 3 showed
the direction along which the variables kept changing. SAM verified
how the biomass changed systematically when the variables were sys-
tematically altered as per Eq. (3) using predetermined increments. There
were six experiments in this section. The composition of the path of
steepest ascent experiment (T2) was at the second-code level, and the
following experimental compositions increased at a specific constant
rate based on the coefficients of X;, X, X3 and X7 listed in Supplemen-
tary Tables S-2. It can be concluded from Table 3 that increasing the
value of pH and the concentrations of glucose, PDB and agar by two
units could result in the maximal increase (7.77 g/L) in the response
(biomass), and therefore this code level was used as the star point of
CCDs to estimate curvature. After that, the biomass decreased (the third-
code level resulted in a yield of 5.84 g/L). It reveals the concentration of
each factor approaching the range where the extreme point was located
was at around two units of the star point. This study used this point (the
code level of +2 in Table 3) as the center point of CCD.

3.4. Central composite design (CCD) model fitting

An experimental design was formulated, whose center point was
moved in the direction of the condition giving the highest growth
response on the steepest path. CCD was used to analyze the concentra-
tions of the variables (media components and pH) suitable for the
biomass production of A. cinnamomea and the experimental domain
depicting the levels and interactions between the biomass and each
selected variable to fit into a regression equation. CCD began with a
fractional factorial design (with center points) and added "star" points to
estimate the curvature. The concentration ranges and pH values of X;
(pH), X2 (glucose), X3 (PDB) and X7 (agar) were determined based on the
results reported in the section of SAM and the concentration ranges
adopted in the PBD and in the unoptimized media [17]. The

Table 4
Experimental design and results of CCD at B85 T3 experiment of 26 runs.

Run® pH Glucose PDB Agar Experimental yield
Code level (g/L)
1 1 1 1 1 4.800
2 1 1 1 -1 5.907
3 1 1 -1 1 5.047
4 1 1 -1 -1 5.633
5 1 -1 1 1 5.540
6 1 -1 1 -1 7.847
7 1 -1 -1 1 8.400
8 1 -1 -1 -1 6.190
9 -1 1 1 1 9.213
10 -1 1 1 -1 5.117
11 -1 1 -1 1 8.443
12 -1 1 -1 -1 5.300
13 -1 -1 1 1 7.033
14 -1 -1 1 -1 6.853
15 -1 -1 -1 1 8.753
16 -1 -1 -1 -1 5.290
17 2 0 0 0 8.050
18 -2 0 0 0 2.450
19 0 2 0 0 8.610
20 0 -2 0 0 7.603
21 0 0 2 0 7.030
22 0 0 -2 0 6.170
23 0 0 0 2 4.237
24 0 0 0 -2 5.980
25 0 0 0 0 10.110
26 0 0 0 0 5.340

2 All other media components were at center point of the PBD space.
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concentrations of all the other factors (X4 (CC-PS), X5 (camphor) and Xg
(CC water extract)) were maintained at the center point level. Therefore,
the experimental design was formulated, where a center point moved in
the direction of the condition giving the highest growth response on the
steepest path. The experiment’s domain that was out of the initial
domain was rearranged to proceed further in CCD (Supplementary
Tables S-4).

This study consisted of a 26-run fractional factorial design. Second-
order coefficients were assessed for estimating the 15 coefficients of
the model. The statistical software package, JMP statistical software
package (SAS Institute Inc., USA), was used to perform the 26-run
fractional factorial design that comprised four variables (X, X2, X3
and Xy), varying at five different code levels, i.e. very high (+2), high
(+1), 0, low (—1), and very low (—2). The 26 runs in the design were
composed of 16 cubic (factorial) points, 2 replicates of the center point,
and 8 axial (star) points. The various levels of the factor matrix and the
yields of mycelia under different combinations of X; (pH), X (glucose),
X3 (PDB) and X7 (agar) after 7 days of fermentation are given in Table 4.

The experimental data of CCD were fitted using a polynomial
equation including the second-order regression (Eq. (1)) to determine
the coefficient and the p value of each variable (Table 5). The final
regression equation in terms of code values (Eq. (1)) was expressed with
actual values (Eq. (4)), and therefore Y (the biomass after 7-day incu-
bation) was predicted. The values of X; (pH), X3 (glucose), X3 (PDB) and
X7 (agar) were therefore obtained (Supplementary Tables S-3).

Y =-2698.3713 + 55.6831X; + 6.0232X, + 114.4838X3 + 70.9194X5 -
0.5696X X5 - 0.7760X ;X3 - 1.1495X;Xy - 1.1598X,X3 + 0.2945X,X7 -
1.4737X3X7 - 0.5716X % + 1.0578X,” - 0.9827X3% - 1.2911X7> (€)]

where Xj, X», X3, and X7 denoted the code values of the four test vari-
ables (i.e., pH, concentration of glucose, PDB, and agar, respectively).
The p values shown in Table 5 indicate X; (pH), X3 (PDB) and Xy
(agar) are the crucial factors affecting the value of Y while X5 (glucose)
has no significant effect on the value of Y. Besides, the interactions of X;
and X7 are important, similarly for those of X3 and X7.
To resolve the maximization problem by partial differentiation, a
local maximum was presented.
oY
X1 a;+2a X +apXytapXs+an Xy (5.1)
oY
X2

p+apX;+2a,Xo+a,3X3+a, Xy (5.2)

oY

X3 azt+ap X +anX;+2a33X3+a37 Xy (5.3)

Table 5
Parameter of the second-order regression based on the data of central composite
designed experiments.

Independent variable Coefficient estimate t-value p-value
a0 —2698.02 —0.6368 0.5265
al 55.679 1.2854 0.2033
a2 6.015 0.0529 0.9580
a3 114.472 0.6654 0.5082
a7 70.919 1.1302 0.2627
al2 -0.57 -0.6317 0.5298
al3 -0.776 -0.8216 0.4144
al7 -1.15 —1.8834 0.0643
a23 -1.16 —0.5721 0.5693
a27 0.295 0.2248 0.8228
a37 —1.474 —1.0738 0.2870
all —0.572 —1.4230 0.1597
a22 1.058 0.5681 0.5720
a33 —0.983 —0.4819 0.6315
a77 -1.291 —1.5206 0.1334
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oY
E = a7+a17X1+a27X2+a37X3+2a77X7 (5.4)

The maximum biomass of mycelia was achieved theoretically at
initial pH (7.39), glucose (20.83 g/L), PDB (40.44 g/L) and agar (3.47 g/
L). To prove its feasibility, three replications with the optimum medium
were carried out, with an average biomass of 9.70 g/L. The optimum
concentration and the results of biomass production are shown in Fig. 5.

3.5. Predicted optimal biomass production by RSM

It is important to justify whether RSM could accurately identify the
medium conditions resulting in the optimal biomass production.
Therefore, the performance of biomass production predicted by RSM
design was verified by the experimental results. Using a medium
composition located within the optimal range i (the cultural 7.39 of pH
value, 20.83 g/L of glucose, 40.44 g/L of PDB, 0.16 g/L of CC-PS, 1 g/L
of camphor, 20 g/L of CC water extract, and 3.47 g/L of agar), the results
from the confirmation experiments gave a biomass value (Y) of 9.70 +
0.60 g/L (Fig. 5). The yield of RSM was 200% higher than that (4.72 +
0.33 g/L) of the control medium, indicating the response surface anal-
ysis was indeed an effective tool for improving biomass production.
Moreover, the best performance of biomass production obtained from
this work is also higher than that of the maximum (7.7 g/L) in Table 3.

In most fungal biomass studies, a relatively high C/N (carbon to
nitrogen) ratio was favorable for mycelial growth [47] and carbon
substrate is considered the most important performance index for
biomass production. It was reported that the availability of mono-
saccharide was better than that of disaccharide, and glucose concen-
tration had the most impact on the mycelial production of
A. cinnamomea [48]. Both the RSM and SOM results obtained from this
study indicated both PDB (X3) and agar (X7) were more important car-
bon sources than glucose (X3), where the carbon source was selected
based primarily on mono- and di-saccharides. According to this study,
the high biomass value indicated the effectiveness of converting carbon
substrate (PDB and agar) into biomass production. Hence, the response
surface analysis was also conducted to investigate the interactive effects
of PDB and agar on the yield. The results showed the interactions be-
tween PDB and agar were important to the yield (Eq. (4)). In this study,
pH appeared to have a minimal impact on the culture system. The initial
pH was designed to range from 5 to 8.77 (Supplementary Tables S-4),
and the optimum pH was determined to be 7.39. RSM was also used to
optimize the medium composition for the enhancement of biomass
productivity of A. cinnamomea [4]. The inference that pH played a
crucial role in biomass production was also observed [49]. The optimal
initial pH value of 5.54 together with 4.78 g/100 mL of corn powder,
3.19 g/100 mL of yeast malt broth reached the maximal biomass

10

I

Control medium

Fig. 5. Biomass production of A. cinnamomea under RSM and control medium
conditions. **p < 0.01, compared with control.
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production. The different strains of the fungus and carbohydrate com-
ponents used in RSM may result in different optimal initial pH values in
this study.

3.6. Experimental validation of RSM and ANN responses

The optimum culture condition obtained from RSM for achieving the
highest biomass production of A. cinnamomea was found to be 7.39 of
pH, 20.83 g/L of glucose, 40.44 g/L of PDB, 0.16 g/L of CC-PS, 1 g/L of
camphor, 20 g/L of CC water extract, and 3.47 g/L of agar based on a
given set of reaction parameters. Experiments were carried out in trip-
licate, along with the control medium (the initial point). The biomass
value of RMS was 9.70 + 0.60 g/L, while the biomass value of the
control medium was 4.72 + 0.33 g/L (Fig. 5), indicating a more than
200% increase in biomass production made by RSM. This suggests RSM
is a more successful statistical design for the optimization of multiple
factors at a small test scale, compared with the one-factor-at-a-time test.

The response surface analysis was further conducted to examine the
interactive effects of PDB and agar on the yield. Several studies indicated
the extent of X3 (PDB) and X; (Agar) based on the response surface
model established for Yieldmax (Egs. (1), (2) and (4)), and the optimal
operating condition was obtained. Since the performance indexes of pH
(X1), glucose (X2), PDB (X3), and agar (X7) indicated they were key
factors from RSM, it would be of great interest to reveal the global op-
timum leading to the best overall ability of a multi-factor system for
biomass production.

According to RSM, this study conducted 4-stage experiments (T1-
T4), including 96 runs in the first stage (32 conditions, and repeated 3
times), 18 runs in the second stage (6 conditions, and repeated 3 times),
78 runs in the third stage (26 conditions, and repeated 3 times), and 6
runs in the fourth stage (2 conditions, and repeated 3 times). It is worth
noting that the results of SOM based on the first-stage results (T1) of
RSM pointed out the dominance of X3 and X; in the growth of
A. cinnamomea, and RSM also obtained the same results. This recom-
mends the applicability and practicability of ANN in determining the
dominant factors for biomass production in a rather efficient way, which
can be cost-effective and less laborious in support of RSM.

In sum, the proposed model hybriding RSM and ANN is suitable for
relating the mycelial biomass with initial pH, glucose, PDB and agar, and
the computation-based optimization results can be applicable to the
liquid culture process to enhance the yield of A. cinnamomea.

4. Conclusion

This study developed a hybrid methodology integrating ANN and
RSM to optimize the culture condition of A. cinnamomea, where ANN
was used to efficiently and effectively identify the dominant factors for
biomass production and RSM was used to explore the optimum condi-
tions for the process response.

The ANN-based SOM clustering analysis of the first-stage results of
RSM suggested PDB and agar are the desired dominant factors. A
maximum yield of 9.70 g/L (200% increase in biomass, compared to that
of the control medium) was observed under RSM conditions over 7 days
at 28 °C, which is better than those of the documented reports in the
literature. The results indicate that statistical approach of the experi-
mental design is effective in enhancing yield. Besides, PDB and agar as
well as their interactions are the crucial factors affecting biomass pro-
duction, which conform to SOM results.

The hybrid ANN & RSM methodology established in this study can
obtain a favorable composition of carbohydrate-based substrates and pH
in culture to improve biomass production significantly. These findings
will surely aid in developing a commercially viable way for biomass
production of other biomaterials in an economical process.

E-supplementary Tables of this work can be found in online version
of the paper.
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