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Metabolomics-based development of bioproduction 
processes toward industrial-scale production☆ 

Kenya Tanaka1,2, Takahiro Bamba1, Akihiko Kondo1,2,3 and  
Tomohisa Hasunuma1,2,3   

Microbial biomanufacturing offers a promising, environment- 
friendly platform for next-generation chemical production. 
However, its limited industrial implementation is attributed to 
the slow production rates of target compounds and the time- 
intensive engineering of high-yield strains. This review 
highlights how metabolomics expedites bioproduction 
development, as demonstrated through case studies of its 
integration into microbial strain engineering, culture 
optimization, and model construction. The 
Design–Build–Test–Learn (DBTL) cycle serves as a standard 
workflow for strain engineering. Process development, 
including the optimization of culture conditions and scale-up, is 
crucial for industrial production. In silico models facilitate the 
development of strains and processes. Metabolomics is a 
powerful driver of the DBTL framework, process development, 
and model construction. 
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Introduction 
Microbial biosynthesis is promising for sustainably produ
cing various chemicals, including fuels [1], natural plant 
products [2], and plastics [3,4]. However, to establish cost- 
effective industrial-scale production, engineering microbial 
strains and cultivation methods is essential. Advances in 
genetic engineering and screening techniques have fa
cilitated the construction of highly engineered strains. The 
Design–Build–Test–Learn (DBTL) cycle is an effective 
workflow for creating high-producing microbial strains for 
target compounds [5–7]. The DBTL workflow begins with 
strain design, in which an appropriate host for target 
compound production is selected based on metabolic maps 
and past knowledge (Figure 1a). Potential modifications of 
genes and proteins that contribute to improved pro
ductivity are then proposed. Next, the designed strains are 
constructed to produce the target compound. Subse
quently, constructed strains are evaluated by analysis 
methods, such as proteomic and metabolomic analyses, 
during the test phase. By studying the analysis data, me
tabolic rules are extracted, providing valuable feedback for 
the next design iteration. 

Metabolomics is a powerful driver of the DBTL cycle  
[7,8]. Metabolomics has been utilized to identify bot
tleneck reactions in metabolic pathways from starting 
substrates to target compounds in various microorgan
isms, from heterotrophs to autotrophs [9,10]. This in
formation enables the overexpression of bottleneck 
enzymes or enhancement of their activities through en
zyme engineering, improving the production yield and 
productivity of target compounds. Additionally, meta
bolome data provide rational interpretations of the pro
ductivity changes of target compounds. 

High-producing strains can be obtained through the me
tabolomics-guided DBTL cycle. However, the current 
lack of metabolic information frequently hinders ex
pected productivity improvements. An additional issue is 
the lack of understanding of the functions and metabolic 
mechanisms of the unidentified proteins and genes ne
cessary for linking the metabolome to the genome.    
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Therefore, in the current DBTL approach, acquiring 
high-producing strains may require multiple rotations of 
the DBTL cycle, which can be time-consuming and 
present a challenge. Metabolomics can also help resolve 
these issues. For example, metabolite profiling from ge
netic mutants or recombinants can be applied to assign 
novel enzyme candidates [11]. Metabolomic footprints 
and phenotype help discover causative genes or metabolic 
pathways in plants, microbiome, and human [12–15]. In 
addition, metabolomics plays a vital role in unraveling 
metabolic mechanisms [16,17]. 

Toward industrial-scale production, optimizing culture 
conditions and scale-up is also necessary. Using meta
bolomics, including other omics approaches, can char
acterize these effects [18] (Figure 1b). Mathematical 
models based on omics data, including metabolomics, 
are used to perform rational strain design and understand 
the effects of large-scale bioreactors [19]. Recent ad
vances in machine learning (ML) have expanded the use 
of metabolome data to improve mathematical models  
[20–22] (Figure 1c). Metabolomes represent phenotypes. 
Using genomic information and environmental condi
tions, accurately predicting metabolome changes has 
become possible, thereby maximizing the productivity 
of target compounds [23]. This review discusses the 
roles of metabolomics in the development of microbial 
chemical production. 

Metabolomic analysis process 
Metabolomics is a comprehensive analytical method that 
enables the simultaneous identification and quantifica
tion of multiple metabolites within a sample. Targeted 
metabolomics aims to quantify essential intermediates of 
interest and is a key component of metabolic en
gineering workflows. The metabolomic analysis outcome 
depends heavily on sample preparation. To depict the 
intracellular metabolic state, cells are rapidly quenched 
to arrest metabolism, followed by the extraction of in
tracellular metabolites. Commonly employed methods 
include cold methanol quenching and methanol/chloro
form extraction [24]. Acidic acetonitrile has been shown 
to be effective in the accurate quantification of redox 
cofactors [25]. Recently, phenol-based extraction has 
shown promise for precise cyanobacterial metabolomics  
[26]. The selection of suitable extraction methods may 
be species-dependent, necessitating tailored sample 
preprocessing strategies. 

Samples are separated by liquid chromatography (LC), 
gas chromatography (GC), or capillary electrophoresis 
and subjected to comprehensive mass spectrometry 
(MS) analysis. Nuclear magnetic resonance-based me
tabolomics is also employed, with a comparative over
view of the analytical techniques available in the 
literature [10,27]. Before conducting metabolomic tests, 
high-throughput analyses, such as supercritical fluid 

Figure 1  
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Metabolomics streamlines the DBTL workflow. Metabolomic data provide information on pathway bottlenecks, culture profile, and metabolic 
mechanisms. Systems biology model development can be accelerated by integrating automated high-throughput metabolomics and ML.   
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extraction–supercritical fluid chromatography or imaging 
MS, can streamline target strain selection [28,29]. These 
techniques offer valuable insights into selecting candi
dates before conducting metabolomic investigations. 

Metabolomics for characterization of 
synthetic strains 
In conventional metabolic engineering, efforts are directed 
toward enhancing productivity through genetic manipula
tion (Table 1). For example, the impact of the over
expression of bottleneck reaction enzymes has been 
elucidated through the metabolomic analysis of malic acid 
production using Synechocystis sp. PCC 6803 [30]. Gluco
kinase deficiency in Synechococcus elongatus PCC 7942 pro
motes glucose excretion, prompting a metabolomic 
investigation of its effect on carbon metabolism [31]. In an 
engineered Escherichia coli strain producing O-succinyl-L- 
homoserine via sucD knockout and sucA and metA over
expression, significant alterations in the tricarboxylic acid 
cycle and amino acid accumulation were observed [32]. In 
Corynebacterium glutamicum, the L-pipecolic acid biosyn
thetic pathway was introduced to probe the intracellular 
concentration of lysine along with the NADH/NAD+ ratio, 
a substrate and cofactor for L-lysine 6-dehydrogenase, and 
validate its in vivo enzymatic activity. These results in
dicated inadequate enzyme activity, leading to pathway 
replacement and higher production [33]. 

Metabolomic strain characterization is also useful for the 
strain engineering of eukaryotic microbes, such as yeast. 
Metabolomics revealed the characteristic accumulation 
of shikimate pathway intermediates in engineered Pichia 
pastoris for aromatic secondary metabolite production  
[34]. To explore the mechanisms of enhanced pro
ductivity in S-adenosyl-L-methionine (SAM)-producing 
yeast, metabolomics suggested a relationship between 
ATP generation and SAM synthesis pathways [35]. 
Upon expression of the 3-hydroxypropionic acid (3-HP) 
synthesis pathway in Rhodosporidium toruloides, in
tracellular accumulation of 3-HP was revealed, with 
production potential further anticipated through trans
porter expression [36]. 

Metabolomics for pathway bottleneck 
identification and pathway optimization 
Bioproduction involves multistep reactions involving nu
merous metabolic pathways to produce the target com
pound. The accumulation of intermediates suggests that 
the conversion reaction is a bottleneck. In several cases, 
increasing enzyme expression or replacing enzymes with 
higher activity for the conversion reaction resolves this 
bottleneck, improving the production of the target com
pound (Table 1). For example, metabolic analysis of the 
isopentenyl diphosphate-bypass pathway revealed accu
mulation of isopentenyl phosphate, indicating that the 
final step of hydrolysis to isoprenol was a bottleneck. 
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Screening for promiscuous phosphatases significantly 
improved isoprenol titers [37]. Furthermore, rewiring 
metabolic pathways from accumulated metabolites to 
target compounds enhances productivity. For example, in 
C. glutamicum, the accumulation of pyruvate led to by- 
product formation; however, ldh knockout resulted in 
increased 3-amino-4-hydroxybenzoic acid production  
[38]. An increase in relative mannitol concentration was 
observed in a succinic acid-producing E. coli strain. To 
redirect carbon flux from mannitol to malic acid produc
tion, the mtlD-encoding mannitol dehydrogenase was 
deleted. The M4-ΔgndΔmtlD mutant showed reduced 
mannitol synthesis and a 20% increase in malic acid 
production compared to that of M4-Δgnd [39]. Metabo
lomic analysis revealed the accumulation of inter
mediates, such as those in the oxidative pentose 
phosphate pathway, when xylose was utilized in Synecho
coccus elongatus UTEX 2973. By rewiring the native gly
colytic pathway via heterologous phosphoketolase gene 
expression combined with phosphofructokinase gene 
knockout and fructose-1,6-bisphosphatase gene over
expression, greater carbon flux from xylose to acetyl-CoA 
was achieved [40]. Moreover, comparative metabolomics 
enables the estimation of crucial metabolic pathways that 
influence target compound production, providing guide
lines for metabolic engineering. In the production of 
amphotericin B (AmB), a comparison of the metabolomes 
between the producing strain and the wild type revealed 
the association of AmB production with one carbon pool 
by folate. Overexpression of the methionine synthesis 
enzyme metH, which is involved in the formation of one 
carbon pool by folate, increased AmB production [41]. 
Correlation analysis revealed the impact of specific me
tabolic pathways on squalene production and was utilized 
in metabolic engineering design [42]. In case of 1-pro
panol production in E. coli, rational metabolic engineering 
based on combined metabolomics by GC/MS and ion-pair 
LC–MS/MS improved the titer and yield [43]. 

In addition to intracellular metabolomics, metabolomic 
analyses for excreted metabolites in culture medium are 
also helpful for metabolic engineering. Extensive exo
metabolomic analyses showed a strong correlation of the 
extracellular metabolite concentration and the cellular 
metabolic state among four biotechnologically relevant 
model microorganisms [44]. As hundreds of metabolites 
are secreted into culture medium during growth, exo
metabolomic measurement will provide valuable insight 
for rational metabolic engineering strategy [45]. 

Elucidating metabolic mechanisms using 
metabolomics 
A thorough understanding of metabolic mechanisms is 
crucial to precisely control metabolic flux and increase the 
productivity of target compounds through metabolic en
gineering. S. cerevisiae has been studied as a model 

eukaryotic organism. However, even in central metabolic 
pathways, several unknown metabolic control mechan
isms remain. In a recent study, multi-omics data, in
cluding the metabolome, collected under nine different 
chemostat conditions, were integrated and analyzed using 
a combination of hierarchical analysis and mathematical 
modeling [46]. This study revealed that glycolytic flux 
increased with specific growth rates: this increase was 
explained by the allosteric effect and phosphorylation 
level of glycolytic enzymes. Scott et al. [47] used random 
flux sampling and statistical methods, as well as the ex
perimental flux data of extracellular metabolites, to 
characterize predicted differences in intracellular meta
bolic states among strains. The results revealed that me
tabolic differences were most pronounced in fluxes 
associated with transaminase and hexokinase reactions in 
the two strains with different volatile component pro
ductivities, suggesting that S. cerevisiae has different me
tabolic control mechanisms depending on the strain. S. 
cerevisiae dynamically switches its metabolism from glu
cose fermentation to ethanol production for respiratory 
mitochondrial metabolism, using ethanol when grown on 
glucose in an aerated culture. Brunnsåker et al. [48] used 
high-throughput metabolomics to gain insights into the 
metabolic changes that occur during the transition, called 
the diauxic shift, and how they are regulated by gene 
expression. They also investigated the consequences of 
gene deletions on the metabolic network and identified 
key regulatory nodes. 

Aside from yeast, Wang et al. [49] revealed through me
tabolome and proteome analysis that induction of the 
glycerol synthesis pathway in E. coli reduces fructose-1,6- 
bisphosphate (FBP) levels and activates transcription 
factor Cra, leading to growth inhibition. This was con
firmed by constructing a kinetic model. Rados et al. [50] 
cultured multiple strains of E. coli under various condi
tions and measured the concentrations of 101 metabolites 
under each condition. Numerous amino acids and nucleic 
acids showed minimal concentration changes. This study 
revealed that several feedback mechanisms in biosyn
thetic pathways contribute to end-product homeostasis. 

Application of untargeted metabolomics for a 
more comprehensive test cycle 
Untargeted metabolomic analysis enables the compre
hensive exploration of the metabolic profile of organisms 
instead of focusing on specific metabolites. This ap
proach provides novel biological insights into the effects 
of cultivation conditions and genetic modifications on 
metabolism [51,52]. During data processing, ML assists 
with peak selection and normalization [53,54]. In un
targeted metabolomics, challenges arise from the diffi
culty of metabolite identification and the complexity of 
data interpretation owing to the generation of extensive 
data. Various ML-based algorithms are being developed 

4 Chemical Biotechnology  
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to annotate metabolites in MS data. Recently, a meta
bolite annotation tool for LC–ion mobility (IM)–MS data 
processing was developed [55]. 

Untargeted metabolomics offers the possibility to identify 
key metabolites for strain and bioprocess improvement, 
which are often missed by targeted methods based on 
prior biological knowledge. In an E. coli succinate pro
duction bioprocess, the application of metabolic pathway 
enrichment analysis using time course of targeted and 
untargeted metabolomics data revealed three significantly 
modulated pathways [56]. Among them, ascorbate and 
aldarate metabolism is a newly identified target for im
proving succinate production. Data processing and ana
lyzing tool is necessary to deal with untargeted 
metabolomics data set and extract useful information. 

Metabolomics for characterization of culture 
conditions 
For industrialization, cultivating optimized strains under 
ideal conditions is crucial. Metabolomics aids the assess
ment of different culture conditions for their optimiza
tion. For example, distinct metabolic changes were noted 
in resveratrol-producing yeasts subjected to diverse cul
ture conditions [57]. As secondary metabolite production 
depends significantly on culture conditions, extensive 
exploration of such conditions and metabolic states is 
crucial. Microscale metabolomics platforms streamline 
and expedite the study of secondary metabolism, en
abling a broader analysis of microenvironmental cues and 
offering key insights into their features [58]. Nonetheless, 
even if laboratory-scale culture conditions are established, 
large-scale fermenters may suffer from imperfect mixing, 
leading to fluctuations in pH, temperature, and substrate 
gradients that can unexpectedly impair strain perfor
mance. Two avenues to enhance cell performance in 
large-scale bioprocesses include (1) optimizing bioreactor 
design and operational conditions to minimize gradients 
and (2) developing more robust strains capable of with
standing these conditions. Notably, the latter requires a 
mechanistic understanding of the (metabolic) responses 
to dynamic environments. Vasilakou et al. [59] char
acterized the dynamic metabolic responses of E. coli 
under a repetitive feast–famine regime. Czajka et al. [60] 
employed stable isotope tracing analysis during the high- 
cell-density fermentation of a terpenoid-producing Yar
rowia lipolytica strain in benchtop bioreactors, suggesting 
limitations in energy supply and strain performance due 
to electron transport and oxidative phosphorylation. Ac
cordingly, metabolomics provides guidance for robust 
strains and culture conditions, even in large-scale cultures 
(Figure 1b). 

Conclusions 
Metabolomics is an effective tool for constructing mi
crobial strains for bio-based chemical production. 

Profiling the entire metabolic landscape helps identify 
bottleneck pathways, leading to increased production of 
target compounds. Analytical techniques within meta
bolomics are advancing, for example, LC–IM–MS en
ables the analysis of compounds that are traditionally 
challenging to separate, such as isomers. 

Employing metabolomic data for modeling and ML can 
reveal hidden data characteristics, leading to the dis
covery of novel mechanisms [61]. A closed-loop work
flow integrating an ML-guided experimental design 
with automated systems improved the diauxic shift 
model [62]. High-throughput untargeted metabolomics 
analysis of mutants lacking functionally unknown genes 
related to the diauxic shift identified by the developed 
model suggested that metabolomics could effectively 
design and validate the model [48] (Figure 1c). Kinetic 
models can be used to identify key gene targets for 
metabolic engineering in Pseudomonas putida [63]. The 
integration of high-throughput strain engineering work
flows, omics analysis, and kinetic modeling led to the 
successful fermentation scale-up of the carbon-negative 
production of acetone and isopropanol [64]. Thus, the 
synergy between ML-based model construction and 
automation in high-throughput metabolomic analysis 
holds promise for the streamlined development of strain 
and industrial-scale processes (Figure 1). 

CRediT authorship contribution statement 
Kenya Tanaka: Conceptualization, Visualization, Writing 
– original draft, Writing – review & editing. Takahiro 
Bamba: Conceptualization, Visualization, Writing – ori
ginal draft, Writing – review & editing. Tomohisa 
Hasunuma: Conceptualization, Supervision, Writing – 
review & editing, Funding acquisition. 

Data Availability 

No data were used for the research described in the ar
ticle. 

Declaration of Competing Interest 

The authors declare that they have no known competing 
financial interests or personal relationships that could 
have appeared to influence the work reported in this 
paper. 

Acknowledgements 
This work was supported by the Japan Science and Technology Agency 
(JST), Mirai Program Grant number JPMJMI19E4, and the Ministry of 
Education, Culture, Sports, Science, and Technology (MEXT), Japan. This 
work was also supported by GteX Program Japan Grant number 
JPMJGX23B4. T.H. was also supported by Grant-in-Aid for Scientific 
Research (B) (JP21H01729) from the Japan Society for the Promotion of 
Science (JSPS). K.T. was supported by JSPS KAKENHI Grant number 
22K15142 and JST, ACT-X Grant number JPMJAX22BG. 

Metabolomics for developing bioproduction Tanaka et al. 5 

www.sciencedirect.com Current Opinion in Biotechnology 2024, 85:103057 



References and recommended reading 
Papers of particular interest, published within the period of review, have 
been highlighted as:  

•• of special interest  
•• of outstanding interest  

1. d’Espaux L, Mendez-Perez D, Li R, Keasling JD: Synthetic biology 
for microbial production of lipid-based biofuels. Curr Opin Chem 
Biol 2015, 29:58-65. 

2. Cravens A, Payne J, Smolke CD: Synthetic biology strategies for 
microbial biosynthesis of plant natural products. Nat Commun 
2019, 10:2142. 

3. Choi SY, Rhie MN, Kim HT, Joo JC, Cho IJ, Son J, Jo SY, Sohn YJ, 
Baritugo KA, Pyo J, et al.: Metabolic engineering for the 
synthesis of polyesters: a 100-year journey from 
polyhydroxyalkanoates to non-natural microbial polyesters. 
Metab Eng 2020, 58:47-81. 

4. Liu Z, Wang K, Chen Y: Third-generation biorefineries as the 
means to produce fuels and chemicals from CO2. Nat Catal 
2020, 3:274-288. 

5. Nielsen J, Keasling JD: Engineering cellular metabolism. Cell 
2016, 164:1185-1197. 

6. John PCS, Strutz J, Broadbelt LJ, Tyo KEJ, Bomble YJ: Bayesian 
inference of metabolic kinetics from genome-scale multiomics 
data. PLoS Comput Biol 2019, 15:1-23. 

7. Vavricka CJ, Hasunuma T, Kondo A: Dynamic metabolomics for 
engineering biology: accelerating learning cycles for 
bioproduction. Trends Biotechnol 2020, 38:68-82. 

8. Amer B, Baidoo EEK: Omics-driven biotechnology for industrial 
applications. Front Bioeng Biotechnol 2021, 9:613307. 

9. Pathania R, Srivastava A, Srivastava S, Shukla P: Metabolic 
systems biology and multi-omics of cyanobacteria: 
perspectives and future directions. Bioresour Technol 2022, 
343:126007. 

10. Kato Y, Inabe K, Hidese R, Kondo A, Hasunuma T: Metabolomics- 
based engineering for biofuel and bio-based chemical 
production in microalgae and cyanobacteria: a review. 
Bioresour Technol 2022, 344:126196. 

11. Saito N, Ohashi Y, Soga T, Tomita M: Unveiling cellular 
biochemical reactions via metabolomics-driven approaches. 
Curr Opin Microbiol 2010, 13:358-362. 

12. Zhu G, Wang S, Huang Z, Zhang S, Liao Q, Zhang C, Lin T, Qin M, 
Peng M, Yang C, Cao X, Han X, Wang X, van der Knaap E, Zhang Z, 
Cui X, Klee H, Fernie AR, Luo J, Huang S: Rewiring of the fruit 
metabolome in tomato breeding. Cell 2018, 172:249-261 e12.. 

13. Singh KS, van der Hooft JJJ, van Wees SCM, Medema MH: 
Integrative omics approaches for biosynthetic pathway 
discovery in plants. Nat Prod Rep 2022, 39:1876-1896. 

14. Han S, Van Treuren W, Fischer CR, Merrill BD, DeFelice BC, 
Sanchez JM, Higginbottom SK, Guthrie L, Fall LA, Dodd D, 
Fischbach MA, Sonnenburg JL: A metabolomics pipeline for the 
mechanistic interrogation of the gut microbiome. Nature 2021, 
595:415-420. 

15. Schlosser P, Scherer N, Grundner-Culemann F, Monteiro-Martins 
S, Haug S, Steinbrenner I, Uluvar B, Wuttke M, Cheng Y, Ekici AB, 
Gyimesi G, Karoly ED, Kotsis F, Mielke J, Gomez MF, Yu B, Grams 
ME, Coresh J, Boerwinkle E, Köttgen M, Kronenberg F, Meiselbach 
H, Mohney RP, Akilesh S, Investigators GCKD, Schmidts M, 
Hediger MA, Schultheiss UT, Eckardt KU, Oefner PJ, Sekula P, Li Y, 
Köttgen A: Genetic studies of paired metabolomes reveal 
enzymatic and transport processes at the interface of plasma 
and urine. Nat Genet 2023, 55:995-1008. 

16. Chakdar H, Hasan M, Pabbi S, Nevalainen H, Shukla P: High- 
throughput proteomics and metabolomic studies guide re- 

engineering of metabolic pathways in eukaryotic microalgae: a 
review. Bioresour Technol 2021, 321:124495. 

17. Yunus IS, Lee TS: Applications of targeted proteomics in 
metabolic engineering: advances and opportunities. Curr Opin 
Biotechnol 2022, 75:102709. 

18. Wehrs M, Tanjore D, Eng T, Lievense J, Pray TR, Mukhopadhyay A: 
Engineering robust production microbes for large-scale 
cultivation. Trends Microbiol 2019, 27:524-537. 

19. Patra P, Das M, Kundu P, Ghosh A: Recent advances in systems 
and synthetic biology approaches for developing novel cell- 
factories in non-conventional yeasts. Biotechnol Adv 2021, 
47:107695. 

20. Liebal UW, Phan ANT, Sudhakar M, Raman K, Blank LM: Machine 
learning applications for mass spectrometry-based 
metabolomics. Metabolites 2020, 10:1-23. 

21. Lawson CE, Martí JM, Radivojevic T, Jonnalagadda SVR, Gentz R, 
Hillson NJ, Peisert S, Kim J, Simmons BA, Petzold CJ, et al.: 
Machine learning for metabolic engineering: a review. Metab 
Eng 2021, 63:34-60. 

22. Khanijou JK, Kulyk H, Bergès C, Khoo LW, Ng P, Yeo HC, Helmy M, 
Bellvert F, Chew W, Selvarajoo K: Metabolomics and modelling 
approaches for systems metabolic engineering. Metab Eng 
Commun 2022, 15:e00209. 

23. Zelezniak A, Vowinckel J, Capuano F, Messner CB, Demichev V, 
Polowsky N, Mülleder M, Kamrad S, Klaus B, Keller MA, Ralser M: 
Machine learning predicts the yeast metabolome from the 
quantitative proteome of kinase knockouts. Cell Syst 2018, 
7:269-283. 

24. Pinu FR, Villas-Boas SG, Aggio R: Analysis of intracellular 
metabolites from microorganisms: quenching and extraction 
protocols. Metabolites 2017, 7:53. 

25. Lu W, Wang L, Chen L, Hui S, Rabinowitz JD: Extraction and 
quantitation of nicotinamide adenine dinucleotide redox 
cofactors. Antioxid Redox Signal 2018, 28:167-179. 

26. Tanaka K, Shirai T, Vavricka CJ, Matsuda M, Kondo A, Hasunuma 
T: Dark accumulation of downstream glycolytic intermediates 
initiates robust photosynthesis in cyanobacteria. Plant Physiol 
2023, 191:2400-2413. 

27. Sailwal M, Das AJ, Gazara RK, Dasgupta D, Bhaskar T, Hazra S, 
Ghosh D: Connecting the dots: advances in modern 
metabolomics and its application in yeast system. Biotechnol 
Adv 2020, 44:107616. 

28. Ellis BM, Babele PK, May JC, Johnson CH, Pfleger BF, Young JD, 
McLean JA: Accelerating strain phenotyping with desorption 
electrospray ionization-imaging mass spectrometry and 
untargeted analysis of intact microbial colonies. Proc Natl Acad 
Sci USA 2021, 118:e2109633118. 

29. Takekana M, Yoshida T, Yoshida E, Ono S, Horie S, Vavricka CJ, 
Hiratani M, Tsuge K, Ishii J, Hayakawa Y, Kondo A, Hasunuma T: 
Online SFE-SFC-MS/MS colony screening: a high-throughput 
approach for optimizing (-)-limonene production. J Chromatogr 
B Anal Technol Biomed Life Sci 2023, 1215:123588. 

30. Hidese R, Matsuda M, Kajikawa M, Osanai T, Kondo A, Hasunuma 
T: Metabolic and microbial community engineering for four- 
carbon dicarboxylic acid production from CO2-derived 
glycogen in the cyanobacterium Synechocystis sp. PCC6803. 
ACS Synth Biol 2022, 11:4054-4064. 

31. Zhang S, Sun J, Feng D, Sun H, Cui J, Zeng X, Wu Y, Luan G, Lu X: 
Unlocking the potentials of cyanobacterial photosynthesis for 
directly converting carbon dioxide into glucose. Nat Commun 
2023, 14:3425. 

32. Liu P, Liu JS, Zhu WY, Zhang B, Liu ZQ, Zheng YG: O-succinyl-l- 
homoserine overproduction with enhancement of the 
precursor succinyl-CoA supply by engineered Escherichia coli. 
J Biotechnol 2021, 325:164-172. 

6 Chemical Biotechnology  

www.sciencedirect.com Current Opinion in Biotechnology 2024, 85:103057 



33. Pauli S, Kohlstedt M, Lamber J, Weiland F, Becker J, Wittmann C: 
Systems metabolic engineering upgrades Corynebacterium 
glutamicum for selective high-level production of the chiral 
drug precursor and cell-protective extremolyte L-pipecolic 
acid. Metab Eng 2023, 77:100-117. 

34. Kumokita R, Bamba T, Inokuma K, Yoshida T, Ito Y, Kondo A, 
Hasunuma T: Construction of an l-tyrosine chassis in Pichia 
pastoris enhances aromatic secondary metabolite production 
from glycerol. ACS Synth Biol 2022, 11:2098-2107. 

35. Dong C, Schultz JC, Liu W, Lian J, Huang L, Xu Z, Zhao H: 
Identification of novel metabolic engineering targets for S- 
adenosyl-L-methionine production in Saccharomyces 
cerevisiae via genome-scale engineering. Metab Eng 2021, 
66:319-327. 

36. Liu D, Hwang HJ, Otoupal PB, Geiselman GM, Kim J, Pomraning 
KR, Kim YM, Munoz N, Nicora CD, Gao Y, et al.: Engineering 
Rhodosporidium toruloides for production of 3- 
hydroxypropionic acid from lignocellulosic hydrolysate. Metab 
Eng 2023, 78:72-83. 

37. Kim J, Baidoo EEK, Amer B, Mukhopadhyay A, Adams PD, 
Simmons BA, Lee TS: Engineering Saccharomyces cerevisiae 
for isoprenol production. Metab Eng 2021, 64:154-166. 

38. Kawaguchi H, Hasunuma T, Ohnishi Y, Sazuka T, Kondo A, Ogino 
C: Enhanced production of γ-amino acid 3-amino-4- 
hydroxybenzoic acid by recombinant Corynebacterium 
glutamicum under oxygen limitation. Micro Cell Fact 2021, 
20:228. 

39. Valle A, Soto Z, Muhamadali H, Hollywood KA, Xu Y, Lloyd JR, 
Goodacre R, Cantero D, Cabrera G, Bolivar J: Metabolomics for 
the design of new metabolic engineering strategies for 
improving aerobic succinic acid production in Escherichia coli. 
Metabolomics 2022, 18:56. 

40. Yao J, Wang J, Ju Y, Dong Z, Song X, Chen L, Zhang W: 
Engineering a xylose-utilizing Synechococcus elongatus UTEX 
2973 chassis for 3-hydroxypropionic acid biosynthesis under 
photomixotrophic conditions. ACS Synth Biol 2022, 11:678-688. 

41. Zhang B, Chen Y, Jiang SX, Cai X, Huang K, Liu ZQ, Zheng YG: 
Comparative metabolomics analysis of amphotericin B high- 
yield mechanism for metabolic engineering. Micro Cell Fact 
2021, 20:66. 

42. Lu S, Zhou C, Guo X, Du Z, Cheng Y, Wang Z, He X: Enhancing 
fluxes through the mevalonate pathway in Saccharomyces 
cerevisiae by engineering the HMGR and β-alanine metabolism. 
Micro Biotechnol 2022, 15:2292-2306. 

43. Ohtake T, Kawase N, Pontrelli S, Nitta K, Laviña WA, Shen CR, Putri 
SP, Liao JC, Fukusaki E: Metabolomics-driven identification of 
the rate-limiting steps in 1-propanol production. Front Microbiol 
2022, 13:871624. 

44. Paczia N, Nilgen A, Lehmann T, Gätgens J, Wiechert W, Noack S: 
Extensive exometabolome analysis reveals extended overflow 
metabolism in various microorganisms. Micro Cell Fact 2012, 
11:122. 

45. Pinu FR, Granucci N, Daniell J, Han TL, Carneiro S, Rocha I, Nielsen 
J, Villas-Boas SG: Metabolite secretion in microorganisms: the 
theory of metabolic overflow put to the test. Metabolomics 2018, 
14:43. 

46.
•

Chen M, Xie T, Li H, Zhuang Y, Xia J, Nielsen J: Yeast increases 
glycolytic flux to support higher growth rates accompanied by 
decreased metabolite regulation and lower protein 
phosphorylation. Proc Natl Acad Sci USA 2023, 
120:e2302779120. 

By constructing a comprehensive model of central carbon metabolism 
(CCM) using multi-omics data, this study provides new insights into the 
complex regulation of CCM in yeast and highlights the significance of 
metabolites in this process. 

47. Scott WT Jr, Smid EJ, Block DE, Notebaart RA: Metabolic flux 
sampling predicts strain-dependent differences related to 

aroma production among commercial wine yeasts. Micro Cell 
Fact 2021, 20:204. 

48.
••

Brunnsåker D, Reder GK, Soni NK, Savolainen OI, Gower AH, 
Tiukova IA, King RD: High-throughput metabolomics for the 
design and validation of a diauxic shift model. NPJ Syst Biol 
Appl 2023, 9:11. 

This study provides a comprehensive view of the metabolic changes 
occurring during the diauxic shift and elucidates the regulatory me
chanisms that govern these changes. The findings of this study have 
crucial implications for metabolomics to improve the accuracy of me
tabolic models and gain a more comprehensive understanding of cel
lular metabolism and regulatory mechanisms. 

49.
•

Wang CY, Lempp M, Farke N, Donati S, Glatter T, Link H: 
Metabolome and proteome analyses reveal transcriptional 
misregulation in glycolysis of engineered E. coli. Nat Commun 
2021, 12:4929. 

In this study, metabolomic analysis revealed that overproduction of 
glycerol in E. coli significantly decreases FBP, an effector of the tran
scription factor Cra. This led to identifying the underlying mechanisms 
behind the growth burden of glycerol overproducing E. coli. 

50. Radoš D, Donati S, Lempp M, Rapp J, Link H: Homeostasis of the 
biosynthetic E. coli metabolome. iScience 2022, 25:104503. 

51. Gutschmann B, Bock MCE, Jahns S, Neubauer P, Brigham CJ, 
Riedel SL: Untargeted metabolomics analysis of Ralstonia 
eutropha during plant oil cultivations reveals the presence of a 
fucose salvage pathway. Sci Rep 2021, 11:14267. 

52. Cortada-Garcia J, Haggarty J, Moses T, Daly R, Arnold SA, 
Burgess K: On-line untargeted metabolomics monitoring of an 
Escherichia coli succinate fermentation process. Biotechnol 
Bioeng 2022, 119:2757-2769. 

53. Yang J, Xu J, Zhang X, Wu C, Lin T, Ying Y: Deep learning for 
vibrational spectral analysis: recent progress and a practical 
guide. Anal Chim Acta 2019, 1081:6-17. 

54. Risum AB, Bro R: Using deep learning to evaluate peaks in 
chromatographic data. Talanta 2019, 204:255-260. 

55.
••

Bilbao A, Munoz N, Kim J, Orton DJ, Gao Y, Poorey K, Pomraning 
KR, Weitz K, Burnet M, Nicora CD, et al.: PeakDecoder enables 
machine learning-based metabolite annotation and accurate 
profiling in multidimensional mass spectrometry 
measurements. Nat Commun 2023, 14:2461. 

This study describes an optimized analytical method for untargeted 
metabolomic analyses using LC–IM–MS instrumentation and 
PeakDecoder, an ML-based algorithm that enables accurate metabolite 
profiling. 

56. Cortada-Garcia J, Daly R, Arnold SA, Burgess K: Streamlined 
identification of strain engineering targets for bioprocess 
improvement using metabolic pathway enrichment analysis. 
Sci Rep 2023, 13:12990. 

57. Kobayashi Y, Inokuma K, Matsuda M, Kondo A, Hasunuma T: 
Resveratrol production from several types of saccharide 
sources by a recombinant Scheffersomyces stipitis strain. 
Metab Eng Commun 2021, 13:e00188. 

58. Barkal LJ, Theberge AB, Guo CJ, Spraker J, Rappert L, Berthier J, 
Brakke KA, Wang CCC, Beebe DJ, Keller NP, Berthier E: Microbial 
metabolomics in open microscale platforms. Nat Commun 
2016, 7:10610. 

59. Vasilakou E, van Loosdrecht MCM, Wahl SA: Escherichia coli 
metabolism under short-term repetitive substrate dynamics: 
adaptation and trade-offs. Micro Cell Fact 2020, 19:116. 

60. Czajka JJ, Kambhampati S, Tang YJ, Wang Y, Allen DK: 
Application of stable isotope tracing to elucidate metabolic 
dynamics during Yarrowia lipolytica α-Ionone fermentation. 
iScience 2020, 23:100854. 

61. Liebal UW, Phan ANT, Sudhakar M, Raman K, Blank LM: Machine 
learning applications for mass spectrometry-based 
metabolomics. Metabolites 2020, 10:1-23. 

Metabolomics for developing bioproduction Tanaka et al. 7 

www.sciencedirect.com Current Opinion in Biotechnology 2024, 85:103057 



62. Coutant A, Roper K, Trejo-Banos D, Bouthinon D, Carpenter M, 
Grzebyta J, Santini G, Soldano H, Elati M, Ramon J, et al.: Closed- 
loop cycles of experiment design, execution, and learning 
accelerate systems biology model development in yeast. Proc 
Natl Acad Sci USA 2019, 116:18142-18147. 

63.
•

Kozaeva E, Volkova S, Matos MRA, Mezzina MP, Wulff T, Volke DC, 
Nielsen LK, Nikel PI: Model-guided dynamic control of essential 
metabolic nodes boosts acetyl-coenzyme A-dependent 
bioproduction in rewired Pseudomonas putida. Metab Eng 
2021, 67:373-386. 

The authors used a combination of computational modeling, metabo
lomics, and genetic engineering to identify and optimize key metabolic 
pathways in P. putida for boosting acetyl-coenzyme A-dependent bio
production. 

64. Liew FE, Nogle R, Abdalla T, Rasor BJ, Canter C, Jensen RO, 
Wang L, Strutz J, Chirania P, De Tissera S, et al.: Carbon- 
negative production of acetone and isopropanol by gas 
fermentation at industrial pilot scale. Nat Biotechnol 2022, 
40:335-344.  

8 Chemical Biotechnology  

www.sciencedirect.com Current Opinion in Biotechnology 2024, 85:103057 


	Metabolomics-based development of bioproduction processes toward industrial-scale production
	Introduction
	Metabolomic analysis process
	Metabolomics for characterization of synthetic strains
	Metabolomics for pathway bottleneck identification and pathway optimization
	Elucidating metabolic mechanisms using metabolomics
	Application of untargeted metabolomics for a more comprehensive test cycle
	Metabolomics for characterization of culture conditions
	Conclusions
	CRediT authorship contribution statement
	Data Availability
	Declaration of Competing Interest
	Acknowledgements
	References and recommended reading




