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Abstract 

Background: Organic carbon sources have been reported to simultaneously increase the growth and lipid accumu‑
lation in microalgae. However, there have been no studies of the mixotrophic growth of Porphyridium purpureum in 
organic carbon media. In this study, three organic carbon sources, glucose, sodium acetate, and glycerol were used as 
substrates for the mixotrophic growth of P. purpureum. Moreover, a novel trait‑based approach combined with Gener‑
alized Additive Modeling was conducted to determine the dosage of each organic carbon source that optimized the 
concentration of cell biomass or fatty acid.

Results: A 0.50% (w/v) dosage of glucose was optimum for the enhancement of the cell growth of P. purpureum, 
whereas sodium acetate performed well in enhancing cell growth, arachidonic acid (ARA) and eicosapentaenoic acid 
(EPA) content, and glycerol was characterized by its best performance in promoting both cell growth and ARA/EPA 
ratio. The optimum dosages of sodium acetate and glycerol for the ARA concentration were 0.25% (w/v) and 0.38% 
(v/v), respectively. An ARA concentration of 211.47 mg  L−1 was obtained at the optimum dosage of glycerol, which is 
the highest ever reported.

Conclusions: The results suggested that a comprehensive consider of several traits offers an effective strategy to 
select an optimum dosage for economic and safe microalgae cultivation. This study represents the first attempt 
of mixotrophic growth of P. purpureum and proved that both biomass and ARA accumulation could be enhanced 
under supplements of organic carbon sources, which brightens the commercial cultivation of microalgae for ARA 
production.
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Background
Arachidonic acid (ARA, C20:4ω6) derived from microal-
gae is in high demand because ARA is one of the most 
abundant poly-unsaturated fatty acids (PUFAs) in the 
brain [1], and its traditional sources, including marine 
fish oil and animal tissues, are not sustainable and are 
becoming more and more scarce [2]. However, the fatty 
acid content of microalgae is very sensitive to culture 
conditions. The major PUFA that benefits from favora-
ble growth conditions is eicosapentaenoic acid (EPA, 
C20:5ω3), which is the downstream product of ARA [3–
7]. In contrast, a high ARA content is usually obtained 
under stressful conditions. These conditions include low 
light intensity, suboptimal temperature, suboptimal pH, 
high salinity, and micronutrient limitation [3–7]. All of 
these conditions are detrimental to the production of 
algal biomass. The result is an increase of ARA content 
but a decrease in ARA production, i.e., a decrease in 
ARA content × algal biomass production.

To overcome this problem, more and more studies have 
involved the addition of doses of organic carbon into the 
growth medium to exploit the ability of microalgae to 
grow in a mixotrophic mode. Simultaneous increases in 
growth and lipid accumulation have been reported for 
a variety of carbon sources [8–12]. However, no studies 
have addressed the effects of organic carbon substrates 
on ARA accumulation in microalgae. Determination 
of whether inexpensive carbon sources could enhance 
microalgal production of ARA is, therefore, needed.

The performance of microalgae in culture systems 
depends on their physiological condition, which is typi-
cally characterized in terms of their optimal irradiance, 
maximum rate of photosynthesis, and their ability to take 
up and utilize substrates (e.g., maximum uptake rates 
and half-saturation constants) [13]. Trade-offs among 
these traits result in fundamental niches of microalgae 
with respect to resources [14]. Fundamental niches also 
exhibit important characteristic traits, such as the mean 
and breadth of the niche [15, 16]. Consideration of all 
traits simultaneously is, therefore, important for the pro-
cess of resource optimization. However, trait values can 
be estimated only when a specific response function can 
be obtained. Unfortunately, most of the relationships 
between microalgae and resources cannot be simulated 
with simple parametric models, because the relationships 
are generally nonlinear or not normally distributed [17]. 
Generalized additive modeling (GAM) allows for rather 
flexible specification of variables and has the advantage 
of being nonparametric regarding the statistical distribu-
tion of the data [18–21]. GAMs have been widely applied 
in environmental monitoring [22], ecology [16, 23, 24] 
and medicine [25] but have not been used to optimize the 
conditions for culturing microalgae.

The only microalga reported to produce ARA in signifi-
cant quantities is the red unicellular rhodophyte Porphy-
ridium purpureum [4, 26]. ARA can account for as much 
as 40% of total fatty acids (TFA), but only under stressful 
conditions [4–7]. To date, there have been no studies of 
the mixotrophic growth of P. purpureum in organic car-
bon media. In this study, three organic carbon sources, 
glucose, sodium acetate, and glycerol [11, 12, 27, 28] were 
used as substrates for the mixotrophic growth of P. pur-
pureum. We used GAM and a novel trait-based approach 
to determine the dosage of each organic carbon source 
that optimized the concentration of cell biomass or ARA.

Methods
Microalgae culture systems
The microalga P. purpureum CoE1 that was cultivated in 
this study was previously screened and has been main-
tained by the authors’ research group [7]. The experi-
ments with glucose, sodium acetate, and glycerol were 
carried out at the same time. Experimental cultures were 
grown in 1-L flasks containing 500  mL of artificial sea-
water medium (ASW) [29]. All flasks were placed evenly 
in the same incubator under continuous illumination at 
a light intensity of 165 µmol photons  m−2  s−1 with cool 
white fluorescent lamps. The temperature was main-
tained at 25  °C, and the cultures were aerated at a rate 
of 1 L  min−1. The pH during the cultivation was adjusted 
to be 7.6 with Tris–HCl buffer every other day. The mix-
otrophic cultivations were operated by adding differ-
ent dosages of glucose (w/v), sodium acetate (w/v), and 
glycerol (v/v). The dosages were all set to 0.05, 0.1, 0.25, 
0.5, 0.75, or 1.0%. Preliminary experiments showed that 
this gradient was enough to capture the full range of the 
effects of these three carbon sources on algal biomass. An 
autotrophic group with no supplement of organic carbon 
sources was taken as the control group. The three series 
of experiments shared the same control group. All exper-
iments were performed in triplicate. Cell biomass and 
organic carbon content were measured every other day. 
The cultivation lasted until the cell biomass was stable on 
the 18th day. The concentration and composition of fatty 
acids (FAs) were measured at the end of the cultivation.

Measurement of algal cell biomass
The metric of microalgal biomass was the cell dry weight 
concentration (DW, g  L−1), which was determined by 
measuring the optical density  (OD604nm) of the cultures 
and an empirical relationship between DW and  OD604nm 
[7]. The dry weight was obtained by washing the cells 
twice with distilled water and drying them in an oven at 
80 °C until a constant weight was achieved.
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Determination of organic carbon content
The content of glucose in the samples was determined 
using a dinitrosalicylic acid (DNS) method [30]. Acetate 
and glycerol contents were determined by gas chroma-
tography according to Sundqvist et  al. [31] and Wang 
et al. [32], respectively.

Analyses of lipids and fatty acids
Lipid extraction for fatty acid analysis was conducted 
following the method of Bligh and Dyer [33]. In brief, 
about 0.1  g of lyophilized biomass of each sample was 
extracted with a chloroform–methanol–water solution. 
The lipid-containing chloroform phase in the substratum 
was dried to powder under a nitrogen stream. Fatty acid 
methyl esters (FAMEs) were prepared by esterification of 
the powdered lipids in a KOH–methanol solution with 
the C17:0 ester containing cyclohexane as the internal 
standard. The upper layer of the mixture was separated 
for FAME composition analysis.

The FAME composition analysis was conducted with 
a GC–MS system (ThermoFisher Trace 1300-ISQLT). 
The GC–MS system was equipped with an electron 
impact ionization detector and a TR-5MS column 
(30.0 m × 250 μm × 0.25 μm). The injection volume was 
1 μL for each sample. The temperature of the injector and 
detector, the column flow rate, and the split ratio were 
250 °C, 1.2 mL min−1, and 1:50, respectively. The running 
temperature was set as follows: 40 °C for 1 min, heating 
to 230 °C at 20 °C  min−1, held at 230 °C for 1 min, heating 
to 270 °C at 3 °C  min−1, and held at 270 °C for 2 min. An 
internal standard was used to quantify the weight (mg) of 
each fatty acid, and its cellular content (mg g−1) was cal-
culated in terms of its weight per gram of algal powder.

GAM modeling
GAM functions were constructed with a Gamma dis-
tribution to describe the functional relationship, f(x), 
between cell biomass or ARA concentration and dosage, 
x, using the function ‘gam’ in the R package ‘mgcv’ [19]. 
The use of Gamma distribution assured that the fitting 
values of the response variable (cell biomass or ARA con-
centration) were positive [19]. The model formulations 
were as follows:

where the symbol α is the intercept and ε the random 
noise. The term s indicates a one-dimensional nonlinear 
function based on thin plate regression splines. To avoid 
overfitting, according to Wood [19], the number of basis 
functions was constrained to be less than five, and each 
model effective degree of freedom was forced to count as 

(1)f (x) = α + s(x)+ ε,

1.4 degrees of freedom in the generalized cross-valida-
tion (GCV) score. Similar treatments have been done in 
Liu et al. [34] and Chen et al. [35].

Calculations of traits
If the GAM function, f(x), was unimodal, the maximum 
potential dosage of each carbon source for the cell bio-
mass or ARA content, pmax, was calculated according to 
the following equation:

The mean (μ) and standard deviation (σ) of the dosage 
were defined by

In Eqs.  (3) and (4), tmax is the least dosage that satisfies 
the condition f(tmax) ≥ f(0). We call the trait tmax the max-
imum tolerance dosage. The parameters μ and σ repre-
sent the mean dosage of a carbon source and the range 
(breadth) of the dosage within which the cell biomass or 
ARA content is high [15, 16], and we interpret these two 
traits as a simple description of the mean safe dosage and 
breadth of the mean safe dosage, respectively.

Other analyses
The fatty acid compositions and their cellular contents 
obtained with the three carbon sources were analyzed 
with a principal component analysis (PCA) using the R 
package ‘vegan’ [36]. To contrast the overall difference in 
the cell biomass between two dosages of a carbon source, 
a generalized linear mixed-effects model (GLMM) was 
used with the ‘lme4’ package for R [37]. Time was taken 
as the random effect. A Kruskal–Wallis test was used to 
analyze the overall difference in variances between dos-
ages at the same sampling time [38]. All analyses in this 
study were done using the R version 3.4.4 (R Develop-
ment Core Team 2018) [39].

Results
Effects of organic carbon sources on the cell growth of P. 
purpureum
The residual of glucose in the cultures dropped rapidly to 
about zero after 6 days (Fig. 1a). P. purpureum benefited 

(2)f ′(pmax) = lim
�x→0

f (pmax +�x)− f (pmax)

�x
= 0

(3)µ =
∫
tmax

0 xf (x)dx

∫
tmax

0 f (x)dx

(4)σ 2 =
∫
tmax

0 (x − µ)2f (x)dx

∫
tmax

0 f (x)dx
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from a supplement of glucose in the range of 0–0.75% but 
the 1.0% group was worse than the control after the tenth 
day (Fig.  2a). A significant increase in the biomass of P. 
purpureum versus the control occurred when the glucose 
concentration was more than 0.10% (GLMM, p < 0.05). 

The highest biomass, 15.36 g  L−1, was achieved with the 
0.50% group (Table  1), but there was no significant dif-
ference between the 0.50 and 0.75% groups throughout 
the time course (GLMM, p > 0.05) (Fig.  2a). The GAM 
revealed that the biomass on the 18th day showed a 
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highly left-skewed unimodal relationship with doses of 
glucose (R2 = 0.95, p < 0.05, Fig.  3a). The GAM function 
estimated the maximum-potential-biomass dosage of 
glucose to be 0.61% (Fig. 4a). The validation experiment 
obtained a biomass of 15.85 g  L−1 at that dosage (Table 2), 
which was slightly higher than the biomass obtained at a 
dosage of 0.50%, but there was no significant difference 
(t test, p > 0.05). The GAM also predicted that the maxi-
mum tolerance dosage for glucose was 0.97% (Fig.  4a). 
The mean safe dosage and the breadth of the mean safe 
dosage for glucose, calculated with Eqs. (3) and (4), were 
0.50 and 0.26%, respectively (Fig. 4a).

The residual of sodium acetate declined sharply after 
the first 2 days and then dropped to very low concentra-
tions after 4 days (Fig. 1b). The growth of P. purpureum 
was very sensitive to sodium acetate (Fig.  2b). A small 
dosage (0.05%) of sodium acetate resulted in a significant 
enhancement of cell biomass versus the control (GLMM, 
p < 0.05). This enhancement was maintained up to a dos-
age of 0.25%, above which no significant effect (0.5%) 
or negative effects (0.75 and 1.0%) were found (Fig. 2b). 
The highest cell biomass of 14.05 g  L−1 was obtained at 
a dosage of 0.25% (Table 1). The GAM estimated a trend 
with a steep increase followed by a sharp decrease for the 
biomass obtained on the 18th day as the doses of sodium 
acetate increased (R2 = 0.95, p < 0.05, Fig.  3b). A dose of 

0.25% sodium acetate was predicted to result in the maxi-
mum potential biomass (Fig.  4b). The maximum toler-
ance dosage, the mean safe dosage, and the breadth of the 
mean safe dosage for sodium acetate were 0.55, 0.27 and 
0.15%, respectively (Fig.  4b). The experimental biomass 
at the mean safe dosage was 13.54 g  L−1 (Table 2), which 
was slightly lower than the maximum biomass, but there 
was no significant difference (t test, p > 0.05).

When glycerol was used as the organic carbon source, 
its concentration also decreased to about zero after 6 days 
(Fig.  1c). The highest cell biomass of 15.72  g  L−1 was 
obtained in the 0.5% group and was significantly higher 
than the cell biomass achieved with other tested groups 
(GLMM, p < 0.05) (Fig.  2c). Increasing the concentra-
tion to 1.0% reduced the biomass to a level significantly 
below the control (GLMM, p < 0.05) (Fig. 2c). The GAM 
estimated that the cell biomass on the 18th day increased 
with increasing small doses of glycerol, reached a maxi-
mum of 15.88 g  L−1 at a dosage of 0.39%, and decreased 
at higher dosages (R2 = 0.95, p < 0.05, Fig.  3c, Table  2). 
The predicted maximum tolerance dosage of glycerol was 
0.73%. The mean safe dosage and its breadth were esti-
mated to be 0.37 and 0.20%, respectively (Fig.  4c). The 
experimental concentrations of cell biomass were 16.11 g 
 L−1 and 16.06 g  L−1 at the maximum-potential-biomass 
dosage and the mean safe dosage, respectively (Table 2). 

Table 1 Final cell biomass and fatty acid production of P. purpureum supplemented with organic carbon sources at 18th 
day

The values in parentheses represent standard deviations of three replicates

Carbon source Dose (%) Biomass (g  L−1) Content (mg g−1) Concentration (mg  L−1)

ARA EPA TFA ARA/EPA ARA EPA TFA

Control 0.00 9.58 (0.48) 8.95 (0.17) 6.40 (0.22) 45.62 (2.82) 1.40 (0.05) 85.7 (1.0) 61.3 (2.1) 437.0 (25.8)

Glucose 0.05 10.54 (0.53) 9.10 (0.02) 6.88 (0.43) 47.00 (3.25) 1.32 (0.04) 95.9 (7.6) 72.5 (6.4) 495.4 (27.5)

0.10 11.32 (0.57) 8.64 (0.83) 5.78 (0.82) 44.64 (2.32) 1.49 (0.07) 97.8 (4.9) 65.4 (7.3) 505.3 (25.7)

0.25 13.17 (0.63) 8.86 (0.23) 6.12 (0.36) 46.49 (3.38) 1.45 (0.08) 116.7 (2.1) 80.6 (5.0) 612.3 (36.0)

0.50 15.36 (0.71) 9.03 (0.57) 5.86 (0.39) 46.76 (2.61) 1.54 (0.03) 138.7 (2.1) 90.0 (5.4) 718.2 (39.5)

0.75 15.04 (0.75) 8.48 (0.15) 6.63 (0.15) 45.22 (2.45) 1.28 (0.05) 127.5 (1.9) 99.7 (9.4) 680.1 (30.0)

1.00 8.45 (0.42) 8.72 (0.15) 5.05 (0.52) 44.29 (3.76) 1.73 (0.05) 73.7 (0.1) 42.7 (3.3) 374.3 (17.8)

Sodium acetate 0.05 11.29 (0.52) 10.58 (1.11) 7.25 (0.63) 49.28 (4.64) 1.46 (0.07) 119.5 (18.6) 81.9 (8.4) 556.4 (25.8)

0.10 12.73 (0.57) 11.66 (0.53) 7.61 (0.83) 51.84 (2.92) 1.53 (0.07) 148.4 (2.0) 96.9 (6.3) 659.9 (36.0)

0.25 14.05 (0.70) 12.85 (0.03) 8.62 (0.34) 54.17 (2.85) 1.49 (0.06) 180.5 (10.4) 121.1 (7.4) 761.1 (40.1)

0.50 10.55 (0.46) 10.34 (0.61) 7.91 (0.93) 45.15 (2.75) 1.31 (0.05) 109.1 (10.8) 83.5 (8.1) 476.3 (28.3)

0.75 6.86 (0.37) 8.88 (0.61) 6.35 (0.75) 42.13 (3.65) 1.40 (0.05) 60.9 (1.3) 43.6 (4.1) 289.0 (15.4)

1.00 3.54 (0.81) 8.24 (0.37) 5.57 (0.78) 38.16 (1.98) 1.48 (0.07) 29.2 (12.5) 19.7 (2.9) 135.1 (7.6)

Glycerol 0.05 11.27 (0.56) 9.75 (0.67) 5.61 (0.82) 50.80 (3.54) 1.74 (0.08) 109.9 (8.4) 63.2 (6.1) 572.5 (26.4)

0.10 12.37 (0.62) 10.89 (0.92) 4.55 (0.27) 56.00 (2.88) 2.39 (0.10) 134.7 (28.1) 56.3 (2.2) 692.7 (36.4)

0.25 14.38 (0.72) 13.43 (0.60) 4.37 (0.28) 62.22 (4.11) 3.07 (0.12) 193.1 (14.6) 62.8 (4.9) 894.7 (47.3)

0.50 15.72 (0.79) 13.67 (0.84) 4.75 (0.57) 63.41 (4.17) 2.88 (0.17) 214.9 (26.8) 74.7 (7.3) 996.8 (39.8)

0.75 9.13 (0.46) 9.44 (0.98) 3.98 (0.91) 58.56 (3.28) 2.37 (0.16) 86.2 (16.9) 36.3 (2.8) 534.7 (27.4)

1.00 4.00 (1.2) 6.45 (0.13) 2.66 (0.33) 48.64 (3.42) 2.42 (0.14) 25.8 (3.8) 10.6 (1.5) 194.6 (12.7)
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There was no significant difference between these bio-
mass concentrations (t test, p > 0.05).

Effects of organic carbon sources on fatty acids
The ranges of the ARA and TFA contents were 8.48–
9.10  mg  g−1 and 44.29–47.00  mg  g−1, respectively 
(Table  1), in the glucose experimental groups, which 

were not significantly different from the control results 
(Kruskal–Wallis test, p > 0.05). The highest contents of 
ARA, EPA, and TFA in the sodium acetate treatments 
were 12.85  mg  g−1, 8.62  mg  g−1, and 54.17  mg  g−1, 
respectively. All of these contents were obtained with the 
0.25% dosage group and were 1.44, 1.35, and 1.19 times 
those of the control, respectively. The combination of 
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high fatty acid content and high cell biomass resulted in 
concentrations of ARA, EPA, and TFA of 180.5 mg  L−1, 
121.1 mg  L−1, and 761.1 mg  L−1, respectively. The high-
est ARA and TFA contents in the glycerol treatments 

were 13.67 mg g−1 and 63.41 mg g−1, respectively. Both 
were obtained at a dosage of 0.5%, and the correspond-
ing ARA and TFA concentrations were 214.9 mg  L−1 and 
996.8 mg  L−1, respectively. However, the EPA content in 
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Table 2 Fitted (f) and  measured (m) cell biomass and  ARA concentration of  P. purpureum at  the  maximum potential 
dosage (pmax) and the mean safe dosage (μ)

All parameters were tested in three replicates

Biomass (g  L−1 ± SD) ARA concentration (mg  L−1 ± SD)

Glucose Sodium acetate Glycerol Sodium acetate Glycerol

f(pmax) 15.77 ± 0.32 13.76 ± 0.85 15.88 ± 0.56 178.0 ± 12.5 222.3 ± 12.6

m(pmax) 15.85 ± 0.84 14.05 ± 0.70 16.11 ± 0.26 180.5 ± 10.4 224.3 ± 10.0

f(µ) 15.34 ± 0.36 13.73 ± 0.84 15.86 ± 0.55 177.7 ± 12.1 221.9 ± 12.0

m(µ) 15.36 ± 0.71 13.54 ± 1.08 16.06 ± 0.47 169.1 ± 15.0 211.5 ± 11.8
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the glycerol treatment was in the range 2.66–5.61 mg g−1, 
which was lower than the control content (6.4  mg  g−1). 
The ARA/EPA ratios were significantly higher in the glyc-
erol treatments than in the sodium acetate treatments (t 
test, p < 0.05).

The GAM revealed that the relationship between the 
ARA concentration of P. purpureum was unimodal and 
significant for sodium acetate (R2 = 0.96, p < 0.05, Fig. 2d) 
and glycerol (R2 = 0.93, p < 0.05, Fig. 3e). The maximum-
potential-concentration dosage (0.25%), the mean safe 
dosage (0.27%), and the breadth of the mean safe dosage 
(0.15%) of sodium acetate were the same for the concen-
trations of ARA and cell biomass (Fig. 4d). The validation 
experiment produced an ARA concentration of 180.5 mg 
 L−1 at the maximum-potential-concentration dosage 
and 169.1 mg  L−1 at the mean safe dosage (Table 2). For 
glycerol, the GAM predicted that the maximum toler-
ance dosage, the maximum-potential-concentration dos-
age, the mean safe dosage, and the breadth of the mean 
safe dosage were 0.76, 0.40, 0.38, and 0.19%, respec-
tively (Fig. 4e). The measured ARA concentration at the 
safe dosage (211.5  mg  L−1) was not significantly differ-
ent from the concentration at the maximum-potential-
concentration dosage (224.3  mg  L−1) (Table  2). Because 
ARA content remained stable among different doses of 

glucose, no effort was made to use the GAM model to 
describe the effect of glucose on the ARA concentration 
of P. purpureum.

The PCA of FA content revealed that the fatty acid 
composition of P. purpureum differed greatly between 
the three carbon sources (Fig. 5). The glucose treatment 
groups were ordered very close to the control, the indi-
cation being that glucose had no apparent effect on the 
fatty acid content of P. purpureum. All the sodium ace-
tate treatments were located in the positive direction of 
EPA, and the maximum-potential-concentration dos-
age (0.25%) and the mean safe dosage (0.27%) were also 
located on the positive side of ARA. This result reflected 
the enhancement of both ARA and EPA production by 
sodium acetate. The glycerol treatments, which had posi-
tive effects on cell growth (0.1–0.5%), were near the posi-
tive direction of ARA, but not EPA. The indication is that 
glycerol is an accelerator unique for ARA accumulation 
in P. purpureum.

Discussion
Potent effects of organic carbon sources on cell biomass 
and ARA concentration of P. purpureum
As expected, appropriate doses of glucose, sodium ace-
tate, and glycerol apparently enhanced the cell growth of 
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P. purpureum (Fig. 2). This conclusion is consistent with 
the reported effects of these carbon sources on other 
microalgae, such as the effects of glucose and sodium ace-
tate on Monoraphidium [12, 40–42] and Chlorella [28], 
and the effect of glycerol on Chlorella [43, 44]. Although 
the underlying mechanism remains to be determined, the 
results indicate that P. purpureum can grow better under 
mixotrophic conditions than under strictly autotrophic 
conditions, at least for the three tested organic carbon 
sources. The highest cell biomasses obtained from sup-
plements of glucose, sodium acetate, and glycerol were 
15.85 g  L−1, 14.05 g  L−1, 16.11 g  L−1, respectively. These 
values were significantly higher than the control (9.58 g 
 L−1) and approached the biomass (18.81 g  L−1) obtained 
with an enhancement of phytohormones (5-ALA) [45].

Glucose had no apparent effect on the fatty acid con-
tent of P. purpureum, whereas sodium acetate enhanced 
the contents of both ARA and EPA, and glycerol pro-
duced the greatest enhancement of both ARA and the 
ARA/EPA ratio (Table  1 and Fig.  5). To assess the fatty 
acid composition associated with the three carbon 
sources, the previously published results obtained under 
conditions of phosphorous depletion (P-depletion) [7] 
and phytohormone (5-ALA) stimulation [45] were incor-
porated into the PCA analysis for comparison (Fig.  5). 
The phytohormone 5-ALA has been shown to greatly 
promote the growth of P. purpureum but to have no dra-
matic effect on its ARA content [45]; the opposite is true 
for the effect of P-depletion [7]. The PCA showed that the 
glucose treatments were ordered very close to the 5-ALA 
treatment, whereas the glycerol treatments were in the 
same direction on PC 1 as P-depletion (Fig.  5). These 
results suggest that mixotrophic growth of P. purpureum 
with an appropriate supplement of some organic carbon 
sources is an effective way to balance biomass and ARA 
content. Indeed, the highest ARA concentration obtained 
from a 0.40% dosage of glycerol (224.3 mg  L−1) was sig-
nificantly higher than that of both P-depletion (159.7 mg 
 L−1) and 5-ALA promotion (170.4 mg  L−1) conditions [7, 
45]. Because ARA has not been produced via industrial 
cultivation of microalgae, the results of our study may 
greatly facilitate successful commercial cultivation of P. 
purpureum for ARA production in the future. However, 
further research is needed to identify the underlying 
molecular mechanisms that would enable changing the 
metabolic pathways of this alga and controlling the syn-
thesis of its products.

Trait‑based approach to optimizing culture conditions
Unlike the parametric models used previously [17, 46], 
herein a rather flexible nonparametric model, GAM, was 
used to help optimize the doses of carbon sources in the 
medium. The effects of the three carbon sources on cell 

biomass and the ARA concentration of P. purpureum dif-
fered. The relationships could be quantified in terms of 
four traits: the maximum-potential-concentration dosage 
(pmax), i.e., the dosage at which biomass or ARA concen-
tration was maximum; the maximum tolerance dosage 
(tmax), i.e., the dosage at which the biomass or ARA con-
centration was less than the control; the mean safe dosage 
(μ) within the range of tolerance dosage; and the breadth 
of the mean safe dosage (σ), i.e., the standard deviation 
of the mean safe dosage. This trait-based approach has 
been very popular in ecology in recent years [13, 15, 16]. 
A combination of this trait-based approach with GAM 
modeling was very effective in optimizing the microalgal 
culturing conditions.

Glucose had no effect on the ARA content, but its posi-
tive effect on cell biomass showed a highly left-skewed 
unimodal relationship, with a plateau around the max-
imum-potential-concentration dosage of 0.61%, and a 
sharply decreasing trend at higher dosages (Fig. 3d). The 
mean safe dosage should, therefore, be smaller than the 
maximum-potential-concentration dosage. Indeed, the 
mean safe dosage was estimated to be 0.50%. However, 
both the breadth of the mean safe dosage (0.26%) and 
the maximum tolerance dosage (0.97%) for glucose were 
the highest among the three carbon sources. Because the 
breadth of the mean safe dosage represents the dosage 
sensitivity [15, 16], this result indicated that the growth 
of P. purpureum was less sensitive to glucose. For large-
scale cultivation of P. purpureum aimed at harvesting 
biomass, glucose might be preferred because it is rela-
tively cheap, effective, and safe, but a mean safe dosage 
instead of a maximum-potential-concentration dosage is 
highly recommended.

The scenario for sodium acetate was different. The peak 
concentration of cell biomass was confined to a relatively 
narrow range of sodium acetate concentrations (Fig. 3b). 
Therefore, both the maximum tolerance dosage (0.55%) 
and the breadth of the safe dosage (0.15%) were the low-
est among the three carbon sources (Fig. 4a–c). However, 
the response function was slightly right-skewed within 
the range of tolerance dosage (Fig.  3b), the result being 
that the mean safe dosage (0.27%) was slightly higher 
than the maximum tolerance dosage (0.25%) (Fig.  4b). 
The same was true for the ARA concentration (Fig. 3d). 
Therefore, for large-scale cultivation of P. purpureum 
aimed at harvesting biomass as well as ARA, sodium 
acetate would be a good candidate because maximum 
enhancement occurs at a small dosage, and this dosage is 
safe.

Both the cell biomass and ARA concentration of P. 
purpureum increased monotonically with increasing 
glycerol concentration before reaching a peak at the 
maximum-potential-concentration dosages and then 
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decreased sharply. The relationships displayed slightly 
left-skewed shapes (Fig. 3c, e). Consequently, all the trait 
values were intermediate between those of the other two 
carbon sources (Fig. 4). The mean safe dosage of glycerol 
for ARA concentration (0.38%) was slightly lower than 
the maximum-potential-concentration dosage (0.40%) 
(Fig.  4e), but the corresponding ARA concentrations 
were not significantly different (Table 2). The mean safe 
dosage for cell biomass and its breadth were 0.37 and 
0.20%, respectively (Fig. 4c), the indication being that the 
mean safe dosage for ARA concentration was also within 
the safe range for cell biomass. The fact that glycerol per-
formed well in enhancing both cell biomass and ARA 
content at a moderate dosage suggests that a mean safe 
dosage of this carbon source is perfect for cultivation of 
P. purpureum.

Conclusion
This study was a first step toward exploring the mixo-
trophic growth of P. purpureum and used supplements of 
three organic carbon sources—glucose, sodium acetate, 
and glycerol—to enhance ARA concentration. Also, a 
trait-based approach combined with a modern statistical 
model, GAM, was used to optimize the culturing condi-
tions. The maximum ARA concentrations were 180.5 mg 
 L−1 and 224.3 mg  L−1 for a 0.25% dosage of sodium ace-
tate and a 0.40% dosage of glycerol, respectively. The latter 
concentration is the highest ever reported. In addition to 
the maximum-potential-concentration dosage, the maxi-
mum tolerance dosage, mean safe dosage, and the breadth 
of the mean safe dosage were estimated for both cell bio-
mass and ARA concentration of each carbon source. These 
traits were found to differ among the three tested carbon 
sources. The mean safe dosages were not always equal to 
the maximum potential dosages, but there were no sig-
nificant differences between the corresponding cell bio-
mass andARA concentrations. The results showed that a 
0.5% dosage of glucose was relatively effective and safe for 
the enhancement of cell growth of P. purpureum. Sodium 
acetate did the best job of safely enhancing cell growth and 
the content of ARA and EPA at a small dosage (0.25%). 
Glycerol was distinguished by its unique effect of promot-
ing both cell growth and the ARA/EPA ratio at a moderate 
dosage (0.38–0.40%). The results of this study suggest that 
a comprehensive consideration of traits facilitates selec-
tion of an economic and safe dosage for microalgae culti-
vation. The concept of a trait-based approach combined 
with GAM is a convenient way to optimize other culture 
conditions and energy processes, and thus represents a sig-
nificant advancement of bioengineering technology. How-
ever, the mechanisms associated with P. purpureum uptake 

of organic carbon sources are still unclear, and elucidation 
thereof will require further study.
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