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A B S T R A C T

Transcriptomic analyses represent widely used state-of-the art methodologies in molecular biosciences going 
back to the early 1960s. Over the last years, transcriptomics has become increasingly important in the field of 
bioprocess engineering. Systematic transcriptomics platform technologies (especially RNA-seq) play an accel
erating role to investigate the gene expression profiles of cells in diverse bioprocesses, covering prokaryotic and 
eukaryotic cell systems. This review summarizes how different transcriptomics methodologies from RT-qPCR to 
microarrays and RNA-seq have been applied in bioprocess engineering to date. The major scopes of the reviewed 
works can be categorized as the following: strain/cell line characterization, investigation of culture/media 
conditions, process operations as well as scale-up/down studies. Subsequently, a perspective is given how 
emerging sequencing-based transcriptomics could envision the understanding of population diversities in space 
and time aided by single cell analysis (scRNA-seq) as well as transcriptional histories (Record-Seq).

1. Introduction

1.1. Bioprocess engineering as basis for more sustainability

The economic transformation into a bioeconomy has been anchored 
in the 17 Sustainable Development Goals (SDGs) of the United Nations 
(UN General, 2015). The political circumstances in the context of the 
climate and energy transition inevitably lead to an enormous challenge 
in the field of bioprocess engineering. In the coming decades numerous 
bio-based alternatives to petrochemical processes have to be estab
lished. Substitution of fossil raw materials can be achieved by biotech
nological strategies such as fermentation (Cankar et al., 2023) and 
biocatalysis (Miller et al., 2022). It can be assumed that many industrial 
processes have to be developed in the context of the bio-based industry. 
Bioprocess engineering addresses both bioprocess development and 
scale-up that are pivotal for transferring innovative bioprocesses with 
low technology readiness levels (TRL) to higher levels. State-of-the-art 
bioprocess development usually starts with e.g. an engineered novel 
production strain/ cell line that was characterized using standardized 
small-scale cultivations (e.g. shake flask or microtiter plates) (Wewetzer 
et al., 2015). Bioprocess development is not only time and cost 
consuming due to iterative developments but also often experience- 

based and therefore semi-rational with limited scalability as such 
(Doran, 1995; Neubauer et al., 2013). In state-of-the-art bioprocess en
gineering the physiology of the cell within a bioprocess is only measured 
rudimentary by the key performance indicators (e.g. growth kinetics, 
titer, yield, volumetric productivity). In fact, the nature of a bioprocess is 
highly complex involving different levels of “omics” and regulatory/ 
signaling mechanisms, corresponding to systems biology (Otero and 
Nielsen, 2010). Therefore, it is tempting to speculate that more and 
detailed biological insights are required to better understand the inter
action between the bioreactor environment and the cellular behavior 
(Fletcher et al., 2016) in order to design tailored bioprocesses more 
efficiently for maximal titers, yields and productivities and effective 
scale-up.

1.2. Advantages and limitations of “omics” technologies

Omics technologies refer to high throughput analyses at all molec
ular levels in the living cell from genomics over transcriptomics to 
proteomics and metabolomics (Fig. 1A). Those systemwide biological 
insights deliver complementary information (Amer and Baidoo, 2021) 
with genomics demonstrating the fundamental genetic potential, tran
scriptomics capturing regulation, proteomics reflecting catalyst 
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abundances as well as metabolomics depicting the metabolite abun
dances and fluxes. Besides the here mentioned major omics levels, the 
concept of systems biology continuously comes up with new specialized 
technologies to investigate principles of e.g. epigenetics, actively 
translated mRNA etc. Systems biology “omics” methods offer promising 
opportunities for advancing biotechnological research (Wiechert et al., 
2022). Bioprocess engineers wish for a better understanding of the 
impact of bioprocess parameters represented by the bioreactor envi
ronment and the complex interactions with the cellular behavior to 
enable efficient design of tailor-made bioprocesses.

The integration of (multi-)omics approaches can advance bioprocess 
engineering as it allows a fundamental decoding of bioprocesses from 
the biological perspective and thus helps identifying and rationalizing 
suitable bottlenecks. Since cellular bottlenecks can arise across all four 
omics levels, relying on a single omics technology may not be sufficient 
for identifying such bottlenecks.

Genomics allows a blueprinting of the complete DNA information of 
a cell or organism that can be considered more or less static in the 
context of biotechnological processes. Available genome sequences of 
industrially relevant microorganisms and cell lines lay the foundation 
towards the general understanding of metabolic pathways and regula
tory repertoires and therefore define the fundamental potential for 
bioprocesses. Moreover, the genomic information is pivotal for rational 
strain/cell line design (Grassi et al., 2025) allowing tailored utilization 
of alternative substrates or the establishment of valuable biosynthetic 
pathways (Gupta and Lee, 2007). Genomics is recommended for bio
process investigations when genetic drifts, mutations or copy number 
variations accumulate in strain/cell lines (Vries et al., 2017; Wurm and 
Wurm, 2021) e.g. during long-term continuous cultivations.

Transcriptomics in contrast represent a highly dynamic measure that 
depends on the environmental conditions. Based on its dynamics, tran
scriptomic analyses in general represent a snapshot of the cellular state 
that is rapidly changing e.g. across a (fed-) batch process as the envi
ronmental conditions, namely nutrient concentrations, are ever chang
ing. Transcriptomics is suitable to identify bottlenecks in the regulation 
of transcription such as overexpression of negative transcriptional reg
ulators or repression of genes from biosynthetic pathways (Kim et al., 
2018).

Proteomics aims to quantify the abundance of proteins/enzymes as 
well as potential post-translational modifications that are relevant for 
cellular functions (Yang and Qiao, 2023). In this context, mass 
spectrometry-based proteomics (Messner et al., 2023) are particularly 
important if post-transcriptional mechanisms dominate/limit the prod
uct biosynthesis in characterized strains/cell lines with the potential to 
drive metabolic engineering strategies (Yunus and Lee, 2022). 

Proteomics can enable the identification of insufficient amounts of en
zymes or missing post-translational modification that are pivotal for 
catalytic activity and the overall bioprocess (Gupta and Lee, 2007).

Metabolomics addresses the analyses of all intracellular and/or 
extracellular metabolites e.g. glycolytic intermediates, lipids, vitamins, 
cofactors, etc. from investigated bioprocesses (Oldiges et al., 2007). This 
“omics”- level can be considered as the direct outcome of all biochemical 
reactions. Diverse analytical platforms can be applied e.g. LC–MS or 
GC–MS to determine the qualitative and quantitative profiles within 
bioprocesses. Metabolomics provides the greates insight when bottle
necks arise from cofactor imbalances, precursor deficiencies (Zhou et al., 
2023) or the accumulation of toxic/inhibitory byproducts.

More than 20 years ago the field of bioprocess engineering moved 
slowly from a know-how to a know-why approach that addresses those 
detailed and quantitative insights into the cells behavior during a bio
process (von Stockar et al., 2003). Since then, bridging between bio
process engineering and omics technologies, primarily metabolomics 
and fluxomics, offered great opportunities while expanding the mission 
of bioprocess engineering towards a fundamental understanding of the 
biological mechanism in a bioprocess (Feng et al., 2010; Wiechert et al., 
2007).

Especially, metabolome studies significantly improved the under
standing of cellular behavior in bioreactors by providing a comprehen
sive snapshot of the metabolic state of cells as it allows researchers to 
monitor hundreds of metabolites (Zhang et al., 2020), identify bottle
necks and detect subtle changes in metabolic pathways that would 
otherwise go unnoticed (Tanaka et al., 2024). For example, in microbial 
and mammalian cell cultures, metabolomics has been used to optimize 
the production of biofuels, therapeutic proteins, and other high-value 
compounds by pinpointing limiting steps and guiding targeted genetic 
modifications (Singh et al., 2024). With regard to bioprocess scale-up, a 
metabolomic profiling of mammalian cell cultures showed comparable 
intracellular profiles across different scales, thus demonstrating to be a 
suitable method to gain physiological insights during bioprocess engi
neering (Vodopivec et al., 2019). In general, both in-line and on-line 
analytics exist that allow detection of metabolites from the fermenta
tion broth e.g. via different spectroscopic or chromatographic method
ologies (Reiter et al., 2021; Rodrigues et al., 2018; Zu et al., 2017). Those 
approaches usually require mathematical models to identify the 
different signals in the compound mixture (Marison et al., 2013). On- 
line metabolomics further enhances bioprocess monitoring by 
enabling high-resolution, real-time data acquisition, which supports 
better process control and forecasting of key process variables (Cortada- 
Garcia et al., 2022; Cortada-Garcia et al., 2024).

Metabolome studies are facing two major challenges in the context of 

Fig. 1. (A) Omics technologies for application in bioprocessing and (B) application fields of transcriptomics in bioprocess engineering.

N.A. Henke et al.                                                                                                                                                                                                                               Biotechnology Advances 86 (2026) 108736 

2 



holistic biological insights. First, metabolome studies are usually 
defined by the analytics that are specific regarding qualitative and 
quantitative measurements of certain metabolites and thus a (small) 
portion of the entire metabolome can be determined. Few studies 
applied mass spectrometry for untargeted on-line measurements for the 
monitoring of more than 800 different m/z signals from an E. coli 
fermentation broth (Cortada-Garcia et al., 2022). Secondly, lack of 
standard calibration curves limits the absolute quantification of identi
fied metabolites.

In summary, metabolomics studies have demonstrated to be a suc
cessful methodology to deliver useful biological data to complement 
bioprocess engineering challenges in the broad context. However, as 
biological regulation occurs on different levels, transcriptomics harbors 
the potential to further unravel fundamental gene expression alterations 
with efficient high throughput screenings such as RNA-seq.

Transcriptional profiling and advanced sequencing technologies 
(Wang et al., 2009) offer great potential to expand the insights on 
biotechnological processes following the principle of systems biology 
(Fig. 1A). Early publications applied transcriptomics more from an 
observational perspective that have to become more actionable in order 
to advise industrial productions in terms of an omics-driven biotech
nology (Amer and Baidoo, 2021; Masson et al., 2023). Sequencing-based 
transcriptomics offer some properties that are fundamentally different 
from metabolomic analysis. Due to the biochemical homogeneity of 
RNA molecules, especially mRNAs, transcriptomics offers the possibility 

to track the expression of all genes within any organisms, tissue or cell 
line. It is reasonable to hypothesize that a better understanding of the 
biology of a bioprocess will facilitate a shortening of developmental 
time, a reduction of the risk of up-scaling failure and increased quality 
(Sieck et al., 2013) of bioprocesses and consequently a reduction of 
developmental costs.

The scope of this article is to give an overview about the current 
status of transcriptomics in bioprocess engineering and its potential 
based on emerging sequencing-based methodologies that allow for 
spatial and temporal resolution of the transcriptional landscape of bio
processes. Original research articles applying transcriptomics in bio
process engineering can be categorized according to the following 
scopes: (i) strain/cell line physiology characterization, (ii) in
vestigations on culture/media conditions, (iii) process operations as well 
as (iv) scale-up/down (Fig. 1B).

2. Current status of transcriptomics for bioprocess 
investigations

High throughput transcriptomic approaches with (c)DNA micro
arrays were established more than 30 years ago as a hybridization 
technology that allowed a scalable analysis of gene expression 
(Hoheisel, 1997; Lockhart et al., 1996; Schena et al., 1995) (Fig. 2). DNA 
microarrays were widely applied for the characterization of the physi
ology of various model organisms including microbial systems e.g. 

Fig. 2. (A) Timeline of transcriptomics method history and (B) exemplified application in bioprocess engineering based on the four fields (i) strain/cell line 
physiology characterization, (ii) investigations on culture/media conditions, (iii) process operations as well as (iv) scale-up/down.
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Escherichia coli (Selinger et al., 2000), Corynebacterium glutamicum 
(Wendisch, 2003), Saccharomyces cerevisiae (DeRisi et al., 1997), and 
Pichia pastoris (Sauer et al., 2004). In the 2010s, RNA-Seq mainly 
replaced microarrays due to good quantification properties and easy 
application for in-depth analysis of regulatory mechanisms (Marguerat 
and Bähler, 2010; van Vliet, 2010) for various organisms as a reference 
genome sequence is not necessary for the analysis (Fig. 2A). More than 
7200 publications are listed in PubMed under the search criterion “RNA- 
seq [title]” from 2008 on (Date: July 2025). Among those publications 
RNA-seq was applied to various cellular systems from microbes to 
human cell samples for either fundamental research in all kinds of life- 
science, natural and biomedical research. In microbial biotechnology it 
was applied e.g. for analysis of regulatory networks (Dostálová et al., 
2018) or general stress responses (Küberl et al., 2020) as well as for 
guiding of metabolic engineering of (in)direct pathways (Zhao et al., 
2022) or for the analysis of laboratory evolved production strains (Wang 
et al., 2018).

In comparison to molecular biology/biomedicine, where the above- 
mentioned methods are established and state-of-the-art since 2010, 
application of those methodologies in the context of bioprocess engi
neering became more and more important over the last years (Fig. 2B).

2.1. Investigating strain/cell line characteristics

Transcriptomics was applied for general characterization of strains/ 
cell lines as well as for comparison of strains/cell lines or for delivery of 
holistic data (Table 1). Already 25 years ago the group of Pronk studied 
global transcriptional adaptation to aerobic and anaerobic cultivation 
conditions in S. cerevisiae from chemostat cultivations (ter Linde et al., 
1999). It was demonstrated that more than 350 genes were upregulated 
either under aerobic or anaerobic conditions indicating the broad bio
logical alterations in a bioprocess. A recent study by Minden et al. per
formed stimulus response chemostat cultivations, mimicking mixing- 
induced heterogeneities of large bioreactors via glucose limitation 
under ethanol production of S. cerevisiae (Minden et al., 2023). In more 
detail, it was demonstrated that a single limitation–
starvation–limitation transition showed a differential gene expression 
with more than 1000 genes that peaked about 10–20 min after the stress 
and relaxed at about 60 min post glucose depletion.

Further transcriptional analyses of the industrial cell factory 
C. glutamicum were applied to characterize different growth rate (tran
sitions) in a batch bioprocess. In combination with metabolomics, it was 
possible to identify genes associated with growth, namely the growth 
modulon, describing a functional group of genes associated with the 
growth rate (Haas et al., 2019). The same growth rates (0.2, 0.3, 0.4 h-1) 
were transcriptionally analyzed under glucose limited chemostat con
ditions (Graf et al., 2020) highlighting that 547 genes, corresponding to 
approximately 20 % of the annotated genes, were differentially 
expressed across the examined flow rates. Both studies indicate the 
relevance of further deep and systematic transcriptional analysis for a 
full picture of biological responses across diverse process types.

RNA-seq could also be applied to the amoeba Willaertia magna in 10 L 
bioreactors in order to understand its metabolism and molecular 
mechanisms under axenic mass culture (Hasni et al., 2020). This study 
showed that this amoeba has the ability to adapt to low oxygen con
centrations and moreover investigated the transcripts associated with its 
role as a cellular predator in its natural habitat.

Research by Ziegler et al. and Wu et al. applied RNA-seq to explain 
performance benefits of a stringent response mutant of E. coli and of an 
evolved strain of S. cerevisiae grown on molasses, respectively (Wu et al., 
2023; Ziegler et al., 2021b). The stringent response mutant of E. coli 
outperformed the parental strain in terms of the eGFP content by 
approximately 50 % based on a reduced maintenance that was achieved 
by deletion of genes that were highly overexpressed under repeated 
transient starvation (Löffler et al., 2016).

Transcriptomics is most useful in strain and cell line development 
when it reveals bottlenecks that are directly controlled at the tran
scriptional level mediated by transcriptional regulators or when up/ 
down regulation of genes directly improves the productivity (Wu et al., 
2023; Ziegler et al., 2021b). However, many studies detect quite a great 
number of differentially expressed genes without clear molecular cau
sality reflecting that the behavior might be explained by protein stability 
and/or metabolic fluxes. Therefore, transcriptomics is best suited to 
identify transcriptional regulator (networks) as rational impetus for 
metabolic engineering or adaptive laboratory evolution, whereas pro
teomics and fluxomics are better suited to identifying catalytic and post- 
translational limitations. Transcriptomic data from bioprocess allow 
high throughput hypothesis generation as basis for subsequent strain 

Table 1 
Characterizing strain/cell line physiology with transcriptomic approaches from the bioreactor environment.

Aim of the study Set-up and organism Method Reference

General strain/cell line 
characterization

Aerobic and anaerobic chemostat cultivation in stirred 1 L bench-top bioreactors; S. cerevisiae Microarray (ter Linde et al., 
1999)

General strain/cell line 
characterization

Chemostat cultivation in 800 mL stirred bioreactor; CHO (miRNA) 
microarray

(Maccani et al., 
2014)

General strain/cell line 
characterization

Two compartment scale-down bioreactor (3 L stirred tank reactor and 380 mL plug-flow reactor) to 
examine periodic feast-famine cycles of E. coli

RNA-seq (Löffler et al., 
2016)

General strain/cell line 
characterization

Batch cultivation in bioreactor examining different growth rates; C. glutamicum RNA-seq (Haas et al., 2019)

General strain/cell line 
characterization

10 L stirred bioreactor; Willaertia magna RNA-seq (Hasni et al., 2020)

General strain/cell line 
characterization

Batch and fed-batch cultivation in 100 mL stirred bioreactor; human PSC RNA-seq, RT- 
qPCR

(Rohani et al., 
2020)

General strain/cell line 
characterization

Cultivation in 10 L basket bioreactor; vero cells qRT-PCR (Yu et al., 2022)

General strain/cell line 
characterization

Fed-batch in 15 mL stirred bioreactor to study aggregation of antibodies; CHO RNA-seq (Barzadd et al., 
2022)

General strain/cell line 
characterization

Anaerobic 1.7 L stimulus response chemostat cultivation; S. cerevisiae RNA-seq (Minden et al., 
2023)

Comparison of strains Continuous single and mixed culture fermentation in 1.3 L stirred bioreactor; S. cerevisiae and Lachancea 
thermotolerans

RNA-seq (Shekhawat et al., 
2019)

Comparison of strains Two compartment scale-down bioreactor (3 L stirred tank reactor and 380 mL plug-flow reactor) to 
examine periodic nutrient depletion of stringent response mutant; E. coli

RNA-seq (Ziegler et al., 
2021b)

Comparison of strains Characterization of an evolved strain in stirred 30 L bioreactor with molasses and glucose; 
S. cerevisiae

RNA-seq (Wu et al., 2023)

Data delivery for modelling Chemostat cultivation in 0.75 L stirred bioreactor for improving a genome-scale metabolic model; 
P. putida

Microarray (van Duuren et al., 
2013)
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improvement (Hasni et al., 2020; Minden et al., 2023).

2.2. Investigating culture/media conditions

The effect of culture and media conditions was analyzed across 
diverse cellular systems from microbial to mammalian monocultures 
with transcriptomics approaches (Table 2). RNA-seq was used to 
investigate the effect of different or mixed substrates for various mi
crobial bioprocesses. For Pichia pastoris RNA-seq analysis from a protein 
production process demonstrated that a glycerol-methanol feeding 
phase prior to the methanol feeding phase helps to reduce the negative 
effects from methanol utilization (Zhang et al., 2020). It was found that 
such intermediate feeding phase facilitates adaptation of the cells from 
glycerol to methanol utilization mainly by upregulation of the MAPK- 
pathway genes resulting in an improved cell wall integrity with bene
fits under high methanol presence. Another study analyzed the differ
entially expressed genes in a S. cerevisiae bioprocess producing 
ribonucleic acids when glucose or molasse were used as carbon source 
(Wu et al., 2023). Interestingly, glucose utilization resulted in an upre
gulation of genes associated with biosynthesis of sulfur-containing 
amino acids (methionine, cysteine, adenosylmethionine) as well as 
genes from the assimilatory sulfate reduction pathways, thus contrib
uting to an improved RNA biosynthesis and methylation that was in 
accordance with the process performance. Quantitative transcriptomics 
could indeed unravel that the iron chelator protocatechuic acid (PCA) 
from the CGXII minimal medium served as a hidden co-substrate for 
accelerated growth of the industrial workhorse C. glutamicum (Unthan 
et al., 2014) as genes encoding for the enzymes responsible for the PCA 
uptake and metabolism of PCA were significantly upregulated in the first 
growth phase.

The widely used treatment of Chinese Hamster Ovary (CHO) bio
processes with sodium butyrate was investigated with microarray and 
later RNA-seq. Among others the research group of Noll analyzed the 
underlying mechanisms of sodium butyrate addition for improved 
antibody production (Klausing et al., 2011). The cDNA-based micro
array analysis revealed that addition of sodium butyrate in a batch 
process resulted in a downregulation of genes associated with cell 
growth as well as an upregulation of genes associated with carbon and 
amino acid biosynthesis that corresponds to an reduced cell proliferation 
and an increased antibody titers (Klausing et al., 2011). Another study 
applied the DNA microarray methodology in chemostat cultivations in 
spinner flasks explaining that addition of sodium butyrate as well as low 
temperatures possess different but synergistic gene expression profiles 

that facilitate resting cells in G0/G1 phase (Avello et al., 2022). 10 years 
later, a similar study revealed the mode of action of butyric acid in 
intensified fed-batch bioprocesses in stirred bioreactors with RNA-seq 
(Schulze et al., 2022).

For investigations of media components, transcriptomics can help 
identifying global cellular reprogramming e.g. in favor for antibody 
production as shown for CHO cells (Avello et al., 2022; Klausing et al., 
2011) or can explain the positive effect of substrates and additional 
media components in bioprocess development (Banerjee et al., 2021; 
Wang et al., 2024). The work from (Unthan et al., 2014) demonstrated 
that even subtle nutrient shifts can result in obvious differentially 
expressed genes allowing different growth rates. As not all gene 
expression alterations alone could be directly linked to the cell’s phys
iology, integration of proteomics and metabolomics can help in linking 
gene expression changes to e.g. anabolic/catabolic reactions and 
nutrient fluxes. Therefore, nutrient dependencies in media optimization 
can be revealed at the transcriptional level, while fine-tuning might need 
to be complemented by metabolomic analytics.

2.3. Investigating process operation modes and parameters

Several studies deal with the investigation of process operations 
based on transcriptomics approaches (Table 3). As an example, the 
impact of the agitation rate/stirrer speed was investigated as relevant 
process parameter in eukaryotic bioprocess operations. Sieck et al. 
analyzed the impact of hydrodynamic stresses that occur in industrial 
CHO processes based on stirring and sparging (Sieck et al., 2013). 
Interestingly, only 57 genes were differentially expressed under hydro
dynamic stress, whereas most of them were associated with DNA dam
age and repair mechanisms. However, there was no direct explanation 
for the reduced antibody titers measured under hydrodynamic condi
tions based on the microarray data.

Moreover, in cell culture bioprocess engineering comparative tran
scriptomics (RNA-seq, microarray and qRT-PCR) investigated similar
ities and differences between 2D and 3D cultivation systems (Fenouil 
et al., 2023; Yu et al., 2022) as well as stirred scale-down bioreactors 
examining shear stress (Gareau et al., 2014).

Another study examined the dynamic interplay between the oxygen 
availability, growth rates and the transcriptional response of the 
microbe Yarrowia lipolytica (Kerssemakers et al., 2023). Large scale 
bioreactor conditions were simulated as a compartmental modelling 
approach and the organism’s behavior in these relevant surroundings. 
With the help of a design-build-test-learn cycle considering substrate, 

Table 2 
Investigating culture/media conditions with transcriptomic approaches.

Aim of the study Set-up and organism Method Reference

Investigating carbon sources (carbon dioxide) Submerged batch cultivation in 5 L stirred bioreactor examining carbon 
limitation; Aspergillus niger

Microarray (Nitsche et al., 
2012)

Investigating carbon sources (protocatechuic acid and 
glucose)

Batch cultivation in 1.5 L stirred bioreactor examining growth rates and addition 
of PCA presence; 
C. glutamicum

Microarray (Unthan et al., 
2014)

Investigating carbon sources (glycerol and methanol) High cell density fed-batch cultivation in 10,000 L; P. pastoris RNA-seq (Zhang et al., 2020)
Investigating carbon sources (malate) Fed-batch cultivation in 15 L stirred bioreactor; Schizochytrium RNA-seq (Zhang et al., 2022)
Investigating carbon sources (glycerol and glycerol/ 

methanol mixtures)
Fed-batch cultivation in 2 L stirred bioreactor feeding; P. pastoris RNA-seq (Boojari et al., 

2023)
Investigating carbon sources (molasses and glucose) Characterization of an evolved strain in stirred 30 L bioreactor; S. cerevisiae RNA-seq (Wu et al., 2023)
Investigating carbon sources (xylose and shrimp shell 

waste)
Utilization of xylose and shrimp shell waste in 5 L bioreactor; Clostridium 
tyrobutyricum

RNA-seq (Wang et al., 2024)

Investigating medium additive (sodium butyrate) Stirred 2 L bioreactor batch process; CHO Microarray (Klausing et al., 
2011)

Investigating medium additive (sodium butyrate) Chemostat cultivation in 250 mL spinner flasks; CHO Microarray (Avello et al., 
2022)

Investigating medium additive (sodium butyrate) Fed-batch in 5 L stirred bioreactor with butyric acid supplementation; CHO RNA-seq (Schulze et al., 
2022)

Investigating growth rates Chemostat cultivation in bioreactor; C. glutamicum RNA-seq (Graf et al., 2020)
Investigating ionic liquid stress Fed-batch cultivation in 2 L stirred bioreactor; C. glutamicum RNA-seq (Banerjee et al., 

2021)
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oxygen and growth rate heterogeneities it could be shown that the 
relation between oxygen availability and differential gene expression 
was dynamic.

Transcriptomic profiling under varying process parameters such as 
aeration allows actionable insights when the perturbation directly en
gages transcriptional alterations (Bui and Selvarajoo, 2020; Kersse
makers et al., 2023) that could be addressed in future bioprocess 
development studies. However, in specific cases such as high shear 
stress, differential gene expression does not allow for straight forward 
identification of causative genes even when product titers collapse 
(Sieck et al., 2013). Then, combining transcriptomic readouts with e.g. 
process analytical technology (PAT) data or proteomics provides a more 
reliable basis for process optimization. Thus, the suitability of tran
scriptomics for process improvement strongly depends on whether the 
examined parameter disturbance has a transcriptional footprint that is 
the current bottleneck of the bioprocess.

2.4. Investigating scale-up/down

The understanding of industrial bioprocesses was fostered by tran
scriptomic methodologies (Table 4). For scale-up/down investigations, 
already more than 25 years ago transcriptional analyses were applied for 

the understanding of cellular behavior in bioreactors of different scales. 
In 1999, Schweder et al. had a close look on the gene expression levels of 
four stress (clpB, dnaK, uspA, and proU) and three oxygen/glucose (pfl, 
frd, and ackA) related genes with qRT-PCR from an industrial 20,000 L 
and a scale-down bioreactor with E. coli (Schweder et al., 1999). It 
turned out that ackA and proU were highly expressed in the batch phase 
of the scale-down bioreactor and decreased during feeding phase, 
whereas the other stress genes stayed relatively constant across the 
process. In contrast, in the industrial bioreactor most of the stress related 
genes were upregulated in the middle and top part of the bioreactor 
when glucose was fed. Thus, demonstrating that the behavior of mi
croorganisms in large-scale bioprocesses is different from bench-top 
bioreactors. Those findings are in accordance with the widely known 
existence of chemical and physical gradients (e.g. nutrients, solved 
gases) in industrial settings highlighted e.g. with CFD simulations 
(Blöbaum et al., 2023; Lara et al., 2006a, 2006b).

Further studies harnessing microarray and RNA-seq compared the 
transcriptional status of eukaryotic bioprocesses across different scales. 
The Martens group demonstrated that a well-defined scale-down of a 
CHO fed-batch process from 10 L to 15 mL system aided by tip seed or 
power input indeed results in less than 6 % of gene expression variation 
(Alsayyari et al., 2018). For mammalian cell culture systems it was 

Table 3 
Investigating process operation modes and parameters with transcriptomic approaches.

Aim of the study Set-up and organism Method Reference

Impact of process parameter 
(agitation rate)

Stirred 2 L bioreactor examining hydrodynamic stress based on agitation rate; CHO Microarray (Sieck et al., 2013)

Impact of process parameter 
(agitation rate)

Stirred bioreactor to investigate shear stress based on agitation rate; pluripotent embryonic stem 
cells

Microarray/ 
qRT-PCR

(Gareau et al., 2014)

Impact of process parameter 
(oxygen)

3 L stirred bioreactor investigating anaerobic to aerobic transitions; E. coli RNA-seq (Bui and Selvarajoo, 
2020)

Impact of process parameter 
(temperature)

Chemostat cultivation in 250 mL spinner flasks examining temperature and sodium butyrate; 
CHO

Microarray (Avello et al., 2022)

Impact of process parameter 
(dilution rate and oxygen)

Chemostat cultivation in bioreactor examining different dilution rates and dissolves oxygen; 
Yarrowia lipolytica

RNA-seq (Kerssemakers et al., 
2023)

Bioreactor type Cultivation in 10 L basket bioreactor; vero cells qRT-PCR (Yu et al., 2022)
Bioreactor type Pressurized batch cultures in hungate tubes and schott bottles; Pseudothermotoga elfii (subsp. 

lettingae)
RNA-seq (Fenouil et al., 

2023)
Bioprocess mode Aerobic and anaerobic chemostat cultivation in stirred 1 L bench-top bioreactors; S. cerevisiae Microarray (ter Linde et al., 

1999)
Bioprocess mode Batch and fed-batch cultivation in 100 mL stirred bioreactor; human PSC RNA-seq, qRT- 

PCR
(Rohani et al., 2020)

Bioprocess mode Investigating biological batch effects in bioreactor-differentiated hiPSC-CMs (stirred 100 mL 
bioreactor) and monolayer-differentiated hiPSC-CMs monolayer; human iPSC-derived 
cardiomocytes

scRNA-seq (Prondzynski et al., 
2024)

Table 4 
Scale-up/down investigations applying transcriptomics approaches.

Aim of the study Set-up and organism Transcriptomic 
method

Reference

Scale comparison Industrial stirred bioreactor tank with 20,000 L and scale-down reactor; E. coli qRT-PCR (Schweder et al., 
1999)

Scale comparison Scale-down experiments from 5 L to 35 mL stirred bioreactor; Sp2/0 cells Microarray/ qRT- 
PCR

(Kondragunta et al., 
2012)

Scale comparison Stirred bioreactor systems of two scales; Baby hamster kidney Microarray (Jayapal and Goudar, 
2014)

Scale comparison Scale-down experiments from 10 L to 15 mL stirred bioreactor; CHO RNA-seq (Alsayyari et al., 
2018)

Scale-down (oscillating 
oxygen)

Two-compartment scale-down reactor; E. coli qRT-PCR (Lara et al., 2006a, 
2006b)

Scale-down (oscillating 
carbon dioxide)

A three-compartment cascade bioreactor; C. glutamicum RNA-seq (Buchholz et al., 
2014)

Scale-down (oscillating 
oxygen and substrate)

Two-compartment scale-down reactor; C. glutamicum Microarray (Käß et al., 2014)

Scale-down (oscillating 
ammonia and glucose)

Two compartment scale-down reactor (3 L stirred tank reactor and 380 mL plug-flow reactor); 
E. coli

RNA-seq (Simen et al., 2017)

Scale-down (oscillating 
nitrogen)

Two compartment scale-down reactor (3 L stirred tank reactor and 380 mL plug-flow reactor) to 
examine periodic nutrient depletion of stringent response mutant; E. coli

RNA-seq (Ziegler et al., 2021b)
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hypothesized that gene expression data could be a substantially stronger 
indications for similarity between production processes (Jayapal and 
Goudar, 2014) in comparison to other key performance indicators.

Moreover, transcriptional insights were used to unravel e.g. the in
fluence of oxygen, carbon dioxide or substrate oscillations during scale- 
down studies. Systematic investigations, based on RNA-seq and micro
array, were performed with C. glutamicum examining the process pa
rameters CO2 (Buchholz et al., 2014) as well as O2 and glucose (Käß 
et al., 2014). Buchholz and colleagues found that fluctuations in CO2 
resulted in approximately 66 differentially expressed genes after 3.6 min 
of stimuli presence but process performance stayed unaffected with the 
examined lysine producing strains (Buchholz et al., 2014). Accordingly, 
Käß and colleagues showed that repeated O2 and glucose fluctuations 
had no impact on the process performance of the same DM 1933 lysine 
producing strain indicating the strains robustness (Käß et al., 2014).

The effect of glucose and ammonia oscillations were analyzed with a 
two-compartment bioreactor and RNA-seq studies of E. coli (Simen et al., 
2017; Ziegler et al., 2021b). The characterization of nutrient fluctuation 
in such settings aims on the understanding of the metabolic control that 
occur when microbes flow through the different zones of a large tank 
that is also known from the concept of microbial lifelines (Blöbaum 
et al., 2023). In general, mixing inhomogeneities increase with 
increasing bioreactor dimensions and thus interfere with the direct 
conclusion of bioprocess behavior from lab to industrial scale. Takors 
and colleagues studied the differentially expressed genes in a continuous 
two compartment bioreactor system comprising a STR (ammonia limi
tation zone) and a plug-flow reactor (ammonia starvation zone). In this 
scale-down setting it was found that about 400 genes were repeatedly 
turned on and off in E. coli indicating an increased maintenance demand 
by 15 % (Simen et al., 2017). These insights were subsequentially used 
to construct a deletion mutant of E. coli with a reduced maintenance 
coefficient that has been proven to be beneficial under repeated star
vation stimuli for protein production (Ziegler et al., 2021a). Moreover, 
these findings were in accordance with the characterization of a strin
gent response deficient mutant of E. coli as it was demonstrated that the 
ppGpp-deficient strain showed substantially reduced short-term tran
scriptional responses with remaining function of ammonium uptake and 
biomass formation (Ziegler et al., 2021b).

Application of transcriptomics in scale-down experiments can pro
vide actionable insights, particularly when large-scale heterogeneities 
(e.g. substrate or oxygen gradients) correspond to significant tran
scriptional responses as e.g. in the case of the stringent response or shifts 
in energy metabolism (Löffler et al., 2016; Simen et al., 2017). Such 
insides have proven to rationalize the engineering of strains with su
perior behavior under mimicked large scale process conditions (Ziegler 
et al., 2021a; Ziegler et al., 2021b). In some cases, large-scale phe
nomena (e.g. CO₂ stripping or mechanical mixing) result in transcrip
tional data that only provide correlative context without clear causality. 
Therefore, transcriptomics is a powerful tool for diagnosing scale- 
dependent stresses, but process improvement might require comple
mentary omics to fully understand the cellular behavior.

2.5. From transcriptomics insights to improved strains and bioprocess 
designs

Transcriptomic insights have been demonstrated to be translatable 
into improvements of the examined bioprocesses as represented by some 
of the studies described in Section 2. At the intersection between strain 
characterization and scale-down, RNA-seq analysis revealed that E. coli 
cells confronted with oscillating environments in scale-down experi
ments are frequently transcriptionally reprogrammed e.g. in terms of the 
stringent and general stress response. Those data successfully guided the 
design of a robust E. coli strain that showed about 50 % higher eGFP 
yield in mimicked large-scale bioprocesses (Löffler et al., 2016; Ziegler 
et al., 2021a). Transcriptomic analyses in P. pastoris have shown that 
carbon source-specific responses occur primarily on the transcriptional 

level (Prielhofer et al., 2015). This insight has enabled the design of 
improved bioprocess strategies, including the implementation of an 
additional glycerol plus methanol feeding phase prior to the methanol 
induction (Zhang et al., 2020). Zhang and colleagues identified that the 
upregulation of genes associated with MAPK signaling pathways as well 
as of the autophagy mechanism could rationalize the improved biomass 
titer by approximately 20 % and an improved phythase activity as 
measure of the protein production by approximately 50 % (Zhang et al., 
2020). Moreover, transcriptomic analyses facilitated the rationalization 
of bioprocess characteristics across all four application scenarios 
described in Section 2, representing an important first step towards the 
understanding and subsequent optimization of those processes. With 
continued advances in the field, such insights may ultimately be trans
lated into improved bioprocesses.

3. Sequencing-based transcriptomics for bioprocesses: 
advantages and constraints

3.1. RNA-seq benefits and workflow principles

Transcriptomics methods like RNA-seq or direct RNA sequencing 
represent commonly used methods to systematically characterize gene 
expression in various cell systems and organisms. The application of 
transcriptomics, both in fundamental research and in strain/cell line 
development, is based on several considerations. 

1.) Gene expression is an important basis for the adaptation of a cell 
to its environment thus quickly responding to any changes of 
environmental conditions detected by the organism. Changes in 
gene expression often take place before the cell enters a detri
mental physiological route that could e.g. result in cell death. 
Thus, a continuously changing adaptation of gene expression is 
essential for cell survival.

2.) RNA-seq enables a systematic and efficient analysis of all tran
script abundances in a cell or organism at a defined time point 
under defined conditions – the transcriptome. The homogeneous 
nature of all RNA molecules is crucial for this accessibility. While 
mRNAs derived from different genes vary substantially with 
respect to the order of ribonucleotides, these differences are 
neglectable with respect to the overall biochemical properties of 
the macromolecule (Shilpha et al., 2024; Wang et al., 2009).

3.) RNA-seq allows a simultaneous investigation of RNAs derived 
from protein-encoding and regulatory genes. Direct RNA 
sequencing reveals modification of the RNA that might have a 
functional consequence. Insights into the regulation of genes can 
be inferred from the resulting transcriptomic data sets (Liu-Wei 
et al., 2024).

4.) A high sensitivity and a large dynamic range of sequencing-based 
transcriptomics enables the simultaneous quantification of gene 
expression across orders of magnitude >8000 fold (Wang et al., 
2009). The high throughput analysis enables an affordable prize 
for RNA-seq experiments with a large number of samples.

5.) Emerging transcriptomics applications (Table 5) like single-cell 
RNA-seq lead to higher temporal or spatial resolution of data 
sets. Comparison at the single cell level is feasible today (Heumos 
et al., 2023).

In the following, state-of-the-art workflows of sequencing-based 
transcriptomics are illustrated (Fig. 3). These workflows are largely 
similar but differ in specific steps. Cells of interest are separated from 
culture media. Mechanical force like incubation in a ribolyser is used to 
disrupt the cell envelope which releases the mRNA containing cyto
plasm. This step can be replaced by enzymatic degradation of cell 
enclosing structures if applicable. Various methods exist for the 
extraction of RNA from the mixture of cell components. Frequently 
deployed are dedicated kits that separate RNA from other cell 
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compounds through selective binding to a silica membrane in a filter 
column. Due to similar biochemical properties, DNA is often co-purified 
at this step. A treatment with RNase-free DNase can help to remove any 
residual DNA. Depletion of rRNAs can be performed based on magnetic 
beads that carry complementary probes on their surface. rRNAs are 
bound to the probes on the magnetic beads and removed by pulling 
down all beads with a magnet. mRNA can be reverse transcribed into 
cDNA for RNA-seq (Illumina, BGI-Seq), full length cDNA sequencing 
(ONT), or Iso-Seq (PacBio) (Table 5). It is also possible to sequence RNA 
directly (ONT) by constructing a complementary cDNA strand for the 
initiation of the sequencing reaction. While modern long read 
sequencing technologies provide the opportunity to obtain full length 
cDNA sequences, RNA-seq relies on cDNA fragments of a certain size. 
Sheared cDNA is size selected and subjected to the construction of a li
brary based on the Illumina/BGI protocol. Simultaneous sequencing of 
multiple samples on the same device is possible due to the integration of 
barcodes during the library preparation stage. Reads are assigned to 
individual samples based on their barcodes after completion of the 
sequencing experiment (Illumina, PacBio) or during the sequencing 
experiment (ONT). Details about the sequencing technologies have been 
reviewed elsewhere (Metzker, 2010; Pucker et al., 2022; Pucker and 
Schilbert, 2019).

3.2. Technical challenges and limitations of transcriptomics in bioprocess 
engineering

While transcriptomics has the potential to inform bioprocess engi
neering, there are several technical and economic constraints that might 
limit its practical application. Extraction of RNA from bioreactor sam
ples requires protocol optimization to ensure high and consistent RNA 
quality. State-of-the-art autosamplers next to bioreactors in conjugation 
to the usage of DNA/RNA Shield™, RNAlater® or other preserving 
agents allow proper storage of culture samples for transcriptomics pro
tocols (Menke et al., 2017). This automatic and optimized sampling with 
subsequent RNA extraction would be feasible for routine applications 
which are required for bioprocess application. However, a cost-benefit 
analysis would be especially important for routine process monitoring. 
As gene expression is highly dynamic snapshots from single time points 

may not capture transient or oscillatory responses important for process 
monitoring/optimization. Therefore, a dense sampling scheme in the 
minute-to-hour range would be required to achieve a sufficient temporal 
resolution to monitor the transcriptional changes across the whole 
bioprocess or alternatively at specific critical periods in the bioprocess. 
Such large-scale studies make transcriptomic analyses expensive and 
logistically challenging, however it is technically possible. In addition, 
such high-dimensional transcriptomic datasets require advanced bio
informatic and system biology expertise in order to distinguish mean
ingful biological signals from noise.

A frequent criticism against transcriptomics is that it is utilized as a 
proxy for proteomics and metabolic flux analyses. Transcript abun
dances do not always correlate with protein levels and/or enzymatic 
activity, limiting direct translation to process performance predictions. 
Possible translational and post-translational regulation might lower the 
correlation between the presence of a transcript and the activity of the 
corresponding enzyme. Due to transcriptional ‘bursts’, the average 
correlation can be 0.35–0.45 for individual eukaryotic cells (Buccitelli 
and Selbach, 2020; Fulcher et al., 2024). However, studies conducted on 
bulk analyses in microbial systems reported substantially higher corre
lation values above 0.5 and up to 0.89 (Greenbaum et al., 2003; Houser 
et al., 2015; Maier et al., 2009). The possibility to analyze a tran
scriptome at substantially lower costs and with higher throughput in 
comparison to proteomics makes it an attractive alternative – even if the 
ultimate understanding of biological behavior might be biased in terms 
of the ultimate outcome of transcriptional alterations on the other omics 
level. The integration of metabolomic data can help to validate meta
bolic flux predictions inferred from RNA-seq data. Translating tran
scriptomic insights into actionable bioprocess strategies may requires 
complementory proteomics, metabolomics, and fluxomics data for a full 
picture.

4. Emerging sequencing-based transcriptomics as enablers of 
future bioprocess engineering

In the following two advanced RNA-seq methodologies are repre
sented that could guide a way towards understanding the diversity of 
populations in time and space as an expansion of the toolbox for 

Table 5 
Selected types of sequencing-based transcriptomics and outdated technologies for comparison.

Transcriptomics technologies 
and principle

Advantages and limitations Application scenarios and costs Reference

Microarrays Hybridization to probe + First high-throughput method for transcriptomics 
- Only quantification of represented molecules; small 
dynamic range

Gene expression comparison between two samples; very 
high setup costs

(Bumgarner, 2013)

mRNA-Seq Sequencing by synthesis 
(Illumina)

+ Systematic quantification of transcript abundances 
- No information about small regulatory RNAs

Gene expression quantification; low costs (Wang et al., 2009)

direct RNA sequencing 
Oxford Nanopore Technologies 
(ONT)

+ Identification of RNA modifications 
- Very high RNA input required

RNA modification analysis; high costs (Garalde et al., 
2018)

Iso-Seq( 
PacBio)

+ Full length cDNA sequencing 
- High RNA input required

Full length transcript analysis; high costs (Sharon et al., 
2013)

Emerging technologies Advantages and limitations Application scenarios and costs Reference

scRNA-Seq 
Sequencing by synthesis 
(Illumina)

+ Single cell level resolution 
- Only highly expressed genes captured

Revealing diversity of cell population; very high costs (Tang et al., 2009) 
(Tang et al., 2010) 
(Tang et al., 2011)

Live-Seq 
Sequencing by synthesis 
(Illumina)

+ Repeated sampling and sequencing from single cell 
- Technically challenging

Monitoring of transcriptome of single cell; high costs (Chen et al., 2022)

Record-Seq 
Sequencing by synthesis 
(Illumina)

+ Information about succession of gene expression 
- Customization for application required

Temporally resolved analysis of bioprocess; high costs (Schmidt et al., 
2018) 
(Tanna et al., 
2020)

Ultima Genomics + Systematic quantification at very low costs 
- Low read accuracy

Gene expression quantification; very low costs (Almogy et al., 
2022)

SBX 
Roche

+ Single molecule sequencing with high accuracy 
- Unknown

Full length transcript analysis; unknown (Kokoris et al., 
2025)
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transcriptomics application in bioprocess engineering in order to un
ravel so far hidden biological mechanisms/bottlenecks (Fig. 4).

4.1. Single cell RNA-seq for populational insights

In comparison to state-of-the-art bulk RNA-seq, that represents an 
averaged measure across a cell population, single cell RNA-seq (scRNA- 
seq) allows to determine transcriptional profiles of single cells. Cell-to- 
cell heterogeneity is an intrinsic property of microbial and mamma
lian populations in bioreactors, arising from stochastic gene expression, 
metabolic variability and dynamic environmental conditions (Delvigne 
and Goffin, 2014). This phenotypic diversification can strongly influ
ence process performance, as subpopulations with distinct growth, 
productivity, or stress-response profiles determine overall yield, 
robustness, and scalability (Xu et al., 2024). Therefore, understanding 
and controlling heterogeneity represents both a fundamental scientific 
challenge and a key opportunity to design next-generation, highly effi
cient bioprocesses (Delvigne and Goffin, 2014).

Applying single-cell RNA-seq to bioreactor studies allows researchers 
to link molecular phenotypes to functional traits such as growth, 

productivity or stress responses under dynamic culture conditions and 
thus unrevealling existing subpopulations in bioprocesses. By inte
grating scRNA-seq data with process parameters, it could be envisioned 
to map regulatory networks at the single-cell level and uncover drivers 
of population diversification. Recent work demonstrated that unsuper
vised scRNA-seq clustering of mCM and bCM cultures could identify the 
dramatically lower population fraction of non-cardiomyocytes derived 
from the bioreactor differentiation (Prondzynski et al., 2024). Moreover, 
scRNA-seq has potential to study adaptation in chemostats at multiple 
regulatory levels, as adaptation affects the genome, transcriptome, 
metabolome, and proteome (Wright et al., 2020). Researchers envision 
to apply single-cell omics technologies, including scRNA-seq, for the 
holistic study of biological adaptive mechanisms (Baysoy et al., 2023; De 
Jonghe et al., 2024; Inayatullah et al., 2025).

Technically, scRNA-seq from bacteria showed to be more challenging 
as cells are harder to lyse, possess a low RNA content in the femtogram 
magnitude, low mRNA copy number, and transcripts lack functional 
poly(A) tailing compared to e.g. mammalian cells (Homberger et al., 
2022). Recent methodological developments tackled those issues and 
allow bacterial scRNA-seq (Ma et al., 2023). The BacDrop methods 

Fig. 3. Simplified workflows of sequencing-based transcriptomics for bioprocesses. (A) A classical mRNA-seq workflow, (B) single-cell RNA-seq.
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includes a rRNA depletion and DNA removal step in the fixed and per
meabilized cells with RNase H and DNase I, respectively. Afterwards, 
unique molecular identifiers (UMIs) are added to the 5′ end of the cDNA 
(“plate barcode”) via reverse transcription in 96-/386-well plates. Cells 
are pooled and cDNA is polyadenylated at the 3′ end via terminal 
transferase. Then droplets are generated, and a second ground of bar
coding is conducted (“droplet barcode”) as well as the second strand 
cDNA synthesis with oligo-dT priming. The fully captured cDNA con
tains UMIs, plate and droplet barcode for minimal cell barcode collision 
rates of less than 10 % (Ma et al., 2023). Finally, cDNA is amplified, and 
library is constructed for Illumina sequencing. Besides the microdroplet- 
based method, other cell isolation methods exist, namely, laser capture 
microdissection (LCM) and capillary pipettes guided by a microscope 
from solid samples as well as fluorescent-activated cell sorting (FACS) 
enables cell isolation from liquid samples (Moon et al., 2023). Single cell 
RNA-seq was already demonstrated for a wide range of bacteria species 
(Homberger et al., 2022) and indicated to be a powerful tool to char
acterize population dynamics in high throughput.

The key advantage of scRNA-seq lies in its ability to resolve tran
scriptional heterogeneity, revealing subpopulations that are invisible to 
bulk analyses. This provides deeper mechanistic insight into stress re
sponses, metabolic specialization, and regulatory diversity within bio
reactors. However, the method has current limitations: protocols are 
optimized for mammalian cells rather than microbial cells making lysis 
and RNA capture challenging (Homberger et al., 2022), data sets are 
large, noisy and sparse requiring advanced computational analyses and 
interpretation (Kulkarni et al., 2019) and high costs and laborious 
sample preparation workflows with limited throughput constrain its 
routine application. Thus, while scRNA-seq provides unprecedented 
resolution for understanding population heterogeneity, significant 
methodological and translational hurdles must still be overcome before 
it can be fully integrated into mainstream bioprocess development.

Though scRNA-seq application is still relatively limited in bioprocess 
engineering compared to other fields, the rapid advancements the 
technology may make it an important supplement to other techniques 
like flow cytometry (Heins et al., 2022) and microfluidic cultivation 
systems for studying bioprocesses (Grünberger et al., 2014). In this 
combination, scRNA-seq insights into cell-to-cell heterogeneity at 
various environmental conditions can be collected, which is currently 
not feasibly and/or restricted to fluorescence-based assays only enabling 
the investigation of single/dual features of the cells. While single-cell 
RNA-seq would provide higher resolution regarding the diversity of 

cells in a culture, bulk analyses might be a more economic choice in 
routine applications.

4.2. Record-seq for cellular autobiographies

Unlike endpoint omics methods (see Introduction), which provide 
only snapshots of population states, Record-seq enables temporal in
formation about transcriptional or environmental histories potentially 
at single-cell resolution. By capturing temporal information about 
transcriptional histories, it could allow researchers to reconstruct dy
namic microenvironments in bioreactors, track responses to different 
environmental conditions (e.g. nutrient limitations, pH-gradients) 
experienced by individual cells, the so-called microbial life-line 
(Blöbaum et al., 2023). The key advantage is that Record-seq pre
serves a molecular memory of cellular experiences, thereby providing 
insights into otherwise inaccessible fluctuations within large-scale 
systems.

Methodologically, Record-seq is a combined method of a CRISPR 
spacer acquisition with sequencing of the CRISPR array (Schmidt et al., 
2018). It was demonstrated in E. coli that this recording allows to 
determine the characteristic gene expression histories that occur during 
the passing through a series of environmental events e.g. passing 
through the mammalian gut system (Schmidt et al., 2022). In contrast to 
RNA-seq that captures a transcriptional snapshot at one particular time 
point, a molecular recorder (based on a CRISPR system) allows to record 
the fast changing expression profiles and permanently store this as the 
transcriptional history as the cells autobiography (Schmidt, 2022). The 
transcriptional recording relies on a fusion protein comprising the 
reverse transcriptase domain (RT) and the Cas protein from Fusicateni
bacter saccharivorans (Schmidt et al., 2018). New memories are stored by 
integrating new spacers ahead of old spacers within the CRISPR array 
and therefore building a memory of molecular events. Selective ampli
fication of expanded CRISPR arrays’ (SENECA) and deep sequencing 
allow identification of acquired spacers in the array.

Although Record-seq has not yet been applied to bioprocess-relevant 
questions, it offers a retrospective analysis that could in combination 
with scRNA-seq represent a behavioral fingerprinting in the context of 
the historical process conditions. This concept could be a powerful 
complement to spherical sensor-bead which are currently developed to 
report environmental profiles in bioreactors (Lauterbach et al., 2019). 
Thus, the information could guide process optimization or the genetic 
engineering of more robust cells. Lastly, one could imagine using 
Record-seq as complementary quality assessment attribute, when global 
bioprocess performance is decreasing to find potential biological 
bottlenecks.

However, Record-seq is still in its infancy for bioprocess applications 
and the potential bottlenecks have yet to be identified. Limitations may 
include recording capacity, potential biases in molecular editing 
mechanisms and the need to establish the technology in industrially 
relevant organisms prior to its application. Furthermore, interpreting 
spacer acquisition patterns into quantitative environmental histories 
demands a detailed characterization of e.g. the response time of the 
molecular recorder.

In conclusion, Record-seq holds promise as a high-risk, high-gain 
strategy that could bridge the gap between single-cell biology and bio
process environments by uncovering hidden layers of cellular behavior. 
Nevertheless, Record-seq might be more relevant during the develop
ment of new processes and not suitable for routine application where 
bulk RNA-seq remains more feasible.

5. Outlook and further directions

Transcriptomics-driven progress was delayed for a long time in 
bioprocess engineering in comparison to molecular biology. Presumably 
due to the expensiveness of the transcriptomics data experimental 
workflows and missing analysis pipelines. Today, state-of-the-art 

Fig. 4. Emerging sequencing-based transcriptomics technologies and data sci
ences for envisioning populational (A) and temporal (B) transcriptional 
profiling of bioprocesses.
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transcriptomics (RNA-seq and microarrays) are becoming increasingly 
attractive in bioprocess engineering for diverse research questions from 
the analysis of strain/cell line physiology to scale-up/down approaches 
as highlighted in this study.

The presented studies demonstrate the importance of 
transcriptomics-aided characterization of bioprocesses. The summarized 
works applied transcriptomics for a fundamental understanding of bio
processes, implicating the potential to systematically use such method
ologies for bioprocess optimization and/or control in the future. It can 
be recommended that the bioprocess engineering community should 
facilitate this technology with a systematic recording of transcriptome 
profiles from various bioreactor environments across different cellular 
production factories.

At the moment, transcriptomics-based bioprocess control is not 
possible as potential at-line application as such methods would simply 
be too slow and too expensive for industrial applications. First, direct 
RNA-sequencing would represent the fastest methods to get systemwide 
transcriptional information with estimated processing times of 3–4 h 
from sampling to quantitative transcriptome data. This is considered to 
be too long for efficient bioprocess control and does not allow real-time 
monitoring. For fast control loops, measurements signals should be 
measured continuously with sensor update rates in the range of seconds 
to minutes (Randek and Mandenius, 2018). RNA-seq, potentially 
reaching hour intervalls, could be used to monitor overall process per
formance, rather than used to trigger fast control loops. Second, current 
costs for direct RNA-sequencing via nanopore sequencing would most 
likely be too expensive for industrial application. Current estimates 
would be about 1,500 € per sample including library preparation and the 
PromethION flow cell. However, technological advancements with 
increased efficiencies, decreased processing time, and lowered prices 
might lead to concepts of transcriptome-based at-line monitoring and 
control in bioprocess engineering in the future. Once progress towards 
real-time monitoring RNA is achieved, the early stress gene expressions 
could trigger e.g. proactive adaptation of feed rates or oxygen supply 
before productivity drops.

Combining the above mentioned emerging transcriptional methods 
with conventional “omics” offers a huge change to use systematic bio
logical data as an enabler to boost the development of innovative 
biotechnological processes. Guided by the concept of systems biology, 
the physiological behavior of cells/organisms in a bioprocess is deter
mined by the regulation on each of the omics levels as well as their 
interlevel regulation that is shaped by the environment/bioreactor 
conditions. In theory, the combination of genomics, transcriptomics, 
proteomics, and metabolomics represents a powerful, however labo
rious and costly scenario, that holistically reveals an (industrial) bio
process while identifying its bottlenecks (Becker and Wittmann, 2018). 
Mechanistic as well as data interference modelling approaches can aid in 
making those data actionable as limitations/bottlenecks can be identi
fied giving new impetus for strain and bioprocess development (Masson 
et al., 2023). Genomics can be considered secondary as the number of 
generations remains low in typical (fed-)batch processes and under the 
assumption that the strain stability has been priviously validated. 
However, epigenetic signatures are becoming increasingly important as 
DNA modifications such as methylation are involved in gene expression 
without any changes in the genome sequence itself (Halabian et al., 
2021). Transcriptomics alone will only be capable to identify bottle
necks that occur on the transcriptional level without any downstream 
limitations e.g. translational efficiency, protein stability, and feedback 
inhibition of enzymes. While the combination with any downstream 
omics method expands the repertoire of identifiable bottlenecks e.g. 
Ribo-seq for actively translated mRNA (Limbu et al., 2024) or quanti
tative proteomics for essential post-translational modifications (Yang 
and Qiao, 2023).

Emerging data analysis technologies are the key to extract mean
ingful data from the complexity of systemwide omics data (Tiwary, 
2022). Exceeding the integration of machine learning approaches can 

support a better understanding of the complexity within the data. A 
blueprint could be the mining of genetic and transcriptional datasets as 
it is applied in personalized medicine that is developing rapidly (Su 
et al., 2020). Machine learning models have been developed to integrate 
e.g. transcriptome data in the context of biomedicine combined with 
further metadata to find new mechanisms and biomarkers. It can be 
envisioned by recording of both transcriptome profiles as well as met
adata from the bioprocess (e.g. KPIs, process parameters) aided by 
automated workflows (Blums et al., 2025) that consequent processing of 
those data guided by machine learning and genome-scale metabolic 
models (Fang et al., 2020) has the power to unravel the complex trends 
across the transcriptional landscape of bioprocesses. While still at an 
early stage, these emerging tools provide a powerful foundation to 
bridge molecular and process-level insights, and it is expected that their 
integration will increasingly shape the future of data-driven bioprocess 
development and industrial application.
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Blöbaum, L., Haringa, C., Grünberger, A., 2023. Microbial lifelines in bioprocesses: from 
concept to application. Biotechnol. Adv. 62, 108071.

Blums, K., Herzog, J., Costa, J., Quirico, L., Turber, J., Weuster-Botz, D., 2025. 
Automation of RNA-Seq sample preparation and miniaturized parallel bioreactors 
enable high-throughput differential gene expression studies. Microorganisms 13 (4), 
849.

Boojari, M.A., Rajabi Ghaledari, F., Motamedian, E., Soleimani, M., Shojaosadati, S.A., 
2023. Developing a metabolic model-based fed-batch feeding strategy for Pichia 
pastoris fermentation through fine-tuning of the methanol utilization pathway. 
Microb. Biotechnol. 16 (6), 1344–1359.

Buccitelli, C., Selbach, M., 2020. mRNAs, proteins and the emerging principles of gene 
expression control. Nat. Rev. Genet. 21 (10), 630–644.

Buchholz, J., Graf, M., Freund, A., Busche, T., Kalinowski, J., Blombach, B., Takors, R., 
2014. CO₂ /HCO₃− perturbations of simulated large scale gradients in a scale-down 
device cause fast transcriptional responses in Corynebacterium glutamicum. Appl. 
Microbiol. Biotechnol. 98 (20), 8563–8572.

Bui, T.T., Selvarajoo, K., 2020. Attractor concepts to evaluate the transcriptome-wide 
dynamics guiding anaerobic to aerobic state transition in Escherichia coli. Sci. Rep. 10 
(1), 5878.

Bumgarner, R., 2013. Overview of DNA microarrays: types, applications, and their 
future. Curr. Protoc. Mol. Biol. 101 (1), 22.21.21-22.21.11. 

Cankar, K., Henke, N.A., Wendisch, V.F., 2023. Functional food additives/ingredients 
production by engineered Corynebacterium glutamicum. Syst. Microbiol. Biomanuf. 3 
(1), 110–121.

Chen, W., Guillaume-Gentil, O., Rainer, P.Y., Gäbelein, C.G., Saelens, W., Gardeux, V., 
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