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Abstract 
Strong sugar tolerance and high bioethanol yield of yeast under high-gravity fermentation have caused great attention in the 
bioethanol industry. In this study, Clustered Regularly Interspaced Short Palindromic Repeats Cas9 (CRISPR-Cas9) tech-
nology was used to knock out S. cerevisiae GPD2, FPS1, ADH2, DLD3, ERG5, NTH1, and AMS1 to construct engineering 
strain S. cerevisiae GFADENA. Under high-gravity fermentation with 400 g/L of sucrose, S. cerevisiae GFADENA produced 
135 g/L ethanol, which increased 17% compared with the wild-type strain. In addition, S. cerevisiae GFADENA produced 
145 g/L of ethanol by simultaneous saccharification and fermentation (SSF) using 400 g/L of corn syrup with a sugar-ethanol 
conversion rate of 41.1%. Further, the targeted metabolomics involving energy, amino acid, and free fatty acid metabolisms 
were performed to unravel its molecular mechanisms. The deletion of seven genes in S. cerevisiae GFADENA caused a more 
significant effect on energy metabolism compared with amino acid and free fatty acid metabolisms based on the significantly 
different metabolites. Two metabolites α-ketoglutaric acid and fructose-1,6-bisphosphate were the most significantly different 
upregulation and downregulation metabolites, respectively (p < 0.05). Functions of metabolism, environmental informa-
tion processing, and genetic information processing were related to sucrose tolerance enhancement and ethanol production 
increase in S. cerevisiae GFADENA by the regulation of significantly different metabolites. This study provided an effective 
pathway to increase ethanol yield and enhance sucrose tolerance in S. cerevisiae through bioengineering modification.

Key points
• S. cerevisiae GFADENA with gene deletion was constructed by the CRISPR-Cas9 approach
• S. cerevisiae GFADENA could produce ethanol using high-gravity fermentation condition
• The ethanol yield of 145 g/L was produced using 400 g/L corn syrup by the SSF method

Keywords  Saccharomyces cerevisiae · Targeted metabolomics · High-gravity fermentation · Ethanol production · CRISPR-
Cas9 approach

Introduction

Saccharomyces cerevisiae was one of the important cell 
factories that consume sucrose to produce bioethanol due 
to its robustness, genetic accessibility, and stress toler-
ance (Gombert and van Maris 2015; Marques et al. 2016). 
In industrialized large-scale fermentation systems, high-
gravity fermentation was an effective approach to increase 
production capacity and reduce costs (Randez-Gil et al. 
1999). However, high-gravity sucrose alcohol fermenta-
tion caused severe disadvantage effects including yeast 
cell shrinkage, cell vitality, and even death (Verstrepen 
et al. 2004). The stress tolerance improvement of yeast to 
sucrose was of great significance for bioethanol produc-
tion under the condition of high gravity by constructing 
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engineered strains (van Aalst et al. 2022). In addition, the 
modification of glucose to the ethanol metabolism pathway 
by the gene editing approach was an effective means to 
improve ethanol yield.

Genetic modification affects yeast’s tolerance to the 
environment by increasing or decreasing the accumula-
tion of specific products. The stress tolerance of yeast was 
directly affected by cell wall and membrane defense sys-
tems, which were composed of a matrix of extracellular 
polymeric substances including ergosterol, trehalose, and 
mannan by respectively knocking out ERG5, NTH1, and 
Ams1 genes (Flemming and Wingender 2010; Wu et al. 
2023). The deletion of S. cerevisiae ERG5 resulted in sig-
nificant resistance improvement to external stresses by 
accumulating an intermediate product fecosterol during 
the sterol biosynthesis pathway (Caspeta et al. 2014; Lam 
et al. 2014). Trehalose prevented protein denaturation via 
hydrogen bridges to the polar residues of protein (Crowe 
et al. 1998). The inhibition of trehalase NTH1 enhanced 
the yeast stress resistance by modifying the trehalose 
hydrolysis pathway (Nwaka et al. 1995). α-Mannosidase 
Ams1 played a role in the catabolism degradation of 
N-linked free mannose oligosaccharides (Umekawa et al. 
2016). In addition, Ams1 deletion reduced the further 
decomposition efficiency of mannan, leading to the accu-
mulation of mannan (Hirayama and Suzuki 2011; Trimble 
and Atkinson 1992).

The ethanol production of S. cerevisiae was improved 
by the deletion of GPD2, Fps1, and DLD3 (Hubmann 
et al. 2011). S. cerevisiae GPD2 was an isoform of glyc-
erol 3-phosphate dehydrogenase (GPDH) with a function 
as a rate-controlling enzyme of glycerol formation. The 
Fps1 glycerol channel in S. cerevisiae was a member of the 
major intrinsic protein family. Fps1 functioned to transport 
glycerol passively out of the strain cell in osmoregula-
tory pathways (Beese-Sims et al. 2011). The deletion of 
the alcohol dehydrogenase isozyme ADH2 reduced the 
formation of acetaldehyde and fuel alcohols (Wu et al. 
2021). The downregulation of D-lactate dehydrogenase 
gene (DLD3) resulted in ethanol tolerant enhancement and 
higher ethanol production (Kim et al. 2011).

In this study, seven genes of GPD2, FPS1, ADH2, 
DLD3, ERG5, NTH1, and AMS1 were knocked out to 
increase the ethanol yield and tolerance to sucrose by 
the Clustered Regularly Interspaced Short Palindromic 
Repeats Cas9 (CRISPR-Cas9) approach (Fig. 1A). The 
effect of gene deletion on the ethanol yield of yeast was 
investigated. The stress tolerance of engineered yeast was 
also analyzed using high-gravity sucrose. In addition, the 
molecular mechanism of the S. cerevisiae mutant was 
further explored based on the targeted metabolomics of 
energy, amino acid, and free fatty acid metabolisms.

Materials and methods

Strains, chemicals, and reagents

S. cerevisiae used in this study for genetic modification 
was haploid yeast (ATCC® 204,508™). All the engineer-
ing strains have been deposited in the Anhui Province Key 
Laboratory of Agricultural Products Modern Processing 
(Hefei, China). The collection number of engineering S. 
cerevisiae GFADENA is No. 2022171602. The determina-
tion of metabolites and data analysis of the targeted metabo-
lomics were performed by Personalbio Company (China, 
Nanjing). Acetonitrile (ACN) and methanol (MeOH) were 
from Merck (Darmstadt, Germany). The sucrose sample was 
from Olchemlm Ltd. (Olomouc, Czech Republic). The stock 
solution of the standard sample was prepared by dissolving 
the sample in 1 mg/mL of MeOH. Phusion High-Fidelity 
PCR Master Mix with HF Buffer for polymerase chain reac-
tion (PCR) amplification was from New England Biolabs 
Company (NEB). High-performance liquid chromatography 
(HPLC) equipment (Waters series high-performance liquid 
chromatography) equipped with differential refractive index 
detector (RID) and Sugar SH1011.

Measurement of sucrose, glucose, and ethanol 
concentrations

The HPLC approach was used to determine the concentra-
tions of sucrose, glucose, and ethanol according to previ-
ously reported methods (El-Sheekh et al. 2022; Gombert and 
van Maris 2015). HPLC determination conditions were pre-
pared using 0.01 mol/L of H2SO4 with a mobile phase, flow 
rate of 0.8 mL/min, and column temperature set at internal 
35 °C and external 50 °C. Each sample had an injection 
volume of 10 µL and was set for 25 min.

gRNA expression vector design and transformation 
method

The 23-bp guide RNA of each gene was selected to amplify 
the expression vectors for gene recognition using online Web 
link http://​chopc​hop.​cbu.​uib.​no/ (Montague et al. 2014). The 
primers of gRNA expression vector amplification includ-
ing GPD2, FPS1, ADH2, DLD3, ERG5, NTH1, and AMS1 
gRNA using gRNA-trp-HyB plasmid as a template are listed 
in Table 1. The reaction system was prepared by 12.5 µL 
Phusion Master Mix, 0.5 µM forward primer, 0.5 µM reverse 
primer, 0.5 µL template, and 10 µL sterile double distilled 
water. The reaction run using the amplification parameters 
of 98 °C heating for 30 s; 98 °C denaturation for 8 s, 50 °C 
annealing for 25 s, 72 °C extension for 3 min for 29 cycles; 

http://chopchop.cbu.uib.no/
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and 72 °C for 5 min. The genetic transformation of S. cer-
evisiae was performed according to the PEG-mediated trans-
formation method (Gietz and Schiestl 2007).

Engineered S. cerevisiae mutant construction

The gene deletion of S. cerevisiae was implemented by the 
CRISPR-Cas9 technology. After the transformation of double-
vector transformation of the Cas9-NAT plasmid and the gRNA 
vector, the insert fragments were integrated into the yeast 
genome specified by gRNA to achieve knockout of the target 
gene. The solid screening media for Cas9-NAT plasmid and 

the gRNA vector transformation were prepared by YPD solid 
media containing 80 µg/mL nourseothricin and 300 µg/mL 
hygromycin B, respectively. Through multiple rounds of trans-
formation, screening, and identification, the final engineered S. 
cerevisiae was constructed with the deletion of GPD2, FPS1, 
ADH2, DLD3, ERG5, NTH1, and AMS1 genes (Fig. 1B).

Resistance stress investigation on the solid sucrose 
medium

The YP culture media were prepared with 10 g/L yeast 
extract, 20 g/L peptone, and sucrose as a carbon source for 

Fig. 1   Construction strategy 
and technical pathway of S. 
cerevisiae GFADENA in this 
study. Note: A Construction 
strategy of engineered strains 
to increase the yield of ethanol 
and enhance the tolerance of 
sucrose by the CRISPR-Cas9 
approach by the deletion of S. 
cerevisiae GPD2, FPS1, ADH2, 
DLD3, ERG5, NTH1, and 
AMS1. B Technical pathway 
of S. cerevisiae GFADENA 
construction by the sequential 
deletion of S. cerevisiae GPD2, 
FPS1, ADH2, DLD3, ERG5, 
NTH1, and AMS1 in this study. 
S. cerevisiae GFADENA meant 
engineered S. cerevisiae strain 
after the deletion of GPD2, 
FPS1, ADH2, DLD3, ERG5, 
NTH1, and AMS1. The figure in 
the lower right corner represents 
the technical principle of gene 
editing by the CRISPR-Cas9 
approach to knock out specific 
genes in yeast
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resistance investigation. The specific operation processes 
were as follows: (1) the yeast fermentation solution of 5 
µL spotted on the solid medium containing high-concentra-
tion sucrose for resistance stress investigation. The initial 
cell concentration of yeast for the test was quantified to 5 
OD600nm; (2) then, the different strain spots were sequentially 
diluted for investigation by the gradient dilution ten times 
on the sucrose concentrations of 100, 200, 300, and 400 g/L. 
The effect of incubation time on the growth of engineered S. 
cerevisiae was investigated on the solid sucrose medium at 
30 °C. The cell proliferation of yeast on the solid plate was 
assessed according to the diameter sizes of colony circles.

Calculation equation between yeast cell density 
and its dry weight

The calculation equation between yeast cell density and 
its dry weight was determined based on the optical density 
(OD) values at the wavelength of 600 nm and its correspond-
ing cell dry weight. The chart was drawn according to the 
relation between cell weight and OD600nm values. The hori-
zontal and vertical axes represented cell dry weight (g/L) 

and OD600nm values, respectively. The equation between 
OD600nm values and cell dry weight was formulated based 
on data simulation. Then, this equation was used to calculate 
the cell dry weight according to OD600nm values.

Effect of sucrose concentrations on the ethanol 
yields

The liquid fermentation medium was prepared by YP culture 
solution containing 10 g/L yeast extract, 20 g/L peptone, and 
a certain concentration of sucrose. The effect of sucrose con-
centrations on cell proliferation was investigated according 
to the OD600nm values at the wavelength of 600 nm (Yang 
et al. 2023). The dry cell weight was calculated according 
to the equation of the relationship between cell weight and 
OD values at the wavelength of 600 nm (Wang et al. 2010). 
The volume of 2 mL fermentation solution with 5 OD600nm 
was added to a 250-mL conical flask equipped with 100 mL 
of fermentation solution. The cell proliferation and ethanol 
yield of engineering yeast were investigated during the fer-
mentation of 72 h using the wild-type strain as the control.

Table 1   Primers for gRNA 
vector amplification and 
PCR identification of the 
corresponding insertion DNA

Primers of GPD2-gRNA-F1/GPD2-gRNA-R1, Fps1-gRNA-F1/Fps1-gRNA-R1, ADH2-gRNA-F1/ADH2-
gRNA-R1, DLD3-gRNA-F/DLD3-gRNA-R, ERG5-gRNA-F/ERG5-gRNA-R, NTH1-gRNA-F/NTH1-
gRNA-R, and AMS1-gRNA-F/AMS1-gRNA-R were used to construct GPD2-gRNA, FPS1-gRNA, ADH2-
gRNA, DLD3-gRNA, ERG5-gRNA, NTH1-gRNA, and AMS1-gRNA expression vectors, respectively. In 
addition, the italicized Us/Ds-TV-AFB1D, Us/Ds–OM-PLA1, Us/Ds-DPE, L1-F/L1-R, L1-F/L1-R, C-F/
C1-R, and C-F/C2-R primers were used to identify the corresponding insertion DNA

Primers Sequences

GPD2-gRNA-F1 TGA​TTG​GTT​CTG​GTA​ACT​GGG​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
GPD2-gRNA-R1 CCC​CCA​GTT​ACC​AGA​ACC​AAT​CAG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
Us/Ds-TV-AFB1D 5′-ATG​GCT​CGC​GCG​AAG​TAC​TC-3′/5′-TTA​AAG​CTT​CCG​CTC​TAT​GAA-3′
Fps1-gRNA-F1 AAT​AAG​CAG​TCA​TCC​GAC​GAA​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
Fps1-gRNA-R1 CCT​TCG​TCG​GAT​GAC​TGC​TTA​TTG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
Us/Ds–OM-PLA1 5′-TAT​GCG​CAT​TTT​GTC​AGG​GA-3′/5′-GAT​TAC​ATA​ATA​TCG​TTC​AGC-3
ADH2-gRNA-F1 GGA​AAC​ATT​GAT​GAT​ACC​GTG​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
ADH2-gRNA-R1 CCC​ACG​GTA​TCA​TCA​ATG​TTT​CCG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
Us/Ds-DPE 5′-CAG​AAA​AGC​GAA​AGA​GAC​ACC-3′/5′-TGA​GGA​TAT​TAT​CGC​AAA​TC-3
DLD3-gRNA-F TTG​GCA​GTA​GTA​CCA​CAA​GGT​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
DLD3-gRNA-R CCA​CCT​TGT​GGT​ACT​ACT​GCC​AAG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
L1-F/L1-R 5′-ATG​AAT​ACA​TAT​CAC​CCA​TTCAG-3′/5′-TTA​TGC​CTC​CTT​CAT​TCC​G-3′

640 bp
ERG5-gRNA-F ATT​TCA​TGG​AAA​AAG​ACC​TGG​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
ERG5-gRNA-R CCC​CAG​GTC​TTT​TTC​CAT​GAA​ATG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
L1-F/L1-R 5′-ATG​AAT​ACA​TAT​CAC​CCA​TTCAG-3′/5′-TTA​TGC​CTC​CTT​CAT​TCC​G-3′
NTH1-gRNA-F TTA​AAT​AAC​CAT​AAG​AAC​GGA​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
NTH1-gRNA-R CCT​CCG​TTC​TTA​TGG​TTA​TTT​AAG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
C-F/C1-R 5′-ATG​AGT​TCA​AAT​AAA​CTG​ACA​ACT​AG-3′/5′-GAT​ATT​TAA​TCC​ATA​CGC​CT-3′
AMS1-gRNA-F GAT​ATC​ACT​CAA​TGC​AAC​TGC​GGG​TTT​TAG​AGC​TAG​AAA​TAG​CAAG​
AMS1-gRNA-R CCG​CAG​TTG​CAT​TGA​GTG​ATA​TCG​ATC​ATT​TAT​CTT​TCA​CTG​CGGA​
C-F/C2-R 5′-ATG​AGT​TCA​AAT​AAA​CTG​ACA​ACT​AG-3′/5′-TTA​AGA​ATC​TTT​TTT​AAT​CGG-3′
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Simultaneous saccharification and fermentation 
of corn by S. cerevisiae GFADENA

Simultaneous saccharification and ethanol fermentation of 
corn were implemented as the following steps. (1) Corn 
was crushed into particles with a size of 2–3 mm diam-
eter. (2) Mixing materials: clear liquid, distilled water, 
and tower kettle water (12:73:15, w/w/w) were added into 
1-L glass reactor; then, corn powder was added into the 
reactor at 27% of liquid volume (w/v); material mixture 
was adjusted to pH 6 at 70 °C; α-amylase was added with 
0.267 kg per ton of dry material and mixed at 67 °C for 
40 min with a shaking speed of 120 rpm. (3) Liquefaction: 
the reaction kettle was placed in a water bath of 90 °C, 
with a mixing speed of 80 rpm for 2 h. After liquefaction, 
the reaction was cooled down to 32 °C for packaging. (4) 
Simultaneous saccharification and fermentation were per-
formed in a 1000-mL conical flask equipped with 200 g of 
liquefaction by diluting with water to 500 mL. The final 
corn syrup concentration was 400 g/L for fermentation. 
The mixture solution contained saccharifying enzyme 
(0.727 kg/1000 kg), acid protease (0.035 kg/1000 kg), 
urea (1.5 kg/1000 kg), and yeast (0.05%, w/w). The tube 
was sealed with paraffin solution and incubated in a shak-
ing bed with a shaking speed of 100 rpm at 32 °C. After 
fermentation, the mature mash was processed for further 
analysis.

Sample preparation for metabolomics detection

The yeast cells were cultured in the YPD liquid medium 
at 30 °C with a shaking speed of 150 rpm after 96 h of 
inoculation. The cells of yeast were collected in centri-
fuge tubes by centrifugation at 3000 rpm for 3 min after 
0, 48, and 96 h of fermentation. Then, the yeast cells were 
evenly mixed using 5 mL of quenching solution prepared 
with the solution containing methanol–acetonitrile-water 
of 2:2:1 (v/v/v). The extraction solution (methanol-chlo-
roform-water of 2:2:1, v/v/v) and equal volumes of SiO2 
beads were added to freezing and thawing cells with liquid 
nitrogen. During the preparation of intracellular products, 
the sample was placed in ice to ensure the stability of 
metabolites. The yeast cell lysate was treated at 4 °C after 
centrifugation at 12,000 rpm for 5 min. The supernatant 
was collected and dried with N2 at room temperature. The 
solid powder was dissolved in 0.5 mL of extraction solu-
tion (acetonitrile–water of 1:1, v/v) at − 20 °C. After a cen-
trifugation of 12,000 rpm for 5 min at 4 °C, the collected 
supernatant was dried with N2 and frozen at − 80  °C. 
Finally, the samples were dissolved in 200 µL solution 
(acetonitrile–water of 7:3, v/v) for UPLC-Q-TOF/MS and 
LC–MS/MS detection.

Targeted metabolomics based on the quantitative 
analysis of metabolites

The targeted metabolomics were analyzed to unveil the 
molecular mechanism of engineered S. cerevisiae based on 
energy, free fatty acid, and amino acid metabolisms. The 
operation processes included sample collection, metabolite 
extraction, mass spectrometry analysis, data processing, 
metabolite annotation, data interpretation, and functional 
analysis (Gold et al. 2015). S. cerevisiae cell preparation 
and extraction were performed by the acetonitrile/metha-
nol treatment technique. The extracted products were ana-
lyzed using an LC–ESI–MS/MS system (www.​waters.​
com/​nextg​en/​us/​en. https://​sciex.​com/). HPLC analy-
sis required a column of ACQUITY UPLC BEH Amide 
(2.1 mm × 100 mm × 1.7 µm); water solvent system prepared 
by 10 mM ammonium acetate and 0.3% ammonium hydrox-
ide (v/v) (A), 90% acetonitrile/water (v/v) (B); flow rate of 
0.4 mL/min; and temperature of 40 °C.

ESI–MS/MS treatment conditions

Linear ion trap and triple quadrupole scans were acquired 
on a triple quadrupole-linear ion trap mass spectrometer 
equipped with an ESI Turbo IonSpray interface controlled by 
Analyst 1.6.3 software (Kim et al. 2007). The ESI parame-
ters were ion source of ESI ± , source temperature of 550 °C, 
ion spray voltage, and curtain gas of 35 psi (high-purity 
Helium). Tryptophan and metabolites were analyzed using 
the scheduled multiple-reaction monitoring. Data acquisi-
tions and Sciex Multiquant 3.0.3 software were performed 
using Sciex Software Analyst 1.6.3 and quantified metabo-
lites, respectively. Mass spectrometer parameters of the 
declustering potentials and collision energies for individual 
MRM transitions were performed with further optimization. 
MRM transitions were monitored for each period according 
to the eluted metabolites.

Data treatment for metabolomics analysis

Unsupervised principal component analysis (PCA) was per-
formed by statistics function prcomp within R using online 
www.r-​proje​ct.​org (Girelli et al. 2023). The hierarchical 
cluster analysis (HCA) results were presented as heatmaps 
with dendrograms. Pearson correlation coefficients (PCC) 
between samples were calculated by the function in R and 
presented as only heatmaps. The original contents of dif-
ferential metabolites identified by screening criteria by row 
using unit variance scaling (UV scaling) were normalized 
to facilitate the observation of changes in metabolite con-
tent. The heatmap was drawn using the R software pack-
age. Normalized signal intensities of metabolites for HCA 
were visualized as a color spectrum. Significantly regulated 

http://www.waters.com/nextgen/us/en
http://www.waters.com/nextgen/us/en
https://sciex.com/
http://www.r-project.org
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metabolites were determined by corrected p-value and 
absolute Log2FC (fold change). KEGG compound database 
(http://​www.​kegg.​jp/​kegg/​compo​und/) was used to identify 
metabolites and annotate using annotated metabolites (http://​
www.​kegg.​jp/​kegg/​pathw​ay.​html). Pathways of significantly 
regulated metabolites mapped were fed into metabolite sets 
enrichment analysis (MSEA). The significance was deter-
mined by the hypergeometric test’s p-values.

Metabolite annotation, data interpretation, 
and functional analysis

The targeted metabolomics from energy, energy, free fatty 
acid, and amino acid metabolisms of engineered S. cer-
evisiae was conducted using the quantitative analysis of 
metabolites based on the LC–MS/MS platform. Partial Least 
Squares Discriminant Analysis (PLS-DA) using supervised 
pattern recognition was used to screen differential metabo-
lites. When the Variable Importance in Projection (VIP) of 
contemporary metabolites was greater than or equal to 1, 
a significantly differential metabolite was considered. The 
p-value or fold change of univariate analysis was combined 
to screen the differential metabolites. When fold change was 
greater than or equal to 1.2 and fold change was less than or 
equal to 0.8334, the difference was statistically significant 
at the level of p < 0.05. Due to the large number of variables 
in metabolomics, multiple hypothesis testing was used to 
correct for p-values and reduce false positives. KEGG was 
used to annotate significantly different metabolites. The 
annotation results were classified according to the pathway 
types in KEGG.

Data treatment and software analysis

All the data obtained from three repeated experiments were 
given as means ± standard deviation (S.D.). The statistics of 
data were analyzed using Software OriginPro 2018. Three 
biological replicates after 0, 48, and 96 h of fermentation 
were set up with six technical replicates for metabolomics 
experiment.

Results

Engineered S. cerevisiae construction using 
the CRISPR‑Cas9 approach

Engineered S. cerevisiae GFADENA was constructed by suc-
cessively knocking out GPD2, FPS1, ADH2, DLD3, ERG5, 
NTH1, and AMS1 genes using the CRISPR-Cas9 approach. 
The screening of the putative transformants was performed 
on the YPD solid screening media after the transformation 
of gRNA expression and Cas9 vectors (Fig. 2A). A total 

of 15 colonies grew on the solid screening media with no 
colony on the plates from the three control groups. The puta-
tive transformants were further confirmed by amplifying and 
sequencing insertion DNA. The true transformants were 
used for further research.

Tolerance test of S. cerevisiae GFADENA on the solid 
sucrose medium

S. cerevisiae GFADENA grew on the solid YP media con-
taining sucrose with the wild-type strain as the control. S. 
cerevisiae GFADENA had a similar growth with the wild-
type strain under the low sucrose concentrations of 100 g/L 
(Fig. 2B–(A)). S. cerevisiae GFADENA possessed a better 
growth rate than the wild-type strain on the solid media 
containing high-concentration sucrose of 200–400  g/L 
(Fig. 2B–(B, C, and D)). Thus, S. cerevisiae GFADENA 
after GPD2, FPS1, ADH2, DLD3, ERG5, NTH1, and AMS1 
deletion obtained higher sucrose resistance under the high-
concentration condition than the wild-type strain.

Effect of fermentation time on dry cell weight of S. 
cerevisiae GFADENA

The dry cell weights (DCW) of S. cerevisiae GFADENA 
were calculated according to the equation between DCW and 
OD values of S. cerevisiae GFADENA. The conversion for-
mula was y = 2.3045x + 0.1421(R2 = 0.9973), in which y and 
x represented OD600nm values and cell weight concentrations 
(g/L), respectively (Fig. 2C). S. cerevisiae GFADENA had a 
faster growth rate during the initial 30-h fermentation than 
the wild-type strain under the liquid fermentation of 400 g/L 
sucrose. DCW of engineered S. cerevisiae GFADENA after 
fermentation of 18 h (1.56 g/L) was 17 folds than the control 
(0.09 g/L). The cell yields of S. cerevisiae GFADENA after 
fermentation of 48 h (3.51 g/L) were 1.08 folds compared 
with that of the wild-type strain (3.26 g/L) (Fig. 2D). Thus, 
engineered S. cerevisiae GFADENA possessed a faster cell 
proliferation rate than the control under the condition of 
high-concentration sucrose.

Effect of fermentation time on sucrose consumption 
and ethanol production

Sucrose concentrations and ethanol production were deter-
mined using 400 g/L of sucrose as fermentation substrate 
during the fermentation of 96 h (Fig. 3A). The ethanol 
concentration of S. cerevisiae GFADENA (135 g/L) was 
1.17 folds than that of the wild-type strain (115 g/L). The 
residual sucrose content of S. cerevisiae GFADENA was 
higher than the wild-type strain. In addition, the con-
centration of glycerol in S. cerevisiae GFADENA was 

http://www.kegg.jp/kegg/compound/
http://www.kegg.jp/kegg/pathway.html
http://www.kegg.jp/kegg/pathway.html
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9.21 g/L, which was 0.63 folds compared to the control 
yeast (14.53 g/L) after fermentation of 72 h under 400 g/L 
sucrose (Fig. 3B). The engineering yeast produced a cer-
tain amount of glycerol. Nevertheless, the glycerol content 
of engineering yeast had remarkably decreased compared 
to the control strain. Thus, S. cerevisiae GFADENA had 
stronger sucrose consumption capability and higher etha-
nol production efficiency than the wild-type strain.

Ethanol production of S. cerevisiae GFADENA using 
high‑gravity corn syrup

S. cerevisiae GFADENA was applied to produce ethanol 
using 400 g/L of corn syrup. S. cerevisiae GFADENA could 
effectively produce ethanol with the highest ethanol con-
centration of 145 g/L after fermentation for 66 h during the 
fermentation of 96 h (Fig. 3C). The conversion efficiency of 
sugar to ethanol was 2.2 g/L/h based on the calculation of 

Fig. 2   Screening of the putative transformants and growth of S. cer-
evisiae GFADENA using 400 g/L of sucrose. Note: A The screening 
of putative transformants on the YPD solid media containing dual 
antibiotics. A, B The plate after the transformation without gRNA 
expression vector and insertion DNA, respectively. C The culture of 
yeast strain containing Cas expression vector by the direct coating 
plate without transformation. D The normal transformation for tar-
geted gene deletion; B the cell growth of S. cerevisiae GFADENA on 

the solid YP sucrose media. Note: A, B, C, and D indicate the cell 
growth on the media containing sucrose concentrations of 100, 200, 
300, and 400  g/L with the wild-type strain as the control, respec-
tively; C the equation between cell concentrations (g/L) and OD val-
ues at the wavelength of 600 nm (OD600nm); D the dry cell weights of 
S. cerevisiae GFADENA (g/L) during the fermentation using 400 g/L 
of sucrose with the wild-type strain as the control
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Fig. 3   Ethanol concentrations of 
S. cerevisiae GFADENA using 
sucrose and corn syrup. Note: A 
Sucrose and ethanol concentra-
tions of S. cerevisiae GFADENA 
during the fermentation using 
sucrose as a carbon source. B 
Glycerol concentrations of S. 
cerevisiae GFADENA and the 
control after fermentation of 
72 h under 400 g/L sucrose. C 
Ethanol yields and corn syrup 
concentrations during the 
fermentation of S. cerevisiae 
GFADENA by the simultaneous 
saccharification and fermenta-
tion approach
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ethanol conversion rate and fermentation time. The conver-
sion rate from glucose to ethanol in S. cerevisiae GFADENA 
reached 41.1%. The rate accounted for 81% of the theoretical 
conversion rate (51.1%). After fermentation for 96 h, the 
concentration of corn syrup was 10 g/L. The utilization rate 
of corn syrup reached 97%. Thus, S. cerevisiae GFADENA 
possessed excellent high-sugar tolerance and ethanol conver-
sion ability.

Principal component analysis (PCA) based 
on targeted metabolomics of energy metabolism

The determination data of index, compounds, and class 
based on energy sigMetabolites are listed in Table S1. PCA 
modeling method was used to analyze the two sets of meas-
ured data to distinguish the significant differences between 
S. cerevisiae GFADENA and the wild-type strain. The PC1 
and PC2 contribution rates under the cumulative condition 

of 99.32% were 96.52% and 2.8%, respectively (Fig. 4A). 
No significant difference existed between the two metabo-
lome groups by two-dimensional principal component score 
plots (p < 0.05) (Fig. 4B). A significant difference existed 
between the two groups based on the scores of the predicted 
principal components (p < 0.05) (Fig. 4C). An aggregation 
interval existed significant differences between S. cerevisiae 
GFADENA and the wild-type strain. The formulas of vali-
dated OPLS-DA models were R2X = 0.947, R2Y = 0.996, and 
Q2 = 0.978 (p < 0.005) by the data analysis from 200 random 
permutations (Fig. 4D).

Differential metabolites between S. cerevisiae 
GFADENA and the wild‑type strain

The classification of metabolites was figured out 
between S. cerevisiae GFADENA and the wild-type 
strain (Fig. 5A). The differential metabolite L-cystine, 

Fig. 4   Principal component analysis (PCA) of S. cerevisiae 
GFADENA. Note: A Variability of the data between PC1 and PC2; 
B difference between the metabolomes by the two-dimensional prin-
cipal component score plots; C significant difference of S. cerevisiae 

GFADENA between the metabolomes of the two groups according to 
the scores of the predicted principal components; D validated OPLS-
DA models by the data analysis of 200 random permutations
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6-phosphogluconic acid, α-ketogluconic acid, pyruvic 
acid, and glutamine in S. cerevisiae GFADENA exhib-
ited an upward trend compared with the control group 
according to the expression contents. The contents of 
other metabolites in S. cerevisiae GFADENA exhibited 
a downward trend. In total, 39 differential metabolites 
in S. cerevisiae GFADENA were distinguished among 
all the metabolites according to the OPLS-DA model 
with VIP value > 1 and fold change ≥ 1.2. The volcano 
plot analysis represented that 38 significantly downregu-
lated metabolites in S. cerevisiae GFADENA were distin-
guished (Fig. 5B). In all metabolites, α-ketogluconic acid 
(α-KG) was one of the significantly upregulated metabo-
lites according to the OPLS-DA analysis. α-KG served as 
an energy donor, a precursor of amino acid biosynthesis, 
and an epigenetic regulator. α-KG also played physiologi-
cal functions in immune regulation, oxidative stress, and 
anti-aging. The upregulation of α-KG in S. cerevisiae 
GFADENA provided an important basis for improving the 
tolerance of engineering strain. In addition, the downreg-
ulated metabolites were amino acids, such as L-aspartic 
acid, tyrosine, threonine, and L-glutamic acid, as well 
as sugars including D ( +)—glucose, D-fructose-6-phos-
phate, D-glucose-1-phosphate, D-ribose-5-phosphate, 
and D-glucose-6-phosphate. The significantly differen-
tial metabolites from S. cerevisiae GFADENA after gene 
deletion were distinguished by the targeted metabolomics 
of energy metabolism.

Upregulated and downregulated metabolites of S. 
cerevisiae GFADENA

The dynamic distribution profiles of the top 5 upregu-
lated and top 10 downregulated metabolites of S. cerevi-
siae GFADENA were drawn based on energy metabolism 
(Fig. 6A). The upregulated metabolites of S. cerevisiae Sc.7 
were L-cystine, 6-phosphogluconic acid, α-ketogluconic 
acid, pyruvic acid, and glutamine, while the top 10 down-
regulated metabolites were D-fructose, glyceraldehyde-3 
phase, NAD, D-glucose-1-phase, IMP, AMP, argininosuc-
cinic acid, phosphoenolpyruvic acid, 3-phosphoglycerate, 
and fructose-1,6-bisphosphate. The maximum log2FC value 
was from α-ketogluconic acid (0.49), which was only one 
upregulated metabolite classified as data greater than 0. In 
addition, the minimum log2FC value was from fructose-
1,6-bisphosphate (− 2.93) with the most significant differ-
ence among all the downregulated metabolites (Fig. 6B).

KEGG annotation of S. cerevisiae GFADENA based 
on energy metabolism

Metabolism, environmental information processing, and 
genetic information processing were classified according to 
KEGG annotation of metabolomics of energy metabolism 
based on cell functions (Fig. 6C). The classification num-
bers of metabolism were much more than others based on 
functionality. Metabolic pathway function was the highest 

Fig. 5   Differential metabolites between S. cerevisiae GFADENA and the wild-type strain. Note: A Classification analysis of metabolites; B sta-
tistics analysis of significantly regulated metabolites based on the OPLS-DA model
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percentage among all the differentially significant metabo-
lites. The biosynthesis percentages of secondary metabolites 
pathway, microbial metabolism in diverse environments, and 
amino acids functions accounted for 81.82%, 48.48%, and 
45.45%, respectively. The percentages of ABC transport-
ers, phosphotransferase system, and two-component system 
based on environmental information processing classifica-
tion accounted for 23.4%, 12.12%, and 15.15%, respectively. 
The percentage of aminoacyl-tRNA biosynthesis accounted 
for 18.18% of genetic information processing classification.

The distribution profiles of p-values and counts of 20 
classified metabolisms were provided according to the differ-
ential abundance (DA) scores of metabolisms (Fig. 6D). The 
biosynthesis of secondary metabolites had the highest count 
value based on a DA score of − 0.5 among all the metabo-
lisms. Other metabolisms with a DA score of − 1.0 were 

from cyanoamino acid metabolism, galactose metabolism, 
starch and sucrose metabolism, and fructose and mannose 
metabolism. Thus, the deletion of seven genes resulted in the 
regulation of metabolites in S. cerevisiae GFADENA involv-
ing metabolism, environmental information processing, and 
genetic information processing based on energy metabolism.

Targeted metabolomics of amino acid metabolism 
of S. cerevisiae GFADENA

The determination data of index, compounds, and class 
based on the amino acid sigMetabolites of targeted metabo-
lomics are listed in Table S2. The distribution profiles of 
ten top-upregulated and four top-downregulated metabolites 
were represented according to log2FC values of metabo-
lites based on amino acid metabolism in S. cerevisiae 

Fig. 6   Distribution and KEGG annotation of top-upregulated and 
downregulated metabolites in S. cerevisiae GFADENA based on 
energy metabolism. Note: A Dynamic distribution map of top 
metabolites; B log2FC values of top-upregulated and downregulated 

metabolites. C The cell functions were classified based on the metab-
olomics of energy metabolism; D the distribution of 20 classified 
metabolisms based on the differential abundance scores
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GFADENA (Fig. 7A). Top-upregulated metabolites were 
from γ-glutamate-cysteine, L-cysteine, D-homocysteine, 
and L-theanine. The top-downregulated metabolites were 
from L-aspartate, 4-acetamido butyric acid L-tyrosine, 
5-hydroxy-tryptamine, N-acetylaspartate, L-methionine, 
L-tryptophyl-L-glutamic acid, 5-hydroxy-tryptophan, urea, 
and S-sulfo-L-cysteine. The highest log2FC value from 
upregulated metabolite γ-glutamate-cysteine was 0.58 with 
the biggest value among the 20 top metabolites (Fig. 7B). 
In addition, top-downregulated metabolites (log2FC values) 
were from S-sulfo-L-cysteine (− 0.58), urea (− 0.55), and 
5-hydroxy-tryptophan (− 0.51). Thus, the deletion of seven 
genes in S. cerevisiae GFADENA resulted in upregulated 

and downregulated metabolites according to the targeted 
metabolomics based on amino acid metabolism.

Targeted metabolomics of free fatty acid 
metabolism

The determination data of index, compounds, and class 
from free fatty acid sigMetabolites based on the targeted 
metabolomics are listed in Table S3. The distribution pro-
files of ten top-upregulated and four top-downregulated 
metabolites were drawn based on free fatty acid metabo-
lism (Fig. 7C). The ten top-upregulated metabolites were 
from trans-9-palmitelaidic acid, cis-9-octadecenoic acid, 

Fig. 7   Distribution of top-upregulated and downregulated metabo-
lites in S. cerevisiae GFADENA based on the amino acid and free 
fatty acid metabolisms. Note: A The dynamic distribution map of 
top metabolites based on the amino acid metabolism; B log2FC val-

ues of top metabolites based on the amino acid metabolism; C the 
dynamic distribution map of top metabolites based on the free fatty 
acid metabolism; D the log2FC values of top metabolites based on the 
free fatty acid metabolism
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trans-9-octadecenoic acid, cis-s-palmitoleic acid, myristic 
acid, lauric acid, linoleic acid, arachidic acid, stearic acid, 
and palmitic acid. In addition, the downregulated metabo-
lites were from cis-10-carbonic acid, behenic acid, lignoceric 
acid, and erucic acid. The log2FC values of top metabo-
lites were represented in terms of differential fold changes 
(Fig. 7D). The upregulated metabolites with the largest fold 
changes were from cis-9-octadecenoic acid (0.46), trans-
9-octadecenoic acid (0.45), linoleic acid (0.37), lignoceric 
acid (0.18), heptadecanoic acid (0.13), and decanoic acid 
(0.09). In addition, one downregulated differential metabo-
lite was from lignoceric acid (− 0.02). Therefore, the gene 
deletion in S. cerevisiae GFADENA resulted in upregulated 
and downregulated metabolites of free fatty acids based on 
the targeted metabolomics.

Discussion

S. cerevisiae was generally exposed to stress and inhibi-
tion under high-concentration sucrose conditions in bread-
making and sucrose ethanol (Ando et al. 2006). Despite its 
importance, the development of S. cerevisiae with high-
stress tolerance to sucrose was still not given enough atten-
tion. Various approaches including mutation breeding and 
fermentation processes of viable yeast cell numbers, time 
consumption, and sucrose utilization have been explored and 
developed to enhance stress tolerance (Ando et al. 2006). S. 
cerevisiae could produce 4.5% (w/v) of ethanol after 72 h of 
fermentation using the fermentation of 250 g/L of sucrose 
concentration with 130 g/L sucrose (Breisha 2010). The 
high-concentration sucrose inhibited yeast growth under 
high osmotic pressure. In this study, each gene deletion 
of GPD2, FPS1, ADH2, DLD3, ERG5, NTH1, and AMS1 
exhibited different phenotypes due to the function of the 
metabolism in yeast cells. The deletion of GPD2, FPS1, 
ADH2, and DLD3 resulted in the increase of ethanol yield 
by reducing byproduct formation and inhibiting byproduct 
transport. The deletion of ERG5, NTH1, and AMS1 caused 
the tolerance enhancement to sucrose by regulating the oli-
gosaccharides formation in the yeast cell membrane. This 
study integrated the specific advantages of the tested genes 
to achieve high ethanol yield and high sucrose tolerance. S. 
cerevisiae GFADENA after the deletion of GPD2, FPS1, 
ADH2, DLD3, ERG5, NTH1, and AMS1 obtained its high 
tolerance to sucrose under the high-concentration condition. 
The ethanol concentration of S. cerevisiae GFADENA was 
1.17 folds compared to the wild-type strain using 400 g/L 
sucrose. Specifically, in the initial cultivation stage, S. cer-
evisiae GFADENA had faster cell proliferation than the wild-
type strain. In addition, S. cerevisiae GFADENA could pro-
duce ethanol with the highest concentration of 145 g/L using 
400 g/L of corn syrup. The utilization rate of corn syrup 

reached 97%. S. cerevisiae GFADENA possessed excellent 
characteristics of high-sugar tolerance improvement and 
conversion rate enhancement.

The improvement of excellent traits in yeast involving 
high-sugar tolerance and sugar-ethanol conversion rate 
enhancement required systemic metabolic regulation involv-
ing multiple genes (van Aalst et al. 2022). The modifica-
tion of a single specific gene could regulate yeast’s traits. 
POG1 gene deletion in baker’s yeast drastically enhanced 
the fermentation ability after freeze–thaw stress in bread 
dough (Sasano et al. 2013). The overexpression of baker’s 
yeast SNR84 improved stress tolerance with 98% higher cell 
viability using 300 g/L of sucrose (Lin et al. 2015). How-
ever, the high-quality yeast needed to modify multiple traits 
involving systematic regulation by more genes. The single-
gene modification was undoubtedly inadequate for practical 
needs. In this study, the deletion of GPD2, FPS1, ADH2, 
and DLD3 genes contributed to ethanol production improve-
ment by reshaping the metabolic pathway from glucose to 
ethanol. ERG5, NTH1, and AMS1 deletion in S. cerevisiae 
GFADENA resulted in the enhancement of cellular rigid-
ity and flexibility by increasing the fecosterol, trehalose, 
and mannan contents in yeast’s cell wall. This study further 
indicated that multiple-gene modification was an effective 
approach to predetermined performance enhancement based 
on rational design.

The comprehensive omics approach unveiled the molec-
ular mechanism by comparing genomes or transcriptomes 
with the advent of high-throughput detection technology 
(Park et al. 2005). The phenotype difference of engineer-
ing strain after gene modification provided important clues 
to facilitate rational modification for further improvement 
(Hong et al. 2010). The interventions of post-transcriptional 
and protein post-translational regulations affected the infor-
mation flow between gene and phenotype (Putri et al. 2013). 
In addition, genomics or transcriptomics is reflected in the 
final phenotype based on the differences at the gene or tran-
script levels (Hirasawa et al. 2006). To comprehensively 
unveil the molecular mechanism of intracellular metabolites, 
technological metabolomics interrogated the cell closer to 
the phenotype (Rochfort 2005). Metabolites unlike tran-
scripts and proteins were regarded as the ultimate responses 
to environmental or genetic changes as the end cellular prod-
ucts in the regulatory processes (Fukusaki and Kobayashi 
2005). Thus, the link between phenotype and metabolome 
was direct to interventions because the metabolome changes 
represented a high correlation with the objective phenotype.

In this study, energy, amino acid, and free fatty acid 
metabolisms were performed to unveil the molecular 
mechanisms by analyzing the correlation between pheno-
type and metabolome. α-Ketoglutaric acid and fructose-
1,6-bisphosphate in S. cerevisiae GFADENA based on 
energy metabolism were the most significantly different 
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upregulation and downregulation metabolites, respec-
tively (p < 0.05). The stress tolerance enhancement and 
ethanol production increase of S. cerevisiae GFADENA 
were related to the regulation of metabolites involving 
metabolism, environmental information processing, and 
genetic information processing according to the targeted 
energy metabolomics. However, further exploration was 
needed to address the ethanol yield increase and stress 
tolerance enhancement by certain specific genes in S. cer-
evisiae. The response surface methodology was used to 
optimize key factors like temperature, pH, and dissolved 
oxygen to enhance ethanol production (Arora et al. 2015). 
In addition, the reduced dynamic flux balance model using 
artificial neural networks was also an alternative method to 
improve the ethanol yield in terms of accuracy and compu-
tational time of available experimental data (Eslamloueyan 
and Setoodeh 2011). Further, immobilizing yeast cells on 
the carrier could increase ethanol yield and ethanol pro-
ductivity in an immobilized cell reactor (Yan et al. 2012).

The CRISPR-Cas9 system enabled the precise modi-
fication of the yeast genome by altering a 20-nucleotide 
sequence using the guide RNA expression vectors. However, 
the CRISPR-Cas9 system had several limitations mainly 
including off-target effects, epigenetics, and mitochondrial 
editing (Sato and Kuroda 2023). The gRNA bonded to non-
target sequences was similar to the target sequence. Off-
target effects caused double-strand breaks in the non-target 
region (Hsu et al. 2013; Mali et al. 2013). In addition, the 
Cas9 protein could not change the epigenetic state of the 
target sequence. The Cas9/gRNA complex recruitment was 
inhibited by the epigenetic state. The chemical modification 
affected gene expression and chromatin condensation states 
(Nicoglou and Merlin 2017). The epigenetic differences 
were frequently linked to important cell phenotypes (Cav-
alli and Heard 2019). Further, the CRISPR-Cas9 system tar-
geted DNA in the cell nucleus. The potential editing targets 
also existed in mitochondria and chloroplasts (Tuppen et al. 
2010). Cas9 protein was transported to mitochondria via the 
fusion of the mitochondrial targeting sequence. However, 
the mechanism of polynucleotide transportation to the mito-
chondria was still unclear (Loutre et al. 2018). The CRISPR-
Cas9 methods would be improved to address the current 
limitations by the integration of cutting-edge genome editing 
and extend to broader cellular processes (Shaw et al. 2019; 
Zhang et al. 2022).
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