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Abstract

Recombinant adeno-associated virus (rAAV)-based gene therapy (GT) holds significant promise for
treating genetic disorders, yet the high costs associated with its production remain a major
bottleneck. Improving rAAV manufacturing efficiency is crucial for expanding its clinical
applicability. This dissertation aims to address this challenge by implementing HEK293
strain-specific genome-scale metabolic models (GSMMs) combined with multi-omics datasets to
optimize rAAV production.

As a first step, we reconstructed over 80 GSMMs from two HEK293 strains across five time
points. These models provided insight into metabolic differences between high- and low-producing
strains, identifying HIF-1α as a key regulator in the low-producing cells. By inhibiting HIF-1α, we
successfully stalled cellular growth and increased specific rAAV capsid production by 2.5-fold.
However, this intervention also led to a simultaneous reduction in viral genome numbers, as HIF-1α
plays a critical role in the pentose phosphate pathway (PPP), which is essential for nucleotide
biosynthesis. These findings highlight the complex trade-offs in metabolic engineering for rAAV
production.

To systematically compare and analyze the reconstructed GSMMs, we employed logistic principal
component analysis (LPCA), a method specifically designed to handle large sets of GSMMs. LPCA
allows for efficient clustering and identification of metabolic pathways driving observed differences,
which is particularly useful in the context of automated GSMM reconstructions. This method
enhances the interpretability of GSMMs, facilitating targeted interventions for improving rAAV
production.

Beyond HEK293 cells, virus-like particle (VLP) production in various host cell lines presents
additional challenges in GT applications. The need for robust and scalable production platforms is
exacerbated by the variability in host cell metabolism, as well as the impact of viral vector
replication on cellular pathways. The review outlines the state-of-the-art methodologies for GSMM
integration into VLP-producing cell lines, addressing current limitations and highlighting
opportunities for process optimization.

Overall, this dissertation contributes to the advancement of rAAV and VLP production by
integrating computational modeling with multi-omics approaches, paving the way for more efficient
and cost-effective GT manufacturing strategies.
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Abstract (deutsch)

Recombinant adeno-associated virus (rAAV)-basierte gene therapy (GT) bietet vielversprechende
Möglichkeiten zur Behandlung genetischer Erkrankungen, jedoch bleiben die hohen
Produktionskosten ein wesentliches Hindernis. Die Verbesserung der rAAV-Herstellungseffizienz ist
entscheidend für die Erweiterung ihrer klinischen Anwendbarkeit. Diese Dissertation zielt darauf ab,
diese Herausforderung durch die Implementierung HEK293-stammspezifischer genomweiter
genome-scale metabolic models (GSMMs) in Kombination mit Multi-Omics-Datensätzen zur
Optimierung der rAAV-Produktion zu bewältigen.

Als erster Schritt rekonstruierten wir 80 GSMMs aus zwei HEK293-Stämmen über fünf
Zeitpunkte hinweg. Diese Modelle ermöglichten Einblicke in die metabolischen Unterschiede
zwischen hoch- und niedrigproduzierenden Stämmen und identifizierten HIF-1α als einen
Schlüsselregulator in den niedrigproduzierenden Zellen. Durch die Inhibition von HIF-1α konnten
wir das Zellwachstum erfolgreich stoppen und die spezifische rAAV-Kapsidproduktion um das
2,5-fache steigern. Diese Intervention führte jedoch gleichzeitig zu einer Verringerung der Anzahl
viraler Genome, da HIF-1α eine entscheidende Rolle im pentose phosphate pathway (PPP) spielt,
der für die Nukleotidsynthese essenziell ist. Diese Ergebnisse verdeutlichen die komplexen
Kompromisse im metabolischen Engineering für die rAAV-Produktion.

Um die rekonstruierten GSMMs systematisch zu vergleichen und zu analysieren, verwendeten wir
die logistic principal component analysis (LPCA), eine Methode, die speziell für die Verarbeitung
großer GSMM-Datensätze entwickelt wurde. LPCA ermöglicht eine effiziente Clusterbildung und
Identifikation der Stoffwechselwege, die die beobachteten Unterschiede bestimmen, was insbesondere
im Kontext automatisierter GSMM-Rekonstruktionen von Bedeutung ist. Diese Methode verbessert
die Interpretierbarkeit metabolischer Modelle und erleichtert gezielte Eingriffe zur Steigerung der
rAAV-Produktion.

Über HEK293-Zellen hinaus stellt die Produktion von virusähnlichen Partikeln virus-like particles
(VLPs) in verschiedenen Wirtszelllinien zusätzliche Herausforderungen für GT-Anwendungen dar.
Der Bedarf an robusten und skalierbaren Produktionsplattformen wird durch die Variabilität des
Wirtszellstoffwechsels sowie die Auswirkungen der viralen Vektorreplikation auf zelluläre Signalwege
verstärkt. Diese Übersicht beschreibt die modernsten Methoden zur Integration von GSMMs in
VLP-produzierende Zelllinien, geht auf bestehende Einschränkungen ein und hebt
Optimierungsmöglichkeiten hervor.

Insgesamt trägt diese Dissertation zur Weiterentwicklung der rAAV- und VLP-Produktion bei,
indem sie computergestütztes Modellieren mit Multi-Omics-Ansätzen kombiniert und so den Weg für
effizientere und kostengünstigere Produktionsstrategien in der GT ebnet.
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1 Introduction

1.1 Gene therapy

Gene therapy (GT) is an advanced form of treatment that changes the genetic makeup of a patient’s
cells to cure genetic diseases. This approach is categorized into two principal modalities: in vivo and
ex vivo GT [1]. Ex vivo GT is a method where cells are extracted from a patient, genetically
modified outside the body, and then reintroduced to treat a disease [2]. In in vivo GT, the
therapeutic gene is directly administered to the patient, targeting specific cell populations to rectify
underlying genetic dysfunctions that contribute to disease pathogenesis, such as spinal muscular
atrophy, caused by a mutation in the SMN1 gene [2, 3]. Virus-like particles (VLPs), lipid
nanoparticless (LNPs), and extracellular vesicles (EVs) are some of the vector systems that are
needed to deliver genes effectively. VLPs mimic viral architecture to enhance cellular uptake; LNPs
provide synthetic and tunable gene delivery frameworks; and EVs serve as endogenous carriers,
facilitating the intercellular transport of genetic material. VLP-based vectors are the only vectors
that have been approved by the authorities for use in patients, which shows that they are safe and
effective in clinical settings [1–3].

The global market for cell and gene therapy is experiencing significant expansion and is projected
to increase substantially in the coming years. In 2023, the combined market cap for cell and GT was
estimated at approximately 18.9 billion USD, with an increase to 21 billion USD in 2024 and a
projected valuation of 60 billion USD by 2030 (Fig 1 a) [4]. Effective viral vectors are important for
GT to work in the clinic, with recombinant adeno-associated virus (rAAV) vectors currently being
the most popular choice. The market for rAAV-based GT manufacturing is expected to grow from
1.02 billion USD in 2024 to 2.78 billion USD by 2030 (Fig 1 a) [5]. This trajectory is also reflected in
regulatory approvals, with seven FDA-approved (Food and Drug Administration) GT drugs utilizing
VLP-based rAAV vectors (Fig 1 c). Four of the approved rAAV-based drugs received FDA approval
in 2022 and 2023, showing an accelerated trend in rAAV-based GT innovations [3]. This trend aligns
with academic research output, as evidenced by an increase in publications focusing on rAAV biology
(CAGR (Compound Annual Growth Rate): 12.28%) and manufacturing (CAGR: 10.02%), indicating
sustained efforts to optimize rAAV platforms in response to the expanding GT market (Fig 1 b).

1.2 Adeno-associated virus

1.2.a Biology of AAV

rAAV was first discovered in the early 1960s as a contaminant in adenovirus preparations, leading to
its classification as a member of the Parvoviridae family [6]. Initially considered a defective virus,
rAAV requires a helper virus, such as adenovirus, for replication, which has shaped its unique life
cycle and biological characteristics [7].

rAAV is a small, non-enveloped virus with a single-stranded DNA genome [3,7]. The genome size
of rAAV typically ranges from 4.7 to 5.0 kilobases (kbs), which is smaller than many other viral
vectors, such as adenoviruses and lentiviruses, making it suitable for applications where compactness
is advantageous [8]. rAAVs are classified into multiple serotypes, with rAAV 1 to rAAV 9 being most
studied [9]. Each serotype exhibits distinct tissue tropisms, which allows for targeted gene delivery
to specific cell types [9, 10]. The advantages of rAAV as a gene delivery vector are numerous: rAAVs
are known for their low immunogenicity, which is especially important for patients with immune
deficiency [8, 11]. rAAV can transduce both dividing [12] and non-dividing cells [13], allowing for
versatile applications in GT. Moreover, rAAV vectors can achieve stable long-term expression of
transgenes, particularly in postmitotic tissues, without the need for integration into the host
genome [14,15]. This characteristic is particularly advantageous compared to lentiviral vectors,
which integrate into the host genome and can pose the risks of insertional mutagenesis [8].

However, rAAVs also have notable disadvantages. One significant limitation is their relatively
small packaging capacity, which restricts the size of transgenes that can be delivered [1, 3, 8], and the
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(a)

(b)

(c)

Fig 1 . Industrial and academic relevance of rAAV manufacturing and cell and GT
market. (a) Predicted growth of rAAV manufacturing market (blue), and cell and GT market
(yellow), both expecting an annual average growth of 18%. (b) FDA-approved in vivo GT drugs
grouped by viral vector. (c) Number of publications related to rAAV (light blue), and rAAV
manufacturing (dark blue), both with an average growth of over 10% per year. Data were obtained
as of January 10th, 2025 from PubMed (https://pubmed.ncbi.nlm.nih.gov/).

scale-up of rAAV production remains a bottleneck in meeting the increasing demand for sufficient
rAAV quantities for widespread clinical applications [16,17]. Additionally, the presence of
pre-existing neutralizing antibodies in the human population can hinder the efficacy of rAAV-based
therapies, as these antibodies can bind to the viral capsid and prevent successful transduction [18].
This issue is particularly pronounced in rAAV 2, which is the most widely used serotype [19]. Recent
advancements, such as the encapsulation of rAAVs in EVs, have shown promise in overcoming these
limitations by enhancing stability and evading neutralizing antibodies, thus improving gene delivery
efficacy [20].

In comparison to other gene delivery vectors, such as adenoviruses, lentiviruses, LNPs, and EVs,
rAAVs offer a unique set of benefits and challenges: Adenoviruses can deliver larger transgenes [1]
and do not require helper viruses for replication; however, they are often associated with stronger
immune responses and potential toxicity [21]. Lentiviruses, while capable of stable integration and
long-term expression, carry risks of insertional mutagenesis [22]. LNPs provide a non-viral alternative
but may lack the efficacy and tissue-specificity of rAAVs in certain contexts [23]. Additionally, rAAV
vectors have already received regulatory approval for clinical use, with several rAAV-based drugs

7



Fig 2 . Schematic overview of rAAV production following triple transfection in
mammalian cells. DNA:PEI nanoparticles are taken up via endocytosis. After entering the
nucleus, rAAV are produced using resources, and energy from the host cell. Following
post-translational modification, rAAV are released via secretion or cell lysis.

approved by authorities for the treatment of genetic disorders, while EVs and LNPs are still under
investigation and have yet to achieve similar regulatory status in in vivo GT [1,3].

1.2.b Production of rAAV based on the triple transfection process

Currently, the most common platform for the production of rAAV are HEK293 (Human embryonic
kidney) cells using transient triple transfection, a process in which three plasmids are introduced
into cells to allow viral replication, genome packaging, and capsid formation (see Fig 2) [1, 3, 24,25].
The triple transfection system consists of a transfer plasmid, a packaging plasmid, and a helper
plasmid. The transfer plasmid contains the gene of interest (GOI) flanked by inverted terminal
repeatss (ITRs), which are required for rAAV genome replication and packaging. The packaging
plasmid encodes the rAAV replication (Rep) and capsid (Cap) proteins, which are essential for viral
genome replication and capsid formation. The helper plasmid supplies the necessary adenoviral
(Fig 3) or herpes simplex virus type 1 (HSV-1) genes that provide helper functions required for
efficient rAAV replication [1, 3, 25].

Specifically, the Rep proteins play a critical role in rAAV genome replication and packaging. The
large Rep proteins, Rep78 and Rep68, bind to the ITR sequences of the viral genome and initiate
replication through their helicase and endonuclease activities [26]. The small Rep proteins, Rep52
and Rep40, are primarily involved in genome packaging and strand displacement during the final
stages of rAAV assembly [26,27]. The Cap proteins, consisting of viral protein (VP) 1, VP 2, and
VP 3, self-assemble to form a 60-subunit icosahedral capsid in the ratio 1:1:10 (VP 1:VP 2:VP 3).
The VP 1 protein possesses phospholipase A2 (PLA2) activity, which is necessary for endosomal
escape during viral entry, while VP 2 and VP 3 contribute to receptor binding and transduction
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Fig 3 . Schematic overview of rAAV replication in mammalian cells. Starting from a
ssDNA AAV genome, the replication process requires AAV-specific proteins (red), host proteins
(blue), and helper virus proteins (yellow), such as Adenoviruses.

efficiency [27]. The assembly-activating protein (AAP) facilitates the proper folding and assembly of
the rAAV capsid [28].

rAAV requires helper virus functions for efficient replication and transcription. These helper
functions are typically provided by adenoviral genes or, alternatively, by HSV-1 genes. In the
adenovirus-based system, the E1A gene promotes cell cycle progression and enhances Rep/Cap gene
expression, while E4orf6, and E1B55K facilitate the degradation of p53, thereby allowing viral
replication to proceed efficiently, and inhibiting cellular apoptosis. The adenoviral E2A gene further
contributes by supporting viral DNA replication and inhibiting the antiviral PKR response (see
Fig 3) [29]. Alternatively, HSV-1 helper genes can be used to support rAAV replication. The UL5,
UL8, and UL52 genes encode the helicase-primase complex, which unwinds DNA and synthesizes
primers for replication. ICP0 acts as an E3 ubiquitin ligase, targeting cellular restriction factors for
degradation, thereby enhancing viral replication. ICP4 serves as a transcriptional activator,
ensuring high-level expression of viral genes by recruiting host polymerases. Additionally, the HSV-1
DNA polymerase, encoded by UL30, and its processivity factor, UL42, facilitate the replication of
rAAV genomes in the absence of adenoviral helper functions [29,30].

In addition to viral factors, several host cell enzymes are required for efficient rAAV replication.
The minichromosomal maintenance complex (MCM) functions as a DNA helicase, unwinding the
rAAV genome to facilitate replication. Proliferating cell nuclear antigen (PCNA) serves as a sliding
clamp that enhances the processivity of cellular DNA polymerases. Furthermore, rAAV relies on
host DNA polymerase δ to synthesize new genome copies, using the self-priming mechanism
provided by the ITRs (see Fig 3) [31].

1.2.c Post-translational modification (PTM) of rAAV

Across the rAAV 1-rh10 serotypes, 52 PTMs were identified, with glycosylation being the most
prevalent (36%), followed by phosphorylation (21%), ubiquitination (17%), SUMOylation (13%), and
acetylation (11%) [32]. These modifications play important roles in regulating capsid function,
stability, and transduction efficiency [33]. Genetic engineering showed the necessity of PTMs for
rAAV. Mutation of the glycosylation site in rAAV 2 (N253Q) resulted in a 100-fold reduction in
vector yield, indicating that glycosylation is crucial for viral capsid assembly and stability. Mutation
of the SUMOylation site in rAAV 2 (K258Q) led to a 28% reduction in transduction in vitro and
completely abolished in vivo transduction in the mouse retina, suggesting that SUMOylation plays a
role in nuclear transport and transcriptional activation. Furthermore, mutation of the ubiquitination
site in rAAV 2 (K544E) increased viral transduction by preventing proteasomal degradation,
indicating that ubiquitination functions as a degradation signal [32]. Regarding glycosylation, nine
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rAAV serotypes (rAAV 1–rAAV 9) exhibited N-glycosylation with comparable overall profiles. The
dominant feature was the high abundance of mannosylated N-glycans, comprising approximately
74–83% of total N-glycans. Additionally, fucosylated N-glycans were present at 23–40%, while
sialylation accounted for 10–17%. No significant glycan differences were observed between empty
and full rAAV 2 capsids, suggesting that glycosylation is an intrinsic property of the capsid rather
than being influenced by the presence of vector genomes [34]. The glycan structures on the rAAV
capsid surface play a crucial role in tissue tropism by mediating interactions with cell surface
receptors, as well as in cellular uptake, intracellular trafficking, immune recognition, and vector
stability. A deeper understanding of N-glycosylation differences among rAAV serotypes may aid in
the rational design of rAAV vectors for GT by enabling the selection of serotypes with favorable
glycan structures for specific applications [34]. rAAV 6 is primarily O-glycosylated rather than
N-glycosylated. O-glycosylation affects the capsid composition by altering the VP 1 to VP 2/VP 3
ratio. Since VP 1 contains a phospholipase A2 domain that is essential for endosomal escape,
glycosylated rAAV 6 exhibited lower transduction efficiency. In vitro studies showed that
non-glycosylated rAAV 6 had a transduction efficiency of 94.4%, whereas glycosylated rAAV 6 only
achieved 10.0%. Similarly, in vivo experiments demonstrated that glycosylated rAAV 6 led to lower
levels of human factor IX (hFIX ) expression, further confirming its reduced functional efficiency [35].
rAAV 8 is glycosylated specifically on the VP 3 protein. The presence of terminally galactosylated
N-glycans suggests potential interactions between rAAV 8 and host-cell receptors. This glycosylation
may influence its tissue tropism, transduction efficiency, and immunogenicity, highlighting its
potential role in vector performance and host interactions [36]. Early studies initially classified
glycans as “primary receptors” for rAAV; however, they are now recognized as “attachment factors”
rather than true receptors. Different rAAV serotypes exhibit distinct glycan specificities, influencing
their interactions with host cells. For example, rAAV 2, rAAV 3B, rAAV 6, and rAAV 13
preferentially bind to heparan sulfate, while rAAV 1, rAAV 5, rAAV 6, and rAAV 4 recognize sialic
acid. In contrast, rAAV 9 primarily interacts with galactose. These glycan interactions play a crucial
role in increasing rAAV concentration at the plasma membrane, thereby facilitating engagement
with cellular receptors and enhancing viral entry [37].

1.2.d Full-empty ratio

One of the key factors during the production of rAAV particles is the full-empty-ratio (F/E ratio).
This ratio refers to the proportion of rAAV particles that contain a full-length genome (full capsids)
compared to those that are devoid of genetic material (empty capsids) or carry truncated DNA
sequences. A high F/E ratio is desirable because empty capsids do not contribute to therapeutic
efficacy and can dilute the effectiveness of the treatment by competing with full capsids for cellular
uptake and receptor binding [38–40]. The existence of a F/E ratio arises from the inherent
complexities of the rAAV packaging process (Fig 3). During the assembly of rAAV particles, not all
capsids successfully encapsulate the viral genome. Several factors can influence the F/E ratio.
Firstly, the genetic payload size is a significant determinant; larger genomes tend to have lower
packaging efficiency, resulting in a higher proportion of empty capsids [27]. Secondly, the production
system used (e.g., mammalian cells vs. insect cells) can affect the assembly and packaging efficiency
of rAAV particles. For example, insect cell systems may yield higher F/E ratios due to differences in
PTMs, and capsid assembly dynamics [41–43]. Furthermore, the optimization of capsid protein
ratios (VP 1:VP 2:VP 3) during the production process can enhance the packaging efficiency of full
genomes [42]. Recently, a mechanistic model has been used to identify bottlenecks during triple
transfection for rAAV 5 production. Only about 5% of the initial plasmid input is taken up by cells,
with only 0.6% reaching the nucleus, limiting rAAV production due to inefficient nuclear entry and
plasmid degradation [25].

Capsid production peaks at 24 hours post-transfection, while viral genome replication continues
beyond this point, resulting in newly synthesized DNA not being efficiently packaged into capsids.
This mismatch between capsid production and DNA replication contributes to a low F/E ratio,
limiting the overall yield of functional rAAV particles. Rep protein plays a dual role by catalyzing
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Fig 4 . Overview of selected, industrially relevant host cells for rAAV production. While
HEK293 cells are the most important production hosts for rAAV production, especially due to the
human PTM signature, other host cells bear significant advantages, such as higher growth rates
(Chinese hamster ovary (CHO), S.cerevisiae) or rAAV titers (Sf9).

viral DNA replication and packaging while also repressing cap gene expression, which can limit
capsid production and reduce overall rAAV yield [25]. A potential reason for the earlier expression of
capsid genes might be the earlier uptake of rep/cap, and helper plasmids compared to the transgene
plasmid [25], which is the reason why the authors suggested time-staggering, with transgene plasmids
added earlier to the cells, while other plasmids could be added later to synchronize expression [25].

1.3 rAAV production in different host cells

For the production of rAAV vectors various host cells can be utilized for this purpose, including
HEK293 [1], Sf9 [44], HeLa [45], A549 [46], CHO [47], S.cerevisiae [48], and Brassicaceae [49]. Each
of these hosts offers distinct advantages and challenges in the context of rAAV production. However,
A549 and HeLa cells are derived from tumors and should not be used for the manufacturing of
recombinant drugs [46,50] (Fig 4).

1.3.a rAAV production in HEK293 cells

rAAV production has been significantly improved through optimized transient transfection methods
in suspension HEK293 cells [51–53]. One approach adapted HEK293 cells to serum-free suspension
culture, achieving > 1 · 1010 vg/mL post-purification [53]. Implementing a perfusion system further
increased total yields to 1.1 · 1011 vg/mL from a 10 L WAVE bioreactor by continuously harvesting
vectors from the media [24]. A design-of-experiment strategy to optimize plasmid ratios and
transfection conditions lead to a production of 3.64 · 1011 vg/mL for AAV9 and 4.46 · 109 vg/mL for
AAV2 in small-scale cultures. Scaling up to 125 mL cultures resulted in 2.23 · 1010 vg/mL for
AAV9 [52]. A different study using orbitally shaken HEK293 cells reported titers of > 1 · 108 vg/mL,
allowing scale up to 1000 L [51].

1.3.b rAAV production in Sf9 cells

Sf9 cells, derived from the fall armyworm Spodoptera frugiperda, are a widely utilized insect cell line
in biotechnology, particularly for the production of recombinant proteins (RPs) and VLPs, including
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rAAV. The Sf9 cell line is part of the baculovirus expression vector system (BEVS), which exploits
the natural ability of baculoviruses to infect insect cells and facilitate high-level expression of
RPs [54,55]. Sf9 cells are favored for their rapid growth, the ability to grow in suspension cultures
even in high density [56], and capacity for PTMs similar to those in mammalian cells, making them
suitable for producing complex biopharmaceuticals [44,57]. Additionally, Sf9 cells have a robust
metabolic profile that supports the efficient production of RPs as they preferentially utilize glutamine
over asparagine, which is generally benefitial for growth and energy production, particularly in the
tricarboxylic acid cycle (TCA) cycle [58]. Furthermore, Sf9 cells are less prone to contamination
with human pathogens, providing a safer alternative for producing therapeutic proteins [54].

BEVS utilizing insect cells, particularly the Sf9 cell line have been adapted to modified systems
within BEVS framework to enhance rAAV production, including OneBac [59], Monobac [60],
ExpiSf9 [61], and stable Sf9 cell pools [62]. For example, the ExpiSf9 system is a commercially
available platform that utilizes a chemically defined medium for the growth of Sf9 cells [61]. The
OneBac system has been reported to achieve significantly higher rAAV titers compared to
traditional Sf9 systems giving the currently highest reported titers with > 2 · 1011 vg/mL in a 50 L
bioreactor [59].

1.3.c rAAV production in CHO cells

CHO cells are the most important mammalian cell line in biopharmaceutical production [63,64], and
are primarily used for the production of monoclonal antibodies and RPs. Recently, CHO strains
were engineered to be infectible by HSV-1 viruses to allow rAAV production. The top-performing
clone, CHO-HV-C1, demonstrated high production yields, achieving titers of 1.62 · 109 vg/mL for
rAAV6.2-GFP, 2.51 · 109 vg/mL for rAAV 8-GFP, and 4.07 · 109 vg/mL for rAAV 9-GFP. The best
results were obtained with an MOI of 4:1 (rHSV-1 to CHO cells), while further increasing the MOI
did not lead to significant improvements in yields. Additionally, a temperature shift from 37°C to
33°C significantly improved cell viability and rAAV yield, a finding consistent with previous studies
that reported greater HSV-1 stability and replication efficiency at lower temperatures. CHO-derived
rAAV 6.2-GFP and rAAV 9-GFP contained 91% and 79.5% full capsids [47], respectively, a similar
percentage compared to the 90% recently seen in HEK293-produced rAAVs [52]. Further
characterization of the capsid proteins confirmed proper assembly, with VP 1:VP 2:VP 3 ratios
matching those of naturally occurring rAAV capsids, unlike the BEV-Sf9 system, which often
requires genetic modifications to achieve proper capsid formation. In vitro infectivity tests
demonstrated that CHO-derived rAAVs exhibited transduction efficiencies comparable to those
produced in HEK293 cells using triple transfection. The rAAV were tested for biodistribution in
mice, where they showed effective transduction in major organs, including the liver, heart, and
lungs [47].

1.3.d rAAV production in yeast (S. cerevisiae)

rAAV production in yeast has been explored as an alternative to mammalian and insect cell-based
systems. Several studies have demonstrated that yeast can express rAAV capsid proteins, assemble
rAAVs, and generate single-stranded DNA (ssDNA) genomes, though with significantly lower
efficiency than in human cells. In a first attempt, it has been demonstrated that yeast can replicate
an rAAV genome and generate ssDNA from a circular plasmid containing ITRs and the Rep68
protein. This process, however, did not follow the conventional rAAV replication pathway observed
in mammalian cells. Yeast could serve as a cost-effective, genetically tractable system for
understanding the molecular biology of rAAV, though further optimization is required to achieve
efficient replication and packaging [65]. In a following study the ability of yeast to assemble rAAV
capsids by expressing the VP 1 and VP 3 structural proteins was investigated. The correct
stoichiometry was achieved using a combination of the natural p40 promoter and the inducible yeast
GAL1 promoter, with optimal induction conditions identified as 4.5 hours in a medium containing
0.5% glucose and 5% galactose. The rAAVs were compared to confirm that their morphology was
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similar to rAAV capsids produced in mammalian cells [66]. Finally, the expression of rAAV capsid
proteins and ssDNA was accomplished. Various promoters were tested, and the GAL1/10
bidirectional promoter provided the best results for VP 1, VP 2, and VP 3 expression. Additionally,
attempts were taken to enhance rAAV genome replication by introducing adenoviral helper proteins,
E4orf6 and E1b55k, which are known to facilitate rAAV replication in human cells. However, their
expression in yeast did not improve ssDNA formation. While yeast could generate rAAV capsids,
both capsid assembly and ssDNA formation were significantly less efficient, approximately 1000-fold
and 100-fold (1 · 109 vg/ml) lower, respectively, than in human cells [48]. Although yeast offers
advantages such as ease of genetic manipulation, cost-effectiveness, and rapid growth, it is not yet an
efficient platform for large-scale rAAV vector production. The primary limitations include low
capsid assembly efficiency, reduced ssDNA formation, and the lack of a clear replication mechanism
comparable to that in mammalian cells. Nevertheless, these studies provide a foundation for further
research aimed at improving rAAV production in yeast, potentially making it a viable alternative to
current mammalian and insect cell-based systems.

In summary, HEK293 cells remain the predominant host for rAAV production in the
biopharmaceutical industry due to their high yields, well-established protocols, and
biopotency [24,61], while alternative hosts such as Sf9 insect cells, CHO cells, and yeast offer distinct
advantages. Sf9-based BEVS have demonstrated promising scalability, achieving high titers, but
often require modifications to ensure proper capsid formation. CHO cells show potential as a
mammalian alternative, particularly with engineered strains optimized for HSV-1-based production,
however, more research on biopotency needs to be done. Although yeast presents a cost-effective and
genetically tractable platform, its efficiency remains significantly lower than mammalian and insect
cell-based systems, highlighting the need for further optimization before it can be considered a viable
alternative.

1.4 HEK293 cells in biopharmaceutical production

1.4.a Relevance of HEK293 cells

The HEK293 cell line was established in 1973 from the kidney of an aborted human embryo via
transformation with sheared Adenovirus 5 DNA [67]. As of today, thousands of HEK293 strains are
registered in the cellosaurus database [68], with the majority being knockout strains. The HEK293
cell line and its derivates are essential in biotechnological research and production, valued for their
ability to produce therapeutic proteins with human-like PTMs, such as glycosylation and proper
folding [69,70]. HEK293 is the most used cell line in the production of VLPs like rAAV,
adenoviruses, and lentivirus for GT and vaccine development [1], as well as in manufacturing
complex biologics [70]. Certain HEK293 derivatives were optimized for high-density suspension
cultures, enabling large-scale production in suspension and under serum-free conditions [69,71].
Additionally, their high transfectability and reliable expression of exogenous genes make them
valuable for studying signal transduction, protein interactions, and gene expression, cementing their
role as a cornerstone in both academic research and industrial bioprocessing [72].

From an economic perspective, HEK293 cell line market was valued at $1.2 billion in 2022 and is
projected to reach $2.5 billion by 2030. Even more impressive is, that the HEK293 media market
was valued at $6.3 billion in 2023 and is expected to reach $13.1 billion by 2030. These markets are
driven by advancements in biotechnology, increasing demand for biopharmaceuticals, and cell-based
therapies [73].

1.4.b Biology of HEK293 cells

During establishing the HEK293 cell line, a 4-kbp adenoviral genome fragment was integrated into
chromosome 19, encoding proteins E1A, and E1B, which interfere with cell cycle control and
apoptosis, making HEK293 cells immortal [67]. Cytogenetic analysis identified pseudotriploidity in
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HEK293 cells, indicating abnormal chromosomal numbers, potentially due to extensive
passaging [74], which was confirmed during a resequencing, and karyotyping effort of six HEK293
strains [75]. Over the past decade, eight HEK293 derivates have been resequenced and
analyzed [75,76], including HEK293T, HEK293S, HEK293SG, HEK293SGGD, HEK293E,
HEK293-H, HEK293-F, Freestyle 293-F. Among these strains, some were adapted to grow under
suspensional conditions for increased growth rates, and facilitate scale-up in manufacturing. Despite
several studies, describing adaption from adherent to suspensional growth of HEK293
strains [71,75,76], several questions remain to be solved how cells change during this adaption.
When comparing five progeny strains to the parental HEK293 strain, downregulation of cell
adhesion, extracellular matrix organization, and cell motility was observed, while amino acid
metabolism and cholesterol biosynthesis were upregulated in progeny cells, independent of the
growth conditions. Strains grown in suspension had a decreased retinol metabolism, oxidative
phosphorylation (OXPHOS), and nucleotide metabolism [76], indicating that the adaption process is
more prevalent for HEK293 cells than the production state [77].

In terms of production of RPs and VLPs, HEK293 cells provide several advantages over other
mammalian cells:

• One of the primary benefits of using HEK293 cells is their high transfection efficiency, which
allows for rapid and robust production of RPs and VLPs. For instance, engineered HEK293
cell lines have been shown to support high-throughput expression of RPs with titers reaching
up to 650 mg/L within seven days [78].

• The use of the cytomegalovirus promoter in HEK293 cells has been widely adopted to facilitate
high-yield production of RPs, as well as lentiviral and rAAV vectors [79]. This efficiency is
further enhanced by the adaptation of HEK293 cells to suspension culture, which allows for
easier scaling and automation of the production process [51].

• HEK293 cells have very specific morphological features. The large nucleus of HEK293 cells,
comprising approximately two-thirds of the cell volume [80], is beneficial for the production of
RPs and VLPs, since it provides more space for transcription, potentially allowing for higher
levels of mRNA production [72].

• HEK293 cells are capable of performing complex PTMs that are critical for the functionality of
many RPs and VLPs, such as human-like glycosylation pattern. The ability to produce RPs
and VLPs with native PTMs reduces the risk of immunogenicity and enhances the therapeutic
potential [69, 81].

• Numerous therapeutic products, including RPs, VLPs, and vaccines produced in HEK293 cells,
have already been approved by the FDA, making the HEK293 platform a trustworthy host for
production [3, 69].

1.5 Challenges in culturing HEK293 cells

Despite HEK293 strains have multiple advantages in the production of complex biologics, there are
still a lot of challenges in culturing HEK293 cells (or mammalian cells in general) related to
metabolism, endoplasmic reticulum (ER) stress, and transfection efficiency.

1.5.a Metabolic challenges and solutions

Pseudohypoxia: In bioprocesses, the activation of HIF-1α has been shown to negatively impair
productivity in HEK293 cells [82], which is in accordance with results from our experiments [83], and
makes a detailed discussion of HIF-1α associated metabolism indispensible.

Pseudohypoxia refers to a cellular state that mimics the physiological responses of hypoxia,
despite the presence of normal oxygen levels. This phenomenon is primarily characterized by the
activation of HIF-1α, which leads to the expression of genes typically activated under low oxygen
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Fig 5 . Schematic overview of cellular pathways, upregulated by HIF-1α activation in
hypoxia or normoxia. HIF-1α activation upregulates glycolysis, while downregulating overall
TCA activity, HIF-1α enhances parts of the TCA by enhancing glutaminolysis, fuelling the TCA.
Metabolic changes lead to enhanced reactive oxygen species (ROS) and NADH levels. as well as to
ER stress, unfolded protein response (UPR), increased EV secretion, and expression of immune
response related genes (see main text for detailed description).

conditions [84]. Pseudohypoxia is often associated with various pathological conditions, including
cancer, where it can promote tumor progression and therapeutic resistance by altering metabolic
pathways, such as TCA, and pentose phosphate pathway (PPP), and enhancing glycolysis, even in
the presence of sufficient oxygen [85,86]. HIF-1α is tightly controlled by prolyl hydroxylases (PHDs),
which hydroxylate HIF-1α, and lead to its proteasomal depletion. By inhibiting PHDs using
pharmacological agents (CoCl2), HIF-1α is activated even under normoxic conditions [87]. In cell
culture, various causes for HIF-1α stabilization, and its consequences were described, inducing
pseudohypoxia without the addition of pharmacological agents (see Fig 5):

• The TCA cycle plays a central role in cellular metabolism and can significantly impact HIF-1α
stability, with fumarate and succinate being PHD inhibitors [88]. Succinate accumulation has
been observed in HEK293 cells following adaptation to suspension growth, potentially
indicating active HIF-1α signaling [71]. ROS generated from enhanced TCA cycle activity
further contribute to HIF-1α stabilization by promoting oxidative stress, a known activator of
HIF-1α [89, 90], despite ROS not being necessary for HIF-1α stabilization [91]. This creates a
feedback loop where HIF-1α activation suppresses oxidative metabolism while enhancing
glycolytic pathways, thereby perpetuating pseudohypoxia and supporting tumor growth [88].
Despite TCA activity and OXPHOS are reduced during HIF-1α activation, HIF-1α enhances
glutaminase (GLS ) expression, promoting glutaminolysis as an adaptive mechanism in rapidly
proliferating cells [92]. Forming a positive feedback loop, glutaminolysis provides alternative
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carbon sources for the TCA cycle, and its upregulation can contribute to HIF-1α stabilization
by producing TCA intermediates [93].

• Enhanced glycolysis leads to the accumulation of intermediates such as pyruvate and lactate,
and contributes to HIF-1α stabilization [94], reinforcing a feedback loop that further
upregulates glycolysis [95]. In turn, HIF-1α suppresses PDH activity through PDK
upregulation, limiting TCA cycle flux and reinforcing glycolytic dependence [96]. Enhanced
glycolysis leads to reductive stress by shifting the NADH/NAD+ ratio towards NADH [97].

• Inflammatory cytokines such as TNF-α and IL-1γ can directly induce HIF-1α stabilization,
contributing to metabolic reprogramming associated with chronic inflammation and tumor
progression [98,99]. HIF-1α, in turn, enhances the expression of pro-inflammatory cytokines,
promoting a self-sustaining inflammatory microenvironment [100]. This interplay is crucial in
cancer and immune cell function, where inflammation-driven metabolic shifts favor glycolysis
over OXPHOS.

• The activation of the PPP in pseudohypoxia is primarily driven by the increased demand for
ribose-5-phosphate, a product of the PPP that is necessary for nucleotide synthesis due to high
growth rates. The stabilization of HIF-1α upregulates genes involved in the PPP, such as
G6PD, which is the rate-limiting enzyme in the PPP [101,102]. The enhanced glycolytic flux
provides the necessary substrates for the PPP, thereby facilitating nucleotide synthesis in
cancer cells [103].

• HIF-1α regulates the expression of genes involved in the UPR. For example, it has been
demonstrated that HIF-1α activation can lead to increased expression of C/EBP homologous
protein (CHOP), a critical transcription factor in the UPR that promotes apoptosis when ER
stress is severe [104–106] (see chapter 1.4.2).

• Hypoxia-induced HIF-1α activation in HEK293 cells significantly increased EV release, while
HIF-1α knockdown reduced this effect, indicating its crucial role in EV secretion under low
oxygen conditions [107]. Another study demonstrated that pharmacological stabilization of
HIF-1α enhanced EV production in renal proximal tubular cells, further confirming that
HIF-1α activation promotes EV release, although additional hypoxia-responsive mechanisms
may contribute to this process [108].

Differences in culturing techniques may contribute to variations in the productivity of certain
HEK293 strains, particularly when comparing suspension to adherent culture methods. A recent
study highlighted significant metabolic changes when an adherent HEK293 strain was adapted to
suspension culture. This adaptation led to increased glucose consumption, elevated lactate secretion,
and higher succinate production, all of which suggest the occurrence of pseudohypoxia in these
cells [71]. Similar metabolic shifts have been observed in CHO cells, where reducing pseudohypoxia
through the inhibition of pyruvate dehydrogenase kinase (using dichloroacetate) resulted in improved
culture performance and enhanced antibody production [109]. Furthermore, in a separate study,
knocking down HIF-1α in HEK293 cells led to a remarkable 35-fold increase in HIV particle
production, emphasizing the critical role of HIF-1α in optimizing bioreactor-based production
processes [82].

Warburg effect: first described by Otto Warburg in the 1920s, the Warburg effect is a metabolic
phenomenon observed in highly proliferative mammalian cells, including cancer cells, immune cells,
and stem cells, where glucose is preferentially fermented into lactate even in the presence of
oxygen [110–112]. This process diverges from conventional cellular metabolism, in which
glucose-derived pyruvate is oxidized via the TCA cycle and OXPHOS in mitochondria for efficient
ATP production. Instead, Warburg-positive cells convert the majority of pyruvate into lactate
through the action of lactate dehydrogenase (LDH ), a process regulated by pyruvate dehydrogenase
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(PDH ) and pyruvate dehydrogenase kinases (PDKs). PDKs phosphorylate and inhibit PDH,
preventing pyruvate from entering the mitochondria and redirecting it toward lactate production [64].

In HEK293 cells, 77% of glucose was found to be converted into lactate [113], indicating a strong
Warburg effect, instead of fuelling pyruvate into the TCA, which makes up only 22%. TCA cycle
carbon mostly originates from amino acid metabolism, with 16% of the TCA cycle carbon originating
from glutamine [113], primarily entering as AKG [93]. When pH drops below 6.75 and lactate
concentration reaches 13 mM, HEK293 cells shift to consuming both glucose and lactate, preventing
lactate buildup and improving metabolic balance under pH-uncontrolled conditions. This metabolic
shift enables higher growth rates and reduces acidification, making it beneficial for bioprocess
optimization. In glucose-only metabolism, HEK293 cells rely heavily on glycolysis, with only 24% of
pyruvate entering mitochondria. However, in glucose-lactate co-metabolism (pH-uncontrolled),
glucose uptake decreases by 89%, allowing both glucose and lactate to fuel the TCA cycle, stabilizing
energy metabolism, sustaining cell growth, and reducing toxic by-products like lactate [114].

Identifying the inefficient pyruvate entry into the TCA as bottelneck in HEK293 strains, studies
were conducted to improve central carbon metabolism. The overexpression of pyruvate carboxylase
(PC ) leads to a more efficient conversion of pyruvate to oxaloacetate, resulting in increased glucose
utilization, decreased lactate and ammonia production, as well as higher viability [115–117]. The
knockdown of PDK, which downregulates the activity of PC, resulted in lower amounts of lactate
secreted, and VLP production was enhanced by 30-fold [82]. In a recent approach, CHO and
HEK293 cells were adapted to Warburg-zero cells, meaning that they do not produce lactate
anymore, while maintaining wild-type growth rates, disproving the hypothesis that lactate
production is essential for rapid proliferation. Cells exhibited a drastic reduction in glucose uptake
but maintained energy balance via increased oxidative metabolism, mainly enhanced TCA activity.
Oxygen consumption increased, indicating reliance on mitochondrial ATP production, and cells were
more sensitive to mitochondrial inhibitors. NADH levels increased significantly, disrupting the
NADH/NAD+ balance. Cells compensated by upregulating alternative NAD+ regenerating
pathways, including glycerol-3-phosphate dehydrogenase (GPD1 ) [64]. With these insights, it could
be shown that cell growth is independent from the Warburg effect.

1.5.b ER stress and unfolded protein response (UPR)

ER stress is a cellular condition that arises when there is an accumulation of unfolded or misfolded
proteins within the ER lumen. This accumulation can overwhelm the ER capacity to properly fold
proteins, leading to a state of stress that triggers a protective signaling pathway known as the UPR.
The UPR serves to restore normal function by enhancing the folding capacity of the ER, reducing
the synthesis of new proteins, and promoting the degradation of misfolded proteins through a
process called ER-associated degradation (ERAD). If the stress is unresolved, the UPR can lead to
apoptosis, highlighting its dual role in cell survival and death [118]. The occurrence of ER stress and
the activation of the UPR are particularly relevant in the context of producing RPs or VLPs in
mammalian cells. When cells are engineered to produce large amounts of RPs, the influx of nascent
polypeptides can exceed the folding capacity of the ER, resulting in an accumulation of misfolded
proteins [118]. This situation is exacerbated by the complex folding requirements of many RPs,
which may include PTMs that are critical for their functionality [119]. Similarly, viral infections can
induce ER stress due to the unscheduled accumulation of VLPs and alterations to ER membranes,
which further disrupt the normal protein folding environment [120,121].

The UPR is mediated by three primary signaling pathways involving the transmembrane proteins
IRE1, ATF6, and PERK, each of which plays a distinct role in the cellular response to ER
stress [122,123]. For instance, IRE1 activates XBP1, a transcription factor that enhances the
expression of chaperones and components of the ERAD machinery, and therefore inducing the
UPR [124]. Overexpression of XBP1 led to an improved volumetric and specific production of
γ-retroviruses in HEK293 cells [125]. In terms of rAAV production, the down-regulation of
nucleophosmin (NPM1 ) resulted in up to a 35-fold increase in rAAV 2 and rAAV 8 vector production,
suggesting that manipulating cellular stress responses can significantly enhance rAAV yield [126].
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NPM1 has been identified as a chaperone-like protein that can bind to misfolded proteins, which is
particularly relevant during ER stress when the accumulation of such proteins occurs [127].

1.5.c Challenges and solutions during transfection

In a transient transfection process for rAAV production, plasmids are complexed with transfection
reagents such as PEI [16,25,77] to allow uptake into cells. However, numerous factors impair
transfection efficiency including the correct plasmid ratio (in case of a triple transfection
process) [24,52], cell density [128,129], size of pDNA-particles [130], the interaction with host
macromolecules after entering the host cells [131], or the number of plasmids (one vs. three) [132].

Cell density effect: The cell density effect (CDE) in mammalian cell culture describes how cell
growth and productivity are influenced by cell concentration [128,129, 133]. As cell density increases,
regulatory mechanisms such as contact inhibition, nutrient depletion, and the accumulation of waste
products can limit cell proliferation and productivity [129,133]. This phenomenon is particularly
important in bioprocessing and RP production, where it affects product yield and quality [128,133].
For instance, hybridoma cells producing monoclonal antibodies can be optimized at low growth rates
in high cell density (HCD) bioreactors, while other recombinant mammalian cells may experience
diminished production under similar conditions [134]. The CDE is a significant barrier in transient
gene expression processes, where transfection efficiency and productivity decrease at HCD. Transient
gene expression is most commonly used in bioprocesses for producing VLPs, and RPs, but its
large-scale application is hindered by the CDE. At > 8 · 106 cells/mL, no detectable VLP production
was observed, indicating a severe impact of CDE [128]. One reason for the low transfection efficiency
at HCD might be the increased production of EVs by cells [128]. Higher EV concentrations
correlated with lower transfection efficiency. When fresh medium was replaced with spent medium
from HCD cultures, transfection efficiency dropped from 80% to 5%. Interestingly, EVs seem to
interact with PEI:pDNA polyplexes, causing their breakdown and aggregation.

Depleting EVs from conditioned medium restored transfection efficiency to near-optimal levels.
At HCD, polyplexes were trapped in intracellular vesicles, preventing transfection. Ceramide
glucosyltransferase (UGCG) overexpression disrupted these intracellular structures, allowing
polyplexes to reach the nucleus. The transfection efficiency was improved by 45% at 12 · 106
cells/mL, when combining EV depletion and UGCG overexpression. VLP production increased by
60%, and polyplex trafficking was normalized [128]. The interaction between EVs and polyplexes
during transient transfection processes may be influenced by recently published alternatives to PEI
as a transfection reagent. One such alternative is FectoVir, a novel transfection reagent that forms
smaller DNA-conjugates, reducing potential interactions with EVs and enhancing transfection
efficiency. Additionally, Polyplus has developed a smaller helper plasmid, further improving
transfection efficiency [130]. However, increasing the transfection efficiency of all plasmids during
transient transfection could lead to a lower F/E ratio of VLPs. This is because the uptake of the
transgene plasmid is the rate-limiting step in rAAV production in HEK293 cells [25]. Faster uptake
of rep/cap and helper plasmid would lead to even earlier expression of the corresponding genes, and
therefore production of more empty capsids, due to the lower transfection efficiency of the transgene
plasmid.

Another primary challenge associated with HCD is the accumulation of metabolic by-products,
such as lactate and ammonia, which can become toxic to the cells. These by-products can inhibit
cell growth and viability, leading to a decrease in overall productivity. For instance, it has been
shown that elevated lactate levels can negatively impact the metabolic activity of HEK293 cells,
thereby reducing their capacity to produce VLPs effectively [133]. Additionally, HCD can lead to
nutrient depletion, as the demand for essential nutrients increases with cell proliferation, potentially
limiting the metabolic resources available for VLP assembly and secretion [135].

AAVone system: the AAVone system [132] has been developed to overcome the limitations of
the standard process, where three plasmids are taken up at different rates [25]. The AAVone system
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is a single-plasmid approach designed to improve rAAV vector production by consolidating all
necessary genetic components into a compact 13-kb plasmid. Compared to the conventional triple
plasmid method, AAVone increases rAAV yields by 2 to 4 times across multiple serotypes while
maintaining high production consistency and reducing batch variability. Beyond yield improvements,
AAVone enhances vector quality by reducing DNA impurities, particularly unwanted plasmid
backbone sequences, and lowering the presence of truncated or non-functional genomes. It also
increases the F/E capsid ratio, producing a higher proportion of fully packaged, functional vectors.
With reduced plasmid DNA input requirements, the system minimizes manufacturing costs while
maintaining equivalent or superior transduction efficiency in vitro and in vivo. These advantages
make AAVone a scalable, cost-effective, and good manufacturing practice (GMP)-compatible
solution for rAAV-based gene therapies [132].

Stable cell lines for rAAV production provide significant advantages over transient transfection,
particularly in scalability, cost efficiency, and product consistency [62,136–139]. Unlike transient
transfection, which requires expensive GMP-grade plasmids and reagents, stable cell lines streamline
manufacturing and lower costs [62]. They also enhance reproducibility and quality control, ensuring
consistent batch-to-batch production with an improved F/E capsid ratio, reducing empty capsids
that could trigger immune responses [139]. Additionally, stable cell lines eliminate the need for
helper virus infection, simplifying downstream purification and minimizing contamination risks [139].
Inducible stable expression systems further optimize production by allowing controlled activation of
rAAV replication and capsid gene expression, preventing cytotoxic effects and improving overall
yields. Stable HEK293 cell lines achieve vector titers comparable to or exceeding those of transient
transfection and produce higher proportions of full capsids, with up to 73% full particles, compared
to the 20–50% typically seen in transient transfection [62]. These advantages make stable cell lines a
promising approach for large-scale, high-quality rAAV vector manufacturing; however, the
establishment of stable cell lines remains laborious and time-consuming.

1.6 Genome-scale metabolic modeling of biopharmaceutical processes

1.6.a Fundamentals of GSMMs

Genome-scale metabolic models (GSMMs) are mathematical representations that describe the
biochemical reactions occurring within a cell or organism, allowing for the simulation and analysis of
metabolic processes. These models are constructed using a stoichiometric matrix, which organizes
the stoichiometric coefficients of metabolites involved in various biochemical reactions. The
stoichiometric matrix is crucial for understanding the relationships between different metabolites and
reactions, as it encapsulates the conservation of mass across the metabolic network [140,141].
Within this framework, the null space of the stoichiometric matrix plays a significant role; it
represents the set of steady-state flux distributions that satisfy mass balance constraints, indicating
how metabolites can be interconverted without accumulating or depleting [142,143].

1.6.b Constraint-based modeling

Constraint-based modelling (CBM) is a computational approach used to study biological systems,
particularly metabolic networks. It involves the application of mathematical constraints to represent
the biochemical, thermodynamic, and physiological limitations that govern metabolic reactions.
Instead of explicitly modeling the kinetics of each reaction, CBM uses optimization techniques to
predict cellular behavior under different environmental and genetic conditions. In CBM, different
constraints are applied to define the solution space of feasible metabolic flux distributions [144,145].

Flux balance analysis (FBA) is the most prominent computational method used to analyze the
flow of metabolites through metabolic networks, particularly in the context of GSMMs. FBA
operates under the assumption that the system is at a steady state, meaning that the rate of input
and output of metabolites is balanced. The most critical parameters in FBA include the
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stoichiometric matrix, which represents the relationships between metabolites and reactions, the
objective function, which defines the goal of the analysis (e.g., maximizing biomass production), and
the constraints that reflect biological limitations such as nutrient availability and reaction
capacities [146,147]. Mathematically, FBA is grounded in linear programming. The core of the
method involves formulating the metabolic network as a system of linear equations, where the
stoichiometric matrix (S) relates the rates of reactions (v) to the concentrations of metabolites (x)
through the equation

S · v = 0. (1)

The objective function is then maximized (or minimized) subject to constraints that define the
feasible region of the solution space [146,148]. FBA has been applied in various research contexts,
particularly in metabolic engineering and bioprocess optimization. For instance, studies have utilized
FBA to improve the production of metabolites such as succinate and lactate in engineered strains of
E.coli, demonstrating significant enhancements in yield through targeted gene knockouts and
pathway optimizations. A 1.5-fold increase in succinate production was observed, achieving a yield
of 0.78 g/L/h [149]. A 2.3-fold increase in mevalonate production through strategic gene knockouts
was observed, resulting in a final concentration of 1.5 g/L [148]. In the context of CHO cells, FBA
was employed to optimize media formulations and feeding strategies, leading to a 30% increase in
monoclonal antibody productivity, with titers reaching up to 4 g/L [150]. Similarly, enhanced
feeding strategies resulted in a 25% increase in antibody titers, achieving a final concentration of 3.5
g/L [151]. These studies highlight the effectiveness of FBA in guiding metabolic engineering efforts
to enhance productivity and optimize bioprocesses.

Flux capacity constraints define the upper and lower bounds of reaction fluxes, ensuring that
reactions operate within biologically feasible limits. These constraints are represented
mathematically as

vmin < v < vmax, (2)

where fluxes may be restricted based on experimental data or enzymatic capacities. For instance,
irreversible reactions are constrained to have only non-negative fluxes (0), while reversible reactions
can have both positive and negative values within a given range [152].

An important set of flux capacity constraints are environmental constraints. Environmental
constraints define the availability and uptake/secretion rates of nutrients, such as glucose or oxygen.
These constraints impose upper limits on nutrient influx ensuring that simulated metabolic behavior
reflects realistic growth conditions [63,153,154].

Objective function constraints define the metabolic goal that the model aims to optimize.
Common objective functions include maximizing biomass production to simulate growth or
production rate [63,148,150,151,155], maximizing ATP yield to reflect energy efficiency [156], or
minimizing enzyme usage to optimize resource allocation [157]. These constraints guide the
computational optimization process in predicting cellular behavior under different scenarios. As
recently shown, the biomass composition does not seem to not have a large impact on correct
predictions, whereas accurately measured exchange rates were shown to be massively important for
the correct prediction of growth rates [63,158].

Thermodynamic constraints Thermodynamic constraints ensure that metabolic reactions obey
the principles of thermodynamics, particularly reaction directionality and feasibility. These
constraints often involve the Gibbs free energy change (∆G), requiring that spontaneous reactions
have ∆G < 0. Thermodynamically constrained models integrate these conditions to refine flux
predictions and prevent biologically implausible solutions [159,160]. Introducing thermodynamic
constraints in GSMMs poses challenges due to data limitations, computational complexity, and
feasibility issues. The values for ∆G might be incomplete or could be biased due to uncertain
experimental data making an accurate estimation difficult. Since reaction feasibility depends on
intracellular metabolite concentrations, which are difficult to measure directly, assumptions often
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introduce inaccuracies [161–163]. Additionally, ∆G values depend on environmental factors like pH,
which vary across cellular compartments, making general constraints unreliable if not carefully
adjusted [164].

Enzyme constraints Enzyme constraints limit the metabolic flux based on the catalytic
efficiency and availability of enzymes [165,166]. The reaction rate is constrained by the enzyme’s
kinetic parameters (kcat) and its concentration (Ei), expressed as vi ≤ kcat · Ei [166]. These
constraints are crucial for accurately modeling metabolic reactions that depend on enzyme kinetics.
Introducing enzyme constraints in GSMMs presents several challenges, primarily due to the limited
availability and variability of experimental kinetic parameters (kcat) [167–169]. Additionally, kinetic
parameters are not universal; they can change significantly depending on environmental conditions
such as pH, temperature, nutrient availability, PTMs, and cellular stress, making their direct
application in GSMMs difficult [170,171]. To address the scarcity of kinetic parameters, artificial
intelligence-based approaches have been developed to predict kcat values based on protein sequences,
structure, and reaction context [167–169]. These models significantly improve the coverage of kinetic
data and enable better-informed constraints in enzyme-constrained GSMMs. However, they do not
solve the fundamental issue of environmental variability. Predicted kcat values are typically derived
from datasets measured under specific conditions, and their applicability under different
physiological or industrial settings remains uncertain [167–169]. Since enzymes can exhibit different
catalytic efficiencies in response to temperature, pH, or intracellular crowding, these models still
require careful validation and adaptation for specific applications.

1.6.c Contextualization of global GSMMs

Global reconstructions, which cover the whole set of reactions of an organism have been used
extensively for modeling [63,172–174]. However, context-specific GSMMs allow for more accurate
predictions [172] as their construction typically relies on the integration of context-specific
transcriptomic, proteomic or metabolomic data. To generate context-specific GSMMs, various model
extraction methods (MEMs) have been designed [175,176]. However, certain challenges remain,
including the selection of transcriptomic thresholds [177,178] and the order of constraint
introduction [178,179]. Thus, consensus pipelines remain to be established.

It has been reported that the choice of MEM had a greater influence on GSMM variability than
the differences between biological conditions [179–182] with ranges of up to 100% in size of reactions
in context-specific GSMMs [183]. Furthermore, thresholds set on transcriptomic datasets have been
shown to play a pivotal role in reconstruction, altering biological function of GSMMs [177,180],
having an even larger impact than the choice of MEMs [178,179]. Adding metabolic constraints had
the least impact on model composition [179]. Aside from gene expression thresholds, it was found
that including differentially expressed genes significantly increased predictability of GSMMs,
independent of the chosen MEM [177].

In the following section, an overview of various MEMs (see Tab 1), sorted by family, including
MBA-like, GIMME-like, iMAT-like, and MADE-like MEMs will be given.

MBA-like methods. The MBA-like family of GSMMs reconstruction algorithms is based on the
principle of defining a core set of essential metabolic reactions and iteratively removing other
reactions while maintaining network consistency. Unlike the GIMME-like family, which relies on a
RMF, and the iMAT-like family, which maximizes agreement between reaction activity and gene
expression levels, MBA-like methods take a different approach by focusing on network topology and
consistency. This makes them particularly useful in cases where defining an RMF is challenging or
where multiple types of experimental data need to be integrated [175].

Mathematical formulation:
min

∑
i∈R\C

zi (3)
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Table 1 . Summary of MEM families. MEM families can be seprated based on required metabolic
function (RMF) requirement, type of input data, and the algorithm.

Feature MBA-like GIMME-like iMAT-like MADE-like
RMF required NO YES NO NO

Transcriptomics, Transcriptomics, Transcriptomics,
Main input data Proteomics, Proteomics, Proteomics Differential

Metabolomics Metabolomics Metabolomics Gene Expression

Discretization YES NO YES YES

Optimization Problem LP LP MILP MILP

MBA, mCADRE, GIMME, GIMMEp iMAT, INIT MADE
Examples FASTCORE, SWIFTCORE, RIPTiDe tINIT, RegEx RMetD2

CORDA GIM3E δ FBA

Subject to:

• Flux balance constraints (steady-state):

Sv = 0 (4)

• Core reactions must remain active:

vi ̸= 0, ∀i ∈ C (5)

• Non-core reactions can be removed:

zi =

{
1, if vi = 0

0, otherwise
(6)

MBA. The Model Building Algorithm (MBA) was the first method in this family and set the
foundation for many later refinements. MBA works by categorizing metabolic reactions into two
groups: core reactions, which are expected to be active in a specific context, and non-core reactions,
which may or may not be necessary. Core reactions are typically identified using a combination of
transcriptomic, proteomic, metabolomic data, or biochemical knowledge. The algorithm then
removes non-core reactions while ensuring that the core reactions remain functional and that the
network retains metabolic consistency. The process is performed iteratively, where each removed
reaction is checked to ensure that it does not disrupt any essential pathways. If removing a reaction
leads to an inconsistency, the reaction is reintroduced into the GSMM. Since the final GSMM
depends on the order in which reactions are removed, MBA runs multiple iterations to generate a
consensus reconstruction. This consensus approach ensures that the resulting model remains as
compact as possible while still being functionally viable [184]. A significant limitation of MBA is its
computational intensity, as the iterative pruning and consistency-checking process can be slow,
especially for large-scale metabolic models.

mCADRE. To address these issues, mCADRE (Metabolic Context-specificity Assessed by
Deterministic Reaction Evaluation) was developed as an improvement over MBA. Like MBA,
mCADRE relies on defining a core set of reactions, but it introduces reaction scoring methods to
improve efficiency. These scores are based on multiple factors, including gene expression levels,
network connectivity, and experimental confidence scores. Reactions with high scores are more likely
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to be retained, while those with low scores are pruned more aggressively. Additionally, mCADRE
allows for the incorporation of key metabolites that are required in the given biological context,
ensuring that the final model includes all pathways necessary to maintain these metabolites. The use
of Fast Flux Variability Analysis (FastFVA) in mCADRE significantly improves the efficiency of
consistency checking, making it faster and more scalable than MBA [185].

FASTCORE. To further improve computational efficiency and scalability, FASTCORE (Fast
Context-Specific Reconstruction of Metabolic Networks) was developed as another alternative to
MBA. FASTCORE eliminates the need for multiple iterations by formulating the pruning process as
a linear problem (lp) problem. The goal of FASTCORE is to identify a minimal yet consistent set of
metabolic reactions that can support all core reactions while minimizing the inclusion of unnecessary
reactions. Instead of iteratively pruning and reintroducing reactions like MBA, FASTCORE solves a
single optimization problem that identifies the sparsest possible network while keeping all core
reactions active. This results in a more parsimonious model that is computationally efficient to
construct. FASTCORE is particularly well suited for large-scale applications, as it significantly
reduces computational time compared to both MBA and mCADRE [186].

SWIFTCORE. While FASTCORE improved efficiency, its approach to handling reversible
reactions was somewhat suboptimal, as it required additional steps to determine reaction
directionality. To overcome this limitation, SWIFTCORE was introduced. Instead of determining
reaction directions through mixed-integer linear problem (MILP), which can be computationally
expensive, SWIFTCORE uses a soft constraint approach that encourages reactions to be active in
one direction without enforcing strict constraints. This results in faster execution times and a more
compact final GSMM, making SWIFTCORE an attractive alternative for large-scale metabolic
reconstructions [187].

CORDA. Another notable extension of MBA-like methods is CORDA (Cost-Optimization
Reaction Dependency Assessment), which introduces a more flexible approach to reaction pruning.
While most MBA-like methods aim to remove as many non-core reactions as possible, CORDA takes
a less aggressive approach, allowing for the retention of some non-core reactions if they contribute to
overall network feasibility. This is particularly useful in cases where experimental data is incomplete,
and removing all non-core reactions might lead to an overly restrictive model. Instead of forcing a
minimal set of reactions, CORDA evaluates the dependency of core reactions on non-core reactions
and only removes non-core reactions if they are not needed to maintain core function. This makes
CORDA particularly useful for large-scale tissue-specific reconstructions, as it produces more
biologically realistic models compared to parsimonious approaches like FASTCORE [188].

GIMME-like methods. The GIMME-like family of MEMs is designed to integrate
high-throughput transcriptomics data into global GSMMs while ensuring that the reconstructed
models retain essential biological functions. These methods primarily focus on adjusting reaction
flux constraints based on gene expression levels while simultaneously maintaining a predefined RMF.
This RMF typically represents an essential physiological objective, such as biomass production, ATP
maintenance, or a known metabolic demand specific to a given biological context [175].

Mathematical Formulation:
min

∑
i∈R

pi · vi (7)

Subject to:

• Flux balance constraints (steady-state assumption):

S · v = 0 (8)
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where S is the stoichiometric matrix, and v is the vector of reaction fluxes.

• RMF constraint: Maintain at least a fraction α of optimal RMF flux:

vrmf ≥ α · v∗rmf (9)

• Penalty function: Penalizes reactions inconsistent with experimental data:

pi =

{
ci · (ei − t), if ei < t

0, otherwise
(10)

where ei is the gene expression value of gene i, t is the threshold, and ci is a weighting
coefficient for gene i.

GIMME. The foundational algorithm in this family is GIMME (Gene Inactivation Moderated
by Metabolism and Expression), which was first introduced as a method to tailor generic metabolic
models to specific cellular conditions. GIMME operates by modifying the flux distribution of a
reference metabolic network based on gene expression data, ensuring that reactions associated with
low-expression genes receive minimal flux while still maintaining the predefined RMF. The algorithm
proceeds in two main steps: first, it solves a standard FBA problem to determine the maximal
possible flux through the RMF under normal conditions. In the second step, it penalizes reactions
that are linked to genes with expression levels below a given threshold while ensuring that the RMF
remains above a fraction of the original maximal flux. This means that GIMME deactivates
reactions with low expression evidence only if doing so does not disrupt essential metabolic functions.
An important feature of GIMME is that it prioritizes metabolic feasibility over strict adherence to
transcriptomics data, meaning that some lowly expressed reactions may remain active if they are
necessary for achieving the RMF. This characteristic ensures that the reconstructed model remains
biologically relevant and functional, avoiding the complete loss of critical pathways due to potential
inaccuracies or incompleteness in gene expression data. However, one limitation of GIMME is its
reliance on an arbitrary threshold for gene expression levels, which can impact the robustness and
accuracy of the reconstructed model [189].

GIM3E. Another advancement in the GIMME-like family is GIM3E (GIMME with
Metabolomics Evidence Integration), which further extends the original GIMME approach by
incorporating metabolomics data. GIM3E introduces a mechanism that ensures the network uses
experimentally detected metabolites. This is achieved by introducing turnover reactions for each
metabolite present in the metabolomics dataset and forcing their fluxes to remain above a minimum
threshold. By constraining metabolite usage within the metabolic network, GIM3E provides a more
biologically realistic depiction of metabolic activity, allowing it to better capture condition-specific
metabolic behaviors. However, the inclusion of metabolomics data adds additional computational
complexity, as the model needs to accommodate constraints from multiple data sources
simultaneously. Moreover, the method requires additional processing to ensure that metabolite
measurements are correctly mapped to the corresponding reactions in the GSMM [190].

RIPTiDe. A more recent addition to the GIMME-like family is RIPTiDe (Reaction Inclusion
by Parsimony and Transcript Distribution), which refines the process of integrating transcriptomics
data into metabolic models by removing the need for an explicit gene expression threshold. Unlike
traditional GIMME-based approaches that define a binary threshold to classify reactions as “on” or
“off”, RIPTiDe uses a continuous weighting system to determine reaction flux penalties based on
transcript levels. The algorithm applies a parsimonious approach to enzyme usage, minimizing
overall flux values while ensuring that metabolic functions remain intact. Specifically, RIPTiDe first
identifies the optimal flux distribution for a given RMF, similar to GIMME, but then applies an
iterative refinement process where it assigns a weight to each reaction based on its corresponding
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gene expression level. Reactions with higher gene expression are favored, while those with lower
expression are progressively penalized. This ensures that the final model reflects metabolic activities
that align with transcriptomic data without relying on arbitrary cutoffs. A key advantage of
RIPTiDe is that it avoids the sharp cutoff effects seen in GIMME and other threshold-dependent
algorithms. Instead of forcing a strict distinction between expressed and non-expressed reactions,
RIPTiDe allows for a more gradient-based selection of metabolic activities, making it more robust to
fluctuations in transcriptomics data [191].

iMAT-like methods. The iMAT-like family of MEMs represents a class of methods that
integrate high-throughput transcriptomic or proteomic data into metabolic networks without
requiring a predefined RMF. Instead of optimizing for a specific metabolic function, iMAT-like
methods focus on maximizing the agreement between reaction activity states (active or inactive) and
the expression levels of their associated genes or proteins. This makes these algorithms particularly
useful in cases where the RMF is unknown or difficult to define, such as in the reconstruction of
models for specific tissues, disease states, or poorly understood biological contexts [175].

Mathematical Formulation:

max
∑
i∈R

(
w+

i · yi − w−
i · (1− yi)

)
(11)

Subject to:

• Flux balance constraints (steady-state):

S · v = 0 (12)

• Reaction state constraints (binary activation):

M · yi ≥ vi ≥ −M · yi (13)

where M is a large constant and yi is a binary variable (1 if reaction is active, 0 otherwise).

• Weights for consistency with expression data:

w+
i = high for ei in active range, w−

i = high for ei in inactive range (14)

with ei being the gene expression of gene i

iMAT. The foundational algorithm in this family is iMAT (Integrative Metabolic Analysis
Tool), which was developed to systematically integrate transcriptomic and proteomic data into
metabolic networks by classifying reactions as either active or inactive based on expression data.
The method first discretizes gene expression levels into categories such as high, moderate, or low
expression. It then assigns corresponding states to metabolic reactions, aiming to maximize the
number of reactions in the model that align with the expression data while ensuring overall
metabolic feasibility. This is achieved by solving a MILP problem, where the objective is to find a
flux distribution that best matches the expected activity of reactions based on gene expression levels.
iMAT does not enforce a RMF but rather seeks to maintain metabolic network consistency while
ensuring that the final model reflects experimentally observed gene or protein activity. One of the
limitations of iMAT is its reliance on the discretization of expression data, which can lead to
information loss. Additionally, because iMAT assigns binary states to reactions (active or inactive),
it can sometimes produce overly simplified models that do not fully capture intermediate activity
levels of metabolic reactions [192].
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INIT. An important refinement of iMAT is INIT (Integrative Network Inference for Tissues),
which was designed to incorporate qualitative metabolomic data alongside transcriptomic and
proteomic data. Unlike iMAT, INIT assigns weights to metabolic reactions based on the level of
experimental evidence supporting their presence in a given tissue or condition. These weights can be
derived from transcriptomic or proteomic datasets, where high-confidence reactions receive positive
weights, while reactions with strong evidence of absence receive negative weights. The goal of INIT is
to find a metabolic flux distribution that maximizes the sum of these reaction weights, ensuring that
reactions with strong experimental evidence remain active while those with weak or contradictory
evidence are removed. A key innovation in INIT is that it does not assume a steady-state metabolic
network, allowing for some degree of metabolite accumulation or depletion. This makes INIT
particularly well suited for integrating metabolomics data, where the presence or absence of specific
metabolites can be used to constrain metabolic fluxes. The method also allows the user to define a
set of required metabolic tasks, ensuring that key metabolic functions remain intact during the
reconstruction process. However, the increased complexity of INIT comes at a computational cost,
as the MILP optimization problem it solves is more demanding than standard iMAT [193].

RegrEx. Another important extension of iMAT is RegrEx (Regularized Metabolic Model
Extraction), which introduces a continuous rather than discrete approach to integrating gene
expression data into GSMMs. Unlike iMAT, and INIT which rely on binary classification of
reactions as active or inactive, RegrEx seeks to directly correlate reaction fluxes with gene
expression levels using a regularized regression approach. This allows RegrEx to maintain a more
nuanced representation of metabolic activity, avoiding the sharp cutoffs imposed by discretization in
traditional iMAT-based methods. The key innovation in RegrEx is its use of regularization
techniques to prevent overfitting and ensure that only biologically relevant reactions are retained in
the final model. Specifically, RegrEx employs L1-norm and L2-norm regularization to impose sparsity
on the GSMM, ensuring that only the most essential reactions are included. A major advantage of
RegrEx over traditional iMAT-based methods is that it does not require arbitrary thresholds to
classify gene expression levels, making it more robust to variability in transcriptomic data. However,
the method is computationally intensive due to the need to solve large-scale mixed-integer quadratic
problems, which are more complex than the MILP problems used in iMAT and INIT [194].

MADE-like methods. The MADE-like family of MEMs is fundamentally different from other
reconstruction approaches, such as GIMME-like, iMAT-like, and MBA-like methods, in that it does
not focus on extracting a single context-specific GSMM. Instead, MADE-like methods aim to
capture metabolic changes between different conditions by incorporating differential gene expression
data into the GSMM. These algorithms are particularly valuable in studying dynamic metabolic
reprogramming, such as the transition from a healthy to a disease state, the response to drug
treatments, or metabolic shifts occurring during cell differentiation or infection. Instead of simply
identifying an active or inactive metabolic state for a given condition, MADE-like algorithms define
a sequence of metabolic states and adjust reaction fluxes in accordance with observed gene
expression changes [175].

Mathematical Formulation:

max
∑
i∈R

wi ·
(
vcondition 1
i − vcondition 2

i

)
(15)

Subject to:

• Flux balance constraints for both conditions:

S · vcondition 1 = 0, S · vcondition 2 = 0 (16)
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• Flux change consistency with differential expression data:

wi =


+1, if econdition 1

i > econdition 2
i

−1, if econdition 1
i < econdition 2

i

0, otherwise

(17)

• Minimize total flux change penalty:∑
i∈R

|vcondition 1
i − vcondition 2

i | (18)

MADE. The foundational method in this family is MADE (Metabolic Adjustment by
Differential Expression), which was developed to use time-series or comparative transcriptomic data
to adjust reaction fluxes in a way that reflects changes in gene expression levels across different
conditions. MADE operates under the assumption that metabolic fluxes should change in
accordance with gene expression fold changes when comparing two or more states. The algorithm
first determines which genes exhibit significant upregulation or downregulation between conditions.
It then applies these gene expression changes to the metabolic model using gene-protein-reaction rule
(GPR) associations, ensuring that upregulated genes correspond to increased reaction fluxes and
downregulated genes lead to decreased fluxes. One limitation of MADE is its reliance on a
discretization of gene expression changes, which can lead to information loss. Because the algorithm
primarily focuses on identifying binary changes in reaction activity (i.e., active or inactive), it does
not capture gradual shifts in metabolic fluxes that may occur in response to gene expression changes.
Additionally, MADE assumes that changes in gene expression always result in corresponding
metabolic flux changes, which may not always be the case due to post-transcriptional regulation,
enzyme activity modulation, or compensatory metabolic mechanisms [195].

RMetD2. To address some of these limitations, RMetD2 (Relative Metabolic Differences
version 2) was developed as an extension of MADE that introduces a more nuanced approach to
integrating differential gene expression data into GSMMs. Instead of simply binarizing expression
changes, RMetD2 gradually adjusts flux constraints based on expression differences between two
conditions. The key idea behind RMetD2 is that metabolic changes do not always occur
instantaneously but rather progressively shift over time. To account for this, the algorithm pushes
flux constraints in incremental steps that reflect the magnitude of gene expression changes, rather
than enforcing abrupt on/off states. RMetD2 operates through a series of iterative steps that
progressively tighten or relax reaction constraints based on expression evidence while ensuring that
the overall network remains metabolically feasible. This is done by evaluating the Spearman
correlation between metabolic flux changes and gene expression changes, ensuring that the
reconstructed model is consistent with observed transcriptomic alterations. Unlike MADE, which
requires an RMF (such as biomass production) to guide the reconstruction, RMetD2 can operate
without an explicit objective function, making it more adaptable to contexts where a metabolic
function is not well defined [196].

∆ FBA. Another important contribution to the MADE-like family is ∆ FBA, which builds
upon the same principles as MADE and RMetD2 but takes a more systematic and constrained
approach to flux adjustments. Unlike previous methods that simply push reaction constraints based
on gene expression, ∆ FBA formulates the problem as an optimization task, where the goal is to
maximize the consistency between gene expression changes and reaction flux differences while
minimizing unnecessary perturbations to the network. ∆ FBA works by first identifying reactions
that are significantly upregulated or downregulated between two conditions based on Min/Max GPR
mapping, which assigns flux changes to reactions based on gene expression fold changes. The
algorithm then formulates a MILP problem that seeks to maximize the agreement between gene
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expression changes and flux adjustments while ensuring that the overall metabolic network remains
in a steady state. Additionally, ∆ FBA introduces an L2 norm minimization step, which ensures
that the overall flux differences between conditions are as small as possible while still capturing
biologically relevant changes. A major advantage of ∆ FBA over MADE and RMetD2 is its
robustness to noisy gene expression data. Because the method seeks a minimal yet consistent
solution, it avoids overfitting to small fluctuations in gene expression that may not have functional
significance. Additionally, ∆ FBA does not require prior knowledge of metabolic tasks or an RMF,
making it more flexible for studying dynamic metabolic changes in poorly characterized
systems [197].

1.6.d Evaluation of large sets of reconstructed GSMMs

Since the generation of large amounts of GSMMs is possible through automized or semiautomized
techniques, such as MEMs, it is necessary to compare GSMMs at scale, and identify the underlying
differences efficiently. t-distributed stochastic neighborhood embedding (t-SNE) and Jaccard
similarity index are commonly used techniques for analyzing binary reaction matrices of
GSMMs [198–200]. Each method offers unique advantages and limitations in terms of clustering and
similarity measurement. t-SNE is particularly useful for clustering GSMMs in a lower-dimensional
space based on the presence or absence of reactions. This technique helps visualize relationships
between different GSMMs by mapping similar GSMMs closer together. To achieve this, t-SNE
calculates pairwise similarity using the Hamming distance, which measures the number of differing
elements between two binary vectors. The non-linear transformation performed by t-SNE effectively
separates groups of GSMMs while maintaining local similarity. However, t-SNE has several
drawbacks: it is non-deterministic, meaning that different runs may produce slightly different
clusters, making reproducibility a challenge. Furthermore, the results are sensitive to
hyperparameters such as perplexity and learning rate, requiring careful tuning to achieve meaningful
clustering [201]. Jaccard similarity index provides a simple and interpretable metric for comparing
GSMMs by quantifying the proportion of shared reactions between two models. The Jaccard
similarity index is computed as:

J(A,B) =
|A ∩B|
|A ∪B|

(19)

where A and B are the sets of reactions in two GSMMs, and the numerator represents the
number of reactions present in both models while the denominator represents the total number of
unique reactions across the two GSMMs. This method is particularly useful for hierarchical
clustering, allowing GSMMs to be grouped based on their overall metabolic similarity. However,
Jaccard similarity index has limitations in that it does not provide reactiob-level insights. While it
effectively quantifies overall similarity, it does not highlight specific reactions or metabolic
subsystems that drive differences between GSMMs [202].

1.6.e Assessment of the solution space

Flux variability analysis is a computational technique used to assess the flexibility and
robustness of metabolic networks. It builds upon the principles of FBA by exploring the range of
possible flux distributions that can occur within a metabolic network while still satisfying the
constraints. The results from flux variability analysis (FVA) include the maximum and minimum
flux values for each reaction in the network, which are derived from the optimization of an objective
function, such as biomass production or metabolite yield [203,204]. This is achieved by solving a
series of linear programming problems: first, to maximize the objective function and then to
minimize it, thereby establishing the upper and lower bounds of each reaction’s flux [203,204].

Currently, several tools are available for performing FVA. The fastFVA algorithm is noted for its
computational efficiency, allowing for rapid calculations of flux variability across large-scale
GSMMs [205]. However, while fastFVA excels in speed, it may sacrifice some accuracy in the
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representation of complex metabolic interactions. On the other hand, traditional FBA tools provide
a more comprehensive analysis but can be computationally intensive, especially for large
GSMMs [203]. FVA revealed that growth variability is the primary driver of metabolic flexibility in
E. coli, while internal and external variability had minimal impact. In anaerobic conditions, flux
variability dropped to 20% of its aerobic value, and nitrogen limitation increased external/internal
contributions to 50%. Most importantly, reducing growth to suboptimal levels increased metabolic
flexibility by up to 5-fold, highlighting a fundamental trade-off between growth rate and
adaptability [206]. In another approach an adapted version of FVA significantly improved biomass
prediction accuracy by reducing the overestimation of growth rate from 0.052 (FBA) to 0.017,
aligning more closely with the typical experimental value of HEK293 cells (0.03) [207].

Flux sampling is a computational approach designed to explore the range of feasible metabolic
flux distributions within GSMMs. Unlike FBA, which focuses on identifying a single optimal flux
distribution based on predefined objective functions, flux sampling provides a probabilistic
representation of all feasible steady-state flux solutions without assuming a cellular objective [208].
This unbiased approach is particularly advantageous when biological objectives are unknown or
when studying metabolism under varied or non-optimal environmental conditions. Important
parameters for flux sampling include the thinning factor, which controls the interval at which
samples are collected to reduce autocorrelation, and the choice of the sampling algorithm, such as
Coordinate Hit-and-Run with Rounding (CHRR) or OptGpSampler. Additional parameters include
the number of warmup steps for achieving convergence and constraints derived from experimental
data, which influence the solution space [209–212].

Various flux sampling tools are currently available, each with distinct advantages and limitations.
CHRR is renowned for its efficiency and uniformity in sampling convex spaces but struggles with
high computational demands for large models [212]. OptGpSampler introduces improvements in
convergence speed and computational efficiency, outperforming older methods such as
gpSampler [209]. GAPSPLIT excels in handling non-convex spaces, offering better coverage but at
the cost of increased computational complexity [211]. LooplessFluxSampler addresses the issue of
thermodynamically infeasible loops, ensuring realistic biological predictions [213].

Particularly, two tools have been published to analyze flux sampling datasets: CSFA [214], and
FluxGAT [215]. Comparative Flux Sampling Analysis (CSFA) is a methodological framework
designed to compare the metabolic flux distributions of different phenotypes. It uses flux sampling
to evaluate the entire solution space of GSMMs under various constraints. CSFA identifies reactions
with altered flux distributions across conditions or phenotypes through statistical analyses, making it
a powerful tool for guiding metabolic engineering strategies. For instance, CSFA has been applied to
identify genetic targets for strain optimization, such as improving lipid production in
Cutaneotrichosporon oleaginosus and naringenin synthesis in Saccharomyces cerevisiae. By
pinpointing reactions for upregulation, downregulation, or deletion, CSFA enables a systematic and
stepwise approach to strain design [214]. FluxGAT integrates flux sampling with graph neural
networks (GNNs) to predict gene essentiality in GSMMs without the need for predefined objective
functions. This integration addresses a key limitation of traditional constraint-based modeling
methods, which require assumptions about cellular objectives and introduce observer bias. FluxGAT
constructs a graphical representation of flux sampling data, where nodes represent reactions and
edges capture their interactions within the network. The method achieves higher sensitivity
compared to traditional approaches, such as FBA, nearly doubling the predictive accuracy for gene
essentiality. A key strength of FluxGAT lies in its ability to generalize across biological systems and
conditions, making it suitable for applications where cellular objectives are poorly understood [215].

29



2 Aims of the Thesis

The aim of this thesis is to establish a genome-scale metabolic model (GSMM) for HEK293 strains,
used for recombinant adeno-associated virus (rAAV) production under good manufacturing practice
(GMP) conditions. To do so we investigate differences in cell composition and exchange rates among
HEK293 strains during rAAV production through experimental measurements and develop
time-resolved GSMMs based on these data. This work is composed of two parts:

Optimizing rAAV production using HEK293-specific GSMMs

1. What are the metabolic differences between HEK293 strains during rAAV production and
mock states?

2. How can a multi-omics approach, including lipidomic, transcriptomic, and exometabolomic
data, integrated in GSMMs be used to capture strain-specific metabolic shifts during rAAV
production?

3. Can the identified target be experimentally validated to enhance rAAV production in the
low-producing (LP) HEK293 strain?

Implementation of logistic principal component analysis (LPCA) as a method to
compare and analyze GSMMs

The development of novel tools for large-scale comparison of GSMMs is essential to
simultaneously distinguish GSMMs and elucidate the underlying metabolic drivers responsible for
their separation. Current methodologies predominantly emphasize GSMM differentiation without
systematically identifying key contributing factors or necessitate prior assumptions and simulations
to infer them.

1. Can GSMMs be clustered more efficiently while identifying reaction-specific differences that
drive categorization, without prior simulation using LPCA?

2. How does LPCA perform compared to state-of-the-art algorithms like t-distributed stochastic
neighborhood embedding (t-SNE) or Jaccard similarity index, when applied to pan-GSMMs
from bacteria, fungi, and human tissue-specific models? Is it possible to preserve phylogenetic
relationships and differentiating tissue-specific metabolic profiles.

In addition, we authored a review article that examines the current state-of-the-art viral vector
platforms used in gene therapy (GT) production, highlighting their unique advantages and
limitations. We suggest the integration of GSMMs across these platforms, advocating for the
development of GSMMs to fill the current gap, as only small-scale models are presently available.
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3 Summary of Results

My contributions to our published papers are summarized in tableTab 2. Though the main focus
was on experiments, analysis, and writing, I got involved in other aspects as well.

Table 2 . Contributor roles across different papers.
Paper 1: Optimizing VLP production in gene therapy: opportunities and challenges for in silico
modeling.
Paper 2: Logistic PCA explains differences between genome-scale metabolic models in terms of
metabolic pathways.
Paper 3: Improving HEK293-based rAAV production using GSMMs, and a multi omics approach.

Contributor roles Paper 1 Paper 2 Paper 3
Conceptualization
Data curation
Investigation
Methodology
Software
Validation
Visualization
Writing – original draft
Writing – review & editing

3.1 Optimizing virus-like particle (VLP) production in gene therapy
(GT): Opportunities and challenges for in silico modeling

In this review, we explore the current challenges and opportunities in optimizing VLP production for
GT through the application of genome-scale metabolic models (GSMMs). GT has emerged as a
promising field for treating inherited genetic disorders and cancer, with VLPs serving as vectors for
the safe and effective delivery of therapeutic genes. However, the production of these vectors
remains hindered by low yields, high costs, and complex bioprocessing requirements. Our objective
is to highlight the potential of GSMMs in overcoming these challenges by providing a systematic,
computational approach to bioprocess optimization. Despite significant advancements in cell line
engineering and culture media optimization, traditional approaches to improving VLP production
are largely reliant on empirical, time-consuming trial-and-error methodologies. In contrast, GSMMs
offer a data-driven, predictive framework that enables a deeper understanding of cellular metabolism,
facilitating the rational design of more efficient production strategies.

A major barrier to applying GSMMs in VLP production is the dynamic metabolic
reprogramming that occurs in host cells during viral vector synthesis. Viral infections and vector
production significantly alter cellular metabolism, often in ways that are not yet fully understood.
While GSMMs have been extensively used to enhance cell growth and recombinant protein (RP)
yields, their application to VLP production remains unexplored. To address this gap, we advocate
for the development of cell line-specific GSMMs, particularly for HEK293, Per.C6, MDCK, and Vero
cells, which are among the most commonly used platforms for GT vector production. Constructing
such models would allow for the identification of key metabolic bottlenecks and the implementation
of targeted interventions to enhance productivity. We further emphasize the necessity of integrating
multi-omics data—genomics, transcriptomics, proteomics, and metabolomics—into GSMMs to
improve predictive accuracy and model robustness. While extensive omics datasets exist for Chinese
hamster ovary (CHO) cells, such data for GT-relevant cell lines remain limited. We propose that
systematic omics studies, in combination with GSMM-based simulations, could provide novel
insights into cellular metabolism, enabling the rational design of optimized culture conditions and
genetic engineering strategies. Another key aspect of our review is the potential for computational
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strain design (CSD) tools to refine VLP production. These tools have been successfully applied in
microbial systems to enhance metabolic flux toward desired products, yet their use in mammalian
cell lines remains largely unexplored. We argue that implementing CSD techniques in mammalian
production hosts could lead to substantial improvements in yield and cost-effectiveness.

In conclusion, our review underscores the untapped potential of GSMMs in optimizing VLP
production for GT applications. While significant challenges remain–such as the complexity of host
cell metabolism, limited omics data availability, and the need for GSMM refinement–we believe that
the strategic application of GSMMs, in conjunction with emerging computational and
biotechnological tools, can drive substantial improvements in production efficiency. Moving forward,
we advocate for the development of cell line-specific GSMMs and a greater emphasis on integrating
omics-driven modeling approaches to bridge the gap between current production limitations and the
future demands of GT manufacturing.

3.2 Logistic principal component analysis (LPCA) explains differences
between genome-scale metabolic models in terms of metabolic
pathways

Benchmarking LPCA is crucial for effectively comparing GSMMs, as it provides an orthogonal
method to validate metabolic model reconstructions. LPCA allows improved and interpretable
clustering of GSMMs while identifying distinct metabolic pathways that differentiate GSMMs, thus
enhancing confidence in GSMM analyses prior to simulation.

We employed LPCA to analyze binary matrices that indicate the presence or absence of reactions
across multiple GSMMs, grouping reactions by subsystems to observe metabolic differences. LPCA
was applied to diverse datasets, including strains of Escherichia, human tissues, fungi, and
Firmicutes. For comparative analysis, t-distributed stochastic neighborhood embedding (t-SNE) and
Jaccard similarity index were also calculated. Phylogenetic relationships, derived from genomic data,
were verified by comparing LPCA, thus validating LPCA’s accuracy in reflecting biological
relationships.

For Escherichia strains, LPCA identified three primary subsystems–“Murein Biosynthesis”,
“Murein Recycling”, and “Anaplerotic Reactions”–as central to strain clustering. The LPCA method
outperformed t-SNE by providing stable clustering across multiple permutations and offering
insights into the reactions that drive metabolic differences, such as the reaction D-alanyl-D-alanine
dipeptidase in the “Murein Recycling” pathway, absent in specific clades like E. albertii and E.
fergusonii.

For fungi, LPCA successfully grouped phylogenetically similar strains, with the most prominent
pathways influencing clusters being “Glycerolipid Metabolism” and “Fructose and Mannose
Metabolism”. Compared to the Escherichia pan-GSMMs, fungal models exhibited less variation
across the first two principal components, possibly due to a higher proportion of unassigned
reactions in fungal GSMMs.

When applied to human tissue samples, LPCA distinguished between healthy and cancerous
tissues based on reaction-specific differences, with “Linoleate Metabolism” being a particularly
strong marker of cancerous tissues. This subsystem, which includes reactions involved in
prostaglandin synthesis (notably PTGS2 ), has a known role in cancer progression and was detected
in cancerous models, whereas healthy tissue samples had higher loading values for reactions within
the “Ascorbate and Aldarate Metabolism” subsystem.

For Firmicutes, LPCA clustered species into subgroups based on distinct metabolic
characteristics, aligning closely with the main phylogenetic clades. However, incomplete subsystem
annotations limited the utility of LPCA for detailed pathway analysis within this group. LPCA
showed improved clade discrimination and allowed more precise identification of metabolic
subsystems driving these separations, while computation time was significantly higher compared to
t-SNE and Jaccard similarity index.
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3.3 Improving HEK293-based recombinant adeno-associated virus
(rAAV)-production using GSMMs, and a multi-omics approach

The HEK293 strains were initially cultured in chemically defined, serum-free FreeStyle F17 medium.
Cell expansion was conducted in spinner flasks, followed by transfer to a modular fermentation
system for transient rAAV production. To standardize comparisons, cells were divided into two sets
for either mock (control) or plasmid transfection, involving a triple-plasmid transfection using
polyethylenimine. Samples were collected at five time points post-transfection (0, 4, 24, 48, and 72
hours post transfection (HPT)) for analysis, covering a total of 80 samples. Experimental analyses
encompassed multiple cell and media assessments. Biomass was measured using centrifugation and
PBS washing, followed by drying to ensure consistent mass measurements. Biomass composition,
including DNA, RNA, glucose, and lipids, was quantified using already established methods [63].
Metabolite concentrations in the spent media were analyzed using LC-MS, with further
quantification of amino acids and metabolic components like lactate and ammonia. rAAV capsid
production and genome quantification were conducted using ELISA and droplet digital PCR,
respectively. For computational analysis, lipidomic data were normalized and analyzed with
principal component analysis (PCA) to identify patterns and drivers of metabolic differences.
Growth rates were calculated based on biomass changes and fitted using a logistic function.
Metabolic exchange rates were derived from concentration profiles, enabling the development of
context-specific GSMMs using the CORDA [188] algorithm and transcriptomic data [77]. Simulated
growth rates were compared with experimental growth rates, confirming that the models accurately
captured growth trends across conditions. As an orthogonal method, LPCA was used to capture a
similar clustering pattern based on reconstructed GSMMs compared to transcriptome based PCA.

The comparative analysis between high-producing (HP) and low-producing (LP) HEK293 strains
revealed substantial differences in their biomass composition, energy storage strategies, and
metabolic efficiencies, all of which impacted rAAV production. The HP strain maintained a more
stable dry cell mass over time with a higher protein content, while the LP strain displayed a higher
but declining dry mass over the fermentation period. This discrepancy pointed to underlying
metabolic inefficiencies in the LP strain. Lipid analysis provided further insights into these
metabolic variations: Phosphatidylcholine (PC) and phosphatidylethanolamine (PE) represented the
dominant lipids across both strains, consistent with their roles in cell membrane structure. However,
the HP strain accumulated higher levels of energy-rich triacylglycerides (TG) and ceramides (Cer) as
fermentation progressed, while the LP strain stored glucose as glycogen rather than TG. This shift
in the LP strain suggested a metabolic bottleneck possibly associated with oxygen limitation, as
glycogen is less efficient than TG for long-term energy storage. PCA of lipid profiles clearly
distinguished between HP and LP strains, primarily driven by higher TG and Cer levels in HP,
underscoring its superior energy storage capability. The GSMMs developed for each strain
illustrated a significant allocation of cellular resources toward growth rather than rAAV production,
accounting for over 99.8% of metabolic activity in both strains. This observation guided the
strategic decision to suppress growth and redirect resources to enhance rAAV productivity.
Simulation results showed that these GSMMs accurately captured growth trends and metabolic
fluxes across conditions, with growth rate predictions within a reasonable margin of experimental
data. The theoretical production potential calculated for both strains was 1000-fold higher than
actual rates. This gap suggested that additional metabolic and environmental optimizations could
be implemented to maximize rAAV yield.

A crucial finding of this study was the identification of HIF-1α as a metabolic bottleneck in the
LP strain. HIF-1α was identified based on time-resolved flux sampling, and linked to a
pseudohypoxic state in the LP cells, shifting resources toward growth rather than rAAV production.
Recognizing HIF-1α as a limiting factor, we tested the effects of inhibiting this transcription factor
on rAAV productivity. The inhibition of HIF-1α led to a remarkable outcome: the specific
productivity of rAAV capsids in the LP strain increased by 250%. Additionally, this intervention
completely halted cellular growth in the bioreactor, reallocating metabolic resources toward viral
capsid production. While this inhibition improved capsid output, the full-to-empty ratio of rAAV
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decreased. This decrease stemmed from inhibited nucleotide synthesis within the pentose phosphate
pathway (PPP), which impaired genome replication capabilities. This trade-off highlighted the
importance of balancing capsid production with genome replication efficiency when optimizing rAAV
production in HEK293 strains.
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4 Conclusion and Outlook

4.1 Improving HEK293-based AAV-production using GSMMs, and a
multi-omics approach

In the main part of this thesis, we explored the metabolic and transcriptomic differences in HEK293
strains used for recombinant adeno-associated virus (rAAV) production, applying genome-scale
metabolic models (GSMMs) and multi-omics data integration to optimize production efficiency. One
of the most significant findings of this study is that the primary metabolic distinction in HEK293
cells lies between the high-producing (HP) and low-producing (LP) HEK293 strains, rather than
between the production states (mock vs. transfected). Lipidome, transcriptome, reactome, and
fluxome analyses all reinforce this observation, indicating that strain-specific metabolic
characteristics dictate production outcomes more than the presence of viral vector transfection.
Furthermore, GSMM simulations revealed that the theoretical maximum production potential of
both HEK293 strains is approximately 1000-fold higher than the observed experimental values. This
discrepancy suggests that metabolic constraints prevent cells from achieving their full capacity,
highlighting opportunities for strain improvement through metabolic engineering.

One major limiting factor identified in bioreactor conditions is the induction of pseudohypoxia,
predominantly due to the activation of HIF-1α. This metabolic rewiring significantly contributes to
the reduced production rates in the LP strain. By inhibiting HIF-1α, cellular growth was
immediately halted, while rAAV-specific productivity increased by 2.5-fold, demonstrating the
potential for targeted metabolic interventions to enhance production efficiency. Interestingly, while
HIF-1α inhibition improved specific capsid productivity, the number of viral genomes was decreased,
potentially due to downregulation of the pentose phosphate pathway (PPP). This effect is likely due
to the regulatory role of HIF-1α in PPP activity, which in turn impacts nucleotide biosynthesis.
Understanding these interactions is crucial for further optimization of HEK293-based rAAV
production. Despite these insights, further studies are necessary to refine the metabolic engineering
strategies required for strain optimization. Future work should focus on balancing growth and
productivity, overcoming metabolic bottlenecks, and integrating computational models with
experimental validation to enhance bioprocess performance.

4.1.a Logistic PCA explains differences between genome-scale metabolic models in
terms of metabolic pathways

We introduced logistic principal component analysis (LPCA) as a novel approach for clustering
GSMMs, enabling efficient identification of reaction-specific differences without relying on prior
simulations or environmental conditions. LPCA demonstrated its effectiveness across diverse
datasets, including Escherichia species, Saccharomycotina (yeast), and human tissue-specific
GSMMs, by preserving phylogenetic relationships and revealing tissue-specific metabolic profiles.
Unlike traditional clustering methods, LPCA provides mechanistic insights into the drivers of
clustering by pinpointing the metabolic reactions and subsystems that contribute to the
differentiation of GSMMs. This ability to directly analyze binary matrices of reactions offers a more
objective and interpretable method for studying metabolic networks. Despite its advantages, LPCA
required a significantly higher run time than alternative algorithms, such as t-distributed stochastic
neighborhood embedding (t-SNE) or the Jaccard similarity index, highlighting an area for future
work to improve its computational efficiency.
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125. Formas-Oliveira AS, Baśılio JS, Rodrigues AF, Coroadinha AS. Overexpression of ER
protein processing and apoptosis regulator genes in human embryonic kidney 293 cells
improves gene therapy vectors production. Biotechnology Journal. 2020;15(9):1900562.

126. Satkunanathan S, Thorpe R, Zhao Y. The function of DNA binding protein nucleophosmin
in AAV replication. Virology. 2017;510:46–54.

127. Saluri M, Leppert A, Gese GV, Sahin C, Lama D, Kaldmäe M, et al. A “grappling hook”
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of HIV-1 virus-like particles and determination of Gag stoichiometry for different production
platforms. Biotechnology and bioengineering. 2021;118(7):2660–2675.

136. Su W, Seymour LW, Cawood R. AAV production in stable packaging cells requires
expression of adenovirus 22/33K protein to allow episomal amplification of integrated
rep/cap genes. Scientific Reports. 2023;13(1):21670.
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214. van Rosmalen R, Moreno-Paz S, Duman-Özdamar Z, Suarez-Diez M. CFSA: Comparative
flux sampling analysis as a guide for strain design. Metabolic Engineering Communications.
2024;19:e00244.

215. Sharma K, Marucci L, Abdallah ZS. FluxGAT: Integrating Flux Sampling with Graph
Neural Networks for Unbiased Gene Essentiality Classification. arXiv preprint
arXiv:240318666. 2024;.

49



5 Thesis relevant publications

Statement of Acceptance A copy of the acceptance confirmation for the manuscript “Improving
HEK293-based AAV-production using GSMMs, and a multi-omics approach” from Metabolic
Engineering is provided. As the final, published version of the article was not available online at the
time of printing this thesis the author’s version of the accepted manuscript is provided.

50



Received: 20 December 2022 Revised: 22 February 2023 Accepted: 14 April 2023
DOI: 10.1002/biot.202200636

R E V I EW

Optimizing VLP production in gene therapy: Opportunities andchallenges for in silicomodeling
Leopold Zehetner1,2 Diana Széliová2 Barbara Kraus1 Michael Graninger1
Jürgen Zanghellini2 Juan A. Hernandez Bort1
1Biotherapeutics Process Development,
Baxalta Innovations GmbH, a Part of Takeda
Companies, Orth an der Donau, Austria
2Department of Analytical Chemistry, Faculty
of Chemistry, University of Vienna, Vienna,
Austria
Correspondence
Jürgen Zanghellini, Department of Analytical
Chemistry, Faculty of Chemistry, University of
Vienna, Vienna, Austria.
Email: juergen.zanghellini@univie.ac.at
Funding information
Baxalta Innovations GmbH, a Part of Takeda
Companies

Abstract
Over the past decades, virus-like particle (VLP)-based gene therapy (GT) evolved as
a promising approach to cure inherited diseases or cancer. Tremendous costs due to
inefficient production processes remain one of the key challenges despite consider-
able efforts to improve titers. This review aims to link genome-scale metabolic models
(GSMMs) to cell lines used for VLP synthesis for the first time. We summarize recent
advances and challenges of GSMMs for Chinese hamster ovary (CHO) cells and pro-
vide an overview of potential cell lines used in GT. Although GSMMs in CHO cells led
to significant improvements in growth rates and recombinant protein (RP)-production,
no GSMM has been established for VLP production so far. To facilitate the generation
of GSMM for these cell lineswe further provide an overview of existing omics data and
the highest production titers so far reported.
KEYWORDS
gene therapy, genome-scale metabolic model, HEK-293, omics, virus-like particle

1 INTRODUCTION
Genetic disorders, such as cancer or rare genetic inherited diseases,
may be caused by mutation, alteration, deletion, or differential expres-
sion of specific genes. Gene therapy (GT) is a promising approach based
on the use of nucleic acids harbored in so-called vectors, which are
introduced into somatic cells to correct or prevent pathological pro-
cesses in patients. The most popular GT-based application might be
the replacement of defective genes by others that contain the infor-
mation to produce the protein of interest correctly.[1,2] However, this
emerging technology still brings some challenges during its applica-
tion in patients, for example targeting with the appropriate vector the
desired organ region. Therefore, numerous viral and non-viral vectors
or even hybrids from both were developed or modified in the past to
Abbreviation: CSD, computational strain design; GSMM, genome-scale metabolic model; GT,
gene therapy; VLP, virus-like particle.
This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
© 2023 The Authors. Biotechnology Journal published byWiley-VCHGmbH.

resolve this aspect. Some examples of vectors may include virus-like
particle (VLPs),[3] artificial polymers,[4] or extracellular vesicles.[5]

VLPs form the most prominent group of vectors used in GT and
can be produced by engineered host cell lines.[3] Although produc-
tion platforms forVLPexpression have been established andoptimized
in the last years, titers and biopotency are still insufficient to meet
future demands.[6] Many efforts have been made to solve these lim-
itations, for example, via cell culture media optimization,[7] and cell
lineengineering.[8] However, someof theseefforts are time-consuming
trial-and-error approaches; for instance, screening a pool of cells to
pick out the best clones or using rational design approaches, like
design-of-experiments (design-of-experiments (DoE)), to modify the
medium composition to find the best possible medium formulation for
boosting titers.

A more sophisticated methodology to shed light on the cellular
black box may be based on in silico tools. It was already shown that
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media composition could be optimized by analyzing metabolic flux dis-
tributions inside host cells and subsequently applying this knowledge
to reduce the accumulation of byproducts while increasing cellular
productivity.[9,10] However, additional factors may play a role in how
the metabolism works; for example, it was demonstrated that some
viruses could reprogram host cells’ metabolism. These changes in the
metabolism are even more significant than any changes triggered by
the expression of recombinant protein (RPs)[11,12] and may lead to
lower production titer due to activation of self-defense pathways of
host cells.[13] This knowledge adds further complexity to elucidate the
regulatorymechanisms behind VLP production.

To tackle the resulting derived limitations of low production
titers, different strategies have been established in the past, includ-
ing DoE,[14] extensive passaging of host cells,[15] hypothesis-driven
genetic engineering,[8] the implementation of alternative host cell
lines,[16] or media optimization.[7] It was observed that extensive
passaging of Per.C6 cells resulted in an evolved cell line achieving 3-
fold higher adenovirus (adenovirus (AdV)) production and a doubled
growth rate compared to the parental strain leading to a reduction
in the number of production batches, consequently.[15] In another
approach, recombinant adeno-associated virus (recombinant adeno-
associated virus (rAAV)) titers could be increased from 2.5 × 109 viral
genomes (viral genomes (VG))/mL to 2.7 × 1010 VG/mL in HEK-293F1
cells bymedia optimization,[7] although this is not the highest reported
rAAV titer so far.[17] However, despite this progress cost of produc-
tion are still high, and VLP-based drugs remain top among the list
of the most expensive therapeutics in the world.[18] Consequently,
novel strategiesmust be developed and implemented to increase titers
and reduce costs while considering biosafety aspects and maintaining
product quality.

In this review,we aim to give a condensed overviewof genome-scale
metabolic model (GSMM)- and omics-based bioprocess optimization
with a strong focus on Chinese hamster ovary (CHO) cell lines since
there have been no GSMMs established for cell lines used in GT so far.
Nevertheless, similar approaches may be used for these cell lines. In
the second part, we summarize cell lines and VLPs, most utilized in the
industry for GT and optimization strategies as visualized in Figure 1.

2 APPROACHES FOR PROCESS OPTIMIZATIONUSING CONSTRAINT-BASED MODELING
In the last two decades, systems biotechnological approaches have
significantly altered the way industrial bioprocesses are designed
and operated[19,20]–at least for microbial systems. A key method to
better understand upstream processes is constraint-based modeling
(constraint-based modeling (CBM)), which allows for analyzing intra-
cellular metabolic processes. At its heart sits a GSMM, which is a
mathematical representation of a cells metabolism and captures the
stoichiometry of all metabolic transformation processes. Since the first
GSMM was developed in 1999 for Haemophilus influenzae[21] a large
number of metabolic models has been developed and successfully
used.[22] For instance, GSMMs have been used to overcome various

challenges inbioprocessoptimization, includingmediaoptimization[23]
or engineering target identification.[19]

Detailed protocols to reconstruct GSMMs from scratch,[24] sup-
ported by several automatic reconstruction pipelines, are available[25]
resulting in several hundred GSMMs, which were reviewed in a recent
GSMM-specific phylogenetic study.[22] Moreover, community-driven,
highly manually curated global GSMMs for a few model organisms
are currently available. These models include: Homo sapiens,[26,27]
Cricetulus griseus,[28] Mus musculus, Drosophila melanogaster, Danio
rerio, Saccharomyces cerevisiae,[29] or Escherichia coli[30], among oth-
ers. Such global models allow cell- or tissue-specific reconstructions
based on transcriptomes and metabolic exchange rates. However,
the de novo reconstruction of global GSMMs for mammalian cells
remains challenging and needs extensive manual curation to avoid
incorrect transport reactions between organelles, or futile cycles, for
example.[31]

Compared to global reconstructions, cell line-specific GSMMs allow
for more accurate predictions[32] as their construction typically relies
on the integration of cell line-specific transcriptomic and fluxomic
data. Various algorithms for generating strain, tissue, or cell line-
specific models exist.[33–39] However, certain issues remain, includ-
ing the selection of transcriptomic thresholds[40] and the order of
constraint introduction.[41–43] Thus, consensus pipelines remain to
be established.

The use of cell line specific GSMMs for studying bioprocesses
has been increasing over the last years. However, accurate dry
weight measurements are often ignored in these models[44,45],
despite solid evidence that time-resolved extracellular metabolome
quantification[26–28] combined with dry weight determination of
biomass to calculate exchange fluxes[46–49] improves cell line specific
models even further. Most often, the measured exometabolome is
limited to metabolites with well-established quantification protocols,
like amino acids, glucose, lactate, and ammonia. With recent whole
metabolome quantification approaches[50], more exchange fluxes
might be available for integration in the future.

In general, bioprocesses can be optimized by improving growth
rate or product formation. These cell-specific phenotypes can be
assessed by flux balance analysis (flux balance analysis (FBA)), which
is based on the stoichiometric matrix S, including metabolites as rows,
reactions as columns, and the corresponding fluxes as a vector v being
constrained by lower (l) and upper (u) boundaries. Under a steady-state
assumption of the system, so that influx and efflux ofmetabolites are in
equilibrium:

Sv = 0 (1a)
l ≤ v ≤ u (1b)

The higher number of reactions compared to the number of
metabolites in large networks results in a solution space with various
possible solutions. Therefore, optimizing for a specific reaction, most
often an artificial biomass reaction or a product-related reaction,
leads to a specific solution.[51] GSMMs have been used as platforms to
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F IGURE 1 Overview of current strategies for bioprocess optimization and host-virus platforms in gene therapy. Implementing genome-scale
metabolic models for these cell lines based onmulti-omics datamay result in higher titers.

integrate experimentally generated multi-omics data and run simula-
tions to identify metabolic bottlenecks under different conditions.[28]
The most common constraints are metabolite exchange rates, cal-
culated from concentration changes of extracellular metabolites.[46]
Although FBA is still the most common approach for optimization
of objective functions, it has been shown that FBA predicts growth
rates in linear dependence on uptake rates without considering
overflow metabolism.[52,53]. Consequently, alternative strategies have
been developed to reproduce more accurate growth rates, such as
hybrid-FBA,[54] or enzyme-constrained FBA.[52] For example, the
overestimation of growth rates could be decreased from approx. 4-fold
to 1.05-fold by applying hybrid-FBA.[54]

Alternative or additional constraints may be introduced to obtain
more reliable simulation results. Several types of constraints
can be used, including enzyme constraints,[55] thermodynamic
constraints,[56] regulatory constraints[57] or hybrid versions
thereof.[53,58] However, all constraining methods include certain
disadvantages, which need to be considered when integrating them.
Common types of CBM were summarized in an extensive review,
discussing available tools, applications, and challenges in microbial cell
factory design.[59]

In particular, enzyme-constrained genome-scale metabolic model
(enzyme-constrained genome-scale metabolic models (ecGSMMs) s)
have been shown to improve accuracy tremendously and allow
condition-specific constraining of models since they rely on inte-
grating quantitative proteomics measurements into models. Recently,

software tools to introduce enzyme-constraints[55,60,61] have been
published following the general equation: vi ≤ kcat,i ⋅ [Ei] where vi is the
flux of a certain reaction i, catalyzed by an enzyme Ei, kcat,i is the cor-
responding turnover number of the enzyme, obtained from databases,
such as BRENDA[62] and [Ei] is the concentration of enzyme(s) catalyz-
ing the reaction.

Despite valuable insights and promising results from ecGSMMs, the
lack of catalytic values of enzymes in databases limit the accuracy of
these models. Several approaches have been developed to predict or
improve the estimates of turnover numbers of enzymes. These include
prediction of turnover numbers based on quantitative proteomics and
fluxomics data under different conditions,[63] machine learning[64] and
deep learning approaches,[65] and an approach based on metabolic
control analysis to improve the turnover number estimates.[66] Until
now, no comparative study has been published to determine which
approach results in themost accurate ecGSMMs.

Recently, a new modeling framework – resource balance analysis
(resource balance analysis (RBA)) – has been gaining popularity. In
addition to a metabolic network, RBA-based models contain reactions
for the synthesis of molecular machines (e.g., enzymes, ribosomes)
and predict metabolic fluxes as well as the concentrations of the
corresponding catalysts.[67] RBA-based models can be used to study
resource reallocation in differentmedia or after knock-out or differen-
tial expression andmay lead tomore realistic strain ormedium designs
in the future. Recently, a tool has been published that automatically
builds RBA-basedmodels fromGSMMs.[68]
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To efficiently design strains and predict engineering targets in sil-
ico, numerous tools for computational strain design (computational
strain design (CSD)) have been developed as reviewed recently,[69]
and condensed in workbenches.[70,71] CSD tools have been success-
fully applied to improve titers in microbial cell factories, such as S.
roseosporus; three genes were predicted in the GSMM to have syner-
gistic effects on daptomycin production and led to a titer improvement
of 43.2%.[72] However, CSD tools have not been applied tomammalian
cell lines so far.[69]

Numerous examples of successful bioprocess optimization using
GSMMs are available. However, they typically focus on producing
small molecules in well-studied microbial cells, such as E. coli[20] or S.
cerevisiae,[19] whichhave less complex genomesormetabolic networks,
and a higher amount of annotated genes than mammalian or insect
cells. Moreover, due to the structural simplicity of small molecules,
their production is less challenging than the production, secretion,
and purification of RPs or VLPs. Additionally, host cell metabolism is
influenced to a higher degree when synthesizing complex products
compared to small molecules.

Surprisingly, GSMMof human tissues have been successfully used in
disease modeling,[73] and drug target discovery,[74] whereas GSMMs
of human cell lines are currently not used in bioprocess develop-
ment. Except for small-scale models utilized for metabolic flux analysis
(metabolic flux analysis (MFA)),[47] there are currently no GSMMs
available for any cell line used for VLP production, even though highly
curated reference models are available for certain species.[26,27] This
is certainly amissed opportunity to optimizemanufacturing in GT. Due
to the lack of studies, we focus on the most prominently studied mam-
malian cell line in industry, CHO, even though production in these cells
is limited to RPs so far and not to GT products.

2.1 CHO models as opportunity to reconstructmammalian cell models
Recently, comprehensive reviews summarized the efforts to optimize
CHO-based bioprocesses utilizing in silico tools.[75,76] Therefore, we
focus only on recent approaches to improve these bioprocesses.

The generation of a community-driven reference model for CHO
cells,[28] iCHO1766, formed the basis for numerous studies, pri-
marily focusing on optimizing media composition under batch,[10]
fed-batch,[77] and continuous culturing conditions,[9] as well as
for monoclonal antibody (monoclonal antibody (mAB)) production
improvements,[78,79] and by integrating time-resolved transcriptomics
data.[80]

For example, to optimize the medium composition, Huang et al.[23]
integrated metabolite exchange rates collected during a fed-batch
process into iCHO1766 and validated predicted fluxes with tran-
scriptomics data. Based on the knowledge generated during their
simulations, the amino acid concentration of leucine and valine was
dramatically increased in the media leading to a production increase
of 11.8%. Although their model was not specifically tailored to the cell

line clone (neither cell-specific model nor cell-specific biomass compo-
sition), it was a promising example of how GSMMs facilitated process
optimization and avoided time-consuming DoEs. Even though artifi-
cial biomass reactions are commonly used for growth simulation as
an objective function,[46] this concept might be questionable: Schinn
et al.[81] showed much more accurate growth predictions when using
reactive oxygen species (reactive oxygen species (ROS)) synthesis or
mitochondrial reduced nicotinamide-adenine dinucleotide (reduced
nicotinamide-adenine dinucleotide (NADH)) regeneration as objective
function for example. This aspect needs to be studied in more detail
since selecting an appropriate objective function is one of the most
fundamental pillars of the simulation of GSMMs.

Apart from metabolism, protein secretion machinery is an addi-
tional bottleneck for producing RPs in CHO cells. Hence, Gutierrez
et al.[82] coupled a model of a secretory pathway to a CHO-GSMM
and estimated the energy cost of secretion in terms of adenosine
triphosphate (adenosine triphosphate (ATP)) consumption. Further-
more, the model was verified by replicating experimental data of mAB
titer improvement by knockdown of the selection marker gene neoR.
In contrast, Morrissey et al. identified that secretion of proteins has
no significant impact on the energy metabolism in CHO-GSMMs.[32]
However, Kol et al., showed experimentally that mAB titers, purity,
and growth rates increased by knocking out sets of secreted host
cell proteins in different CHO clones.[83] The most recent version
of CHO-GSMM[32] was generated by combining previous models.
By comparing the updated global CHO-GSMM, two cell line specific
CHO-GSMMs and a recently published reducedCHO-model,[84] it was
shown that the reducedmodels predict core metabolic functions more
precisely, whereas essential gene identification is more accurate in
the cell line specific models.[32] Despite the comprehensive compar-
ison, the impact of selecting the most suitable objective function for
phenotype prediction remains to be investigated.

Currently, only one ecGSMM for CHO cells has been published
based on iCHO2296, which resulted in more accurate prediction of
overflowmetabolism.[52] Additionally, lactate consumption andutiliza-
tion as energy source after entering the tricarboxylic acid cycle (tricar-
boxylic acid cycle (TCA)) were identified,[52] as already examined for
HEK-293 cells.[49] Despite the availability of various updates[32,52,82]
and omics datasets available for different CHO cell lines,[28,85] CSD-
tools have so far not been applied to CHO-GSMMs, which limits
improvement strategies.

Besides in silico strain optimization, GSMMs may be a cornerstone
in the next decade as part of the digitalization, and computational
optimization of bioprocesses as described for HEK-293 cells during
rAAV production[86] and for CHO cells.[87] To realize the full potential
of digital tools for process control and monitoring, robust biomark-
ers for cellular states throughout the process need to be identified.
Established concepts for biomarker identification for diagnosis can be
adapted for bioprocesses based on multi-omics data.[88] For example,
comprehensive quantitative metabolomics analyses, as performed for
CHO[45] and HEK-293 cells,[44] could form starting points to more
efficient and sustainable bioprocesses.

 18607314, 2023, 7, D
ow

nloaded from
 https://analyticalsciencejournals.onlinelibrary.w

iley.com
/doi/10.1002/biot.202200636 by C

ochraneA
ustria, W

iley O
nline L

ibrary on [21/02/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



5 of 15 ZEHETNER ET AL.

2.2 Specific difficulties in reconstructingVLP-producing cell lines
After GSMM reconstruction, the target production reactions need to
be added to themodel.While the addition of biosynthesis pathways for
small molecules is usually straightforward, there is currently no stan-
dardizedway to add VLP production into aGSMM. Several approaches
are possible, depending on the desired level of detail.

The simplest approach is to add an artificial VLPproduction reaction
with an average composition, similar to a biomass reaction. While for
some VLPs the main components are proteins and nucleic acids (rAAV,
AdV), for VLPs with a membrane (lentivirus [LV], modified vaccinia
ankara virus [MvaV]), lipids need to be included as well. The aver-
age composition of nucleic acids can be calculated from the genome
sequence and the protein composition from the sequences and sto-
ichiometries of the capsid proteins. However, the lipid composition
needs to be measured as it was shown that viruses can reprogram
the host cell’s lipid metabolism and may have a different membrane
composition than the host.[89,90]

We can also model the VLP production in more detail and add
separate reactions for the expression, assembly, modifications and
secretionof theVLPs (similarly to themammalian secretorymodel[82]).
This would allow the integration of enzyme constraints for each reac-
tion (i.e., kinetic constants and enzyme concentrations). If available,
kinetic models can be used to obtain the necessary parameters. For
example, Nguyen et al.[6] generated a mechanistic model for rAAV
5 production in HEK-293 cells consisting of 14 reactions, and esti-
mated kinetic parameters using data from literature and their transient
transfection experiments. However, mechanistic models still need to
be developed for other viruses and host cells. A detailed overview of
the biology of commonly used viruses in GT was recently published
by Bulcha et al.[3] which can serve as a starting point for model con-
struction. However, additional experiments are needed to obtain the
necessaryparameters (plasmiduptake rates,VLPproduction rates etc.)

3 POTENTIAL CELL LINES USED IN GENETHERAPY SUITABLE FOR FUTURE GSMMs
Numerous cell lines have been screened for VLP production as alterna-
tive production platforms with improved biosafety profiles.[16] How-
ever, only a feware currently used in industrial processes for producing
the most commonly used VLPs, rAAVs, AdVs, LVs[3], or MvaV.[91,92]
Therefore, only selected cell lines, listed in Table 1, are discussed in the
following sections.

3.1 Advantages of generating cell line-specificgenomes
While reference genomes are available for most cell lines listed in
Table 1, generating cell line specific genomes and other omics datasets

is needed to tackle common challenges in VLP production. Long-term
passaging or cross-contaminationsmay lead towrongly packagedVLPs
or decrease biosafety profiles.[93,94] Furthermore, stably integrated
viral genes necessary for VLP expression may lose their function after
numerous passaging steps which reduces VLP titers.[95] These obsta-
cles can be caused by changes in the genome, but could be detected
by de novo sequencing of the production cell lines. For example,
de novo sequencing of three Vero genomes led to the discovery of
60 potentially intact retroviral genes, which were not identified in a
reference genome.[95] Although these genes have not been character-
ized as harmful to humans, they comprise potential tumorigenicity.[96]
Furthermore, epigenomic changes in cell lines have been shown to
occur after a certain number of passages, which might be responsi-
ble for altered metabolism and production profiles over time. With
the invention of third-generation sequencing platforms, it is possible
to detect these changes over time and to guarantee the long-term
reproducibility of bioprocesses.[97]

Other than detecting the challenges described above, de novo
sequencing can provide new information that might be useful for
genetic engineering. For example, assembled genome can be used to
predict unannotated genes’ functions. In a recent study, the concept of
identifying gene functions is described in detail by combining different
databases. The identification of novel enzymes allows the expansion
of metabolic networks, which is especially important for mammalian
cell lines, and offers novel targets for genetic engineering.[98] Addition-
ally, updated genomes allowmore reliable genetic engineering through
more accurate primer design and avoiding incorrect cleavages.

Finally, cell line-specific genomes (and transcriptomes) can be used
to reconstruct cell line-specific GSMMs. These form a basis for more
accurate predictions of bioprocess and cell line engineering strate-
gies, as discussed in the previous section. Currently, no GSMMs are
available for the cell lines in Table 1. However, several small-scale
metabolic models for MFA have been generated and used for process
optimization.[48,99]

3.2 HEK-293
HEK-293 cells and derivated clones are the workhorses for producing
VLPs in GT. Several strains have been optimized to grow in suspension
and under serum-free conditions, the most appropriate conditions in
industrial bioprocesses. To achieve these settings, adherent cell lines
have been adapted through numerous passaging steps by reducing
the presence of serum by each passage[115] and optimized for the
production of rAAV[116,117] or RPs which are difficult to express in
CHO cells.[118] However, the highest rAAV-titers in HEK-293 cells
have been reported using adherently grown HEK-293H in fetal bovine
serum (FBS)-containing media,[17] which is not the best choice for
manufactured products as recommended by the health authorities
due to potential presence of prions or any other compounds, and
complicates scale up. Additionally, these cell lines often lack a deep
metabolic investigation.
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TABLE 1 Selected cell lines utilized for VLP production in industrial bioprocesses. Currently highest titers reported in literature are presented,
as well as genomes, reference-GSMMs, and omics-based optimization approaches for VLP production.
Cell line Genome Reference-GSMM VLP Titer (VG/mL) Omics Data
HEK-293 PRJNA565658,[100] PRJEB3209[101] Human-Gem,[26] Recon3D[27] rAAV 1015[17] Proteome[102]

AdV 2× 1011[103] −
LV 4.5× 109[104] Proteome[105]

PER.C6 − Human-Gem[26], Recon3D[27] AdV 105VG/cell[106] −
Vero PRJNA847024,[107] PRJDB2865[95] − AdV (not quantified)[108] −

rAAV 75,000 VG/cell[109] −
MDCK PRJNA905218[110] − AdV 2.1 × 108ip∕mL[111] −
AGE1.CR.pIX PRJNA669953 − MvaV 2.5 × 1010TCID50∕1∕day[91] −
Sf9 PRJNA380964[112] − rAAV 2.4× 1012[113] Proteome[114]

Abbreviations: AdV, adenovirus; GSMM, genome-scale metabolic model; LV, lentivirus; MvaV, modified vaccinia ankara virus; rAAV, recombinant
adeno-associated virus; VG, viral genome; VLP, virus-like particle.

3.2.1 Growth optimization of HEK-293 cells
This issue may be addressed by investigating the cellular behavior
under various conditions using omics experiments to allow the iden-
tification of engineering targets for faster optimization and metabolic
analyses.[100,101] Recently, a differential analysis of three adher-
ent strains, including HEK-293E and HEK-293T, and two suspended
strains, HEK-293H, and HEK-293F, was performed based on tran-
scriptomic and genomic data. After pairwise comparison, five potential
target genes were identified to be consistently upregulated in adher-
ent cell lines, with all involved in cellular adhesion, and DHRS3 and
LOX among them.[100] Since adherently grown cell lines complicate
scale up, dispensable transmembrane proteins, such as DHRS3, have
become promising engineering targets. Although DHRS3 consists of
fewer amino acid (amino acids (AAs) s) (302), fewer transmembrane
domain (4), and can be expected to be expressed only in small amounts
than other transmembrane proteins, such as the monocarbohydrate
transporter GLUT1 (492 AA, 12 TMD),[119] it should be considered
additionally, that DHRS3 consumes NADPH,[120] which decreases
reduction potential formetabolic redox reactions and formaintaining a
reducing environment.[121] Though this is just exemplary, and the influ-
ence of one enzyme may be negligible, metabolic profiling and how
resources are allocated and utilized by cells is one of the most impor-
tant aspects during both early process development and optimization
attempts of established processes.

Therefore, a model for HEK-293SF-3FS cells was established and
used to analyze the formation of lactate based on 13C-labeled glucose
and glutamine substrates during exponential growth.[122] Interest-
ingly, the proportion of lactate generated from glutamine is negligible,
whereas 77% of glucose is catabolized to lactate and 15% of glucose
is metabolized in the pentose phosphate pathway. The main problem
arises from the amount of lactate reintroduced (only 22%) into the TCA
cycle as substrate.[123] Based on these findings, Dietmair et al.[124]
examined the influence of RP production in HEK-293F cells using
time-resolved transcriptome, metabolome, and fluxome data. Despite

similar growth rates of producing and non-producing clones, glucose
consumption and lactate productionwere 20% higher in non-producer
cells, whereas AA transporters were upregulated in producer cells.
Supported by differential expression analysis, the authors concluded
that protein assembly and -foldingmight be bottlenecks duringRPpro-
duction instead ofmetabolic limitations. Nevertheless, amore efficient
strategy to utilize lactate as a carbon source remained unresolved
until recently: Martinez-Monge et al.[49] investigated the influence of
pH-controlled and -uncontrolled growth phases based on metabolic
changes of HEK-293 cells. Besides the two main growth phases, con-
suming glucose first, followed by lactate consumption, a third phase
was observed where glucose and lactate were co-consumed under
non-pH-controlled conditions. During this phase, a 3-fold increase in
the growth rate was recorded. Despite these promising results, pH-
control of good manufacturing practice (good manufacturing practice
(GMP))-compliant bioprocesses is one of the cornerstones, especially
with a focus on batch-to-batch consistency and reproducibility.

Furthermore, it must be considered that engineering metabolic
enzymes is oftenmore challenging. On the other hand, it is still difficult
and laborious todiminish geneexpressionor enzymatic activity, though
possible.[125] One opportunity to expand the number of potential
metabolic engineering targets is the implementation of HEK-specific
GSMMs. Surprisingly, the most recent and most extensive model for
HEK-293 cells was curated by manual reduction of the Recon2.0,[126]
and consists of only 357 reactions.[47] Although reduced models were
recently shown to capture coremetabolic functionsmore precisely,[32]
the number of potential targets for engineering is limited.

3.2.2 Adeno-associated virus production inHEK-293 cells
Recently, reviews have been published describing the production
cycles of rAAVs, AdVs, and LVs in general,[3] and in HEK-293 cells,
specifically.[8]
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rAAV has been one of the most prominent vectors for gene delivery
in recent decades. There is a large number of studies that describe
various strategies to increase productivity. Zhao et al.[14] chose a DoE
approach to identify the best parameter setting during the production
phase inHEK-293T cells formultiple serotypes, and lead to amaximum
of > 1014 VG/mL. However, DoE-approaches are often laborious and
are limited to specific process parameters. In contrast, the identi-
fication of engineering targets is so far based on only one or a few
omics datasets under a limited number of conditions.[8] Nevertheless,
recently published studies based on omics techniques could form a
starting point for omics-based process optimization on a cellular level.

Strasser et al.[102] used FreeStyle 293-F as host cells for rAAV5pro-
duction and examined the metabolic differences based on proteomics
data. The pathway analysis revealed changes in endosomal-lysosomal
protein levels, translation machinery, and energy metabolism between
transfected and not-transfected cells. Based on their investigation,
chloroquinone was added to alter endocytosis, which led to a titer
improvement of 35%. In addition, by generating double knockouts of
STAT1, and BAX genes, which are involved in the immune response to
viral infection, titers for rAAV production could be increased by 80%
compared to a wild-type strain.[13] Despite different study designs,
both omics-data-based andhypothesis-driven approaches significantly
improve rAAV titers. However, these studies only report improve-
ments based on a limited number of genetic targets and neglect
computational optimization approaches.

In contrast, Nguyen et al.[6] predicted improvements of rAAV 5 pro-
duction by temporally staggering transfection of the plasmids due to
different expressions of the corresponding viral genes. The established
mechanistic model of plasmid uptake and viral particle production
allows fundamental insights into time-staggered bottlenecks of rAAV
production in HEK-293 cells. Though these results remain to be veri-
fied, it could potentially overcome the premature depletion of capsid
proteins.[127,128] Furthermore, secretion rates of rAAVs remain depen-
dent on serotype. Certain rAAVs interact with host cell proteins and
are not secreted, which complicates purification and bears the risk
of potential contaminations.[129] However, this issue needs to be
addressed by alterations on a molecular level of viral protein since the
cellular interaction proteins are essential for host cells.

3.2.3 Adenovirus production in HEK-293 cells
Although AdV has been extensively used for gene delivery in GT, or
vaccination,[103] only a few studies investigated the production pro-
cess inHEK-293 cells: Negrete et al.[130] adapted aHEK-293 substrain
to grow in suspension and compared adenoviral vector titers in depen-
dency of different multiplicity of infection (multiplicity of infection
(MOI)), with a maximum productivity of 3 × 1010 plagueforming units
(PFG/mL) at a MOI of 10. Joe et al.[103] further decreased the MOI,
resulting in 2 × 1011 VG/mL at a 1000 L scale for the production of a
AdV-based Covid-19 vaccine. Using a DoE approach, Chen et al.[131]
could identify optimized parameters for the production of AdV in a
perfusion reactor.

A model for MFA studies, covering 40 reactions, was generated by
Henry et al.[48] based on 293SF-3F6 cells. By comparing six differ-
ent infection states, including different cell densities and perfusion
rates, it was possible to identify the best settings for ATP and AdV
production. To the best of our knowledge, there are currently no
studies describing process optimization for AdV production in HEK-
293 cells based on omics data. However, since AdVs are reliable and
safe vectors for gene delivery and were used as vaccines during the
recent Covid-19 pandemic, more effort should be put into optimizing
these bioprocesses.

3.2.4 Retrovirus production in HEK-293 cells
Retrovirus-like particles are of particular interest in GT due to their
ability to stably integrate target genes into patients’ genomes. How-
ever, these vectors can potentially cause tumors, as was shown in
several clinical trials, using MvaV.[132] Therefore, despite their lim-
ited application in vivo, these vectors are commonly used for ex vivo
GT applications, such as the generation of CAR-T cells.[133] Besides
gamma-retrovirus (gamma-retrovirus (gRV)), LVs becamemore impor-
tant during the last decade, particularly HIV-1-based vectors.[134]

LV production processes and optimization strategies have been
establishedusing transient transfection,[135] stable expression,[104,136]
flow electroporation,[137] various media supplements,[138] or DoE
approaches[139] to reach maximum titers of 4.5 × 109 VG/mL.[104] An
important milestone was set by Lavado-Garcia et al.[105] by inves-
tigating metabolic changes between transfected, mock-transfected,
and non-transfected HEK-293SF-3F6 cells in suspension during HIV-
1 production based on quantitative, labeled time-resolved proteomes.
Besides changes caused by virus production, cell density effects were
examined to find the optimal cell density for transfection. By consid-
ering both growth and production phases, it was possible to identify
more engineering targets to overcome bottlenecks such as cell den-
sity effects. Based on these data transfection efficiency was increased
by overexpression of UGCG by 17%, and VLP production was raised
3.3-fold by overexpressing NEDD4L, which is involved in endosomal
sorting.[140] Nevertheless, it would have been possible to generate
time-resolved ecGSMMs for each state by adding measurements for
usually measured metabolites for bioprocess control, such as AA,
glucose, lactate, and comparatively inexpensive ammonia. Combining
proteomics and fluxomics data would allow the prediction of catalytic
rates of enzymes under different conditions.[63]

3.3 Per.C6
An adherent Per.C6 cell line, derived from human fetal retinoblasts,
was adapted to grow in suspension and under serum-free condi-
tions. Additionally, the adenoviral E1-gene was inserted to produce
E1-deficient recombinant AdV-like particles.[141] Metabolic behav-
ior of Per.C6 cells was studied after infection with AdVs and media
exchange,[142] following numerous passages of the original cell line,[15]
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under various pH conditions,[143] and under low levels of glucose and
glutamine.[144] Based on these studies, the authors identified a pH of
7.3 as the optimum for AdV production in Per.C6 cells. Additionally,
they found that cell growth was reduced after media exchange and
production decreased. In the same study, the authors described the
increased consumption of glucose, oxygen, and certain aliphatic AAs.

In contrast to other producing cells, such as HEK-293 cells, Per.C6
cells produce high titers at different cell densities, although the cell-
specific productivity is lower. Based on that, AdV production could be
increased by adapting the cell line to suspension culture. In contrast
to the original cell line, the high-producer cells grew after infec-
tion with AdVs, which increased the available amount of cells for
infection.[15] Currently, the highest titer of AdV particles in Per.C6
cells was reported by Vellinga, et al.[106] Despite the availability of
numerous exchange rate data under different conditions, nometabolic
network or omics-data-based optimization studies for Per.C6 cells
have been published. In recent years, the platformwas used to produce
an AdV-based Covid-19 vaccine. Besides AdV production, Per.C6 cells
were used to manufacture poliovirus-based vaccines.[145] Although
these candidates have not yet been used for GT, they offer potential
alternatives for future gene delivery vectors.
3.4 Vero
Vero cells are derived from C. sabaeus and have been used as a model
to investigate metabolic influence after viral infection and as produc-
tion hosts for antigen-presenting VLPs, or deliver genes, as recently
summarized.[146] Despite lower growth rates and cell densities inman-
ufacturing processes compared to other cell lines, Vero cells can be
considered for high-yield viral vector production.

Recently, the genomes of substrains were sequenced, assembled,
and annotated[95,107] as a basis for strain design. Furthermore, differ-
ences between adherent and suspended Vero cells on transcriptome
levelwere investigated and revealed differentially expressed pathways
as potential engineering targets.[147] As in HEK-293 and MDCK cells,
knocking out STAT1 increased titers of Dengue 2 virus vaccines 30-
fold.[13] Metabolic analyses during cell culture processes lead to the
identification of essential metabolites for growth,[148] under various
conditions, including batch,[149] or fed-batch.[150] In the latter study,
three kinetic models were established for flux analysis by measuring
specific uptake and secretion rates to enable control strategies for fed-
batch processes. However, further omics-based, time-resolved studies
would allow more detailed analyses and may address problems such
as low cell densities. Although Vero cells are mainly used for antigen-
presenting VLPs, they can be used as a production platform of various
VLPs for gene delivery, including AdVs,[108] rAAVs,[109] or vesicular
stomatitis virus[151] for example.

3.5 MDCK
MDCKcells, derived fromkidney cells fromC. familiaris, were extracted
and adapted for cultivation.[152] By integrating the human SIAT7E

gene, the cell line could be converted to grow in suspension and
under serum-free conditions for influenza vaccine production.[153]
Alterations between adherent and suspension cultures were investi-
gated based on label-free proteomes andmetabolomes in combination
with enzyme activity assays.[154] The generated data were integrated
into a MFA model, which was generated based on different media
compositions.[155] Besides differentially expressed intracellular pro-
teins, alterations in catalytic activities were observed for enzymes,
including Pirin, CAV1, or AMPK, which are known to influence cel-
lular metabolism directly. Furthermore, glucose uptake rate and lac-
tate secretion rate decreased by 20% and 40%, respectively, after
adaptation to suspension. Consequently, growth rates in suspension
culture were reduced by up to 30%.[154] A proteome-based compar-
ative study of adherent and suspension cell lines reveiled differently
expressed proteins involved in intercellular adhesion, junction, and
adhesion to the extracellular matrix.[156] These data may form the
basis for enzyme-constrained MDCK cell modeling on genome scale
as soon as a reference model is available. However, experimental
biomass composition should be measured additionally to improve
predictions.

Besides metabolic flux profiling during growth and influenza
production,[157] MDCK cells are mainly used for AdV production,
such as canine AdV vectors type 2.[111,158] Carinhas et al.[159] per-
formed a label-based metabolic flux analysis to observe changes in
E1-transformed MDCK cells during growth, and production phases,
by comparing infected and mock-infected cells. After infection with
AdV, central metabolic fluxes were increased. Based on that, several
strategies for titer improvementwere suggested, such as supplementa-
tion of lipids, cholesterol, or nucleic acid precursors. However, a more
extensive set of engineering targets could be identified by measuring
changes in transcriptome or proteome levels.

Currently, there is a need for GSMM established for MDCK cells,
and genome, transcriptome, or proteome-based studies investigating
VLP production for GT. However, Tao et al.[160] compared whole tran-
scriptomic profiles after infection with different influenza strains, but
not with a focus on productivity, and Capellini et al.[161] investigated
differential expression of 41 genes by mimicking bacterial infection,
and cadmium exposure. Although the cell line-specific genome has
not been sequenced so far, a reference genome from the original
species is available and could serve as a starting point for developing a
GSMM.[110] However, the scientific community should consider closing
these knowledge gaps further to increase the production of influenza
and AdV vectors.

3.6 AGE1.CR.pIX
AGE1.CR cells are derived from the fetal retina of C. moschata. The
cell line was adapted to grow in suspension and to produce differ-
ent VLPs, including MvaV.[92] After adaption to suspension growth
under serum-free conditions, a substrain was developed by integrat-
ing the adenoviral pIX gene to increase the capsid stability during
production.[162] In a detailed study, these two cell lines were ana-
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lyzed regarding growth, metabolism, and VLP production from the
same research group.[163] Lohr et al.[164] observed that these clones
behave the same way as other mammalian cell lines regarding the
Warburg effect. However, AGE1.CR cell lines showed a higher inde-
pendency from glutamine compared to mammalian cell lines, which
was also confirmed byMFA simulation. In recent years, these cell lines
were optimized for high-density cultivation, using perfusion or con-
tinuous processes forMvaV production.[91,92,165,166] However, neither
genomes nor transcriptomes or proteomes are currently published to
our knowledge to generate a cell line specific GSMM. Nevertheless, a
sequenced genome of C. moschata was provided, which may serve as
a starting point to generate a reference GSMM (GenBank Assembly
Accession:GCA_018104995.1).
3.7 Sf9
Sf9 cell lines, derived from ovarian cells of S. frugiperda, have gained
much attention during the last century due to the well-established
baculovirus-system for stable and high-yield production of RPs and
VLPs.[167,168] The cell line was adapted to grow in suspension culture,
under serum-free conditions, and on a large scale.[169] Recently,
the genome was sequenced and annotated.[112] Quantitative pro-
teomics studies of Sf9 cells during growth and 6 hours post-infection
with baculoviruses shed light on cellular behavior during growth
and early-stage infection. Differential expression analysis revealed
lower expression of viral proteins at higher cell densities and dif-
ferentially expressed enzymes involved in metabolism, translation,
protein processing, and signaling.[114] Currently, the highest titer of
2.4 × 1012 VG/mL rAAV particles produced in Sf9 cells was reported,
in addition to a decreased contamination rate with baculovirus
genes.[113]

Moreover, the metabolic potential was examined during
growth,[170] and production of VLPs.[171] Both studies compared
the metabolic behavior of Sf9 cells to other insect-derived cell lines.
They mentioned a lower lactate and ammonia production and a higher
VLP production in Sf9 cells. For further specification and simulation,
a small-scale metabolic model for MFA analyses was developed,
containing 51 reactions.[99]

One of the most critical issues when using different platforms for
VLP production was reported in different studies recently.[172,173] By
comparing rAAV production in HEK-293 and Sf9 cells, it was identi-
fied that posttranslational modifications of capsids and methylation
patterns of VGs differed between the two platforms.[172] Conse-
quently, the change of production platform should be done carefully
since influences in biopotency and safety profiles may be likely due to
these changes.

Most of the mentioned studies end with suggestions for genetic
engineering but need to verify their findings. Furthermore, there is cur-
rently no GSMM established, despite transcriptomes and proteomes
available. Combinedwith the sequenced genome, these resourcesmay
form a sufficient starting point to generate a draft-GSMM.

4 CONCLUSION
VLP-based GT emerged as one of the most promising approaches to
cure genetic diseases. However, numerous challenges remain, even
for FDA-approved drugs, including safety profiles, or titers. Despite
the availability of high-throughput techniques to generate multi-omics
datasets of host cells, optimization approaches still rely mainly on
long-term passaging,[15] hypothesis-driven genetic engineering,[8] or
DoE.[14] In recent years, a few studies initiated omics-based strain
design approaches for VLP production in GT.[17,102] Currently, HEK-
293 cell lines are the most commonly used platforms for VLP pro-
duction, though other cell lines surpass HEK-293 cells in growth
rates,[15] auxotrophy,[164] or productivity.[106] In turn, available global
GSMMs[26,27] of human cells are advantageous for CSD approaches,
whileGSMMsneed tobeestablished first for non-humancell lines used
in GT. The lack of global GSMM reconstructions for these cell lines is
surprising, even though tremendous advances based on GSMMs have
been reported in disease modeling[73] or bioprocess optimization.[23]
Nevertheless, numerous challenges must be addressed when imple-
menting GSMMs for these cell lines, including experimental and
computational approaches.
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Abstract

Genome-scale metabolic models (GSMMs) offer a holistic view of biochemical reaction net-

works, enabling in-depth analyses of metabolism across species and tissues in multiple con-

ditions. However, comparing GSMMs Against each other poses challenges as current

dimensionality reduction algorithms or clustering methods lack mechanistic interpretability,

and often rely on subjective assumptions. Here, we propose a new approach utilizing logisi-

tic principal component analysis (LPCA) that efficiently clusters GSMMs while singling out

mechanistic differences in terms of reactions and pathways that drive the categorization.

We applied LPCA to multiple diverse datasets, including GSMMs of 222 Escherichia-

strains, 343 budding yeasts (Saccharomycotina), 80 human tissues, and 2943 Firmicutes

strains. Our findings demonstrate LPCA’s effectiveness in preserving microbial phyloge-

netic relationships and discerning human tissue-specific metabolic profiles, exhibiting com-

parable performance to traditional methods like t-distributed stochastic neighborhood

embedding (t-SNE) and Jaccard coefficients. Moreover, the subsystems and associated

reactions identified by LPCA align with existing knowledge, underscoring its reliability in dis-

secting GSMMs and uncovering the underlying drivers of separation.

Author’s summary

GSMMs are comprehensive representations of all the biochemical reactions that occur

within an organism, enabling insights into cellular processes. Our study introduces LPCA

to explore and compare these biochemical networks across different species and tissues

only based on the presence or absence of reactions, summarized in a binary matrix. LPCA

analyzes these binary matrices of specific biochemical reactions, identifying significant

differences and similarities. We applied LPCA to a range of datasets, including bacterial

strains, fungi, and human tissues. Our findings demonstrate LPCA’s effectiveness in dis-

tinguishing microbial phylogenetic relationships and discerning tissue-specific profiles in

humans. LPCA also offers precise information on the biochemical drivers of these
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differences, contributing to a deeper understanding of metabolic subsystems. This

research showcases LPCA as a valuable method for examining the complex interplay of

reactions within GSMMs, offering insights that could support further scientific investiga-

tion into metabolic processes.

Introduction

GSMMs are mathematical representations of species- or context-specific metabolic reaction

networks [1] and have been successfully applied to study diseases [2–4], optimize bioprocesses

[5–8], or investigate metabolic differences across species [9–11]. To compare different

GSMMs, dimensionality reduction techniques can be applied to the results of simulations,

such as flux balance analysis [12]. The flux distributions or growth rates can be predicted for

different environmental conditions and serve as input for principal component analysis

(PCA). PCA of growth rates was used to suggest potential auxotrophies [9, 11]. While this

approach has become a well established method for comparing GSMMs, it necessitates the

incorporation of preassumed environmental data. Another challenge is that the predicted

growth rates can be similar even in different environments, which might lead to a reduced dis-

criminative capacity. One potential remediation is to focus solely on simulated growth rates

from selected environmental conditions exhibiting significant variation across GSMMs; how-

ever, this mandates the integration of subjective parameters or thresholds.

Alternative methods analyze binary matrices derived from the presence or absence of reac-

tions in the models. Jaccard coefficients [13] are often utilized to measure similarity between

GSMMs, visualized through heatmaps to identify clusters of similar models. However, this

method lacks insight into specific pathways driving heterogeneity. t-SNE analysis [10, 14],

while effective in clustering GSMMs consistently, requires specific prerequisites, such as dis-

tance metrics, and hyperparameters, which might result in erroneous clustering outcomes

[15–17], and may lack reproducibility due to its non-deterministic nature. Additionally, it

does not provide a straightforward identification of key variables driving clustering. In con-

trast, PCA allows the calculation of loadings representing reactions contributing most to prin-

cipal components. This enables further analysis by grouping loadings based on gene ontology

terms, pathways, or subsystems. However, PCA’s direct application to binary data is not suit-

able [18] because it relies on variance and covariance calculations, assumptions of continuous

distribution, and linear relationships, which are better suited for continuous datasets rather

than binary datasets [19]. Thus, as GSMMs become increasingly complex, the need for auto-

mated tools to identify the underlying reactions and pathways driving clustering grows, mak-

ing simultaneous comparison and factor identification essential.

To address the limitations of existing methods, we use LPCA for classifying GSMMs (see

Fig 1). LPCA is an adaption of classic PCA to analyze heterogeneity in binary data [18, 20]. In

a classic PCA, continuous data is transformed to a new coordinate system such that the great-

est variance lies on the first coordinate. Landgraf and Lee introduced LPCA [21], which

extends traditional PCA to handle binary data. They reinterpret PCA as a method for project-

ing data into a lower-dimensional space while maintaining proximity to the original data. For

Gaussian data, this involves a straightforward projection, and minimizing squared error. How-

ever, for binary data, LPCA projects natural parameters derived from a Bernoulli model while

minimizing Bernoulli deviance.

LPCA has been used with other biological data, such as binary genomics data [18], but not

for the comparison of GSMMs. Here we show that LPCA enables efficient clustering based
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solely on the presence or absence of reactions. Additionally, using LPCA, reactions were iden-

tified as contributing most to clustering, demonstrating its advantages over existing methods

like t-SNE and Jaccard coefficients. Furthermore, we identify key subsystems that differentiate

GSMMs clusters, a feature not achievable with current methods. We validate our approach by

reconstructing phylogenetic associations. Overall, we provide an alternative for streamlined

subsystem analysis that elucidates variations across GSMMs.

Methods

LPCA on binary reaction matrices

Unless otherwise stated, LPCA was performed on the differential binary pan-reaction matrix,

ΔX, using the logisticPCA function from the “logisticPCA” package (v0.2) [21] in R

(v4.3.1). Due to the large dimensions of the binary matrices, partial decomposition was chosen,

as recommended in the “logisticPCA” package documentation. This approach involves com-

puting only a few eigenvalues instead of all of them, thereby speeding up the computation

process.

The binary data matrix ΔX (N × R) consists of N rows, where every row represents one con-

text- or species-specific GSMM, and R columns represent the reactions. LPCA minimizes the

Bernoulli deviance D, which quantifies the difference between the binary data matrix ΔX, and

the LPCA reconstruction bY, representing the estimated natural parameters of the Bernoulli

model,

min
μ;U

DðDXjbΘÞ ¼ � 2
XN

n¼1

XR

r¼1

DXn;r
bYn;r � log½1þ expðbYn;rÞ� ð1aÞ

Fig 1. Schematic workflow of applying LPCA to binary reaction matrices derived from GSMMs. (Created with BioRender.com).

https://doi.org/10.1371/journal.pcbi.1012236.g001
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with

bY ¼ 1NμT þ ðY � 1NμTÞUUT; ð1bÞ

Θ ¼ mð2DX � 1N1
T
RÞ; ð1cÞ

with a tunable parameter m that, in default mode, is automatically selected by the

logisticPCA function. Y (N × R) denotes the matrix of natural parameters from the satu-

rated model. A saturated model in the context of binary data and Bernoulli distributions is one

in which the estimated probabilities exactly match the observed data ΔX. The results from the

logisticPCA function include the mean parameter vector μ (R × 1) and the loading matrix

U (R × i), where i belongs to the number of principal components. U and μ are solved such

that the Bernoulli deviance D is minimized.

The principal component scores S (N × i) are then obtained from U and μ within the

logisticPCA by:

S ¼ ðΘ � 1Nm
TÞU ð2Þ

The set of loadings U�,r across all principal components i for a reaction r represents a load-

ing vector.

We refer to a loading vector containing loadings for the first two principal components as

reaction-centric loading vector. These reaction-centric loading vectors can be added to LPCA

score plots as arrows to visualize how each reaction contributes to the clustering.

To avoid overwhelming complexity in visualization, we introduce subsystem-centric load-

ing vectors as proxies. For each principal component i, we compute the average loading across

all reactions r within subsystem j, denoted as

avg Uj
i

� �
¼

1

Rj

XRj

r¼1

UðjÞi;r : ð3Þ

Here, Rj is the number of reactions in subsystem j, and UðjÞi;r is the loading of principal com-

ponent i for reaction r within the subsystem j.
The average loading vectors for the first two principal components were visualized in the

LPCA plots.

To rank the contributions of the subsystems to the principal components, we compute the

Euclidian norm of the subsystem-centric loading vectors across the first two principal compo-

nents

javg Ujð Þj ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2

i¼1

avgðUj
iÞ

2

s

¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X2

i¼1

1

Rj

XRj

r¼1

UðjÞi;r

v
u
u
t : ð4Þ

As an alternative ranking measure, we first calculate the Euclidian norm of every reaction-

centric loading vector, and then the average as

avgjUjj ¼
1

Rj

XRj

r¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2

i¼1

UðjÞi;r
� �2

s

; ð5Þ

where the inner sum traverses over the first two principal components.

Both measures were employed to identify key subsystems responsible for driving the

observed differentiation.
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Data sources, collection and pre-processing

Differential binary pan-reaction matrix, ΔX. We acquired GSMMs and metabolic

reconstructions from four distinct sources as outlined below. For each dataset, we generated a

binary “pan-reaction” matrix X 2 {0, 1}N×R, where each of the N rows corresponds to a GSMM

and each of the R columns represents a reaction, using COBRApy (v0.26.3) [22]. These matri-

ces indicate whether individual reactions are present (1) or absent (0) within species-specific

GSMMs or context-specific reconstructions and provide a comprehensive overview of the

reactions present across all the GSMMs. To simplify the matrices, we removed columns con-

taining only 1 or 0. We refer to the resulting data as the differential binary reaction matrix ΔX
of the pan-GSMM or the pan-reconstruction.

• Escherichia. We used 222 GSMMs of Escherichia species reconstructed by Monk [9], grown

across 570 environmental conditions. The resulting pan-GSMM contains 3342 reactions,

each present in at least one strain. Of these, 1688 reactions are not consistently present across

all strains, which thus form the differential matrix ΔXEscherichia 2 {0, 1}222×1688.

During our analysis, we discovered that the reaction labeled as “PRCOA1” is associated with

“Cholesterol degradation” [23] rather than its initial association with “Histidine Metabo-

lism” [9]. Consequently, we established a new subsystem named “Cholesterol degradation”,

reassigning “PRCOA1” and related reactions based on BiGG annotations. Subsequently, we

recalculated the LPCA and subsystem-centric loadings to reflect this adjustment.

• Firmicutes. We used 2943 GSMMs of the phylum Firmicutes from the Agora2 dataset [14]

forming a differential matrix ΔXFirmicutes 2 {0, 1}2943×5267.

• Fungi. We used 343 GSMMs of fungi reconstructed by Lu et al. [10] based on previous

sequencing data [24]. The resulting pan-GSMM contains 4599 reactions, each present in at

least one strain. Of these, 2519 reactions are not consistently present across all strains, form-

ing the differential matrix ΔXFungi 2 {0, 1}343×2519.

• Human. We used normalized gene expression data from 50 healthy tissue samples [25] and

30 cancer tissue samples [26] sourced from the Human Protein Atlas [25, 26] to generate

context-specific genome-scale metabolic reconstructions. Reactions were taken from the lat-

est iteration of the human metabolic model, “Human1” [27], with gene expression consid-

ered for normalized transcripts per million (nTPM) values exceeding 0.2. To avoid bias from

gap-filling, only reactions with gene assignments were included in the context-specific

reconstruction. The resulting pan-reconstructions contained 7975 reactions. Of these, 2390

reactions are not consistently present across all reconstructions, which thus form the differ-

ential matrix ΔXHuman 2 {1, 0}80×2390.

Additional computational analyses

t-SNE on binary reaction matrices. Binary reaction datasets from context-specific

GSMMs were analyzed by Hamming-distance based t-SNE calculation using the R package

“Rtsne” (v0.16) [28]. For plotting, only the first two t-SNE values were considered.

Jaccard coefficients on binary reaction matrices [29]. Jaccard coefficients were calcu-

lated based on binary reaction pairwise between context-specific GSMMs using:

JðA;BÞ ¼
jDXA;∗ \ DXB;∗j

jDXA;∗ [ DXB;∗j
ð6Þ
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where J(A, B) is the Jaccard coefficient between differential reactions of GSMMs A and B, con-

sisting of reactions ΔXA,�, and ΔXB,�, respectively. |ΔXA,� \ ΔXB,�| is the intersection of reac-

tions between GSMMs A and B, and |ΔXA,� [ ΔXB,�| is union of reactions between GSMMs A
and B.

Principal component analysis. Escherichia. For visual comparison, the PCA plot based

on simulated growth rates from environmental conditions was reproduced for Escherichia
strains from [9]. To obtain a similar clustering, a correlation matrix was computed, and PCA

was performed using the princomp function in R.

Phylogenetic analysis. Escherichia. Proteins from genomic sequences (downloaded from

Enterobase—v1.1.5 [30]) were predicted using “prodigal” (v2.6.3) [31], followed by phyloge-

netic comparison using “OrthoFinder” (v2.5.5) [32]. The phylogenetic tree was then plotted

using the “ape” package (v5.7–1) [33] in R.

Fungi. The phylogenetic tree was reproduced using the “ape” package [33] based on a New-

ick file published by Shen et al [24].

Cophenetic correlation coefficient. We used the cophenetic correlation coefficient [34]

to examine similarity between LPCA scores, and phylogenetic trees, where possible. Initially,

we computed the pairwise distances among LPCA scores using both Euclidean and Manhattan

metrics. These distances were then subjected to hierarchical clustering, resulting in the forma-

tion of dendrograms. The obtained dendrograms were compared using the cophenetic correla-

tion coefficient by applying the cophenetic, and cor functions in R. Due to the inherent

non-deterministic nature of t-SNE, a comparison based on the cophenetic correlation coeffi-

cient is not meaningful.

Subsystem analysis using multinomial logistic regression. A multinomial logistic

regression (MLR) model, using the multinom function (“nnet”, v7.3–19), was applied to cal-

culate the contribution of specific reactions to pre-defined clusters of GSMMs (i.e. phyloge-

netic clades/tissue types). Parameter estimates were derived for each reaction, reflecting their

relative contributions to the cluster membership. To quantify the aggregate influence of reac-

tions within biological subsystems, we calculated the Euclidean norm of the parameter esti-

mates for each reaction, which provides a measure of the reaction’s importance. These values

were then averaged by subsystem, offering a subsystem-level perspective on the factors driving

the clustering of metabolic models following:

avgjbj
j ¼

1

Rj

XRj

r¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X12

c¼1

b
j
c;r

� �2

s

; ð7Þ

where β is the coefficient for reaction r in subsystem j, for one of the 12 clades c. Rj is the num-

ber of reactions in subsystem j. Before plotting, subsystems were normalized by dividing every

subsystem by the highest value from MLR and LPCA.

Results and discussion

Comparison of 222 strain-specific GSMMs from the genus Escherichia
We used LPCA to analyze 222 strain-specific GSMMs of the genus Escherichia [9]. Both the

differential binary pan-reaction matrix ΔX (Fig 2A) and the full binary pan-reaction matrix

(S1 Fig) were subjected to LPCA, and showed similar clustering behavior. Overall, seven sub-

clusters were identified, three of which were exclusively associated with E. albertii strains (blue

in Fig 2A), two with E. fergusonii strains (red in Fig 2A, red), and the remaining two consist of

E. coli, S. dysenteriae, S. flexneri, as well as Clades II to VIII (orange in Fig 2A). While E. coli
strains did not segregate from Shigella species, they tended to accumulate on one side of the
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two subclusters within the orange ellipse. In contrast, Clades II to VIII gathered on the oppo-

site side.

LPCA aligns with established GSMM classification methods and phylogenetic analy-

sis. To validate our LPCA analysis, we compared it with t-SNE analysis (see Fig 2B) and a Jac-

card coefficient analysis (see Fig 2C). Overall the three methods showed similar clustering

behavior.

Fig 2. LPCA (a), t-SNE (b) and Jaccard coefficients (c) derived from a binary reaction matrix from differential reactions in 222 Escherichia GSMMs.

In panels (a) and (b), points represent individual GSMMs, with different genera indicated by distinct symbols and colors. The top row in panel (c) uses

these same colors to indicate the corresponding genera. Circles in panel (a) highlight clusters of E. albertii strains (blue), E. fergusonii strains (red), and a

mixed cluster of E. coli, S. dysenteriae, S. flexneri, and Clades II to VIII (orange). Labeled arrows in panel (a) denote subsystem-centric loading vectors

from LPCA (refer to the results and methods section for definitions).

https://doi.org/10.1371/journal.pcbi.1012236.g002
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• t-SNE analysis found two distinct clusters for E. albertii (blue in Fig 2B), contrasting the

three clusters identified by LPCA. Additionally, t-SNE identified only one cluster for E. fer-
gusonii (red in Fig 2B), as opposed to two clusters observed with LPCA. Both LPCA and t-

SNE identified two identical clusters for E. coli (orange in Fig 2B). However, t-SNE provided

better resolution for the remaining clades compared to LPCA.

• Ten permutations of the sample order resulted in substantial variability in the t-SNE-derived

coordinates, highlighting the sensitivity of this method. In contrast, the scores obtained from

the LPCA approach remained remarkably stable across the same number of permutations

(compare S5 Fig).

• Hierarchical clustering of pairwise Jaccard coefficients revealed two distinct clusters for E.
albertii, two clusters for E. fergusonii, and two mixed clusters comprising E. coli and the

remaining clades (Fig 2C).

Again, clustering patterns remained essentially consistent across all methods when using

the full binary pan-reaction matrix instead of the differential matrix (compare Fig 2 with S1

Fig).

Next, we tested if the clustering by LPCA aligns with a phylogenetic analysis (S3 Fig). We

compared LPCA scores with a whole-genome based phylogenetic tree using the cophenetic

correlation coefficient [34]. LPCA scores showed a good cophenetic correlation with the phy-

logenetic tree when Manhattan distances (0.61) were used to calculate the pairwise distance

between scores. The correlation weakened when using Euclidean distance. This drop in corre-

lation with Euclidian distance (0.37) is expected as it is more suited for continuous data rather

than binary data. Consequently, we suggest that Manhattan distances derived from LPCA

scores effectively conserve phylogenetic relations.

Finally, when comparing LPCA to standard PCA using simulated growth rates under differ-

ent environmental conditions, we observe a better separation of GSMMs, especially between

E. coli and E. albertii (S2 Fig).

LPCA pinpoints key metabolic subsystems distinguishing GSMM clusters. To identify

the factors driving the observed clusters, we analyzed subsystem-centric loading vectors

derived from LPCA, as described in Eq (2) in the Methods section. These vectors aim to mea-

sure the contribution of the entire metabolic subsystem (like glycolysis, etc.) rather than indi-

vidual reactions. We find that cluster separation was predominantly influenced by (the top)

five subsystems: “Murein Biosynthesis”, “Murein Recycling”, “Anaplerotic Reactions”,

“Exchange”, and “Histidine Metabolism” (Fig 2A). Notably, when employing a different rank-

ing method based on (4) rather than (3), four out of these five driver subsystems remained

consistent (see S1 Table), underscoring their robust impact on the clustering.

The subsystem “Exchange” consists of only one reaction: Methylmalonate-semialdehyde

dehydrogenase (“MMSAD3”). Its presence in this list is unexpected given that the Escherichia
GSMMs were reconstructed to compare 570 environmental conditions. Thus, the correspond-

ing exchange systems should be universally present in all models, regardless of genetic evi-

dence. According to BiGG annotation, “MMSAD3” is indeed categorized as exchange but is

associated with propanoate metabolism according to KEGG. We suspect that “MMSAD3”

might have been incorrectly assigned.

“Murein Recycling” and “Murein Biosynthesis” are known to be highly conserved subsys-

tems among Escherichia strains, with 88% of the reactions being shared across all Escherichia
strains [9]. The highest loading values were obtained for D-alanyl-D-alanine dipeptidase

(“ALAALAD” from the “Murein Recycling” subsystem), which is conserved in 82% E. colis, in

100% Shigellas, and in 2% Clades II to VIII. In contrast, “ALAALAD” is completely absent in
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the more distinct clades, E. albertii and E. fergusonii. D-alanyl-D-alanine dipeptidase (vanX) is

responsible for cleaving D-alanyl-D-alanine dipeptide. This enzyme allows bacteria to use D-

alanine as a carbon source and modify peptidoglycan structures [35]. Intriguingly, modifica-

tions in these peptidoglycan precursors, such as the substitution of D-alanyl-D-alanine with

D-alanyl-D-lactate, confer resistance to the antibiotic vancomycin, which targets terminal D-

alanyl-D-alanine residues to prevent crosslinking [35, 36].

In further exploring the capabilities of LPCA, we analyzed the set of differential reactions

within the “Histidine Metabolism” subsystem when contrasting the clades E. albertii and E.
coli, as an example. We noted virtually identical loading values for the reactions “HISDr”,

“URCN”, and “IZPN” (S2 Table). These reactions detail the stepwise breakdown of histidine

into N-formimidoyl-L-glutamate via urocanate and 4-imidazolone-5-propanoate. This path-

way was found to be twice as prevalent in E. albertii strains (25%) compared to E. coli strains

(12%). This differential trait suggests that at least certain E. albertii strains might possess the

metabolic capability to utilize histidine as a source of carbon and nitrogen.

One particular reaction, “PRCOA1”, prevalent in 61% of E. albertii-specific GSMMs,

appeared as a significant difference, see S2 Table. However, we found that this reaction might

be misallocated to “Histidine Metabolism”. According to the BiGG database [37], “PRCOA1”

converts CoA-20-hydroxy-cholest-4-en-3-one C5 side chain to Androst-4-ene-3,17-dione,

and belongs to “Cholesterol degradation”, rather than “Histidine Metabolism” (see reaction-

centric loadings in S2 Table). Thus, we newly introduced the so far missing subsystem “Cho-

lesterol degradation”, reassigned “PRCOA1” (and associated reactions according to KEGG),

and repeated LPCA (see Fig 2A) as well as computing the subsystem loadings new. This time

“Cholesterol degradation” replaced “Histidine metabolism” among the top five driving subsys-

tems. The results from Fig 2 suggest that LPCA is capable of distinguishing between phyloge-

netically distant species by analyzing their sets of differential reactions. Additionally, the

loading values from LPCA help identify the key drivers for the observed separation between

species and may also hint at misannotations. Unlike other methods, this identification happens

simultaneously with the computation of LPCA scores, offering insights into both the extent of

metabolic differences and the specific distinctions driving them.

MLR reveals subsystems contributing to phylogenetic classification. To validate our

interpretation of the subsystem-centric loadings from LPCA, we used a MLR model to inde-

pendently evaluate the contribution of each reaction to phylogenetic clades (see Methods for

details). By grouping the reaction-centric parameters by subsystem (see Methods 6), we

observed different subsystems to be the most influential drivers for separation in comparison

to LPCA-derived subsystem-centric loadings. As displayed in Fig 3, “Pentose Phosphate Path-

way”, “Lipopolysaccharide Biosynthesis / Recycling”, “Pentose and Glucuronate Interconver-

sions”, “Murein Biosynthesis”, and “Anaplerotic Reactions” are the five most important

subsystems, responsible for the separation of clades. Two subsystems are shared between MLR

and LPCA within the top five subsystems: “Murein Biosynthesis”, and “Anaplerotic Reac-

tions”. Moreover, “ALAALAD” is again the most influential reaction within the subsystem

“Murein Biosynthesis” in MLR. Additionally, it seems that a lower number of subsystems may

impact the clustering, since 8 subsystems have a normalized value above 0.5 in MLR, while

only 4 subsystems have a normalized value above 0.5 in LPCA. Normalized values in MLR and

LPCA were obtained by dividing every subsystem-centric value by the maximum value. While

MLR can pinpoint key determinants of a pre-defined categorization, LPCA provides a notable

benefit through the detection of possibly new (sub)clusters. Such subclusters could reveal met-

abolic distinctions that might be missed when exclusively depending on the primary phyloge-

netic categorization. Moreover, LPCA allows for the identification of the orientation of

reaction- or subsystem-centric loadings, an analysis unachievable with MLR.
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Comparison of 343 yeast-specific GSMMs from the subphylum

Saccharomycotina
We applied LPCA to the set of differential reactions extracted from 343 yeast-specific GSMMs

[10], mostly obtained through a recent sequencing effort [24], see Fig 4a. Similar to the LPCA

analysis of GSMMs for Escherichia (see above), our findings reveal a clustering of species with

closer phylogenetic relationships. However, when considering the first two principal components,

the separation is less pronounced for yeast, accounting for only 27% of the variance, in contrast

to 34% for Escherichia species. In the phylogenetic tree S6 Fig, similar clades were observed to

group into closely related clusters as in the LPCA plot Fig 4A. Notably, the Lipomycetaceae clade

(purple) was distinctly isolated from other clades. In contrast, clades with closer phylogenetic rela-

tionships formed subclusters. In particular, the Saccharomycodaceae-specific GSMMs (green)

constituted a distinct cluster, despite their close phylogenetic relation to Saccharomycetaceae.
Again, our analysis identified the top five subsystems critically contributing to cluster sepa-

ration: “Glycerolipid metabolism”, “Phagosome”, “Nitrogen metabolism”, “Fructose and man-

nose metabolism”, and “Peroxisome”. However, comprehensively examining these pathways

Fig 3. Impact of subsystems derived from LPCA and MLR for Escherichia GSMMs. MLR: contribution of subsystems to

phylogenetic classification normalized to the maximum value. LPCA: subsystem-centric loadings normalized to maximum loading

(refer to methods section for details).

https://doi.org/10.1371/journal.pcbi.1012236.g003
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in yeast (as we did above for Escherichia) faces two major challenges challenges (i) limited

knowledge on fungal metabolism—yeast and other fungi remain relatively understudied com-

pared to mammalian and prokaryotic cells [38]; and (ii) a significant proportion of reactions

(>50%) are in the subsystem “Unassigned” in the current dataset.

Comparison of healthy and cancerous tissues

Previous studies have demonstrated the effectiveness of PCA in distinguishing between healthy

and cancerous tissues using transcriptomic data [39, 40]. Here, we replicated this finding using

Fig 4. LPCA (a), t-SNE (b), and Jaccard coefficients (c) derived from a binary reaction matrix from yeast-specific GSMMs. In panels (a) and (b),

points represent individual GSMMs, with different genera indicated by distinct symbols and colors. The top row in panel (c) uses these same colors to

indicate the corresponding genera. Circles in panel (a) highlight a cluster of the Lipomycetaceae clade (purple), and the Saccharomycodaceae (green).

Labeled arrows in panel (a) denote subsystem-centric loading vectors from LPCA (refer to the results and methods section for definitions).

https://doi.org/10.1371/journal.pcbi.1012236.g004
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normalized gene expression data taken from the Human Protein Atlas [25, 26], see S7 Fig.

When restricting the analysis to genes annotated within the generic “Human1” reconstruction,

the distinction became less evident, see S7 Fig. Further narrowing the analysis to genes derived

from the annotations in context-specific GSMMs (see Methods for details) resulted in the loss

of differentiation (S7 Fig). This outcome may be attributed to the notably fewer genes (561) in

these models compared to the broader set in “Human1” (containing 2897 metabolic genes).

We explored if LPCA could recover the differentiation between healthy and cancerous tissues

using the differential set of reactions in these GSMMs. Indeed, Fig 5A indicates the feasibility

of such recovery via LPCA.

Fig 5. LPCA (a), t-SNE (b), and Jaccard coefficients (c) derived from a binary reaction matrix from context-specific reconstructions from

healthy and cancerous tissues. In panels (a) and (b), points represent individual reconstructions, with reconstructions from healthy (blue squares)

and cancerous tissues (red triangles). The top row in panel (c) uses these same colors to indicate the corresponding tissue. t-SNE appears less effective

in identifying outliers (red open triangle, and blue open circles) compared to LPCA and Jaccard coefficients. Labeled arrows in panel (a) denote

subsystem-centric loading vectors from LPCA (refer to the results and methods section for definitions).

https://doi.org/10.1371/journal.pcbi.1012236.g005
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Again, in comparison to t-SNE (Fig 5B) and Jaccard coefficients (Fig 5C) suggests that both

t-SNE and LPCA can distinguish healthy from cancerous reconstructions. However, t-SNE

appears less effective in identifying outliers (Fig 5, red, unfilled triangle) compared to LPCA

and Jaccard coefficients. In addition, two healthy tissue samples (Fig 5, blue, unfilled circles)

tended to cluster with reconstructions from cancer tissues, showing a more pronounced clus-

tering when using LPCA compared to t-SNE. LPCA facilitates a clearer interpretation of the

underlying factors, aiding in the identification of differences between context-specific

GSMMs.

When analyzing the LPCA-derived subsystem-centric loadings, “Linoleate Metabolism”

emerged as a crucial subsystem for distinguishing between context-specific GSMMs. Within

this subsystem, the reaction “MAR02438” exhibited the highest loading value and is associated

with the genes PTGS1 or PTGS2. These genes play a pivotal role in prostaglandin synthesis and

are linked to the vascular endothelial-derived growth factor (VEGF) signaling pathway, critical

for angiogenesis [41]. PTGS2 holds significant importance in cancer research. Inhibitors tar-

geting the enzyme COX2, encoded by the PTGS2 gene, such as celecoxib, have demonstrated

cancer-retarding properties [42].

Another important insight came from the subsystem “Ascorbate and alderate metabolism”,

which was found to be top-ranked in subsystem-centric loadings. It consists of only one reac-

tion-centric loading (“MAR08346”), pointing towards healthy tissue samples (Fig 5A), which

indicates a higher presence in healthy tissues than cancerous tissues. The reaction describes

the reversible conversion of “L-gulonate” to “L-gulono-1,4-lactone” in the endoplasmic reticu-

lum and is catalyzed by the enzyme “Regulacin” (RGN). Besides its metabolic role, RGN is

involved in calcium homeostasis, antioxidant defense, apoptosis, and cell proliferation [43].

Recently, RGN has been identified to be downregulated in several cancer cells [44] and that

survival of cancer patients is positively correlated with a higher expression level of RGN [45].

In the “Human1” GSMM [27], “L-gulonate” can be converted to “L-gulono-1,4-lactone”

(RGN, endoplasmic reticulum), “glucuronate” (AKR1A1, endoplasmic reticulum), or to

“3-dehydr-L-gulonate” (CRYL1, cytoplasm). High CRYL1-expression has been shown to

increase survival rate at least in clear cell renal cell carcinoma patients, while CRYL1 silencing

led to increased cell migration and proliferation [46]. In contrast, AKR1A1 was found to be

upregulated in many cancer cells and is associated with drug resistance [47]. Since AKR1A1
catalyzes the final conversion step from “D-glucose” to “L-gulonate” via “glucuronate”, while

RGN, and CRYL1 are downregulated, an accumulation of “L-gulonate” might emerge in

cancerous cells and could be further investigated. This finding is supported by the subsystem

analysis using MLR (Fig 6), where the subsystem “Ascorbate and alderate metabolism” is

ranked on top as well. Further top-ranked subsystems from MLR include “Terpenoid back-

bone biosynthesis”, “Metabolism of other amino acids”, “Tricarboxylic acid cycle and glyoxy-

late/dicarboxylate metabolism”, and “Phosphatidylinositol phosphate metabolism”, none of

them shared with the top-ranked subsystems from LPCA, being “Linoleate metabolism”, “Pan-

tothenate and CoA biosynthesis”, “Vitamin E metabolism”, and “Sulfur metabolism”.

Analysis of 2943 Agora2-derived Firmicutes species

Finally, we applied LPCA to a subset (Firmicutes) of the Agora2 dataset, after creating a binary

reaction matrix, containing 5267 differential reactions from 2943 species-specific GSMMs.

The three main orders (Bacillales, Eubacteriales, and Lactobacillales) formed subclusters

regardless of the applied method (Fig 7). Incomplete subsystem assignments within the

GSMMs prevented the determination of meaningful subsystem-centric loadings. This under-

scores the significance of accurate subsystem assignments when utilizing LPCA for GSMMs.
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We assessed the run time for LPCA, t-SNE, and Jaccard coefficients. While t-SNE and Jac-

card coefficients finished in 0.31 h and 1.26 h, respectively, LPCA took 20 h on an “AMD

EPYC 7542 32-Core Processor”, 96 cores, 406 GB RAM. While LPCA offers valuable insights

into GSMMs at the subsystem and reaction levels, its longer runtime may pose challenges for

huge datasets and could benefit from further optimization.

Conclusion

Here we introduced LPCA to simultaneously compare and analyze multiple GSMMs to iden-

tify similarities and differences in metabolic capabilities across multiple species and strains.

LPCA extends standard PCA to binary data sets. Thus, it allows us to analyze the presence or

absence of biochemical reactions across GSMMs. Our approach not only confirmed the estab-

lished phylogenetic relationships but also demonstrated the robustness of LPCA in delineating

Fig 6. Impact of subsystems from LPCA and MLR for human reconstructions. MLR: contribution of subsystems to phylogenetic classification

normalized to the maximum value. LPCA: subsystem-centric loadings normalized to maximum loading (refer to methods section for details).

https://doi.org/10.1371/journal.pcbi.1012236.g006
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clustering patterns. Utilizing LPCA on the set of differential reactions across GSMMs provides

distinct advantages:

1. Enhanced Clade Discrimination: Unlike PCA relying on simulated growth rates from var-

ied environmental conditions, LPCA exhibited clear separation of distinct clades. This

method mitigates bias by solely assessing reaction presence in GSMMs, rather than subjec-

tively selecting environmental conditions for growth rate simulations.

2. Subsystem Identification: In contrast to t-SNE and Jaccard coefficients, our LPCA approach

provides precise information on drivers that govern separation and enables an efficient

Fig 7. LPCA (a), t-SNE (b) and Jaccard coefficients (c) derived from a binary reaction matrix from 2943 Firmicutes species-GSMMs. In panels (a)

and (b), points represent individual GSMMs, with different genera indicated by distinct symbols and colors. The top row in panel (c) uses these same

colors to indicate the corresponding genera. The clustering of rows and columns in panel (c) was performed using the default hierarchical clustering

settings (refer to methods section for details).

https://doi.org/10.1371/journal.pcbi.1012236.g007
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subsystem analysis by grouping reactions based on their loading values. This may also sup-

port curation efforts and metabolic subsystem analysis.

3. Comparison to MLR: While MLR can identify driving factors, LPCA offers a significant

advantage by simultaneously identifying potential subclusters. These subclusters may indi-

cate metabolic variations that could be overlooked when relying solely on the initial phylo-

genetic classification. Additionally, the direction of reaction- or subsystem-centric loadings

can be determined with LPCA, which is not possible with MLR.

4. Transcriptome-based Equivalence: Our findings showcased the ability of LPCA to recover

cluster patterns observed in transcriptome-based PCA plots solely from genome-scale met-

abolic reconstruction and/or GSMMs.

Here, our focus was on grouping reactions by standard biochemical subsystems such as gly-

colysis, etc. However, LPCA can be extended to group reaction-centric loadings by any other

pathways of interest. This expansion could complement recently developed tools designed to

facilitate metabolic pathway analysis [48, 49]. In addition to other methods for feature selec-

tion from omics datasets [50–52], PCA loadings have been established as an effective method

for this purpose, facilitating the identification of biologically significant features with high vari-

ance across different conditions or phenotypes [53]. LPCA loadings could be used in a similar

way with respect to GSMMs. While LPCA is limited to binary datasets, our study demonstrates

its effectiveness with binary reaction datasets derived from GSMMs, highlighting its potential

to guide further research and pathway analysis in GSMMs. By identifying reactions with high

LPCA loading values, we have pinpointed those that play pivotal roles in GSMMs, suggesting

targets for further experimental and computational investigation. Integrating this approach

with prior to other omics analyses could ultimately provide a more comprehensive under-

standing of metabolic pathways.

Supporting information

S1 Fig. LPCA (a), t-SNE (b) and Jaccard coefficients (c) derived from a binary reaction

matrix from pan-reactions in 222 Escherichia GSMMs. In panels (a) and (b), points repre-

sent individual GSMMs, with different genera indicated by distinct symbols and colors. The

top row in panel (c) uses these same colors to indicate the corresponding genera. Circles in

panel (a) highlight clusters of E. albertii strains (blue), E. fergusonii strains (red), and a mixed

cluster of E. coli, S. dysenteriae, S. flexneri, and Clades II to VIII (orange). Labeled arrows in

panel (a) denote subsystem-centric loading vectors from LPCA (refer to the results and meth-

ods section for definitions). The clustering of rows and columns in panel (c) was performed

using the default hierarchical clustering settings (refer to methods section for details.

(TIF)

S2 Fig. PCA based on simulated growth rates from 222 Escherichia species-specific

GSMMs across 570 different environmental conditions [9]. While E.fergusonii GSMMs

could be well separated based on simulated growth rates, the remaining clades seem to be less

separatable.

(TIF)

S3 Fig. Phylogenetic tree of 222 Escherichia species based on whole genomes. Genomes

were obtained from Enterobase [30]. Phylogenetic relations were obtained from OrthoFinder

[32] based on coding genes. E.coli, E.albertii, and E.fergusonii formed distinct clades.

(TIF)
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S4 Fig. Reaction-specific loadings, grouped by subsystem from differential reactions. The

reaction “ALAALAD” (Murein Biosynthesis) was found to be a major driving factor for sepa-

ration. “PRCOA1” (Cholesterol degradation) was found to be incorrectly assigned to “Histi-

dine metabolism” in the original GSMMs.

(TIF)

S5 Fig. LPCA scores (a) and t-SNE (b) results using the differential reaction dataset from

Escherichia-GSMMs, performed 10 times. While LPCA scores showed reproducible cluster-

ing, t-SNE resulted in a more diffuse clustering.

(TIF)

S6 Fig. Phylogenetic tree of yeast-species taken from [24]. Whole-genome based phyloge-

netic comparison of strains results in more distinct separation of clades, compared to LPCA

scores, t-SNE or hierarchical clustering based on Jaccard similarity.

(TIF)

S7 Fig. PCA of transcriptomes from (a) whole transcriptomes, (b) “Human1” metabolic

genes, and (c) selected genes from context-specific reconstructions. While clustering

between healthy and cancer tissue could be conserved based on whole transcriptomes (a) and

metabolic genes (b), it was not possible based on the genes from the context-specific recon-

structions (c).

(TIF)

S1 Table. Top-ranked subsystems driving cluster separation in 222 Escherichia strains in

LPCA. Subsystems were ranked either according to the magnitude of the average loadings per

subsystem for the first two principal components, |avg (Uj)|, or according to the average mag-

nitude of the loadings per subsystem, avg |Uj|, see Eqs (2) and (3), respectively. † not within

the top five in this ranking. ‡ not present in the original set of subsystems.

(XLSX)

S2 Table. Reaction-centric loadings of the subsystem “Histidine metabolism” † In the orig-

inal models, “PRCOA1” was associated with “Histidine metabolism”. We reassigned

“PRCOA1” to the newly created metabolic subsystem “Cholesterol degradation”. See text and

S1 Table for details.

(XLSX)
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multi-strain genome-scale models and expansion across the phylogenetic tree. Nucleic acids research.

2020; 48(D1):D402–D406. https://doi.org/10.1093/nar/gkz1054 PMID: 31696234

38. Roth M, Westrick N, Baldwin T. Fungal biotechnology: From yesterday to tomorrow. Front Fungal Biol.

2023; 4; 2023. https://doi.org/10.3389/ffunb.2023.1135263 PMID: 37746125

PLOS COMPUTATIONAL BIOLOGY Logistic PCA explains metabolic differences between genome-scale metabolic models

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012236 June 24, 2024 19 / 20



39. Shaath H, Toor S, Nair VS, Elkord E, Alajez NM. Transcriptomic analyses revealed systemic alterations

in gene expression in circulation and tumor microenvironment of colorectal cancer patients. Cancers.

2019; 11(12):1994. https://doi.org/10.3390/cancers11121994 PMID: 31835892

40. Xu L, Wang R, Ziegelbauer J, Wu WW, Shen RF, Juhl H, et al. Transcriptome analysis of human colo-

rectal cancer biopsies reveals extensive expression correlations among genes related to cell prolifera-

tion, lipid metabolism, immune response and collagen catabolism. Oncotarget. 2017; 8(43):74703.

https://doi.org/10.18632/oncotarget.20345 PMID: 29088818

41. Kamal MV, Damerla RR, Dikhit PS, Kumar NA. Prostaglandin-endoperoxide synthase 2 (PTGS2) gene

expression and its association with genes regulating the VEGF signaling pathway in head and neck

squamous cell carcinoma. Journal of Oral Biology and Craniofacial Research. 2023; 13(5):567–574.

https://doi.org/10.1016/j.jobcr.2023.07.002 PMID: 37559688

42. Xu L, Stevens J, Hilton MB, Seaman S, Conrads TP, Veenstra TD, et al. COX-2 inhibition potentiates

antiangiogenic cancer therapy and prevents metastasis in preclinical models. Science translational

medicine. 2014; 6(242):242ra84–242ra84. https://doi.org/10.1126/scitranslmed.3008455 PMID:

24964992

43. Vaz CV, Correia S, Cardoso HJ, Figueira MI, Marques R, Maia CJ, et al. The emerging role of regucal-

cin as a tumor suppressor: Facts and views. Current molecular medicine. 2016; 16(7):607–619. https://

doi.org/10.2174/1566524016666160714124550

44. Ghanem NZ, Yamaguchi M. Regucalcin downregulation in human cancer. Life Sciences. 2024; p.

122448. https://doi.org/10.1016/j.lfs.2024.122448 PMID: 38246519

45. Yamaguchi M. Regucalcin Is a Potential Regulator in Human Cancer: Aiming to Expand into Cancer

Therapy. Cancers. 2023; 15(22):5489. https://doi.org/10.3390/cancers15225489 PMID: 38001749

46. Li P, Xu Q, Liu K, Ye J. CRYL1 is a Potential Prognostic Biomarker of Clear Cell Renal Cell Carcinoma

Correlated with Immune Infiltration and Cuproptosis. Technology in Cancer Research & Treatment.

2024; 23:15330338241237439. https://doi.org/10.1177/15330338241237439 PMID: 38497139

47. Fujii J, Homma T, Miyata S, Takahashi M. Pleiotropic actions of aldehyde reductase (AKR1A). Metabo-

lites. 2021; 11(6):343. https://doi.org/10.3390/metabo11060343 PMID: 34073440

48. Schilling CH, Schuster S, Palsson BO, Heinrich R. Metabolic pathway analysis: basic concepts and sci-

entific applications in the post-genomic era. Biotechnology progress. 1999; 15(3):296–303. https://doi.

org/10.1021/bp990048k PMID: 10356246
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A B S T R A C T
HEK293 cells are a versatile cell line extensively used in the production of recombinant proteins and
viral vectors, notably Adeno-associated virus (AAV) [72]. Despite their high transfection efficiency
and adaptability to various culture conditions, challenges remain in achieving sufficient yields of
active viral particles. This study presents a comprehensive multi-omics analysis of two HEK293
strains under good manufacturing practice conditions, focusing on the metabolic and cellular responses
during AAV production. The investigation included lipidomic, exometabolomic, and transcriptomic
profiling across different conditions and time points. Genome-scale metabolic models (GSMMs) were
reconstructed for these strains to elucidate metabolic shifts and identify potential bottlenecks in AAV
production. Notably, the study revealed significant differences between a High-producing (HP) and
a Low-producing (LP) HEK293 strains, highlighting pseudohypoxia in the LP strain. Key findings
include the identification of hypoxia-inducible factor 1-alpha (HIF1alpha) as a critical regulator in
the LP strain, linking pseudohypoxia to poor AAV productivity. Inhibition of HIF1alpha resulted in
immediate cessation of cell growth and a 2.5-fold increase in viral capsid production, albeit with
a decreased number of viral genomes, impacting the full-to-empty particle ratio. This trade-off is
significant because it highlights a key challenge in AAV production: achieving a balance between
capsid assembly and genome packaging to optimize the yield of functional viral vectors. Overall
this suggests that while HIF1alpha inhibition enhances capsid assembly, it simultaneously hampers
nucleotide synthesis via the pentose phosphate pathway (PPP), necessary for nucleotide synthesis, and
therefore for AAV genome replication.

Introduction1

Human embryonic kidney 293 (HEK293) is a highly2

adaptable cell line originating from human embryonic kidney3

cells cultivated in tissue culture. Developed in 1977 [73],4

HEK293 cells have become pivotal in the generation of5

recombinant proteins [74, 6, 53, 62] and viral vectors [72,6

61, 55, 50], owing to their high transfection efficiency and7

robust proliferation. At least 564 distinct HEK293 strains are8

documented [63], each optimized for specific applications.9

These cells are widely used in the biopharmaceutical sector10

to produce recombinant proteins not effectively expressed11

in Chinese Hamster Ovary (CHO) cells [52]. A significant12

advantage of HEK293 cells is their adaptability to diverse13

culture conditions; they are capable of growing in both14

suspension and adherent cultures [53, 54] and are suitable for15

serum-free media, which facilitates scalable and reproducible16

production processes.17

HEK293 cells are widely used for producing viral vectors18

essential for cell and gene therapy [59, 4, 45], and vaccine19

development [99, 98]. These vectors include lentiviruses, ade-20

noviruses, and AAV [72], with AAV especially prominence21

∗Corresponding authors, LZ: Leopold.Zehetner@univie.ac.at; DS:
diana.szeliova@univie.ac.at; JAHB: juan_antonio.hernandez_bort@fh-
campuswien.ac.at; JZ: juergen.zanghellini@univie.ac.at

ORCID(s): 0009-0003-2677-3685 (L. Zehetner); 0000-0002-9885-9758 (D.
Széliová); 0000-0003-2348-4864 (J.A. Hernandez Bort);
0000-0002-1964-2455 (J. Zanghellini)

in in vivo gene therapy, leading to six approved drugs in recent22

years [55]. Despite their therapeutic potential, producing23

sufficient active viral particles remains challenging due to24

high associated costs, and the fact that only 10% of the AAV25

contain the gene of interest in full length [57, 56]. Thus,26

many studies have aimed at enhancing AAV titers in HEK29327

cells [59, 58]. Beyond optimizing process parameters, several28

studies have examined the cellular behavior of HEK293 cells29

using single-omics datasets during growth [53, 6, 97] or30

production [52, 61, 6, 10, 60, 44, 4], as summarized in [62].31

The behavior of host cells during AAV production has32

been extensively studied using transcriptomes [44, 4, 45], pro-33

teomes [61, 60], or both [51] (Tab 1), as recently summarized34

[189]. Despite variations in fermentation conditions, strains,35

and AAV serotypes, two pathways were consistently enriched36

during production: (i) endoplasmic reticulum (ER) stress37

and the unfolded protein response (UPR) [45, 4, 44, 51, 61],38

and (ii) immune response [60, 45, 44, 51]. ER stress occurs39

when unfolded or misfolded proteins accumulate in the ER,40

triggering the UPR to restore ER homeostasis. Key proteins41

involved in UPR activation include GRP78, ATF6, PERK,42

and IRE1. PERK phosphorylates eIF2𝛼, thereby inhibiting43

CAP-dependent protein translation [82]. ER stress and UPR44

are common challenges in recombinant protein production45

[80, 81], so their upregulation in HEK293 during AAV46

production is expected. Additionally, transcriptomic analyses47

identified the JAK-STAT signaling pathway as central during48
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Table 1
Overview of recently performed -omics based studies of HEK293 strains during AAV production

HEK293 strain Medium Set up Data Reference
ATCC: CRL-1573 AMBIC shake flask Transcriptome [44]
Mass Biologics, Inc. BalanCD shake flask Transcriptome [44]
unknown origin FreeStyle F17 50L bioreactors Transcriptome [79]
FreeStyle 293F BalanCD shake flask Proteome [61]
Cell Biolabs, Inc. DMEM (+10% FBS) T-flask Transcriptome, Proteome [51]
Expi293 HE400AZ Erlenmeyer flask Transcriptome [60]
ATCC: CRL-1573 (LP) FreeStyle F17 250mL bioreactors Transcriptome [4]
HP FreeStyle F17 250mL bioreactors Transcriptome [4]

AAV production in HEK293 strains [44, 45]. This pathway49

mediates the innate immune response to viral infections and50

regulates genes involved in antiviral defense, inflammation,51

cell growth, and differentiation [102, 101, 100]. Inhibiting52

STAT1 with Ruxolitinib led to a two-fold titer increase in53

shake flasks and a 50% improvement in a 3 L bioreactor54

[45]. However, in certain HEK293 strains [45], the JAK-55

STAT pathway was upregulated even before transfection,56

indicating a pre-existing stressed state, while in others, it was57

either triggered by AAV production [44] or downregulated58

by ethanol addition [60]. The cause of this immune response,59

whether due to HEK293 strain adaptation or AAV particle60

production, remains unclear.61

Differences in immune responses prior to transfection62

could arise from variations between suspension and adher-63

ent culturing of HEK293 strains. (author?) [46] recently64

highlighted metabolic differences after adapting an adherent65

HEK293 strain to suspension culture. The study found66

increased glucose uptake, lactate secretion, and succinate67

production in HEK293 cells adapted to suspension culture,68

suggesting that these cells experience pseudohypoxia [35]. In69

CHO cells, reducing pseudohypoxia by inhibiting pyruvate70

dehydrogenase kinase with dichloroacetate has been shown71

to improve culture performance, and antibody production72

[49].73

Viral vectors may influence host cell metabolism more74

directly, similar to how viruses reprogram host metabolism75

to support their replication [111]. This is especially relevant76

for AAV production, which relies on helper functions from77

other viruses, like Adenovirus [115, 116], or Herpesvirus78

[113, 114]. While the impact of viral genes, such as E4ORF179

from Human adenovirus [112], on host metabolism has been80

studied, the metabolic effects during AAV replication remain81

largely unexplored and could be investigated using genome-82

scale metabolic modeling [50].83

GSMMs are mathematical representations of cellular84

metabolism, first developed over two decades ago [70]. Since85

then, more than 1000 GSMMs have been reconstructed86

across all domains of life [71]. In bioprocess engineering,87

GSMMs have provided deep insight at a cellular level88

leading to improved growth and production behavior in89

microbes [196, 197, 198, 85, 86, 25, 88] and mammalian90

cells [84, 89, 90]. However, currently, there are no GSMM91

for HEK293 cells during Recombinant protein (RP) or viral92

particle production. Existing HEK293 models are small-93

scale, focusing on selected pathways or AAV production via94

triple transfection [50]. The most detailed HEK293 GSMM95

includes 357 reactions and was manually curated for RP96

production [10] using transcriptomic and exometabolomic97

data [6] based on the Recon2 model [64].98

Meanwhile, reconstructions of human metabolism have99

been continuously refined and updated [12, 65], allowing100

the use of computational tools to automatically generate cell-101

specific GSMMs [69, 68, 67, 66, 7]. However, obtaining102

accurate condition-specific GSMMs, requires integrating103

additional constraints, such as enzyme limitations [109],104

thermodynamic constraints [110], and constraints on ex-105

change reactions [9, 106] or biomass composition [9, 107,106

108]. Experimental data on exchange rates and biomass’107

dry weight, are pivotal but can disrupt simulations [9] if108

not precisely measured [106]. Similarly, macromolecular109

biomass composition, particularly the lipidome, varies under110

different environmental conditions and strongly influences111

predicted flux distributions [107, 108]. Thus, understanding112

exometabolites and biomass composition–especially the113

lipidome–is essential for modeling viral vector production.114

Unfortunately, such data are currently unavailable for AAV115

producing HEK293 cells.116

In this study, we conducted a multi-omics analysis of117

two HEK293 strains, which were partially examined in118

previous research for AAV production [4, 45]. Using the latest119

reconstruction of human metabolism [12], we developed 20120

condition-specific GSMMs from the two strains, analyzing121

mock and transfected conditions across five time points with122

four biological replicates each. We find that over 99.8% of123

cellular resources in both stains are used for growth rather124

than AAV production. To reallocate the resources, we aimed125

to inhibit growth and therefore increase AAV production in126

the LP strain. With the multi-omics analysis – encompassing127

lipidomes, transcriptomes, and fluxomes – we identified HIF-128

1𝛼 as a potential target in the LP strain, suggesting that the129

LP strain is affected by pseudohypoxia due to recent adaption130

from adherent to suspension culturing. Inhibiting HIF-1𝛼131

halted cellular growth and improved the specific productivity132

of viral capsids by over two-fold. However, the number133

of viral genomes decreased following HIF-1𝛼 inhibition,134

leading to a less favorable full-empty ratio. Despite this, our135

study provides a comprehensive multi-omics analysis and136
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Figure 1: Graphical overview of the methods section. All samples were measured as described in the methods. Transcriptomic
data were obtained from [4]

represents a significant advancement in data-driven process137

design. Overall, our study provides valuable insights into the138

metabolic behavior of different HEK293 strains during AAV139

production. Rather than employing GSMMs as predictive140

tools, we utilized them as platforms for data integration141

and analysis. Despite certain limitations, this work offers142

a comprehensive multi-omics analysis and constitutes an143

important advancement toward data-driven process design.144

Materials and Methods145

Bioprocess and Sampling146

The bioprocess from cell culture to fermentation was147

performed as described recently by [4]. Briefly, two dis-148

tinct HEK293 suspension cell line strain stocks, stored at149

-130 °C, were cultured at 37 °C in chemically defined,150

serum-free medium (FreeStyle F17, ThermoFisher, NY,151

USA) supplemented with 8 mM L-Glutamine and 1.0 g L−1
152

Lutrol. The cultivation was carried out in a HERA Cell153

150 (Thermo Fisher Scientific) incubator with 5% CO2. To154

enhance statistical analysis, each cell line was cultivated in155

four biological replicates using Single Use Spinner flasks156

(Corning, Germany), with volumes ranging from 61mL to157

1.600mL during the cell expansion phase. After 12 days, the158

cells were transferred to an ambr250 Modular fermentation159

system (Sartorius, Germany) under controlled conditions160

(pH, CO2, O2) for transient AAV 8 particle production. Prior161

to transfection, cells were diluted to a uniform density of162

4.0⋅106 cells per mL to facilitate comparison. Each biological163

replicate was divided into two fermentation vessels: one for164

plasmid transfection and the other for mock transfection165

(without plasmids). A triple-plasmid transfection was per-166

formed using Polyethylenimine (Merck KGaA, Darmstadt,167

Germany), containing Adenovirus 5 Helper genes, Rep2Cap8,168

and a transgene sequence, in accordance with the supplier‘s169

instructions. Post-transfection, cells were cultured for 72170

hours at 37 °C and sampled for analysis at five different171

time points: before (0 Hours post transfection (HPT)) and172

after transfection (4, 24, 48, and 72 HPT), resulting in a total173

of 80 samples (see Fig 1). Additional samples were taken at174

21, 27, 45, and 51 HPT for quantification of lactate, ammonia175

(BioHT), proline, and glycine.176

Experimental Analyses177

Biomass and cell count178

As described in [9], 1mL of cell suspension was cen-179

trifuged at 200 g for 10 minutes at 4 °C. The pellet was then180

washed with 1mL of pre-cooled phosphate-buffered saline181

(PBS, 1 M, 4 °C). To protect the cells during subsequent182

steps, Pluronic™ F-68 Non-ionic Surfactant (Gibco™, MA,183

USA) was added to the suspension at a final concentration184

of 2% (v/v). Glass beakers and silica beads were prepared185

by drying them overnight at 90 °C. They were subsequently186

cooled in a vacuum desiccator for 20 minutes before being187

weighed to ensure accuracy. Each sample, resuspended in188

a 1 M PBS solution, was transferred to the pre-weighed189

beakers. The samples were then dried at 90 °C until the190

biomass remained constant, ensuring complete removal of191

moisture. Before each weighing, the beakers were cooled for192

20 minutes in the vacuum desiccator to prevent heat-related193

measurement inaccuracies. Cell counts were performed using194

a NucleoCounter202 (Allerod, Denmark), adhering strictly195

to the manufacturer’s protocol.196

Cellular glucose content197

In alignment with the methodology described by [9],198

we posited glucose as the predominant carbohydrate com-199

ponent within the cells and thus limited our carbohydrate200

quantification to glucose. For this purpose, we employed201

the Total Carbohydrate Quantification Assay Kit (ab155891,202

Abcam, Cambridge, UK). Beginning with cell pellets con-203

taining 3 − 10 ⋅ 106 cells, we adjusted the volume of lysis204

buffer proportionately. Sample preparation was carried out205

following the manufacturer’s instructions. Each sample was206

analyzed in technical triplicates to enhance the reliability of207

our measurements.208
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Cellular DNA and RNA content209

DNA and RNA content was extracted from the same sam-210

ple using the AllPrep DNA/RNA Mini Kit (Qiagen, Venlo,211

NE). As suggested by the manufacturer, 𝛽-mercaptoethanol212

(Thermo Fisher Scientific Inc., Waltham, MA, US) was added213

to inhibit RNases. Samples were quantified on a Nanodrop214

2000 (Thermo Fisher Scientific Inc., Waltham, MA, US) in215

technical triplicates.216

Cellular protein content217

Cell pellets were lysed by adding lysis buffer (PreOmics,218

Martinsried, GER), followed by incubation on a preheated219

thermocycler (95 °C, 10 min, 1000 rpm). Protein content was220

then quantified using the Qubit protein broad range assay kit221

(Thermo Fisher Scientific Inc., Waltham, MA, US) following222

the manfacturer’s instructions.223

Cellular lipidome224

For extraction, one aliquote in 2mL Eppendorf vessel,225

each containing 3 − 10 ⋅ 106 cells were used. 205 µL of226

cold Methanole (Thermo Fisher Scientific Inc., Waltham,227

MA, US) were added to the cells, and they were vortexed228

for 20 s. As labeled internal lipid standards, 10 µL Splash229

Mix undiluted, 10 µL Ceramide Mix undiluted, and 10 µL230

Cardiolipin Mix undiluted were added (Avanti Polar Lipids,231

Alabaster, AL, US) to each sample. Further, the samples were232

allowed to thaw at room temperature and were sonicated233

for 10 min at 4 °C. Then, 750 µL of Methyl-tert-butyl-ether234

(Thermo Fisher Scientific Inc., Waltham, MA, US) were235

added, and the mixture was incubated for 1 h at room236

temperature under agitation. Phase separation was induced by237

adding 188 µL water with 0.1% ammonium formate (Thermo238

Fisher Scientific Inc., Waltham, MA, US). The extract was239

centrifuged at 10,000 g for 5 min, and two 200 µL aliquots of240

the upper phase were collected in another 2mL Eppendorf241

vessel, dried in a vacuum centrifuge, and stored if necessary at242

-20 °C. For further analyses, samples were dissolved in 200 µL243

2-Propanole/Methanole/Chloroform (4:2:1, v/v/v) containing244

7.5 mM ammonium formate. LC-MS measurements were245

performed as described by [1]. A high field Q Exactive HF™246

quadrupole-Orbitrap mass spectrometer (Thermo Fisher247

Scientific) was connected with a robotic nanoflow ion source248

TriVersa NanoMate® (Advion BioSciences, Ithaca NY, USA)249

and a nanoelectrospray ionization (nanoESI) chip with spray-250

ing nozzles of 5 µm nominal internal diameter. Samples were251

placed in a 96 twin.tec® well plate (Eppendorf, Hamburg,252

Germany). Following settings were applied in the Chipsoft253

8.3.1 software (Advion BioSciences): ionization voltage 1.25254

kV (pos)/ -1.25 kV (neg); backpressure 0.9 psi and in the255

MS source parameters: capillary temperature 250 °C, S-Lens256

radio frequency level 50. A 9 min polarity switching method257

with data independent acquisition (DIA) and MS1 scans was258

used with the following settings: resolution 240,000 (MS1),259

60,000 (MS2), AGC target 1e6 (MS1), 2e5 (MS2), maximum260

IT 150 ms (MS1), 130 (MS2), scan range in MS1 m/z 350-261

1,050 (pos)/ m/z 200-1,200 (neg), NCE for MS2 of 21 (pos)/262

26 (neg) and a fixed first mass of m/z 80 (pos)/ m/z 150263

(neg). LipidXplorer 1.2.8 settings were the following: mass264

tolerance 5 ppm, min. occupation of 0. In positive mode:265

intensity threshold 70,000 (MS1)/ 1,000 (MS2), resolution266

230,000 (MS1)/ 60,000 (MS2), resolution gradient -180267

(MS1)/ -40 (MS2). In Negative mode: intensity threshold268

60,000 (MS1)/ 1,000 (MS2), resolution 260,000 (MS1)/269

80,000 (MS2), resolution gradient -170 (MS1)/ -100 (MS2).270

Identified lipids were removed if the absolute mass error271

was above 3, if isobaric compounds were present and if the272

concentration was below LOQ (limit of quantification). LOQ273

values were calculated by multiplying the standard deviation274

of 5 repetitive injections of a low concentrated Splash ISTD275

with 10. For quality control, a 10 µL plasma sample aliquot,276

which was placed at RT in a 2mL Eppi, 290 µL Methanol,277

10 µL Splash Mix I (undiluted), 1.000 µL methyl-tert-butyl-278

ether were added. The mixture was shaken for 1 h at RT.279

Phase separation was induced by adding 250 µL of MS-grade280

water. Upon 10 min of incubation at room temperature, the281

sample was centrifuged at 1,000 g for 10 min. The upper282

(organic) phase was collected in another 2mL Eppi and dried283

in the SpeedVac. The dried lipids were dissolved in 200 µL284

isopropyl alcohol for LC-MS injection.285

Estimated metabolite pool from human1 biomass286

reaction287

To partially account for the undefined part of the biomass288

composition, we obtained the metabolites of the metabo-289

lites_pool from human1 [12], and calculated the amount290

estimated amount of metabolites of the measured dry weight,291

as described in [9].292

Spent media analysis293

LC-MS based metabolomics 1mL suspension was cen-294

trifuged (200 g, 8 min, 4 °C), from which 100 µL liquid295

media was placed into a 2mL Eppendorf vessel, and kept296

on ice. 50 µL of yeast internal standard (ISTD) (extract out297

of 2 billion cells reconstituted in 2mL water), and 600 µL298

methanol were added to reach a final volume of 750 µL299

(80% methanol, v/v), which resulted in a 1:7.5 dilution of300

the sample and a 1:15 dilution of the ISTD. After thorough301

vortexing, it was kept on ice for 30 min. Then it was vortexed302

again and kept at -20 °C overnight. The samples were303

centrifuged (14,000 g, 4 °C, 15 min) and two 200 µL aliquots304

were dried in a vacuum centrifuge. They were stored if305

necessary at -20 °C. Shipping should be done on dry ice.306

At least 20 ⋅50 µL aliquots of the yeast ISTD (extract out of 2307

billion cells reconstituted in 2mLwater) should be placed into308

2mL Eppendorf vessels for internal standardization of the309

calibrators and QC samples. These samples were also dried310

in a vacuum centrifuge. All samples were dissolved in 200 µL311

20% water/80% acetonitrile (v/v). Vigorously vortexed for312

3 minutes to ensure complete dissolving of the sample313

and centrifuged (14,000 g, 4 °C, 10 min) prior to being314

transferred to an HPLC vial. LC-MS measurements were315

performed as described in [1]. A Vanquish™ Horizon HPLC316

(Thermo Fisher Scientific) with an iHILIC®-(P) Classic317

(2.1 mm × 100 mm, 5 µm, HILICON, Umea, Sweden) was318
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used for hydrophilic interaction liquid chromatography-high319

resolution mass spectrometry (HILIC-HRMS). The flow rate320

was set to 200 µL min-1 and the column temperature to 40321

°C. Solvent A was 90% 15 mM ammonium acetate (pH 9.4),322

10% acetonitrile, and solvent B was 90% acetonitrile, 10%323

15 mM ammonium acetate (pH 9.4). The following gradient324

was used: 0-12 min ramp from 100% B to 20% B, 12-14 min325

20%, 14-17 min ramp to 0% B, 17-19 min 0% B and 20-27326

min 100% B as equilibration step. The injection volume was327

5 µL and the injector needle was washed with acetonitrile:328

methanol: water 1:1:1 (v/v/v) for 5 s after each injection.329

A high field Q Exactive HF™ quadrupole-Orbitrap mass330

spectrometer (Thermo Fisher Scientific) was used as MS. The331

following source parameters were applied in both polarities332

in polarity switching mode: capillary temperature of 280333

°C, sheath gas flow rate of 40, an auxiliary flow rate of 3,334

sweep gas of 0, S-lens RF level of 30 and auxiliary gas335

heater temperature of 320 °C applying a spray voltage of336

3.5 kV in positive mode and 2.8 kV in negative mode. In337

MS1 mode the mass range in both polarities was set to m/z338

60-900 A maximum IT of 100 ms, a resolution of 120,000,339

and an AGC target of 31̇06 was applied. Skyline (version340

22.2.0.312) was used for peak integration and R/ R studio341

for final data processing. Identified lipids were removed if342

the absolute mass error was above 3 and if the concentration343

was below LOQ. LOQ was defined as the lowest standard344

concentration in the linear range. For calibration one dried345

ESTD stock solution is dissolved in 200 µL water for a final346

conc. of 50 µM. 14 calibrants with concentrations from 25 µM347

to 0.001 µM were prepared. The internal standard is already348

dried in the Eppis, therefore the standards are vortexed,349

centrifuged, and transferred to the well plate.350

Proline and Glycine Results for proline and glycine showed351

inconsistent results. Therefore, these amino acids were352

quantified using Waters AccQ tagging (Milford, MA, USA) at353

nine different time points. Briefly, spent media samples were354

filtered by centrifugation (10 min, RT, 12,000 g) using 3K355

Amicon (Merck KGaA, Darmstadt, GER) filters to remove356

proteins. The flowthrough was diluted 1:10 (MilliQ Water)357

and labeled together with calibration standards according to358

the manufacturer’s instructions. Norvaline was used as inter-359

nal standard for normalization. Waters Acquity (UPLC03,360

Milford, MA, USA) was used as HPLC system. The mobile361

phase consisted of Eluent A (1:10 diluted in MilliQ Water)362

and Eluent B (undiluted). For every sample the runtime was363

set to 11 minutes with a flowrate of 0.7 mL/min. The gradient364

of Eluent B was increased from 0.1% at the beginning to 90%.365

Lactate and Ammonia Lactate and Ammonia were quan-366

tified from supernatant for 9 time points. Samples were367

centrifuged (10 min, 200 g, 4 °C) and measured on a368

BioHT (Roche, Switzerland), following the manufacturer’s369

instructions. From spent media analyses, limiting compounds370

were determined, that were fully consumed first. These371

limiting compounds were then added as supplements to372

improve the bioprocess.373

Quantification of AAV374

Droplet digital PCR As described by [4], for quantifying375

vector genomes, a droplet digital PCR method from Bio-Rad376

was employed using the fully automated QX One System377

(Hercules, CA, USA), which allows for absolute quantifi-378

cation of vector genomes without the need for standard379

curves. The sample is partitioned into oil droplets, with each380

droplet serving as an independent PCR reaction compartment.381

During the initial phase of PCR in the thermal cycler, capsids382

are degraded, making the DNA accessible for amplification.383

The vector genome titer is then determined using a droplet384

reader. To remove extraneous DNA sequences, samples were385

treated with DNase I (NEB, Ipswich, MA, USA). Prior to this386

treatment, samples were pre-diluted to enhance the efficiency387

of DNase I activity. Following droplet generation, PCR was388

conducted with Bio-Rad ddPCR Supermix (no dUTP) and389

transgene-specific primers and probe.390

ELISA As described by [4], an AAV8 titration ELISA391

kit (Progen, Heidelberg, GER) was used for quantifying392

AAV8 capsids, utilizing a monoclonal antibody (ADK8)393

that recognizes a specific conformational epitope on the394

assembled AAV8 capsids. The captured AAV 8 particles395

were identified by the binding of biotinylated anti-AAV 8396

ADK8, as this epitope is consistently presented on the AAV397

8 capsid structure. Streptavidin peroxidase and a peroxidase398

substrate were subsequently applied to measure the amount399

of bound anti-AAV 8, thus indicating the concentration of400

AAV 8 capsids. The resulting color change was measured at401

450 nm using a photometer. The kit also includes an AAV 2/8402

particle preparation with a known concentration of labeled403

AAV 8 particles for calibration purposes.404

Computational Analyses405

Lipidome analysis406

Principal component analysis (PCA) was performed407

on the lipidomic dataset was performed using the prcomp408

function in RStudio with the parameters center, and scale409

set to TRUE. Prior to that, every sample was normalized by410

dividing each lipid by the total amount of lipid in this sample.411

Loadings, obtained from PCA, were grouped by lipid class.412

The five longest loading vectors (lipid classes) were displayed413

in the PCA plot as well to identify the drivers behind the414

separation of the samples.415

Calculation of experimental growth rates during416

non-exponential growth and production phase417

The (specific) growth rate was calculated by:418

𝜇𝑡 =
1
𝑥𝑡

d𝑥𝑡
d𝑡

(1)

where 𝜇𝑡 is the growth rate at time point 𝑡, 𝑥𝑡 is the biomass419

value derived from the fitted function 𝑥, and 𝑥̇𝑡 is the420

derivative of 𝑥𝑡. A logistic function421

𝑥 = 𝑎
1 + exp [−𝑏(𝑡 − 𝑐)]

(2)

was used for fitting the biomass.422
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The error of the growth rate was calculated by:423

𝜇𝑒𝑟𝑟
𝑡 =

√( 𝑥̇𝑒𝑟𝑟𝑡
𝑥𝑡

)2
+
(
−𝜇𝑡

𝑥𝑒𝑟𝑟𝑡
𝑥𝑡

)2
(3)

where 𝜇𝑒𝑟𝑟
𝑡 is the error of the growth rate at time point 𝑡, 𝑥̇𝑒𝑟𝑟𝑡424

is the error of the derivative value, and 𝑥𝑒𝑟𝑟𝑡 is the error of the425

fitted biomass value. 𝑥𝑒𝑟𝑟𝑡 and 𝑥̇𝑒𝑟𝑟𝑡 were obtained by:426

𝑥𝑒𝑟𝑟𝑡 =

√√√√√
( 3∑

𝑗=1

𝜕𝑥𝑡
𝜕𝜃𝑗

⋅ 𝜃𝑒𝑟𝑟𝑗

)2

(4)

and427

𝑥̇𝑒𝑟𝑟𝑡 =

√√√√√
( 𝑛∑

𝑗=1

𝜕𝑥̇𝑡
𝜕𝜃𝑗

⋅ 𝜃𝑒𝑟𝑟𝑗

)2

(5)

where 𝜃𝑗 is a parameter in the logistic fitting function 𝑥, and428

𝜃𝑒𝑟𝑟𝑗 is its corresponding error value from the fitting function429

ℎ.430

Derivatives were calculated in R, using the package Deriv431

(v4.1) [91]432

Calculation of exchange rates433

From the analysis of spent media, we identified 32434

metabolites based on their concentration profiles, from which435

exchange rates could be calculated. These metabolites were436

categorized into three groups according to the fitting function437

applied. Specifically, 27 metabolites were fitted using an438

exponential function, 4 were fitted using a quadratic function,439

and 1 metabolite was fitted using a cubic function, employing440

robust fitting techniques (R function nlrob). To determine the441

exchange rates at each timepoint post-transfection, the deriva-442

tive of the fitted function was calculated. Error propagation443

was then performed following the appropriate equation to444

ensure accurate quantification of exchange rates.445

The exchange rate 𝑞𝑖,𝑡 of metabolite 𝑖 was calculated as446

𝑞𝑖,𝑡 =
̇𝑓𝑖,𝑡
𝑥𝑡

(6)

where ̇𝑓𝑖,𝑡 is the derivative value of the fitted function 𝑓𝑖447

for metabolite 𝑖 at timepoint 𝑡. The error of 𝑞𝑖,𝑡 is calculated448

by error propagation following:449

𝑞𝑒𝑟𝑟𝑖,𝑡 =

√√√√√
(

1
𝑥𝑡

⋅ ̇𝑓 𝑒𝑟𝑟
𝑖,𝑡

)2
+

(
−

̇𝑓𝑖,𝑡
𝑥2𝑡

⋅ 𝑥𝑒𝑟𝑟𝑡

)2

(7)

where 𝑞𝑒𝑟𝑟𝑖,𝑡 is the error of 𝑞𝑖,𝑡 for metabolite 𝑖 at timepoint450

𝑡, ̇𝑓 𝑒𝑟𝑟
𝑖,𝑡 is the error obtained from the derivative ̇𝑓𝑖 of the fitted451

function 𝑓𝑖. The derivative ̇𝑓𝑖 of the fitted function 𝑓𝑖 was452

obtained by453

̇𝑓𝑖 =
𝑑𝑓𝑖
𝑑𝑡

(8)

The corresponding error ̇𝑓 𝑒𝑟𝑟
𝑖,𝑡 was calculated by:454

̇𝑓 𝑒𝑟𝑟
𝑖,𝑡 =

√√√√√
( 𝑛∑

𝑗=1

𝜕 ̇𝑓𝑖,𝑡
𝜕𝜃𝑗

⋅ 𝜃𝑒𝑟𝑟𝑗

)2

(9)

where 𝜕 ̇𝑓𝑖,𝑡 is the partial derivative of the derivative ̇𝑓𝑖,𝑡455

for metabolite 𝑖 at timepoint 𝑡 with respect to the parameter 𝜃𝑗 .456

𝜃𝑒𝑟𝑟𝑗 is the obtained error of every parameter 𝜃𝑗 in the fitted457

function 𝑓𝑖 with 𝑛 parameters. To obtain fitted functions458

𝑓𝑖, the nlrob function in R was used to fit one of the three459

different functions:460

𝑓1,𝑖 = 𝑎 ⋅ 𝑏𝑡 (10)
for metabolites, showing an exponential concentration pro-461

file,462

𝑓2,𝑖 = 𝑎 ⋅ 𝑡2 + 𝑏 ⋅ 𝑡 + 𝑐 (11)
for metabolites, showing a quadratic concentration profile463

(lactate, proline, and glycine), or,464

𝑓3,𝑖 = 𝑎 ⋅ 𝑡3 + 𝑏 ⋅ 𝑡2 + 𝑐 ⋅ 𝑡 + 𝑑 (12)
for ammonium, showing a cubic concentration profile.465

To consider natural degradation rate of glutamine, media466

was sampled daily. Glutamine and ammonia were quantified467

on the BioHT (Roche, Switzerland). The natural degradation468

rate was calculated using an exponential fit 𝑓1,𝑖. The obtained469

depletion rate was subtracted from the derivative value ̇𝑓𝑖,𝑡 for470

glutamine or added to the derivative value ̇𝑓𝑖,𝑡 for ammonia.471

Reconstruction of context-specific models472

To reconstruct context-specific GSMMs, the most recent473

GSMM of the human metabolism, human1 [12], was used.474

Initially, the uptakes of 42 compounds were identified to475

enable feasible solutions of the GSMM. These compounds476

were selected based on a chemically defined medium (22400 -477

RPMI 1640, HEPES, Thermo Fisher Scientific Inc., Waltham,478

MA, USA), since the exact composition of the used F17479

expression media is currently not available. Additionally,480

all compounds identified by [5] that are not essential for481

growth were included as potential secretion reactions, totaling482

23 compounds. Moreover, metabolites for which exchange483

rates could be calculated (as detailed in the subsequent484

section) were incorporated into the model as constraints. The485

compounds in the growth medium were assigned exchange486

reaction boundaries of [-1,000, 0], while the boundaries for487

all other exchange reactions were set to [0, 1,000].488

To obtain context-specific GSMMs, transcriptomic data489

from the exponential growth phase were utilized as reported490

in [6]. This transcriptomic dataset, derived from a non-491

producing strain, encompasses four time points during expo-492

nential growth, with transcriptomes sequenced in triplicates.493
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For each sample, GSMMs were reconstructed using the494

CORDA algorithm (v 0.4.2) [7]. We generated five subsets495

of expressed genes for each sample, corresponding to the496

top 10%, 25%, 50%, 75%, and 90% of the highest expressed497

genes. Using these subsets, reactions were identified based498

on gene-reaction rules. A reaction with assigned isoenzymes499

(“OR” in the gene-reaction rule) was identified to be active,500

if one of the associated genes were in the selected list of501

genes. A reaction with assigned enzyme complexes (“AND”502

in the gene-reaction rule) was included, if all of the associated503

genes were in the selected list of genes. Reactions associated504

with genes in each subset were assigned a confidence score505

of 3, indicating the highest certainty in the CORDA frame-506

work.Additionally, reactions essential for biomass production,507

and exchange reactions of medium compounds and potential508

secretory metabolites [5] were also assigned a confidence509

score of 3. Conversely, reactions not associated with the510

selected expressed genes were assigned a confidence score511

of -1, reflecting low confidence due to presumed lack of512

expression. After reconstructing draft GSMMs from all five513

thresholds for each sample, the models from all timepoints514

were merged to create a comprehensive, context-specific515

GSMM representative of HEK293 cells. This “adapted”516

CORDA approach was compared to the default method517

[7], which involved assigning confidence scores ranging518

from -1 to 3 to reactions based on gene expression levels.519

Validation was conducted by integrating provided exchange520

rates calculated from the same samples [6] and predicting521

growth rates with flux balance analysis (FBA), using Cobrapy522

(v 0.22.1). The predicted growth rates were compared to523

experimental growth rates [6] and to predicted growth rates524

from the same process using a manually curated GSMM [10],525

based on Recon2 [64].526

Next, we analyzed two strains (LP and HP) under two527

distinct experimental conditions (mock and transfected)528

across five timepoints (0, 4, 24, 48, and 72 HPT). Each529

combination of strain, condition, and timepoint was evaluated530

in four biological replicates, resulting in a total of 80531

transcriptomic samples.Using these transcriptomic datasets532

[4], we applied five distinct thresholds—representing the533

top 10%, 25%, 50%, 75%, and 90% of expressed genes for534

draft-GSMM construction. This resulted in 320 individual535

GSMMs. To facilitate downstream comparative analyses and536

enhance biological interpretability, we integrated the models537

generated for each combination of timepoint, condition, and538

strain. This process resulted in 16 comprehensive, context-539

specific GSMMs for two strains (LP and HP), two conditions540

(mock and transfected), at five timepoints (0, 4, 24, 48,541

72 HPT).During the subsequent optimization of production542

reactions, it was noted that the transport reactions of three543

nucleotides from the cytoplasm into the nucleus were not544

included in the models and were therefore added manually.545

To validate the reconstruction, we employed two approaches:546

first, we applied logisitic principal component analysis547

(LPCA) [8] to the differential reaction set [95] of all models548

and compared the results to those obtained from PCA applied549

to transcriptomes as shown in [4]. For all simulation related550

analyses, we used only models from four timepoints (4, 24,551

48, 72 HPT), since a medium exchange was performed before552

transfection, which did not allow us to include metabolite553

concentrations from timepoint 0. Secondly, we integrated554

the calculated exchange rates and obtained simulated growth555

rates using FBA, where the lower bound (𝑙𝑏𝑖), and upper556

bound (𝑢𝑏𝑖) for each metabolite 𝑖 was calculated by:557

𝑙𝑏𝑖 = 𝑞𝑖 − 𝑞𝑒𝑟𝑟,𝑖 (13)

𝑢𝑏𝑖 = 𝑞𝑖 + 𝑞𝑒𝑟𝑟,𝑖 (14)
These simulated growth rates were then compared to558

experimentally determined growth rates. Production reactions559

for AAV were incorporated into the models using Biopython560

(v1.79) and AAV genomes (NCBI UID: 5075992). After561

integrating the production reactions into the models, we562

analyzed the production envelope at each timepoint and563

performed comparative analyses between the cell lines.564

Calculation of specific production rate from565

experimental titers566

First, production reactions for AAV production were567

added. The viral genome from AAV 8 was downloaded and568

the sequence for viral proteins VP1, VP2, and VP3 was569

extracted. The ratio of 1:1:10 (VP1:VP2:VP3) was considered570

in the production reaction [96]. Additionally, the replicated571

genome was considered as 4.8 kb long and consisting of 25%572

Adenine, 25% Guanine, 25% Thymine, and 25% Cytosine.573

Moreover, we added transport reactions for all amino acids574

into the nucleus, since AAV production occurs in the nucleus575

[43]576

• Production of VP1 in the nucleus577

• Production of VP2 in the nucleus578

• Production of VP3 in the nucleus579

• Assembly of a full capsid with ratio 1:1:10580

• Production of transgene581

• Assembly of full capsids582

• Transport of full capsids from nucleus into the cyto-583

plasm584

• Transport of full capsid from cytoplasm outside of the585

cell586

• Exchange reaction for full capsid587

See supplemental material for a detailed explanation of588

the added reactions for AAV production. Additionally, we589

added transport reactions of amino acids to the nucleus, since590

AAV replication happens in the nucleus [43].591

We calculated specific production rates from experimen-592

tal data. Experimentally, titers could only be determined at593
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24, 48, and 72 HPT, as the productivity at 4 HPT was too594

low to measure accurately. Consequently, we calculated the595

percentage of biomass allocated to production at 24, 48, and596

72 HPT to minimize discrepancies with the experimentally597

determined titers. This was done by setting the lower bound598

(𝑙𝑏) of the biomass reaction to the maximum growth rate,599

multiplied by a specific value 𝛼𝑡 for each strain and time600

point.601

𝑙𝑏𝑡 = 𝛼𝑡 ⋅ 𝜇𝑚𝑎𝑥,𝑡 (15)
602

After that, 𝛼 was determined by optimizing the production603

reaction, so that the squared difference between the simulated604

production rate and the experimental production rate is605

minimal. For optimization, we used a differential_evolution606

algorithm from scipy (v 1.7.3) with bounds between 0, and607

1, since the 𝛼 values should describe a percentage of the608

maximal biomass, that is used for production of AAV. We609

used the best1bin strategy with a maximum of 10 iterations,610

a population size of 15, and a tolerance of 10 ⋅ 10−7. Using611

these factors (𝛼), and assuming that at time point 0 HPT, all612

resources are directed towards growth giving an 𝛼 value of613

1, we predicted an 𝛼 value at 4 HPT using a weighted mean,614

following:615

𝛼4 =
∑

𝑖𝑤𝑖𝛼𝑖∑
𝑖𝑤𝑖

, (16)

with616

𝑤𝑖 =
1

|𝑡𝑖 − 4| , (17)

where 𝑤𝑖 are the factors to weight the impact on the617

𝑎𝑙𝑝ℎ𝑎𝑡 values from timepoints 𝑡𝑖, considering 0, 24, 48,618

and 72 HPT. This predicted 𝛼 value was then used to619

calculate the specific production rate in the GSMMs at 4620

HPT. After determining all production rates, we generated a621

realistic production envelope to compare the two cell lines622

by fixing simulated growth rates and maximizing production623

rates. Additionally, we determined ideal production rates, by624

decreasing the simulated growth rate percentually from 1 to625

0.7 and optimized the production rate at every timepoint, and626

for both strains.627

Loopless flux sampling for differential reaction analysis628

For analysis of GSMMs between cell lines, we conducted629

loopless flux sampling. First, we fixed the calculated growth630

and production rates to the obtained values and used the631

function loopless_solution to generate 1000 flux samples632

per GSMM using the OptGPSampler with default settings in633

cobrapy [120]. In case a GSMM could not be sampled due634

to numerical issues, we relaxed the biomass constraints by635

5%. Next, we used the function calculate_loopless_fluxes636

in cobrapy to correct all flux samples for loops [121]. The637

loopless flux samples were then used to train a random forest638

classifier [205]. Loopless flux samples from all conditions at639

one time point were first merged into one dataset, followed by640

converting them into Dask DataFrames [204]. Each dataset641

was subsequently used to build a random forest classifier by642

splitting it into training and test subsets (80/20 ratio) using643

Dask’s train-test split function, ensuring random shuffling.644

Subsequently, reaction (feature) scaling was performed using645

a StandardScaler to normalize the data. Hyperparameter646

optimization was conducted via RandomizedSearchCV, lever-647

aging a wide parameter grid and ROC-AUC as the scoring648

metric, to identify the optimal model configuration. The final649

model was validated using stratified k-fold cross-validation650

(five splits) to account for class imbalance, with performance651

assessed through ROC-AUC scores. The optimized model652

was then evaluated on the test set, and classification perfor-653

mance metrics were recorded.654

To analyze the underlying features for GSMM separation,655

SHAP (SHapley Additive exPlanations) analysis was em-656

ployed to interpret feature importance [188]. SHAP values657

were computed for the test set to assess contributions of658

individual features across various conditions. SHAP values659

for each feature were aggregated and compared across660

conditions within each time point using the Kruskal-Wallis661

test (scipy v1.14.1 [122]). Multiple testing correction was662

applied using the Benjamini-Hochberg procedure using the663

statsmodels package (v0.14.4) [123], identifying significant664

features with adjusted p-values < 0.05. We discussed those665

reactions, that were identified to be significantly different666

across all four time points or across the first three time points667

(4, 24, 48 HPT).668

0.1. Differential gene expression analysis of669

selected genes670

Genes assigned to reactions from the above analysis were671

extracted, and analysed using a t-test (scipy, v1.14.1) [122]672

with Benjamini-Hochberg correction for multiple testing673

(statsmodels v0.14.4) [123]. We compared expression of HP674

and LP samples [4] combining all timepoints and conditions.675

Genes with differential expression (adjusted p-value < 0.05)676

were extracted and further discussed.677

Fermentation for validation678

Six validation experiments were conducted: two vessels679

with the original AAV production process, two vessels with680

added limiting amino acids, and two vessels with a HIF-681

1𝛼 inhibitor. We used 1mg of the HIF-1𝛼 inhibitor PX-682

478 dihydrochloride (Merck KGaA, Darmstadt, Germany),683

dissolved in 1mL F17 media per 250mL of fermentation684

suspension. For the vessels with added limiting amino685

acids, aspartate, and glutamate (Merck KGaA, Darmstadt,686

Germany) were added at 1.5 times the initial amount (0 HPT).687

Control settings were used as described before (see section688

Bioprocess and Sampling).689

Code and data availability690

All generated, and used data, as well as analyses are691

provided on GitHub: 𝑔𝑖𝑡ℎ𝑢𝑏.𝑐𝑜𝑚∕𝐿𝑒𝑜𝑍93∕ℎ𝑒𝑘293𝑎𝑎𝑣.692
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Results and Discussion693

(a)

(b)

(c)

Figure 2: Absolute (a) and relative (b) biomass composition,
and volumetric mass density (c) for HP and LP strains. The
LP had a higher dry mass (adjusted 𝑝 = 6.515 × 10−4, t-test,
Bonferroni correction) and density (adjusted 𝑝 = 6.805 × 10−7,
t-test, Bonferroni correction), but a smaller volume (adjusted
𝑝 = 8.637 × 10−7, t-test, Bonferroni correction) compared to
the HP. In the first 4 h, the HP had a higher relative protein
content, while other components were similar between strains.
Transfected states are displayed fully colored, while mock states
are transparent. We added default metabolite data from the
human1 GSMM [12].

HP cells are larger but lighter than LP cells694

The dry cell mass and the composition of biomass–695

including total proteins, lipids, DNA, RNA, and carbohydrates–696

were quantified at five time points during fermentation for697

both the HP and LP strains. In both strains, transfection had698

no influence on total mass or composition. However, the699

dry mass decreased over time, with the LP strain showing a700

steeper decline.701

As shown in Fig 2a, the dry mass of the HP strain702

ranged from 295 pg∕cell to 380 pg∕cell, with an average of703

339.2 pg∕cell, demonstrating more consistency over time704

compared to the LP strain, which ranged from 298 pg∕cell705

to 447 pg∕cell, averaging 388.9 pg∕cell (adj. p-value 6.515 ⋅706

10−4, t-test, Bonferroni correction).707

For both strains, this was lower than the previously708

reported 514 pg∕cell [6, 10]. However, this difference may709

be attributed to variations in cell composition, as the data in710

[10] were derived from multiple human cell lines based on711

Recon2 [11]. In comparison, the average biomass for CHO712

cells is 264 pg∕cell [9], making the dry mass in our study713

generally higher.714

The relative composition analysis showed that the contri-715

butions of lipids, DNA, and RNA remained almost constant716

over time and were independent of the strain (Fig 2b). In717

contrast, the HP strain had a higher protein content compared718

to the LP strain, particularly during the first 4HPT. Since719

the amounts of lipids, DNA, and RNA were similar in both720

strains, the higher protein content in the HP strain suggests721

that other components contributing to dry mass must be722

higher in the LP strain. In fact, 35% of the dry mass in723

the LP strain, especially early post-transfection, remains724

unaccounted for. A similar high proportion of unknown dry725

mass has also been observed in some CHO cells [9]. These726

authors suggested that ions, polyamines, and other small727

molecules likely make up much of the unaccounted biomass.728

Differences in the unexplained fraction between the HP and729

LP strains may reflect strain-specific metabolic adaptations,730

which could also influence experimental outcomes. For731

example, variations in lipid composition might alter cell732

membrane fluidity [118, 117], affecting cellular responses733

to shear stress and potentially impacting procedures such as734

sampling, cell counting, or lysis.735

The HP strain displayed a higher volume regardless of736

the production state of the strain, despite having a lower dry737

mass compared to the LP strain (Fig 2c).738

HP stores energy as triacylglyceride; LP prefers739

glycogen740

Next, we investigate the lipid profile for both strains741

that on average represented approximately 10% to 18% of742

the total biomass irrespective of the strain. We observed743

that phosphatidylcholine (PC) and phosphatidylethanolamine744

(PE) dominated across all time points (Fig 3b) accounting745

for about 65% of the total lipids and reflecting their essential746

role in mammalian cell membranes [13, 14]. Our distribution747

aligns with previous analyses of HEK293 strains during748
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(a)

(b)

(c)

Figure 3: PCA of lipid profiles (a), relative lipid (b), and
glucose (c) composition of HEK293 strains during AAV
production and mock states. PCA resulted in a clear separation
of HP and LP (a), with the five most influential lipid groups
highlighted by their loadings. The predominant drivers for the
separation of the strains were TG, and Cer, pinpointing in the
direction of the HP cluster, while PR and PG loading vectors
directed in the LP cluster. PE, PI, and PC constitute the
majority of lipids in both, HP and LP strains. TG amounts
changed most significantly from 1% to 12% in the HP strain
until 48 HPT, indicating that the HP stored glucose as TG (b),
while the LP stored glucose predominantly as glucogen (c).

exponential and stationary phases [15] and mirrors typical749

mammalian cell lipid profiles [16, 17].750

PCA analysis clearly distinguishes between HP and LP,751

regardless of whether the cells were mock-transfected or752

transfected (Fig 3a). This separation is mainly driven by753

differences in triacylglycerides (TG), ceramide (Cer), phos-754

phatidylethanolamine (PE), and phosphatidylglycerols (PG).755

HP cells show higher levels of TG and Cer but lower levels of756

PE and PG compared to LP. These lipid concentrations also757

change over time, with TG and Cer increasing as fermentation758

progresses, while PE decreases (Fig S1). In the HP strain,759

phospholipid levels ranged from 5% to 12% (Cer), 7% to760

13% (PG), and 10% to 19% (PE), whereas in the LP strain,761

Table 2
Comparison of the number of reactions in HEK293F-specific
GSMMs and their predicted growth rates (𝜇) with the
measured exponential growth rate (𝜇ref) as reported in
[6]. ‘Default’ and ‘adapted’ CORDA [7] refer to the models
developed in this study (see methods); (author?) [10] represents
a previously established model. The relative error Δ𝜇 is defined
as 𝜇∕𝜇ref − 1.

Experimental growth rate [6] 𝜇ref = 0.0281 h−1

Quek et al. [10] CORDA
default adapted

Reactions 357 5318 7740
Genes – 2659 3035
Metabolites – 3950 5015
𝜇 [h−1] 0.0213 0.0121 0.0301
Δ𝜇 [%] -24.2 -56.9 7.1

they ranged from 4% to 10% (Cer), 7% to 18% (PG), and762

12% to 18% (PE).763

The greatest difference was observed in TG levels, which764

rose from 1% to 12% in HP during the first 48 h, compared765

to only 1% to 5% in LP. This suggests distinct lipid storage766

strategies between the two strains.767

An increase in lipid storage and cell volume was also768

observed in antibody-producing CHO cells [153]. This was769

linked to fatty acid synthesis exceeding the demand for770

membrane lipid production, potentially due to the lower771

surface-to-volume ratio in larger cells.772

Interestingly, the LP appeared to store glucose mainly as773

glycogen, as indicated by its higher glucose content relative774

to HP (Fig 3c). This suggests a potential metabolic bottleneck775

in LP, possibly due to oxygen limitation (see below), since776

glycogen is a less efficient form of energy storage compared777

to fatty acids [18]. Additionally, HP cells displayed more778

dynamic changes in storage capabilities over time compared779

to LP, further highlighting differences in energy storage780

strategies between the strains.781

Cholesterol esters (CE) increased similarly in both strains,782

correlating with the progression of fermentation rather than783

distinguishing between them.784

Finally, we speculate that lipid remodeling occurs fol-785

lowing transfection, characterized by an initial increase in786

short-chain fatty acids shortly after transfection, with the787

lipid profile gradually returning to its original distribution by788

the end of fermentation (Fig 3b). However, this effect is less789

pronounced and appears less evident in the LP strain.790

GSMMs capture transcriptomic and growth trends791

To further investigate the metabolic differences between792

HP and LP, we reconstructed strain-specific GSMMs using793

CORDA [7]; see Methods for details. These models are based794

on the integration of the biomass composition (reported795

above), together with transcriptome and exometabolome796

measurements collected throughout the fermentation process.797

To validate our reconstruction pipeline, we used tran-798

scriptomic data and exchange rates from independent studies799
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(a)

(b)

(c)

Figure 4: PCA from transcriptomic data (a), LPCA of binary reactions matrix derived from GSMMs (b), and simulated vs.
experimental growth rates (c). When comparing LPCA (b) with a PCA plot performed on whole transcriptomes (a) we observed
a similar clustering, indicating that GSMMs capture differences between strains in a similar way. Growth rates were calculated
from dry mass measurements. Error bars were obtained after fitting the regression function (see methods). Simulated growth rates
were obtained after merging biological replicates. Aside from the first time points 4 HPT, the simulated and experimental growth
rates are comparable, indicating that the GSMMs can capture realistic growth rates during AAV production and in mock state (c).

[6, 10] to build a strain-specific GSMM for a non-producing800

HEK293F strain. The model predicts a specific growth rate801

of 0.0301 h−1, which closely matches the experimentally802

measured rate of 0.0281 h−1, resulting in a relative error of803

7.1% (Tab 2). This solid agreement indicates a good accuracy804

of our model and validates our reconstruction approach.805

Next, we reconstructed 80 context-specific GSMMs for806

each of the four replicates of our two producer strains at five807

time points, using transcriptomic data from (author?) [4],808

and the corresponding media composition. To assess whether809

these models captured the differential information present810

in the transcriptome (Fig 4c), we collected model metrices811

(Tab 3), and applied LPCA [95], a method we previously812

demonstrated to replicate clustering patterns observed in813

transcriptome-based PCA using only GSMMs. As expected,814

LPCA of the reconstructed metabolic models revealed clus-815

tering patterns similar to those from transcriptome-based816

PCA (compare Fig 4c with Fig 4b). These findings suggest817

that even at the metabolic level strain differences were more818

pronounced than between conditions or time points.819

Finally, to assess the quality of our context-specific820

GSMMs for both producer strains, we used FBA to simulate821

growth rates over 4HPT to 72HPT, using the measured822

exchange spectrum as input, and compared the results to823

Table 3
Comparison of Reactions, Genes, and Metabolites in HEK293-
specific GSMMs. Numbers were extracted at four time points
(4HPT to 72HPT) for MO and TR. Values represent minima
and maxima across all time points and conditions.

HP LP

Reactions 9074–9188 8993–9155
Genes 3109–3117 3109–3116
Metabolites 6196–6245 6189–6243

a logistic fit of the experimentally measured growth curve.824

We observed reasonable agreement (±25%) at intermediate825

growth rates, while lower rates were overestimated (Fig 4a).826

For higher growth rates, the large deviations were possibly827

due to reduced reliability in the experimental data, as indi-828

cated by substantial error bars. Nevertheless, the error bars829

of most experimental data points at least intersect with the830

±25% region around our predictions (Fig 4a), supporting the831

overall robustness of our model predictions.832
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Figure 5: Production envelope of HEK293 strains (HP: orange,
LP: blue) 4 HPT, 24 HPT, 48 HPT, 72 HPT (solid lines),
as well as the real production envelope (dashed line). For
every time point and cell line, the maximum growth rate was
determined by FBA. These maximum growth rates were then
fractionally reduced to 70% and fixed to the 𝑙𝑏𝑏𝑚, before opti-
mizing for AAV production. The resulting solid lines displayed at
the top of the plot represent the maximum production capacity.
The production envelope based on experimental data (dashed
line) was obtained after calculating the fraction of biomass,
used for production. While the experimental production rate
of the HP strain is higher compared to the LP strain, both
strains are two orders of magnitude lower than their theoretical
maximum production rate.

HEK293 strains differ in limiting compounds in833

spent media834

In addition to biomass analyses, we performed a spent835

media analysis as described in the methods. We identified836

the amino acids aspartic acid, and glutamic acid in the LP837

strain and serine in the HP strain as limiting, regardless of838

the state (see Fig S2 d, Fig S3 a, and Fig S4 d).839

HEK293 strains have similar AAV production840

potential, but drastically lower actual rates841

After integrating AAV particle production reactions into842

the GSMMs of the HP and LP strains (see Supplementals),843

we applied FBA to compute production envelopes at four844

time points ranging from 4 to 72 HPT (Fig 5). These845

envelopes represent the maximum production capacity of846

each strain as a function of growth rate. We found that,847

for the experimentally measured uptake rates, both strains848

exhibit nearly identical production capabilities. This means849

that despite the differences in their GSMMs, the overall850

production potential of HP and LP is stoichiometrically851

almost the same. However, while the actual production rate in852

HP is up to six times higher than in LP, both strains produce853

at rates that are two orders of magnitude lower than their854

theoretical maximum production capacity.855

Keto-body secretion differentiates HP from LP856

strains857

To understand why the LP strain underperformed com-858

pared to the HP strain, we performed flux sampling for both859

TR and MO conditions. Significant differences in individual860

reaction fluxes were identified using a random forest classifier861

with SHAP value analysis and Kruskal-Wallis tests applied862

to loopless flux samples. At each time point, the random863

forest classifier achieved an ROC-AUC score of 1.0, along864

with perfect precision and recall scores. This demonstrates865

the classifier’s reliability in distinguishing conditions and its866

robustness in identifying reactions of interest.867

We identified eleven reactions with significant flux868

differences over at least the first three time points (4, 24, and869

48 HPT). Of these, four were associated with specific genes,870

and five were exchange reactions. Subsystems (derived from871

human1 [12]) and cellular locations were assigned where872

possible to provide insights into potential enrichments and873

functional roles (Tab 4).874

Six of the eleven reactions exhibited higher flux in LP,875

while five showed higher flux in HP. Notably, four of the876

five higher-flux reactions in HP were exchange reactions.877

Among these, two—glutamine (MAR09063) and glutamate878

(MAR09071)—were experimentally measured, while pan-879

tothenate uptake (MAR09145), an essential minimal media880

component, was fully coupled to the biomass reaction. The881

remaining exchange reactions were beta-hydroxybutyrate882

(BHB) (MAR09134) and acetoacetate (MAR09132).883

Absence of BHB secretion links to HIF-1𝛼 activity884

activity in LP strain885

Acetoacetate secretion was consistently upregulated in886

the LP strain across the first three time points, whereas BHB887

secretion was not only higher in the HP strain but entirely888

absent in the LP strain reconstructions. Of the 320 draft889

GSMMs (two strains, two conditions, four time points, four890

biological replicates, five gene expression thresholds), which891

resulted in 16 GSMMs per condition used for simulation,892

none of the LP models included the exchange reaction for893

BHB, while all HP models enabled BHB secretion. The894

complete absence of BHB secretion in LP models highlights895

a critical metabolic divergence between both strains.896

BHB exhibits protective effects against oxidative stress897

[170] and possesses anti-inflammatory properties [166]. This898

corresponds with previous transcriptomic analyses of our899

cell lines, which revealed heightened inflammatory activity900

in the LP strain compared to the HP strain, irrespective of901

transfection status [4, 45]. Moreover, BHB has been shown902

to inhibit a key transcription factor HIF-1𝛼 [171]. BHB903

treatment reduces HIF-1𝛼 activity under hypoxic conditions,904

particularly at high concentrations. This effect occurs post-905

translationally, as BHB does not alter HIF-1𝛼 mRNA levels906

[171].907

HIF-1𝛼 activation significantly impairs cellular908

metabolism909

HIF-1𝛼 upregulates glycolytic enzymes and glucose trans-910

porters, enhancing glucose uptake and catabolism while sup-911

pressing tricarboxylic acid (TCA) cycle activity [163, 165]. A912

key mechanism in the suppression of the TCA is the HIF-1𝛼-913

mediated upregulation of pyruvate dehydrogenase kinase914
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Table 4
Comparison of reactions with consistently higher (red) or lower (blue) fluxes in the GSMMs of LP vs. HP over the first three time
points (4HPT to 48HPT). Each reaction is listed with its gene-protein-reaction (GPR) mapping, where overexpressed genes are in
red and underexpressed genes in blue. Biochemical functions and metabolic subsystems are also included. Bold genes indicate
regulatory targets of HIF-1𝛼 (see main text).

Reaction ID Gene-Reaction Rule Subsystem Cellular localization

MAR09063 – Exchange reactions Extracellular
MAR09071 – Exchange reactions Extracellular
MAR09132 – Exchange reactions Extracellular
MAR09134 – Exchange reactions Extracellular
MAR09145 – Exchange reactions Extracellular

MAR02421 TECR or TECRL Omega-6 fatty acid metabolism Cytosol
MAR02307 HSD17B12 Fatty acid biosynthesis (unsaturated) Cytosol
MAR02343 HSD17B12 Fatty acid biosynthesis (unsaturated) Cytosol
MAR02229 FASN Fatty acid biosynthesis (odd-chain) Cytosol

MAR10365 – Transport reactions Cytosol
MAR06902 – Transport reactions Mitochondria

(PDK), which inhibits pyruvate dehydrogenase, reducing915

pyruvate entry into the TCA cycle [206]. Consequently, cells916

may utilize glutamine or glutamate as alternative carbon917

sources [195]. This metabolic shift leads to the accumulation918

of TCA cycle intermediates, notably succinate, and fumarate,919

which further activate HIF-1𝛼 by inhibiting its regulator,920

prolyl hydroxylase (PHD) [173].921

Indeed, transcriptomic data showed significant upregula-922

tion of HIF-1𝛼 in the LP strain (adj. p-value 3.239 047 ×923

10−17, t-test, Bonferroni correction), as well as HIF-1𝛼-924

regulated PDK (adj. p-values: PDK1: not signficant, PDK2:925

4.802 597×10−16, PDK3: 1.343 645×10−12, PDK4: 9.975 931×926

10−16, t-test, Bonferroni correction). Given the substantial927

post-translational regulation of HIF-1𝛼 by PHD, we sought928

additional evidence of its activation within the GSMMs.929

Results from GSMMs support hypothesis of HIF-1𝛼 to930

be activated in the LP strain931

While both strains exhibited glutamine uptake, the LP932

strain displayed a significantly higher uptake rate across all933

time points (4, 24, 48 HPT). The HP strain secreted glutamate,934

while the LP strain consistently took it up at all time points935

(see spent media profiles Fig S3 a, Fig S2 g). Both amino acids936

are involved in glutaminolysis, a pathway upregulated in cells937

with activated HIF-1𝛼 to generate ATP [174]. Glutaminolysis938

converts glutamine to glutamate, which is then transformed939

into alpha-Ketoglutarate (AKG) to enter the TCA cycle. Gene940

expression analysis revealed significant upregulation of all941

glutaminolysis-related genes in the LP strain (adj. p-values:942

GLUD1: 1.232318 ⋅10−05, GLUD2: 2.74860 ⋅10−05, GLUL:943

6.402998 ⋅ 10−05, t-test, Bonferroni correction). However, it944

remains unclear whether increased glutaminolysis drives HIF-945

1𝛼 activation or whether HIF-1𝛼 activation induces elevated946

expression of glutaminolysis-related genes in the LP strain.947

To investigate further, we examined which downstream948

TCA metabolites of AKG might accumulate in cells by ana-949

lyzing sampled fluxes of secretion reactions in the GSMMs950

at the first two time points. Notably, fumarate secretion was951

significantly higher in the LP GSMMs at 4 and 24 HPT.952

Indeed, excessive fumarate accumulation inhibits succinate953

dehydrogenase (SDH), a key component of the mitochon-954

drial electron transport chain (ETC). SDH inhibition blocks955

electron transfer from succinate to ubiquinone, disrupting956

electron flow through the ETC [199]. This reduces NADH957

oxidation at complex I, causing NADH accumulation as958

it cannot efficiently convert back to NAD [200]. Impaired959

electron flow decreases the proton gradient across the inner960

mitochondrial membrane, reducing ATP production via961

oxidative phosphorylation [201]. This may impair viral DNA962

replication, since the viral Rep68 is an ATP-dependent963

endonuclease with helicase activity [203].964

Further analysis revealed that the gene encoding fu-965

marate hydratase, which converts fumarate to malate, was966

significantly upregulated in the HP strain (adj. p-value967

5.363976 ⋅ 10−19, t-test, Bonferroni correction). This could968

potentially explain the accumulation of fumarate in the LP969

strain. Elevated fumarate levels have been identified as a970

potent factor for HIF-1𝛼 stabilization and activation, creating971

a positive feedback loop [177, 178, 179].972

HIF-1𝛼 activation as well as fumarate accumulation have973

been associated with increased glucose uptake [175] and aer-974

obic glycolysis [195]. On the other hand, high fumarate levels975

have also been linked to reduced glycolysis in macrophages976

[176]. While both LP and HP exhibited aerobic glycolysis,977

we found similar glucose uptake rates between the LP and978

HP strains. However, the LP strain stores higher amounts of979

glucose as glycogen (Fig 3c), while the HP strain generates980

higher levels of lactate (Fig S3 e), and stores excessive981

glucose as triacylglycerides (Fig 3b). The higher lactate982

secretion aligns with the amount of base required to maintain983

stable pH in the bioreactor: the HP strain necessitated greater984

base addition during the culture period (18.39–21.21 mL over985

72 HPT) compared to the LP strain (11.14–13.26 mL over 72986

HPT), despite no significant differential expression of LDH.987
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HIF-1𝛼 is typically activated under oxygen deprivation988

[172]. However, in bioreactors with constant and monitored989

oxygen supply, HIF-1𝛼 activation may result from elevated990

reactive oxygen species (ROS) levels or mitochondrial dys-991

function [194, 193, 192]. When analyzing gene expression992

values of ROS detoxifying enzymes like SOD-family genes,993

we observed a higher expression in the LP strain, compared994

to the HP strain (adj. p-values: SOD1: not significant, SOD2:995

1.974203 ⋅ 10−20, SOD3: 1.938036 ⋅ 10−05). High expression996

of SOD genes could indicate an adaption to increased997

oxidative stress, and therefore elevated ROS levels [207].998

These high ROS concentrations could be a potential reason999

for HIF-1𝛼 activation in the LP strain. Despite these findings,1000

the precise cause of HIF-1𝛼 stabilization remains unknown.1001

However, we hypothesize that HIF-1𝛼 is activated in the LP1002

strain but is either too low expressed or inactive in the HP1003

strain, possibly due to extensive adaptation to suspension1004

growth.1005

Beyond exchange reactions, we identified four reac-1006

tions with significant differential flux associated with lipid1007

metabolism as displayed in Tab 4. Two of these reactions are1008

catalyzed by the gene HSD17B12 (adj. p-value 3.441411 ⋅1009

10−16, t-test, Bonferroni correction), one by FASN (adj. p-1010

value 4.304141 ⋅10−12, t-test, Bonferroni correction), and the1011

fourth by TECR (adj. p-value 2.147250 ⋅ 10−07, t-test, Bon-1012

ferroni correction), which showed higher expression in the1013

HP strain. Evidence suggests that under hypoxic conditions,1014

HIF-1𝛼 activation stimulates the expression and activity of1015

FASN, enhancing fatty acid synthesis. This metabolic shift is1016

a critical cellular adaptation to low-oxygen environments,1017

supporting survival and proliferation under stress [191].1018

However, as two of the four reactions demonstrated higher1019

flux despite contrasting gene expression, the significance of1020

these findings remains inconclusive.1021

Enriched unfolded protein response (UPR), ER stress,1022

and inflammatory pathways in the LP strain could be1023

consequenses of HIF-1𝛼 activation1024

Our findings provide a new perspective on prior results1025

[45, 4]. While gene set enrichment analysis (GSEA) identified1026

upregulation of ER stress and the unfolded protein response1027

(UPR) in the LP strain without pinpointing the underlying1028

cause, the accumulation of fumarate, potentially following1029

HIF-1𝛼 activation, offers a plausible explanation. Elevated1030

fumarate levels can contribute to oxidative stress through1031

the production of succinicGSH, resulting in sustained oxida-1032

tive stress and, consequently, ER stress [180]. This effect1033

can also be exacerbated by high glucose exposure [181].1034

Additionally, fumarate can induce protein succination at1035

cysteine residues, which directly triggers UPR, and ER stress1036

[182]. Moreover, previous analyses [4] identified immune1037

pathway activation, particularly upregulation of STAT1, in1038

the LP strain. Interestingly, STAT1 was already upregulated1039

prior to transfection, as evidenced in their study, suggesting1040

an alternative driver for its expression [4]. High fumarate1041

levels have been linked to immune activation, including1042

increased tumor necrosis factor expression and suppression1043

of interleukin-10 [183]. Another study demonstrated that1044

fumarate induces mitochondrial DNA (mtDNA) release into1045

the cytosol, triggering inflammatory pathways. This mtDNA1046

release activates the cGAS-STING pathway, leading to the1047

upregulation of interferon-stimulated genes. This pathway1048

also involves phosphorylation of TBK1 and IRF3, which are1049

key components of the type I interferon signaling cascade1050

and strongly associated with STAT1 activation [184]. This1051

interplay is particularly intriguing because STAT1 and HIF-1𝛼1052

are known to counteract each other in cancer environments1053

[186, 185]. However, in the LP strain, both are upregulated,1054

presenting an unusual coexistence that warrants further1055

investigation.1056

Experimental validation1057

Based on our hypothesis, we inhibited the transcription1058

factor HIF-1𝛼 using PX-478 dihydrochloride, a known HIF-1059

1𝛼 inhibitor [36, 37, 38, 39, 40]. As expected, PX-4781060

completely inhibited cell growth in the LP strain, confirming1061

its strong dependence on HIF-1𝛼 (Fig 6a, light blue). In1062

contrast, adding aspartic and glutamic acid (Fig 6a, dark1063

red), identified as limiting compounds in the spent media, did1064

not significantly impact cell growth compared to the control1065

fermentation (Fig 6a, dark blue).1066

Next, we assessed productivity under these conditions1067

by measuring viral capsid concentration (Fig 6b) and viral1068

genome concentration (Fig 6c). Interestingly, inhibiting HIF-1069

1𝛼 nearly doubled per-cell capsid production compared to1070

the control (p-value < 0.006727, t-test), but viral genome1071

production decreased. The increased viral capsids might be1072

due to a redirected resource allocation – since cell growth was1073

stalled in the LP strain, available amino acids could be utilized1074

for capsid production. The decline in viral genomes might be1075

due to reduced activity in the PPP, which is tied to HIF-1𝛼 and1076

vital for nucleotide synthesis [150, 151]. Since AAV genome1077

replication depends on human DNA replication and repair1078

proteins (e.g., MCM, Polymerase delta) [41], inhibiting HIF-1079

1𝛼, and subsequent decreased synthesis of nucleotides in the1080

PPP, possibly lead to the reduced amount of viral genomes.1081

Future experiments could consider supplying HEK293 cells1082

with nucleosides during production phase to overcome the1083

decreased PPP due to inhibition of HIF-1𝛼.1084

Conclusion1085

HEK293 strains are currently the most prominent plat-1086

form for the production of AAV particles in gene therapy1087

[72, 187]. Despite numerous advances in the past decades1088

[58, 61, 59], production titers remain insufficient to meet1089

necessary demands [43]. In this study, we present a compre-1090

hensive multi-omics analysis, encompassing transcriptomic,1091

lipidomic, metabolomic, and fluxomic data, to investigate1092

and compare two different HEK293 strains in both mock and1093

AAV production states.1094

When comparing the HP HEK293 strain with the LP1095

strain, we found that the most significant differences were1096

between the strains themselves rather than between their1097

production states, corroborating findings by [4]. Recent1098
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(a)

(b)

(c)

Figure 6: Validation experiment, when inhibiting HIF-1𝛼 in
LP HEK293 strain during AAV production. HIF-1𝛼 inhibition
(light blue), showed halted growth (a), higher viral capsid
production (b), but reduced viral genome production (c), while
the production under original conditions (dark blue), and with
aspartic acid, and glutamic acid supplemented (dark red),
resulted in similar growth rates (a), and production rates (b,
c).

studies on HEK293 cells have revealed high glucose con-1099

sumption and elevated production of lactate and succinate1100

[46], indicative of pseudohypoxia in HEK293 cells recently1101

adapted to suspension culture. These observations were1102

reproduced in subsequent studies during AAV production,1103

which also showed upregulated immune responses [4] and1104

unfolded protein responses [51, 45], without identifying the1105

underlying cause. By employing a multi-omics approach1106

and integrating GSMMs, we identified that the LP strain1107

experiences activated HIF-1𝛼. Lipidomic analysis showed1108

higher concentrations of ceramides in HP strains, indicating1109

a tumor-like state in the LP strain. Exometabolomic analysis1110

revealed that the LP strain preferentially consumes aspartate,1111

glutamine, and glutamate, a common behavior of solid tumor1112

cells to maintain energy balance [78]. After identifying HIF-1113

1𝛼 as a potential target, we observed that it was significantly1114

upregulated in the LP strain compared to the HP strain. This1115

identification would have been more difficult in whole tran-1116

scriptome analysis and Gene set enrichment analysis (GSEA)1117

as performed by [45, 4]. Inhibiting HIF-1𝛼 immediately1118

halted cellular growth in the LP strain and doubled AAV1119

capsid productivity. However, the number of viral genomes1120

per cell decreased compared to standard production in the LP1121

strain, likely due to insufficient nucleotide synthesis through1122

the PPP. The PPP is central to synthesizing precursors for1123

de novo nucleotide synthesis and is closely tied to HIF-1𝛼1124

activity [163, 164, 165] in hypoxic cells by directly regulating1125

the essential PPP genes TKT, and G6PD, which catalyzes1126

the rate limiting reaction in the PPP [161, 162]. Inhibiting1127

HIF-1𝛼 likely downregulated de novo nucleotide synthesis,1128

leading to fewer viral genomes. To mitigate this bottleneck,1129

additional nucleotides could be supplemented in the media1130

to maintain viral genome production. The overexpression1131

of HIF-1𝛼 has been exploited in bioprocesses involving1132

CHO cells to enhance RP production. Specifically, the target1133

gene was placed under the control of a HIF-1𝛼-responsive1134

sequence, thereby ensuring that the RP is expressed upon HIF-1135

1𝛼 activation in CHO cells. This activation was achieved by1136

inducing hypoxia through reduced oxygen flow [42]. These1137

findings suggest that hypoxia and the activation of HIF-1𝛼1138

may serve as critical regulators for bioprocess control and1139

AAV production. Given that certain HEK293 strains may1140

exhibit elevated fumarate levels, it is crucial to consider their1141

potential impact on recombinant products, such as RP or AAV.1142

Elevated fumarate levels can lead to succination of cysteine1143

residues [182], potentially affecting proper protein folding or1144

the assembly of AAV capsids by altering post-translational1145

modifications. Succination of viral capsids has the potential1146

to compromise the biopotency of AAV vectors. Biopotency of1147

AAV refers to the specific ability of an AAV vector to deliver1148

and express the intended transgene in target cells or tissues1149

[156]. PTMs, such as phosphorylation, and glycosylation1150

are commonly observed on AAV capsids and are critical for1151

maintaining capsid stability, mediating cellular interactions,1152

and facilitating intracellular trafficking [158, 157]. Finally,1153

the optimization of a GMP-conform bioprocess should not1154

include any substances or additives, such as inhibitors, due1155

to potential difficulties in downstream purification, which1156

was not considered in this study. Therefore, it is necessary1157

to create stable knockout strains, to inhibit the function of1158

HIF-1𝛼, instead of using inhibitors, such as PX-478.1159
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Figure S1 : Absolute lipid composition of HP and LP strains during AAV 8 production and during growth. Lipid profiles were
quantified in four replicates for every timepoint, and state. TR is in full colors, MO is transparent.
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HP Transfected HP Mock LP Transfected LP Mock

(a) Alanine

(b) Arginine

(c) Asparagine

(d) Aspartic acid

(e) Cystine

(f) Glucose

(g) Glutamate

Figure S2 : Metabolic profiles from spent media analysis for metabolites including 4, 24, 48 and 72 HPT for HP and LP when
producing AAV 8 (transfected) or not (mock). Dots indicate biological repliactes, curves were fitted using the nlrob function in R.
See methods for details.
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HP Transfected HP Mock LP Transfected LP Mock

(a) Glutamine

(b) Glycine

(c) Histidine

(d) Isoleucine

(e) Lactate

(f) Leucine

(g) Lysine

Figure S3 : Metabolic profiles from spent media analysis for metabolites including 4, 24, 48 and 72 HPT for HP and LP when
producing AAV 8 (transfected) or not (mock). Dots indicate biological repliactes, curves were fitted using the nlrob function in R.
See methods for details.

Zehetner, L., et al.: Preprint submitted to Elsevier Page 24 of 27



Improving HEK293-based AAV-production

HP Transfected HP Mock LP Transfected LP Mock

(a) Methionine

(b) Ammonia

(c) Phenylalanine

(d) Proline

(e) Serine

(f) Lysine

(g) Tryptophan

Figure S4 : Metabolic profiles from spent media analysis for metabolites including 4, 24, 48 and 72 HPT for HP and LP when
producing AAV 8 (transfected) or not (mock). Dots indicate biological repliactes, curves were fitted using the nlrob function in R.
See methods for details.
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HP Transfected HP Mock LP Transfected LP Mock

(a) Tyrosine

(b) Valine

Figure S5 : Metabolic profiles from spent media analysis for metabolites including 4, 24, 48 and 72 HPT for HP and LP when
producing AAV 8 (transfected) or not (mock). Dots indicate biological repliactes, curves were fitted using the nlrob function in R.
See methods for details.

Zehetner, L., et al.: Preprint submitted to Elsevier Page 26 of 27



Improving HEK293-based AAV-production

AAV production reactions1939

51 ala + 31 arg + 58 asn + 37 asp + 5 cys + 48 gln + 34 glu + 69 gly + 14 his + 24 ile + 53 leu + 32 lys + 11 met + 32 phe +1940

57 pro + 49 ser + 55 thr + 15 trp + 33 tyr + 30 val + 2215 H2O + 2214 GTP ←←←←←←←←←←←←←←←←←→ 2214 GDP + 2214 Pi + 1660 H+ + 1 VP11941

34 ala + 25 arg + 51 asn + 25 asp + 5 cys + 39 gln + 23 glu + 54 gly + 12 his + 23 ile + 37 leu + 22 lys + 10 met + 28 phe +1942

48 pro + 47 ser + 54 thr + 12 trp + 27 tyr + 25 val + 1804 H2O + 1803 GTP ←←←←←←←←←←←←←←←←←→ 1803 GDP + 1803 Pi + 1352 H+ + 1 VP21943

30 ala + 21 arg + 49 asn + 22 asp + 5 cys + 34 gln + 20 glu + 45 gly + 12 his + 22 ile + 35 leu + 17 lys + 10 met + 27 phe +1944

35 pro + 40 ser + 50 thr + 12 trp + 27 tyr + 22 val + 1605 H2O + 1605 GTP ←←←←←←←←←←←←←←←←←→ 1605 GDP + 1605 Pi + 1204 H+ + 1 VP31945

5 VP1 + 5 VP2 + 50 VP3 ←←←←←←←←←←←←←←←←←→ 1 capsid1946

1175 ATP + 1175 GTP + 1175 CTP + 1175 TTP ←←←←←←←←←←←←←←←←←→ transgene1947

1 transgene + 1 capsid ←←←←←←←←←←←←←←←←←→ 1 full capsid (nucleus)1948

1 full capsid (nucleus) ←←←←←←←←←←←←←←←←←→ 1 full capsid (cytoplasm)1949

1 full capsid (cytoplasm) ←←←←←←←←←←←←←←←←←→ 1 full capsid (extracellular space)1950

1 full capsid (extracellular space) ←←←←←←←←←←←←←←←←←→1951
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