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A B S T R A C T   

Sophorolipids are biobased and biodegradable glycolipid surface-active agents contributing to the shift from 
petroleum to biobased surfactants, associated with clear environmental benefits. However, their production cost 
is currently too high to allow commercialisation. Therefore, a continuous sophorolipid production process was 
evaluated, i.e., a retentostat with an external filtration unit. Despite an initial increase in volumetric productivity, 
productivity eventually declined to almost 0 g L− 1 h− 1. Following comprehensive metabolomics on supernatant 
obtained from a standardised retentostat, we hypothesised exhaustion of the N-starvation-induced autophagy as 
the main mechanism responsible for the decline in bolaform sophorolipid productivity. Thirty-six metabolites 
that correlate with RNA/protein autophagy and high sophorolipid productivity were putatively identified. In 
conclusion, our results unveil a plausible cause of this bola sophorolipid productivity decline in an industrially 
relevant bioreactor set-up, which may thus impact majorly on future yeast biosurfactant regulation studies and 
the finetuning of bola sophorolipid production processes.   

Introduction 

To counteract looming climate changes, the global economy is 
warranted to shift its dependency on fossil resources to renewable/ 
biobased alternatives [1]. In this perspective, the transition from con-
ventional surfactants to biosurfactants is an important contributor to 
building a global bio-economy [2]. The growing biosurfactant market 
attained $1.74 billion in 2019 and is anticipated to reach $2.58 billion 
by 2026. Sophorolipids (SLs) are glycolipid microbial biosurfactants that 
are gaining interest from industrial and academic stakeholders and are 

expected to become one of the main drivers in the growing biosurfactant 
market [3]. This expanding interest is driven by their environmental 
friendliness, mildness and broad applicability. Examples of potential 
application fields are household and personal care, crop protection, 
bioleaching, food and pharmaceuticals. SLs are secondary metabolites 
produced by the non-pathogenic yeast genera Starmerella and Pseudo-
hyphozyma, with the most widely described producing species being 
Starmerella bombicola with reported SL volumetric productivities of up to 
3.7 g L− 1 h− 1 [4–7]. Wild type (WT) S. bombicola produces a mixture of 
lactonic and acidic SLs, but this study focuses on bolaform SLs (bola SLs) 
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that are produced by a novel S. bombicola strain, i.e. ΔsbleΔat (Fig. 1) [8, 
9]. Despite the clear interest in the various types of SLs, one of the main 
hurdles remains the relatively high production cost compared to that of 
petroleum-derived surfactants and chemically produced biosurfactants. 
Various process engineering strategies have been applied to increase 
production performance with variable success [10]. One of the main 
advances of the last 5 years is the development of (semi-) continuous 
in-situ product recovery systems (ISPR) to produce WT SLs. Therein, 

lactonic SLs were predominantly separated from the bioreactor broth by 
gravimetrical separation [11], whereas others focussed on the produc-
tion of bola SLs with a continuous in-situ product separation (ISPS) 
process [12]. In the latter, an external micro-filtration unit was coupled 
to a bioreactor to create a retentostat set-up that reached mean volu-
metric productivities of up to 0.56 g L− 1 h− 1, in contrast to 0.22 g L− 1 

h− 1 for a ‘classic’ fed batch set up [9]. However, this high productivity 
could not be maintained. An integrated omics study revealed that no 
genomic variants were detected after 1306 h of incubation, implying 
that the fall in productivity was thus not caused by mutations and that 
the metabolite 8-hydroxyguanosine (8-OHG) was correlated with high 
bola SL productivity [12]. However, the authors could not fully explain 
the productivity decline observed in the retentostat set-up, as only one 
significantly discriminating metabolite responsible for this productivity 
drop could be identified [12]. To effectively interpret the metabolic 
interactions leading to this bola SL productivity decline, more infor-
mation, i.e. a more in depth view on the whole of up- or downregulated 
metabolites upon productivity declines, is warranted. 

Therefore, in this study, the goal was to gain more insight into the 
metabolomes correlated with high and low bola SL productivity, by 
increasing the discriminating capacity of the experimental set-up. Two 
main strategies were applied to attain this goal. First, retentostat pa-
rameters were standardised during the entire process (e.g. constant feed 
rate, constant stirring rate, no additional supplementation, etc.) to 
reduce non-bola SL productivity correlated variability. Secondly, a 
separate independent study on high and low bola SL productivity states 
caused by variable stirring rates in a ‘classic’ fed batch bioreactor set-up 
was performed to gain more insight about metabolites strictly correlated 
with bola SL productivity and to reduce set-up specific confounders. 

Fig. 1. Sophorolipids with a C18:1 hydrophobic tail produced by S. bombicola, R1, R2, R3 and R4 = H or COCH3. (A) lactonic SLs, (B) acidic SLs, (C) bolaform SLs.  

Fig. 2. Schematic representation of the bioreactor set-ups described in this 
study. Dashed lines are used in the retentostat set-up’s cell recycling phase with 
an external 0.2 µm filter unit (RET). Black triangles in circles are continuously 
operated pumps in the cell recycle phase of RET. Bola SL, bolaform 
sophorolipid. 
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Material and methods 

Strain and culture methods 

Seed trains were inoculated (2%, v/v) with Starmerella bombicola 
ΔsbleΔat [8] from cryovial in production medium as describedin [13] 
(30 h, 30 ◦C, 200 rpm, Vtotal = 50 mL) [8]. Thereafter, these first seeds 
were used to inoculate (5%) shake flasks (30 h, 30 ◦C, 200 rpm, Vtotal =

200 mL). The second seeds were then used to inoculate (5%, v/v) bio-
reactors (7.5 L, Labfors, Infors, Bottmingen, Switzerland, Vworking = 4 L) 
containing the production medium. Bioreactor experiments were con-
ducted at 30 ◦C and pH was maintained at 4.0 (Labfors) by controlled 
NaOH addition after the initial pH drop caused by the growth phase. A 
constant aeration rate of 2 L•min− 1 (0.5 vvm) was applied. Three 
different bioreactor set-ups were used in this study: (1) a fed-batch 
process with a high stirring rate (HS), (2) a fed-batch process with 
‘normal’ stirring rate (NS) and (3) a retentostat set-up (RET). Stirring 
rates of 1100 rpm, 600 rpm and 600 rpm were applied on HS, NS and 
RET, respectively (Fig. 2). All processes started with a batch phase 
(24 h), followed by a fed-batch phase where glucose and oleic acid were 
fed discontinuously to maintain concentrations higher than 50 g L− 1 and 
5 g L− 1, respectively. In HS and NS, the fed-batch phases lasted 165 h, at 
which point the processes were ended, whereas in RET, a subsequent cell 
recycle phase was commenced as describedin [12]. The broth was 
continuously pumped over a 0.2 µm ceramic tangential flow 
micro-filtration unit (Tami industries, Nyons, France) at a rate of 
50 L h− 1. The filtrate and bioreactor influent flow rate were maintained 
at 53.3 mL h− 1. The influent consisted of production medium without 
N-or P-sources (165 g L− 1 glucose⋅H2O, 5 g L− 1 Na3.citrate⋅H2O, 
0.7 g L− 1 MgSO40.7 H2O, 0.5 NaCl and 0.27 g L− 1 CaCl20.2 H2O). 

Bioprocess parameter monitoring 

Biomass was monitored via cell dry weight determination as 
described in [14]. Sophorolipids and glucose were quantified by high 
performance liquid chromatography (HPLC) coupled to evaporative 
light scattering detector and a refractive index detector, respectively. 
Analytical methods were applied as described in [9]. SL quantification 
standard curves were constructed with inhouse standards of bola and 
acidic SLs (> 98.8% pure), which were previously identified by 1H NMR 
analysis as described in [15] and by 1H and 13C NMR as described in [8]. 
Ultra-high performance liquid chromatography coupled to hybrid 
quadrupole-orbitrap high-resolution mass spectrometry (UHPLC-HRMS) 
was used in the negative ionisation mode for glycolipid identification (e. 
g. triglucolipids) as described in [16]. SL productivity and glucose 
consumption rates during retentostat incubation were calculated ac-
cording to equations 1 and 2. Derivatives were estimated by fitting a 
cubic smoothing spline with leave-one-out cross-validation for 
smoothing parameter estimation [17–19]. Filtrate samples were 
collected from the effluent bottles (5 L), which represents the ammo-
nium concentration over 93.8 h. Ammonium concentration was 
measured in filtrate and influent samples using the Ammonia Assay kit 
(Rapid, Megazyme, Bray, Ireland) according to the manufacturer’s in-
structions. An internal ammonium standard of 0.02 g L− 1 and 
non-diluted samples adjusted to pH 7.0 were analysed in triplicate with 
a FLUOstar spectrophotometer (OPTIMA, bmg Labtech, Ortenberg, 
Germany). 

Equation 1: 

SLvolumetricproductivity
(
gL− 1h− 1) = SL

(
gL− 1) •

Flowrate
(
Lh− 1

)

Volume(L)

+
dSL
dt

(gL− 1h− 1)

Equation 2: 

Glucoseconsumptionrate
(
gL− 1h− 1)

= (Glucose[Influent]
(
gL− 1) − Glucose[effluent]

(
gL− 1)) •

Flowrate
(
Lh− 1

)

Volume(L)

−
dGlucose

dt
(gL− 1h− 1)

Metabolic fingerprinting 

Polar to medium-polar metabolite extractions were performed as 
described in [12,20]. Representative samples were collected from HS 
(n = 6), NS (n = 6) and RET (n = 15) (Supplementary Table A.1). 
Quality control (QC) samples for metabolomics analysis were obtained 
by pooling aliquots from those extracts. Subsequently, UHPLC chro-
matographic separation and full scan (polarity switching mode) HRMS 
analyses (Q-Exactive™, Thermo Fisher Scientific, Waltham, USA) were 
performed on the metabolite extracts. Metabolite extracts were sub-
jected to untargeted metabolomics as described in [21]. 

Raw metabolomics data pre-processing was performed with Com-
pound Discoverer 3.0 (Thermo Fisher Scientific) and comprised subse-
quent automated peak extraction, peak alignment, deconvolution and 
noise removal. The following settings were used for the metabolomics 
analysis: retention time window: 0.5–16 min, m/z range: 53.4–800 Da, 
peak intensity threshold: 500,000 arbitrary units, maximum retention 
time shift: 0.2 min; m/z width: 3 ppm and a signal over noise ratio: 10, 
as described in [21]. Acetonitrile was used as blank for background 
subtraction and noise removal. 

SIMCA® 15 (Sartorius, Göttingen, Germany) was used to perform 
multivariate analysis, as described in [12]. First, peak intensities were 
log transformed and pareto scaled (1/√σ) to induce normality and 
standardise peak intensities, respectively. Consecutively, principal 
component analysis (PCA) and orthogonal partial least squares 
discriminant analysis (OPLS-DA) models were constructed and their 
respective hotelling T2 were calculated. Valid supervised OPLS-DA 
models were used to select discriminant components, whereby the 
variable influence on projection score (VIP) (> 1.5), Jack-knifed confi-
dence interval (not across zero) and S-plot descriptors (absolute corre-
lation < 0.5 and absolute covariance top 10% outliers) were taken into 
consideration as scoring criteria. Selected ions were evaluated for 13C 
isotope presence, 12C/13C ratio and correct peak shape. 

Metabolite annotation 

Discriminant components from the metabolomics analysis were 
evaluated for tentative matching of m/z-values with metabolites 
deposited in the following online databases: KEGG 100.0 [22], HMDB 
4.0 [23], YMDB 2.0 [24], Lipid Maps® [25] and BioCyc [26]. 
Forty-seven of 207 compounds were selected for subsequent parallel 
reaction monitoring MS/MS analysis on the above UHPLC-Q-Ex-
active™-HRMS (Thermo Fisher Scientific) using the following settings: 
automatic gain control: 2 × 105 ions, maximum injection time: 100 ms, 
m/z isolation window: 3, mass resolution: 17,500 full width at half 
maximum and five different normalised collision energies: 10, 20, 35, 50 
and 70. The obtained tandem MS spectra were compared with publicly 
available MS/MS repositories, i.e. MetFrag [27], METLIN [28], SIRIUS 4 
[29], mzCloud® 1.1.5.50160 (HighChem, LLC, Bratislava, Slovakia), 
YMDB 2.0 [24] and HMDB 4.0 [23] or with MS/MS spectra from 
in-house analytical standards (Supplementary Table A.2). Consecu-
tively, compounds were assigned an identification level according to 
[30] and when possible, a compound class with CANOPUS [31]. 

The Mummichog algorithm (v2.0) was used in the web-based 
interface of MetaboAnalyst 5.0 to infer biosynthetic and degradation 
pathway activity linked to bola SL mean volumetric productivity (MVP) 
from the metabolomics dataset [32,33]. Prior to analysis, 7500 features 
were selected by interquartile range from every dataset to reduce 
computational burden. The following settings were applied: mass ac-
curacy of 5 ppm, feature p-value cut-off of 0.01, search in the 
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Saccharomyces cerevisiae [KEGG] library and a pathway activity gamma 
adjusted p-value cut-off of 0.05. 

Knowledge-based network analysis was performed in the web-based 
interface of MetaboAnalyst 5.0 [33]. Metabolite-metabolite interaction 

networks relying on the search tool for interactions of chemicals 
(STITCH) database 5.0 were used to map the identified metabolites 
present in the KEGG compound database (Supplementary Table A.3) 
[22,34]. Simple interaction files (.sif) and node tables were generated 

Fig. 3. Process parameters (A) and rates (B) of the retentostat. The black vertical line at 140 h indicates the cell recycling phase’s start. Colour shade pairs indicate 
the phases which are used for metabolic fingerprinting. RETFB, REThigh MVP and RETcell recycle are the high bola SL MVP phases in their respective discriminatory 
productivity cases while Low MVP RET is the low bola SL MVP phase in all RET discriminatory productivity cases. 
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and used for the visualisation of networks with Cytoscape 3.9.1 [35]. 

Results and discussion 

Bioreactor set-ups with high and low bola sophorolipid volumetric 
productivity 

Two different bioreactors were set up to gain more insight into the 
bola SL productivity-related metabolome. The first set-up was a stand-
ardised reproduction of the retentostat described in [12] (RET, Fig. 3). 
To reduce metabolome variability, the feed composition, flow and stir-
ring rates were kept constant (53.3 mL h− 1, 600 rpm). Biomass 
(25 g L− 1 after 39.0 h) was generated during the fed-batch phase, prior 
to SL production in the stationary production phase. The biomass con-
centration remained steady at around 25 g L− 1 throughout the entire 
stationary phase [39.0–503.9 h]. As described in [12], bola SLs are 
co-produced alongside their precursors, acidic SLs, which are also 
secreted in the SL production phase of S. bombicola ΔsbleΔat. During the 
first 135.6 h of this fed-batch process (including the non-producing 
growth phase) MVPs of bola and acidic SLs of 0.71 g L− 1 h− 1 and 
0.17 g L− 1 h− 1 were achieved, respectively, with the maximum pro-
ductivity for bola SLs of 1.18 g L− 1 h− 1 obtained after 135.7 h. At this 
time, the cell recycle micro-filtration unit was activated, upon which the 
bola SL MVP gradually declined from 1.18 g L− 1 h− 1 at 135.7 h to 
0.00 g L− 1 h− 1 at 401.6 h, while the acidic SL MVP remained steady at 
0.22 g L− 1 h− 1 [135.7–401.6 h]. A similar bola SL MVP drop was 
observed in the RET compared to the retentostat set-ups in [12]. How-
ever, it should be noted that the retentostat set-ups described there were 
not standardised and therefore, direct comparison to the retentostat 
set-ups is difficult. In general, it can be concluded that the stand-
ardisation for further investigation of the bola SL MVP drop succeeded. 
This steady volumetric productivity associated with a stable concen-
tration of acidic SLs in the bioreactor was not caused by selective 
retention of acidic SLs in the filtration unit, as the concentration was 
equal between the bioreactor and effluent. The fall in bola SL 

concentration was in reality caused by both a partial wash-out of bola 
SLs and a decrease in bola SL MVP (Fig. 3B). The glucose consumption 
rate was initially high, associated with biomass generation. During the 
cell recycle phase, the glucose consumption rate followed a similar 
pattern as the acidic SL volumetric productivity rate. 

A potential hypothesis for the fall in bola SL productivity is the 
complete wash-out of N because this is not supplied via the feed. As 
described in [12], N-limitation is associated with bola SL production, 
however, the exact nitrogen content has not yet been reported. There-
fore, NH4

+ was measured in this study using spectrophotometry, as it is 
not detectable through metabolomics (ref. Metabolite fingerprinting 
section). No NH4

+ was observed in the filtrate, indicating that none is 
washed out of the bioreactor. We hypothesise that an NH4

+ wash-out is 
not correlated with a bola SL MVP drop in the retentostat set-up (Sup-
plementary Figure A.1). 

In the retentostat set-up, three different productivity cases were 
established to discriminate between high and low bola SL MVP phases 
using comparative metabolomics. Whereas high bola SL MVP was 
different in these three discriminatory productivity cases i.e., either 
highest bola SL MVP in the fed-batch phase (RETFB), highest bola SL 
MVP (REThigh MVP) or highest bola SL MVP during the cell recycle phase 
(RETcell recycle), low bola SL MVP was the same for all three discrimi-
natory productivity cases (Fig. 3). 

The second set-up (HSvsNS) compared a high and normal setting of a 
parameter which is known to significantly influence the productivity of 
bola SLs, i.e. the stirring rate (normal (NS, 600 rpm) versus high stirring 
rate (HS, 1100 rpm)) (Fig. 4 and Supplementary Table A.4). No differ-
ence in biomass accumulation or glucose consumption was observed. NS 
and HS reached a stationary biomass concentration of 24.4 ± 2.4 g L− 1 

and 24.6 ± 2.6 g L− 1, respectively, while mean glucose consumption 
rates were 0.70 g L− 1 h− 1 and 0.90 g L− 1 h− 1, respectively. NS condi-
tions resulted in a mixture of bola and acidic SLs, while HS conditions 
predominantly induced production of acidic SLs and an almost 
neglectable amount of bola SLs. Under HS conditions, using UHPLC- 
HRMS (ref. Bioprocess parameter monitoring section), peaks with m/z 

Fig. 4. Bioprocess parameters of HS versus NS. CDW: cell dry weight. NS: Bioreactor with ‘normal’ stirring (600 rpm), HS: Bioreactor with higher stirring 
(1 100 rpm). 
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values matching non-acetylated and mono-acetylated triglucolipids 
were detected (Supplementary Figure A.2) (m/z = 783.4031 [M-H]- and 
m/z = 825.4140 [M-H]-, respectively). These were also observed in NS, 
although at low levels (Supplementary Figure A.4). The proposed 
chemical structure of the produced triglucolipids is depicted in Sup-
plementary Figure A.3. To the author’s knowledge, no triglucolipid 
production by S. bombicola has been reported previously. The biosyn-
thesis of acidic SLs, triglucolipids and bola SLs require two, three and 
four glucosylation steps, respectively. Thus, it can be concluded that the 
glycolipid production spectrum under HS conditions is less glucosylated 
compared to the NS condition. Therefore, in the HSvsNS set-up, NS and 
HS were defined as the high and low bola SL MVP phases in the subse-
quent metabolomics analyses, respectively. No study describing a switch 
in the predominantly produced SL congener by applying a different 
stirring rate has been reported in literature. 

Metabolic fingerprints correlated to bola sophorolipid volumetric 
productivity 

Untargeted metabolomics was performed on bioreactor samples, 
harvested from the two experimental set-ups described under strain and 
culture methods (RET and HSvsNS) to gain more insight into the me-
tabolites that correlated with bola SL MVP. In this perspective, four 
discriminatory cases were identified in which high and low bola SL MVP 
phases were compared, i.e. HSvsNS, RETFB, REThigh MVP and RETcell 

recycle. The metabolomics analysis rendered 22,873 components, 
comprising both ionisation modes. A metabolome pool of 22,873 com-
pounds was accomplished, which is 20.8% more than described in [12]. 

Four unsupervised PCA models were constructed by using pre- 
processed metabolomics feature intensity tables (or metabolic finger-
prints) of either RETFB, REThigh MVP, RETcell recycle or HSvsNS. QC sample 

clustering suggested good instrumental performance in all four unsu-
pervised PCA models (Supplementary Figure A.5). Therefore, no addi-
tional (QC-based) corrections on the data were necessary prior to log 
and pareto scaling. Furthermore, clustering according to high or low 
bola SL MVP was already observed in all unsupervised models alongside 
the second principal component [R2

PC2 = 0.107 – 0.122]. The variation 
alongside the first principal component [R2

PC1 = 0.549–0.565] in the 
PCA score plots of the three RET discriminatory productivity cases could 
be related to subcultures of two out of five low bola SL MVP samples 
(t = 351.08 h & 357.87 h) (Supplementary Figure A.5). 

The same metabolic fingerprints were used for the construction of 
four supervised OPLS-DA models (Table 1 and Supplementary Figure 
A.6). The OPLS-DA models based on the metabolic fingerprints of the 
four discriminatory productivity cases could significantly discriminate 
between high and low bola SL MVP conditions, which was supported by 
valid permutation testing (n = 100) and the validation parameters 
(R2(cum) > 0.5, Q2(cum) > 0.5, p-value < 0.05) listed in Table 1. The 
OPLS-DA allowed us to retain a total of 200 discriminant metabolites 
after selection using VIP, Jack-knifed confidence intervals (0.95) and S- 
plot descriptors (Supplementary Table B.1 and Fig. 5). It can be observed 
that 13 metabolites prevailed in all discriminatory productivity cases. In 
the HSvsNS set-up, 44.6% of the discriminant metabolites were posi-
tively correlated to high bola SL productivity. For the RET productivity 
cases, 93.7%, 96.6% and 97.3% of the discriminant metabolites were 
positively correlated to high bola SL productivity for RETFB, REThigh MVP 
and RETcell recycle, respectively. In previous research [12], when inves-
tigating high vs. low bola SL MVP in a non-standardised retentostat 
set-up with S. bombicola, validated OPLS-DA models were constructed 
with R2(X)s and Q2s ranging from 0.77 till 0.90 and from 0.88 till 0.99, 
respectively. These are slightly higher than the respective ranges of 
0.75–0.80 and 0.85–0.92, for the R2(X) and Q2 values of the OPLS-DA 
models based on RET cases here. 

Discriminating metabolite annotation reveals correlations between 
sophorolipid biosynthesis and nitrogen starvation-induced autophagy 

To attain a more confident annotation of the metabolites discrimi-
nating between high and low bola SL MVP, UHPLC-HRMS/MS frag-
mentation analysis was performed on those with tentatively matching 
m/z-values (ref. Metabolite annotation section). Fragmentation spectra 
were compared with online databases and chemical standards when 
available (Supplementary Table A.2). Identification levels have been 
proposed in which a metabolite that is annotated with a matching 
chemical reference standard is assigned level 1 [30]. An experimental 
library spectrum match or annotation by diagnostic evidence is assigned 
level 2. Tentatively identified compounds (insufficient information for 
exact chemical structure) are assigned level 3. The tandem MS-based 
identification analysis resulted in ten level 1, two level 2 and 
twenty-five level 3 identifications (Table 2, A.5-A.14 and Supplemen-
tary Figure A.7-A.16). Remarkably, 11 out of 16 identifiable compounds 
(three level 1, two level 2 and six level 3 identifications) were assigned 
as fatty acyls in HSvsNS (Supplementary Figure A.17). In RETFB, the 

Table 1 
Validation parameters of the OPLS-DA models constructed to discriminate between the high and low bola SL MVP phases. Case: discriminatory productivity case. The 
listed P-value is calculated with an analysis of variance of cross-validated residuals (CV-ANOVA) [56]. The number of principal components in the model (PCs; 
predictive+orthogonal), number of resulting discriminatory compounds (ntot) and number of discriminatory compounds correlated to high (nhigh MVP) or low (nlow MVP) 
bola SL MVP phases are presented as well.        

Discriminant components 

Case PCs R2 (cum)(X) R2 (cum)(Y) Q2 (cum)(Y) ANOVA-CV 
p-value 

ntot nhigh MVP nlow MVP 

HSvsNS 1 + 1 0.50 0.95 0.82 9.4•10− 3 56 25 31 
RETFB 1 + 2 0.80 1.00 0.92 2.8•10− 8 143 134 9 
REThigh MVP 1 + 1 0.76 0.97 0.90 1.1•10− 2 117 113 4 
RETcell recycle 1 + 1 0.75 0.95 0.85 2.4•10− 2 112 109 3  

Fig. 5. Venn diagram indicating the relationship between the discriminant 
metabolites in the discriminatory productivity cases. The upper and lower 
numbers indicate metabolites correlated to high and low bola SL MVP, 
respectively. 
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Table 2 
Selected discriminant compounds from the metabolomics dataset and their respective molecular weight, estimated chemical formula, tentative identification [Pubchem ID], source upon which the identification is based 
with the similarity indicated between brackets, identification level according to [30], Pearson correlation coefficient (P(corr)) and variable importance in projection values (VIP) per case. A positive correlation coefficient 
indicates a positive correlation with high bola SL MVP phases while a negative correlation coefficient indicates a positive correlation with low bola SL MVP phases. A: No relevant fragmentation data could be acquired; 
hence structural elucidation was not possible. NA: not applicable.        

HSvsNS RETFB REThigh MVP RETcell recycle 

ID MW (Da) Chemical 
formula 

Chemical identity Source Identification 
level 

VIP P 
(corr) 

VIP P 
(corr) 

VIP P 
(corr) 

VIP P 
(corr) 

98 92.04723 NA NA NA NA NA 2.855 -0.756 2.818 -0.754 NA 
225 129.04235 C5H7NO3 Pyroglutamic acid [499] Analytical standard 

(100.0%) 
1 NA 3.216 -0.946 NA NA 

403 280.23915 C18H32O2 linoleic acid [5280450] Analytical standard 
(100.0%) 

1 3.456 0.903 2.696 -0.825 NA NA 

446 298.25063 C18H34O3 Hydroxy fatty acid CANOPUS (86.1%) 3 3.525 0.909 NA NA NA 
473 110.03683 C6H6O2 5-Methyl-Furfural [12097] Analytical standard 

(90.0%) 
1 NA 2.957 -0.905 2.890 -0.902 2.887 -0.896 

485 189.09951 C8H15NO4 2-(Acetylamino)− 6-hydroxyhexanoic acid SIRIUS (68.3%) 3 NA 2.614 -0.863 2.655 -0.873 2.647 -0.867 
588 308.2706 C20H36O2 ethyllinoleate [5282184] Analytical standard 

(100.0%) 
1 NA 2.547 -0.859 NA NA 

605 314.09901 C14H18O8 Monosaccharide CANOPUS (81.7%) 3 NA 3.179 -0.955 3.132 -0.959 3.130 -0.958 
703 250.10438 C10H18O7 Ethyl 6-O-acetyl-D-glucopyranoside [15742207] SIRIUS (70.3%) 3 3.674 -0.956 3.020 -0.959 2.931 -0.969 2.859 -0.965 
714 296.11047 C11H20O9 3-O-α-D-Allopyranosyl-5-deoxy-D-lyxose [ChemSpider 

ID57427905] 
SIRIUS (74.8%) 3 3.348 -0.965 2.984 -0.954 2.863 -0.969 2.764 -0.963 

810 210.05207 C10H10O5 Phenylpropanoic acid CANOPUS (90.7%) 3 NA NA 2.624 -0.905 2.684 -0.905 
877 112.02731 C4H4N2O2 Uracil [1174] Analytical standard 

(100.0%) 
1 NA 3.016 -0.956 2.969 -0.955 2.812 -0.943 

919 151.04900 C5H5N5O Guanine [135398634] Analytical standard 
(100.0%) 

1 NA NA NA 2.579 -0.866 

982 168.08944 C8H12N2O2 Cyclo (-D-Ala-L-Pro) [11902953] SIRIUS (82.3%) 3 NA 3.156 -0.967 3.021 -0.982 2.949 -0.984 
1024 281.1115 C11H15N5O4 2-O-methyladenosine [317398] Analytical standard 

(100.0%) 
1 NA 2.787 -0.854 2.767 -0.858 2.755 -0.846 

1041 326.28092 C20H38O3 20-Hydroxyicos-14-enoic acid [85883424] SIRIUS (65.2%) 3 NA 2.725 -0.906 NA NA 
1048 189.04210 C10H7NO3 Kynurenic acid [3845] Analytical standard 

(100.0%) 
1 NA 2.963 -0.936 NA NA 

1100 324.14185 C13H24O9 (3.5)− 3-(beta-D-Glucopyranosyloxy)− 5-hydroxyhexanoic 
acid methyl ester [14774600] 

SIRIUS (64.5%) 3 3.214 -0.950 2.888 -0.956 2.821 -0.961 2.715 -0.957 

1152 347.08857 NA NA NA  4.024 -0.981 2.744 -0.940 2.743 -0.972 2.748 -0.959 
1273 538.15563 NA NA NA  4.150 -0.983 3.183 -0.969 3.103 -0.991 3.049 -0.982 
1335 272.08620 NA NA NA  3.643 -0.931 3.011 -0.926 2.952 -0.934 2.888 -0.920 
1572 788.25986 NA NA NA  4.021 -0.972 3.161 -0.977 3.079 -0.990 2.962 -0.989 
1670 398.1356 NA NA NA  NA 2.766 -0.946 2.622 -0.943 2.592 -0.938 
1745 328.29657 C20H40O3 Ethyl 10-hydroxyoctadecanoate [21903918] SIRIUS (65.9%) 3 NA 2.582 -0.941 NA NA 
1757 329.07806 C10H21NO7P2 Organic phosphonic acids CANOPUS (70.5%) 3 3.694 -0.980 2.629 -0.960 2.619 -0.982 2.613 -0.970 
1911 294.13062 C12H22O8 Saccharolipid CANOPUS (84.3%) 3 NA 2.606 -0.971 2.665 -0.974 2.658 -0.973 
1980 157.07353 C7H11NO3 Alpha amino acid or derivative CANOPUS (79.7%) 3 NA 2.540 -0.944 NA NA 
2094 375.11971 NA NA NA  3.349 -0.965 2.748 -0.958 2.649 -0.964 2.656 -0.964 
2109 521.34652 C26H53NO5 1-Oleoyl-sn-glyc-ero-3-phosphocholine [10075405] SIRIUS (92.5%) 3 NA 2.697 -0.885 2.821 -0.882 2.991 -0.891 
2110 357.10911 NA NA NA  3.235 -0.969 2.662 -0.937 2.576 -0.938 2.631 -0.937 
2172 200.15198 C10H20N2O2 Hexamethylene bisacetamide [3616] SIRIUS (61.4%) 3 3.419 -0.948 3.119 -0.972 3.003 -0.987 2.925 -0.985 
2239 84.0575 NA NA NA  NA 2.799 -0.944 2.634 -0.948 NA 
2534 272.23426 C16H32O3 16-Hydroxyhexadecanoic acid [10466] Analytical standard 

(100.0%) 
1 3.510 -0.967 NA NA NA 

2593 340.13663 C13H24O10 2-Ethyl-6-[3.4.5-trihydroxy-6-(hydroxymethyl)oxan-2-yl] 
oxyoxane-3,4,5-triol [118401615] 

SIRIUS (61.6%) 3 NA 2.563 -0.924 2.655 -0.928 2.723 -0.939 

2637 159.05278 C6H9NO4 amino acid CANOPUS (95.6%) 3 NA 2.548 -0.964 2.606 -0.965 2.564 -0.962 
2985 268.18186 C19H24O 2-(2-Heptylphenyl)phenol [66866938] MetFrag (97.4%) 3 3.284 0.875 NA NA NA 

(continued on next page) 
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fatty acyl class was prominent, but its number of (tentative) identifica-
tions decreased from the fed-batch phase to the end of cell recycle phase 
(REThigh MVP to RETcell recycle). The class of carboxylic acids and de-
rivatives was dominant in REThigh MVP and RETcell recycle, while it was 
also second in rank in RETFB after the fatty acyls. Strikingly, the car-
boxylic acids and derivatives class was the lowest in rank for the HSvsNS 
case. 

In parallel, the mummichog algorithm was used to predict functional 
activity from the MS1 spectra obtained from the metabolomics analyses 
[32]. Multiple pathways were significantly altered between high and 
low bola SL MVP in the discriminatory productivity cases (Supplemen-
tary Figure A.18). A total of 45.9% of significantly altered pathways 
were amino acid correlated. 

Fatty acyls were the most prominent chemical class among the 
identified discriminant metabolite classes, which is to be expected as 
fatty acids are the backbone and precursor of SLs. In RETFB, C18 (hy-
droxyl) fatty acid ethyl esters (ethyllinoleate, ethyloleate, ethyl 10- 
hydroxyoctadecanoate) were correlated to high bola SL MVP. It ap-
pears that no prior publications describe the biosynthesis of fatty acid 
ethyl esters (FAEE) by S. bombicola. However, other yeast species, e.g. 
the oleaginous yeast Rhodosporidium toruloides and the wine yeast 
Saccharomyces bayanus, have been shown to produce C18 fatty acid ethyl 
esters in the presence of ethanol and C18 fatty acids [36,37]. Yeast 
acyl-coenzymeA:ethanol O-acyltransferases with activity on C18 fatty 
acid chains have not been reported to date. However, metabolic engi-
neering efforts with recombinant expression of wax ester synthase (E.C 
2.3.1.75) in different yeast species resulted in ethyl fatty acids [38,39] 
and the production of FAEEs can also occur abiotically in the presence of 
free fatty acids, ethanol and an acid catalyst [40]. As the pH of the 
medium is slightly acidic (pH 4.0) and free fatty acids are present, it is 
possible that the detected FAEE were produced abiotically. Since 
S. bombicola has been described to use C18 FAEEs as hydrophobic sub-
strate and the biosynthesis of FAEE relies mostly on a reversible 
O-acyltransferase/esterase reaction (performed by e.g. lipases), we hy-
pothesize that S. bombicola can produce C18 FAEEs or that the acidifi-
cation of the medium by S. bombicola catalyses the conversion of C18 
free fatty acids and ethanol to FAEEs. These molecules are attracting 
interest in the field of biofuels and could thus be an interesting target for 
future research [41,42]. Also, in HSvsNS, fatty acyls were the prominent 
discriminating class (Supplementary Figure A.17). Some of the identi-
fied fatty acyls correlated with high bola SL MVP: all contained a C16 
acyl chain (palmitoleic acid, 16-hydroxyhexadecanoic acid). Others, 
correlating to low bola SL MVP, such as linoleic acid, C13-, C18-, 
C22-hydroxy fatty acid, oxo-phytodienoic acid and γ-decalactone, con-
tained C18 and fatty acyls with unusual chain lengths (C10, C12, C13 
and C22). The C18 chain fatty acyls possess either a higher degree of 
unsaturation or an incorporated oxygen. The detection of more unusual 
fatty acyl chain lengths could indicate a fatty acyl imbalance. This hy-
pothesis is substantiated by some of the significantly altered pathways 
predicted by the mummichog algorithm based on the metabolomics data 
(Supplementary Figure A.18). In particular, biosynthesis of unsaturated 
fatty acids, alpha-linolenic acid metabolism, biotin metabolism and 
pantothenate and coA biosynthesis are linked to fatty acyl metabolism 
[9,43]. 

Next to fatty acyls, carboxylic acids and derivatives constitute an 
important class among the (tentatively) identified metabolites in RET 
discriminatory productivity cases and were all positively correlated to 
high bola SL MVP (Supplementary Figure A.17). A total of 71.4% of 
these metabolites were subclassified as ‘amino acids, peptides, and an-
alogues’. Furthermore, amino acid related pathways were also the most 
prominent in the predictions of the mummichog algorithm. The level 1 
identified metabolites of this class, i.e. pyroglutamic acid and kynurenic 
acid, are both products of the recycling of peptides and/or amino acids 
and reactive oxygen species (ROS) mediation. Pyroglutamic acid is an 
intermediate of the amino acid translocation pathway via the γ-glutamyl 
cycle and closely correlated to glutathione, which is an important ROS Ta
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Fig. 6. STITCH-based compound-compound networks of the different cases constructed with the 5 of the 36 (tentatively) identified metabolites represented in the 
KEGG database (Supplementary Table A.3). 
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mediator in yeast [44,45]. Furthermore, the γ-glutamyl cycle has a 
profound function as supplier of growth requirements in yeast during 
N-starvation [46]. Kynurenic acid is a terminal side product of the 
kynurenine pathway, which is responsible for the degradation/detox-
ification of tryptophane and the de novo synthesis of NADH. Kynurenic 
acid cannot be transformed into NAD+ but is linked to ROS reduction 
[47]. 

A total of 13 compounds were significantly discriminant in the 
metabolic fingerprints of HSvsNS and all RET discriminatory produc-
tivity cases. Remarkably, three out of four metabolites that were posi-
tively correlated to high bola SL MVP in all discriminatory productivity 
cases and were consecutively subjected to identification analysis, were 
tentatively identified as conjugated hexoses (ID703, ID714 and ID1100, 
Supplementary Figure A.19). Interestingly, bola SLs are conjugated 
hexoses themselves. The conjugated hexoses were solely positively 
correlated to bola SLs and not to acidic SLs, as they have increased 
abundances in NS compared to HS, in addition to a declining trend in 
RET. Furthermore, their prevalence in the effluent samples suggests that 
the hexose conjugates are extracellularly located (Supplementary Figure 
A.20). Therefore, we hypothesize that these hexose conjugates are 
produced by a side reaction of the bola SL biosynthesis or are degra-
dation products of bola SLs, but more thorough identification analysis (e. 
g. NMR) would be warranted to confirm. 

A knowledge-based network analysis using compound-compound 
interactions in the STITCH database was performed on the identified 
metabolites present in the KEGG database (11 out of 26 (tentatively) 
identified metabolites; Fig. 6, Supplementary Table A.3). The STITCH 
database is based on predicted relations inferred from text mining, 
phenotypic effects and chemical structure similarity [34]. The com-
pound with the highest betweenness (times a node can be used as a 
“bridge” in the shortest route between two nodes) in REThigh MVP and 
RETcell recycle was 8-hydroxyguanosine, with a calculated distance of 659 
for REThigh MVP and 811 for RETcell recycle, respectively. 8-OHG was also 
the discriminating compound between high and low bola SL identified in 
[12]. It should be noted that no valid candidate for 8-OHG was found in 
the MS spectra of the experiments described here. Therefore, it is 
assumed that 8-OHG concentrations were below the detection limit 
though some of its interaction partners were detected (uracil, guanine 
and pyroglutamic acid). This result confirms earlier findings, as only one 
metabolite (i.e. 8-OHG) was annotated, when comparing high and low 
bola SL MVP in a non-standardised retentostat with S. bombicola [12]. 
Uracil and 2-O-methyl adenosine could be assigned a level 1 identifi-
cation status and were correlated to high bola SL MVP in all RET 
discriminatory productivity cases (Fig. 6). The same applied to guanine 
in the cell recycle phase (RETcell recycle) (Fig. 6). Uracil, guanine and 
2-O-methyl adenosine were detected following RNA hydrolysis [48,49]. 
Bulk RNA (predominantly ribosomal) degradation was detected in 
S. cerevisiae as part of a nitrogen starvation-induced autophagy process. 
Most of the end products of this non-selective catabolic process, i.e. 
nucleosides and nucleobases, are predominantly excreted, upon which 
they are not assimilated. This excretion in yeasts has been described to 
affect the energy nucleotide metabolism [48,50]. In this perspective, the 
energy nucleotide UDP and the correlated UDP-glucose are of utmost 
importance for the SL glycosyltransferases, UgtA1 and UgtB1. This lack 
of activated donors for glycosylation can explain the decline of bola SL 
MVP, while acidic SL MVP with lower glycosylation remains impaired. A 
correlation between lipid product accumulation and nutrient 
stress-induced cellular autophagy in oleaginous fungi has been 
described in [51,52]. The abovementioned metabolites involved in ROS 
mediation (pyroglutamate and kynurenic acid) and nucleoside meta-
bolism (uracil, 2-O-methyl adenosine and guanine) demonstrate its 
physiological significance (i.e. oxidative RNA damage caused by ROS). 
The correlation of ROS with nutrient starvation-induced autophagy has 
been extensively described in literature [53]. 

Even though there is common ground between HSvsNS and the RET 
discriminatory productivity cases, it can be suggested that the cause for 

this distinction between high and low bola SL MVP differs between set- 
ups. As mentioned before, the HSvsNS metabolic fingerprints indicate a 
fatty acyl imbalance, which is remarkable, as the difference in produc-
tion spectrum pointed predominantly towards the glycosylation level of 
SLs (Figs. 1B and 1C). In RET however, the discriminating metabolites 
and the significantly altered pathways predicted by the mummichog 
algorithm and the knowledge-based network infer that a high bola SL 
MVP is established when (end) products of autophagy and metabolite 
recycling are upregulated. 

To summarise, we propose a hypothesis for the cause of the bola SL 
MVP decline in RET. N- and P starvation in S. bombicola cells trigger a 
stress response, which includes the onset of the stationary growth phase 
with accompanying (bola) SL production. Part of this stress response is 
the bulk degradation of cellular components via autophagy. Upon N- 
starvation, excessive ribosomes (rRNA and ribosomal subunits) are 
rapidly degraded to nucleobases, nucleosides and protein degradation 
products. Some of these products are not reassimilated due to their 
cellular toxicity or the yeast’s metabolic incapacity [48,54,55]. As long 
as there are precursors that can be used for autophagy, cellular ho-
meostasis of S. bombicola is ensured. However, as N- starvation is not 
lifted in RET and N-containing compounds are flushed out of the reactor 
due their absence in the influent, autophagy is finite, and eventually 
crucial precursors (e.g. biosynthetic enzymes and cofactors) for bola SL 
production are no longer recycled. Among others, the suspected deple-
tion of UDP could play an important role here as it is necessary for the 
glycosylation steps in the biosynthesis of SL. Eventually, this cofactor 
depletion results in a bola SL MVP decline. 

Conclusion 

In this study, a retentostat and stirring settings in a fed-batch set-up 
for the production of bola SLs were evaluated. In both set-ups, high and 
low bola SL productivity phases were observed. Metabolomics analysis 
revealed a correlation between RNA and protein autophagy and high SL 
productivity. Exhaustion of the N-starvation-induced autophagy is sus-
pected to be responsible for the bolaform SL productivity decline in a 
retentostat set-up. Thus, this study will have an important impact on 
unravelling the regulation of the biosynthesis of glycolipids and other 
secondary metabolites in yeast and tailoring it to improve production 
processes. 
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