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Abstract

The use of the Insect Cell - Baculovirus Expression Vector System (IC-BEVS) as
alternative to other cell-based expression systems has increased thanks to its
continued development, both as research tool and manufacturing platform.
However, titers achieved are occasionally low, thus bioprocess engineering is
critical to improve process performance. The comprehensive knowledge of the
host cell transcriptome, mainly during infection phase, can provide clues about
which molecular signatures are correlated with highly producing cells,

ultimately aiding the development of rational cell line optimization strategies.

In this thesis, a thorough transcriptome analysis and characterization of the IC-
BEVS system was done to decipher key biological mechanisms of insect High Five
cells during influenza virus-like particles (VLPs) production, highlighting the

physiological determinants that contribute to increased productivity.

In Chapter 1, the state of the art on existing 'omics strategies to improve cell
line performance is detailed, with a particular focus on bulk and single-cell RNA-
sequencing (scRNA-seq) technologies. IC-BEVS and one of the most studied
biologics derived from it, i.e. influenza virus-like particles (VLPs), are introduced,
and the transcriptomics tools used to date to investigate the insect cell -

baculovirus interaction highlighted.

In Chapter 2, bulk RNA-seq was used to study the gene expression profile of a
novel, high-producer insect High Five cell line established in our lab by adaption
to neutral pH (and compare it to that of its non-adapted counterpart) during
expression of influenza VLPs using BEVS, aiming to find the biological
mechanisms associated with increased productivity of adapted cells. All
differentially expressed baculovirus genes were found down-regulated in
adapted cells (compared to non-adapted cells), and pathways such as ribosome

biosynthesis, carbohydrate and lipid metabolism were found enriched. This



study may assist the identification of potential engineering targets to increase

recombinant protein production.

The outcome of virus-based cell culture processes is governed by the complex,
dynamic interplay between viruses and the host cell population. Today, it is clear
that cell populations are highly heterogeneous, but little is known about how

such heterogeneity impacts product expression.

In Chapter 3, single-cell RNA-seq was used to provide insights on heterogeneity
of insect High Five cells during production of influenza haemagglutinin (HA)-VLPs
using BEVS. Cell heterogeneity was observed before baculovirus infection, and
it was found further amplified upon infection as consequence of viral DNA
expression and cell cycle arrest. Timing and level of baculovirus gene expression
was shown to drive the clustering of infected insect cells, and the relative
expression of VLP transgenes (M1 and HA) were found to be comparable
regardless of the cell cluster. Specific pathways (e.g., endocytosis, protein
sorting, folding and degradation) were identified as being those which vary the
most during insect cell infection and production of influenza HA-VLPs. This study
lays the ground for future application of scRNA-seq in IC-BEVS, with
identification of pathways involved in energy metabolism (i.e., oxidative
phosphorylation and citrate acid cycle) and protein folding, sorting and
degradation (e.g., protein processing in endoplasmic reticulum) as potential
target for rational cell and process engineering towards improved HA-VLP

production.

In Chapter 4, the findings of the previous chapters are summarized and
discussed. Special emphasis is given to: (i) the benefits of correctly annotating
non-model organism genomes, such as those of insect cells, as a critical step to
better decipher complex biological mechanisms; (ii) the challenging task of using

transcriptomics data to improve bioprocesses; and (iii) the need to further

Vi



investigate cell-to-cell heterogeneity in order to design strategies to mitigate it

and thus improve process robustness and reproducibility.

In summary, this thesis contributes to extend the knowledge on the impact of
baculovirus infection on insect (High Five) cells, in particular at the gene
expression level, providing new insights for rational cell/virus and process

engineering towards improved VLP production.
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Resumo

A utilizacdo de células de insecto com o sistema de expressdo por vectores de
baculovirus (IC-BEVS) para a expressdo de proteinas tem vindo a aumentar
como alternativa a outros sistemas de expressdo, gracas ao seu
desenvolvimento continuado, e tem sido bastante utilizado como ferramenta
de investigacdo e como plataforma de producdo. No entanto, a produtividade
deste sistema IC-BEVS ainda é considerada moderada em alguns casos. Assim, a
engenharia do bioprocesso é um fator critico a ser otimizado de modo a
aumentar a sua performance. O estudo compreensivo do transcriptoma das
células de insecto, em particular durante a fase de infegdo com os baculovirus,
podera fornecer pistas sobre quais os fendtipos associados a uma maior
produtividade, ajudando ao desenvolvimento racional de linhas celulares

otimizadas.

Nesta tese, é realizado uma minuciosa analise e caracteriza¢do do transcriptoma
do sistema IC-BEVS para encontrar e compreender mecanismos bioldgicos
chave durante a producdo de "virus-like particles (VLPs)" de influenza em células
de insecto High Five. Esta andlise identifica mecanismos fisioldgicos
determinantes para a produtividade de VLPs, bem como os requisitos para uma

elevada qualidade do produto.

No Capitulo 1, é descrito o estado da arte das varias estratégias de
transcriptdmica utilizadas para melhorar a performance de linhas celulares,
focando-se em particular nas tecnologias de sequenciacdo de RNA, em massa
(bulk RNA-seq) e a nivel unicelular (scRNA-seq). O sistema IC-BEVS e as VLPs (um
dos produtos biolégicos mais produzidos neste sistema), sdo descritos de uma
forma geral, assim como as ferramentas de transcriptdmica utilizadas para

investigar a interagao entre baculovirus e células de insecto.
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No Capitulo 2, foi utilizada a técnica de bulk RNA-seq para estudar os padrées
de expressdo genética desta nova linha celular, em comparagdo com a linha
celular original High Five que ndo se encontra adaptada a valores de pH neutros.
Esta comparacdo dos padrdes de expressao genética foi realizada durante a
producdo de VLPs de influenza, utilizando o sistema IC-BEVS, tendo como
objetivo identificar os mecanismos bioldgicos associados a uma maior
produtividade das células adaptadas aos valores de pH neutro. Todos os genes
de baculovirus com uma expressdo diferenciada encontravam-se sub-
expressados nas células adaptadas (em comparacdo com as células ndo
adaptadas ao pH neutro), enquanto que vias bioldgicas como a biossintese de
ribossomas, o metabolismo de hidratos de carbono e de lipidos estavam
significativamente expressas diferencialmente. Este estudo identifica potenciais
alvos a serem modificados e otimizados de modo a contribuir para um aumento

da producdo de proteinas recombinantes.

O resultado final da producdo de proteinas associada a cultura celular e sua
infecdo utilizando vetores virais é diretamente influenciado pela complexa
dindmica de interagGes entre os virus e a respetiva populacdo de células alvo.
Atualmente, é claro que as populagdes celulares sdo bastante heterogéneas. No

entanto, o impacto desta heterogeneidade na produtividade é pouco estudado.

No Capitulo 3, a técnica de scRNA-seq é utilizada para explorar e avaliar o
impacto da heterogeneidade da populagdo de células High Five na produgao de
VLPs de influenza através da utilizacdo do sistema IC-BEVS. A heterogeneidade
celular observada antes da infecdo das células deve-se sobretudo as diferentes
fases do ciclo celular. Esta heterogeneidade aumentou ainda mais apds a
infecdo com os baculovirus, como consequéncia da expressdo do DNA viral e da
resultante paragem do ciclo celular. O momento de infe¢do e o nivel da
expressao dos genes de baculovirus foram identificados como os parametros

que levaram a diferenciagdo e agrupamento das células infetadas, sendo os



niveis de expressdao dos transgenes das VLPs (M1 e HA) comparaveis,
independentemente do grupo de células. Vias biolégicas especificas (como por
exemplo a endocitose, a formacdo e degradacdo de proteinas) foram
identificadas como aquelas que apresentam uma maior variabilidade durante a
infecdo das células de inseto e producdo das VLPs de influenza. Este estudo
estabelece as bases para futuras aplicagdes de scRNA-seq no sistema IC-BEVS,
identificando as vias bioldgicas envolvidas no metabolismo (como por exemplo
a fosforilacdo oxidativa e o ciclo dos acidos tricarboxilicos) e na formacédo da
estrutura de proteinas e sua degradagdo (como por exemplo o processamento
proteico no reticulo endoplasmatico) como potenciais alvos para um

desenvolvimento racional de um processo melhorado de produgdo de VLP.

No Capitulo 4 é realizado um resumo e discussao das principais conclusdes dos
capitulos anteriores. A discussdo coloca particularmente em foco: (i) os
beneficios de uma correta anotacdo de genomas de organismos ndo-modelo,
como as células de inseto, sendo este um passo critico para identificar e explorar
mecanismo biolégicos complexos; (ii) a tarefa desafiante de utilizar dados de
transcriptémica para melhorar processos bioldgicos; e (iii) a necessidade de uma
investigacdo mais profunda sobre a heterogeneidade das populagbes celulares,
definindo estratégias para a mitigar de modo a melhorar a robustez do processo

de producdo e aumentar a sua reprodutibilidade.

Em resumo, esta tese contribui para um mais extenso e profundo conhecimento
do impacto da infecdo de baculovirus em células de insecto (High Five),
particularmente ao nivel da expressdo genética, revelando novo conhecimento
util para o desenvolveemnto e optimizacdo de processos biolégicos que

permitam uma producdo de VLPs mais eficiente.
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Introduction

1. Bioprocess engineering strategies for recombinant
protein production

Animal cells are the preferred “cell factories” for the production of recombinant
proteins for prophylactic, therapeutic or diagnostic applications (Butler, 2005).
Recent developments in bioprocessing engineering have increased production
yields while cutting down costs, allowing a number of processes to reach
industrial scale and thus opening the door for the treatment of multiple diseases
and disorders (O’Flaherty et al., 2020). Nonetheless, animal cell culture
processes capable of delivering sufficient quantities of high-quality recombinant
biologics are still limited, being one of the major concerns of the

biopharmaceutical industry (Hunter et al., 2019).

Different factors can play a role on the performance of an expression system.
Productivity and/or quality of the product can be enhanced through a
bioprocess approach (e.g. fine-tune culture and expression conditions, tailor-
made supplementation regimens, optimization of bioreactor setups and
designs, process intensification and integration) or a biological approach (e.g.
engineering of cells and expression vectors), for example. Regarding the latter,
classical methods to obtain high-producer cell clones have not changed
significantly in the past two decades. These include gene selection and
amplification techniques where the primary focus is on generating stable
producer cell clones in shorter timeframes rather than on improvements in cell
specific production rates (O’Callaghan & James, 2008). Most of the efforts
undertaken to increase specific production rates have relied on empirical
experience and hypothesis-driven studies rather than on comprehensive
knowledge of how cell functions when in culture (Carvalhal et al., 2011; Shen &
Kamen, 2012). Establishment of such knowledge would be key for rational cell

engineering, ultimately streamlining process development (T. Lai et al., 2013).
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With progress in the 'omics technologies, the molecular traits associated with
high-producer cells are coming to light. Systems biology has played an important
role in organizing the data generated from these large-scale cell state

characterizations, allowing cell physiology to be fully characterized.

1.1. Application of 'omics for process development

Traditionally, process development relies on empirical, labour-intensive and
time-consuming optimization activities (Sharfstein, 2008). While improvements
have been attained, little fundamental understanding on how or why specific
conditions have led to improvements can be extracted (Courtes et al., 2013;
Selvarasu et al., 2012). It is then evident that future progress will require a
transition from purely empirical approaches to knowledge-based ones (Schaub
et al., 2010, 2012; Wuest et al., 2012; Young, 2013). ‘Omics technologies may
assist this paradigm shift, providing comprehensive information on how
molecular changes shape cellular responses (Lewis et al., 2016). Four primary
‘omics areas have emerged, namely genomics, transcriptomics, proteomics, and
metabolomics, which respectively examine genes, messenger RNA (mRNA),
proteins, and metabolites present in a particular cellular environment. In
addition to these, researchers have also applied lipidomics (Budge et al., 2020;
Yeo et al., 2018; Y. Zhang et al., 2017), epigenomics (Feichtinger et al., 2016),
and glycomics (Sumit et al., 2019) to investigate host cell biology and reveal
novel engineering targets. Importantly, none of these ‘omics tools alone provide
a complete description of complex biological systems, thus an integration of
'omics data is essential to comprehensively understand an organism at
molecular level (J. H. Wang et al., 2010) and link genotype to phenotype

(Subramanian et al., 2020).
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The application of 'omics technologies to optimize animal cell culture processes
has lagged the development witnessed for industrial microorganisms (Otero &
Nielsen, 2010; Stephanopoulos et al., 2004). This is mostly because of the
unavailability of databases and/or complete genome sequences and
annotations for biotechnologically relevant animal cell lines. Accumulated
knowledge on pathway and enzymatic is also scarce. Nonetheless, the use of
‘omics technologies continues to gain interest amongst those working with
mammalian cells in academic and industrial communities, leading to the

maturation (i.e. quality and quantity) of available data (Samoudi et al., 2021).

In comparison to metabolites and proteins, genes are less chemically
heterogeneous and therefore it is analytically less challenging to perform
genomics and transcriptomics when compared to proteomics and
metabolomics (Aizat et al., 2018). In addition, revolutionary developments in
sequencing instruments have helped to acquire genome and transcriptome

data.

Metabolomics is often the preferred tool for rational media design, as depletion
of key nutrients can be measured directly. Metabolite profiling of a Chinese
Hamster Ovary (CHO)-GS IgG4-producer was conducted during a batch
campaign in chemically defined media (Sellick et al., 2011). By assessing both
intra and extracellular metabolites, researchers identified several media
components depleted by early stationary phase including aspartate, asparagine,
glutamate, and pyruvate. This information was used to design a simple feed

strategy that increased cell biomass 35% and antibody titer by 75%.

Next to process improvements through media formulation, 'omics experiments
can often suggest promising genetic targets for improved process
characteristics. Transcriptome analysis helped to identify 32 genes that were
consistently upregulated in high producing CHO cell clones (Berger et al., 2020),

suggesting that these genes play a role in mediating high productivity. An
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ontology analysis revealed that these candidate genes were predominantly
involved in signalling, protein folding, cytoskeleton organization, and cell
survival functions. Several targets showed beneficial effects, most notably Foxal
that upon overexpression resulted in increased cell density, viability, and yield
of difficult-to-express proteins (Berger et al., 2020). Research conducted at
Pfizer compared four mAb-secreting cell lines, with two considered fast growing,
and two slow growing in a batch model (Doolan et al., 2010). Transcriptome and
proteome profiling identified differentially expressed genes correlated with
growth rate. Collectively, 21 genetic targets with differential expression at both
the mRNA and protein levels were identified. In order to validate findings,
researchers selected five targets for siRNA knockdown, including valosin-
containing protein (VCP). siRNA knockdown of VCP resulted in more than 40%
reduced cell viability by day 3, and transient over-expression resulted in 1.2-2.1-

fold improved cell growth by day 5.

These examples demonstrate how ‘omics data can identify critical genetic
targets, and modifications to those targets can result in improved cellular
phenotypes. There are only a handful of studies demonstrating rational
bioprocess improvement using ‘omics technology, nonetheless, cases continue
to emerge and demonstrate that a rational approach has both time and

resource saving benefits.
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2. Transcriptome analysis using next-generation sequencing

Expression of mMRNA has been traditionally measured using microarrays or real-
time PCR. While the first method does not have much sensitivity, the latter can't
be used for a genome-wide survey of gene expression (Mardis, 2008). Currently,
RNA-seq with next-generation sequencing (NGS) is the preferred method for
studying the transcriptome, capable of measuring the expression levels of
thousands of genes simultaneously and providing insights into functional
pathways and the regulatory networks in biological systems (Levy & Myers,
2016). In addition, RNA-seq can provide novel insights into alternative splicing
(Schreiber et al., 2015), unannotated exons and novel transcripts (Mutz et al.,

2013).

Several sequencing platforms are available today, all of them use short
fragments (so-called reads) to investigate genome sequences (Korbel et al.,
2007), chromatin immunoprecipitation or mapping of DNA methylation (Mardis,
2008). NGS analyses millions of short DNA fragments during one sequencing run.
The read lengths of those fragments depend on the type of NGS platform and
can be in the range of 25 — 450 base pairs (Mutz et al., 2013).

The analysis pipeline of RNA-Seq consists of four fundamental analysis steps,
providing that an already sequenced reference genome or transcriptome is

available for the reviewed organism (Figure 1).

Step 1 Step 2 Step 3 Step 4

Sl S

Figure 1 General workflow for carrying out RNA-seq experiment.
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In Step 1, raw image data has to be converted into short read sequences. The
raw data generated by NGS consists of fluorescence signals, which have to be
converted into base sequences by platform specific base calling-algorithms
provided by the manufacturer. Additionally, a quality score for each base is
calculated, which indicates the reliability of each base call. While the output of
all NGS platforms is stored in the standard FASTQ format, the calculation of

quality score differs from manufacturer to manufacturer.

In Step 2, short read sequences are aligned to the reference genome or
transcriptome. Read mapping algorithms require reference sequences to which
they can align the short reads. Read mapping algorithms in contrast to
conventional alignment algorithms use indexing strategies, which enable them
to align millions of short reads in an appropriate period of time. As mapping
tools have to balance between sensitivity and speed, no aligner can be best
suited for all applications (P. J. Park, 2009). Most mapping tools allow few
mismatches during the sequence alignment considering sequencing errors,
single nucleotide polymorphisms or mutations but they do not allow any large
gaps. The exact number of allowed mismatches has to be chosen depending on
the read length (Cullum et al.,, 2011; P. J. Park, 2009). As this length is
determined by the used sequencing platform, a certain read mapping tool is
never suitable for all sequencing technologies. Moreover, every biological
application demands for special mapping algorithms: for RNA-seq analysis of
eukaryotes, cDNA reads are preferably aligned to a reference transcriptome.
Since these data are unfortunately rarely available, researchers have to use the
genomic sequences instead. This requires spliced read mapping software, which
considers the genomic intron—exon structure by splitting unmapped reads and

aligning the read fragments independently (Pagani et al., 2012).

In Step 3, the amount of mapped reads is counted and the gene expression level

is calculated by peak calling algorithms. To estimate the gene expression level
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using RNA-seq, reads, which are mapped to a particular gene, have to be
qguantified. Therefore, bioinformatic tools count the number of reads in a
window of defined size. By moving the window along the whole sequence, an
expression profile is generated. Subsequently these expression scores have to
be normalized because of inherent bias in read quantification: on one hand the
gene length influences the number of reads mapped to it, and on the other hand
this number also depends on the sequencing depth (total number of sequenced
reads) (P. J. Park, 2009). Normalization of read counts enables the comparison

of expression level between different genes as well as different experiments.

In Step 4, differential gene expression is determined using statistical tests. Many
methods have been developed so far, their selection being user-dependent.
Moreover, many comparison studies highlight that no single method
outperforms others in all circumstances (Rapaport et al., 2013; Seyednasrollah
et al., 2013; Soneson & Delorenzi, 2013; Z. H. Zhang et al., 2014). However, it is
recommended the use of tools based on the negative binomial distribution
(Gierlinski et al., 2015). Examples of these tools include edgeR, DESeq, DESeq2,
Cuffdiff, Cuffdiff 2, and baySeq. Some non-parametric methods can also be used
as alternatives when the data does not seem to fit the negative binomial law;
these methods are less often used and usually require a higher replicate number

to perform equally well (Spies & Ciaudo, 2015).

During the past years several algorithms have been developed for each analysis
step and afterwards adapted to specific applications. Today researchers can
combine a variety of bioinformatic tools to obtain an appropriate analysis
system optimized to their requirements (Pagani et al., 2012). One of the most
commonly used open-source repositories of bioinformatics tools used in
transcriptomics is the Bioconductor project (Gentleman et al., 2004; Huber et
al., 2015). Bioconductor tools are written in the R statistical programming

language and are freely available to download, install, and modify through an
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open-source and open-development model supported by the use of the GitHub
software management system. Several packages are currently available under
Bioconductor, with the Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway being one of the most used ones for understanding biological pathways

and functions of cellular processes (Kanehisa, 2019).

1.1.  Single-cell RNA sequencing technologies

Although bulk RNA-seq is widely used for transcriptome analysis, it encloses
shortcomings since it only provides an average view of the expression of
thousands of cells potentially ignoring important features such as host gene
expression differences between infected and uninfected cells in virus-based
processes. Hence, clustering cells into groups on the basis of their individual
gene expression levels is an important challenge that can be approached using
single-cell RNA-sequencing (scRNA-seq) (Kolodziejczyk et al., 2015). Notably,
current bioprocess analytics (cell growth, productivity, metabolic rates, etc.)
result in average values neglecting the suspected heterogeneity within the cell
culture, thus often leading to unexpected outcomes or even process failure

(Figure 2).
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Figure 2 Bulk Measurement versus Single-Cell Analysis. Comparison of traditional average bulk
measurements and single-cell resolution analysis contrasts the anticipated homogeneous
behavior of an isogenic mammalian population with its real heterogeneous status.

The first scRNAseq protocol was published in 2009 (F. Tang et al., 2009), and
since then many protocols and commercial platforms have been released
(Svensson et al., 2017; Ziegenhain et al., 2017). The most common scRNA-seq
approach is to use microscopic droplets or wells to isolate a large number of
cells and then sequence the libraries relatively shallowly (J. Cao et al., 2019; Han
et al., 2018). In order to identify from which cell a given transcript originates,
these methods use cellular barcodes (short nucleotide tags attached to each
read that are unique to a droplet or well). This high-throughput, low-depth
model is typical for experiments using the popular 10x Chromium™ platform
and BD Rhapsody™ Single-Cell Analysis system. An important advantage of this
technology is that it supports unique molecular identifiers (UMls). UMIs are
short barcodes that are attached to transcripts before amplification, making it
possible to remove polymerase chain reaction duplicates and to obtain more
accurate estimates of expression levels. A major shortcoming of this approach

is that platforms only allow for the 5’ or 3’ end of each mRNA to be sequenced.
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Recent innovations in scRNA-seq technologies have eased the experimental
workflow and thus provided a substantial reduction in cost per sample.
Consequently, there has been an exponential growth in terms of the number of
cells profiled (Svensson et al., 2017). Given the large volumes of data generated,
efficient computational and statistical methods are required for single-cell data
analysis. A central component of scRNA-seq analysis is the expression matrix,
which represents the number of transcripts observed for each gene and cell. A
strategy for reducing the negative effect of the high dimensionality of the
expression matrix is to perform dimensionality reduction on the feature space.
There are many methods available (S. Sun et al., 2019), but the most commonly
used one involves principal component analysis (PCA), a linear transformation
that preserves Euclidean distances between cells in the full PCA space, with the
number of components retained for later analysis depending on the complexity
of the dataset. When scRNA-seq datasets are so complex that their structure
cannot be captured by two or three principal components, visualization
algorithms can be used to create a two-dimensional plot summarizing an scRNA-
seq dataset from a larger number of significant components. The current best-
practice method is Uniform Manifold Approximation and Projection for
Dimension Reduction (UMAP) (Mclnnes et al.,, 2018). This algorithm
approximates the topology of the data using a cell-cell nearest-neighbour
network and then estimates a lowdimensional embedding of the data that best

preserves the structure.

Another key component of scRNA-seq analysis is cell clustering, the application
of which depends on a case-by-case basis. For example, if the dataset represents
a developmental process or is derived from a time-course experiment, then it is
more appropriate to view the cells as drawn from a continuum. Such a
continuous trajectory, which could represent spatial positions, chemical

concentrations or time courses, is often referred to as ‘pseudotime’ with each
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cell being assigned to a specific position. Most tools cannot determine the
direction or speed that the cells are moving along the trajectory; this must be
inferred using external information such as sampling time (for time-course
experiments) or marker genes (for developmental trajectories). Two main
approaches are used to perform ‘pseudotime’ analysis. The first approach is to
use dimensionality reduction techniques to identify a low-dimensional
‘manifold’ that the cells lie upon and then use a cell—cell graph to describe the
topology of the manifold. Popular methods using this strategy include Monocle
(J. Cao et al., 2019) and DPT (Haghverdi et al., 2016). The second approach is to
use unsupervised clustering to group cells before linking the clusters and
projecting individual cells onto the branches (J. Chen et al., 2016; Ji & Ji, 2016).
Cluster-based methods tend to be more accurate when there is an unequal
density of cells through the trajectory. On the other hand, manifold-based
methods perform best when there is an even sampling of cells across the

transition and when examining details of singular transitions.

1.2. Heterogeneity on virus-based process

Single cell RNA-seq analysis has unambiguously demonstrated that biology is
highly heterogeneous at the single-cell level (Finn et al., 2019; Spitzer & Nolan,
2016). In 2013, McWilliam Leitch and McLauchlan published the first scRNA-seq
work in virology, aiming at exploring the heterogeneity of Hepatitis C virus quasi-
species and assessing their fitness (McWilliam Leitch & Mclauchlan, 2013).
Since then, many studies have been published on the topic. For example, in a
recent study on Human Immunodeficiency Virus, scRNA-Seq was used to
identify the transcriptional signature of specific cell subsets, such as dendritic
cells from elite controllers, highly permissive CD4+ T cells or inducible latently

infected CD4+ T cells (Golumbeanu et al., 2018; Rato et al., 2017).
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Single-cell RNA-seq has been also applied to influenza A virus (IAV) infection
processes, aiming to understand if the high cell-to-cell variability in the
production of infectious progeny as well as viral transcripts per cell can be
explained by the presence of defective interfering particles (DIPs) in the
inoculum (Kupke et al., 2020; C. Wang et al., 2020). A recent study shown
substantial variability in viral transcription between human A549 cells and
primary bronchial epithelial cells infected with IAV, including the accumulation
of defective viral genomes that impact viral replication (C. Wang et al., 2020),
ultimately demonstrating the intricate effects of defective viral genomes on host
transcriptional responses and highlighting the importance of capturing host-

virus interactions at the single-cell level.

Studies aim to dissect the interactions between influenza virus and host cell
heterogeneity reveal the fraction of viral mMRNAs compared to total mRNA in
individual cells was anything from < 0.1% to over 50% at 8 hpi (Russell et al.,
2018), or from <1% to about 90% at 16 hpi (J. Sun et al., 2020). Furthermore,
Russell et al., 2018 found that less than 10% of influenza virus-infected cells
contained over half of the scored viral transcripts at 8 hpi, thus underlying the

importance of single-cell analyses over bulk assays.

As the aforementioned studies highlight, the infection process in a virus-based
system encloses a significant degree of variability resulting in specific cellular
environments that shape the generation of new viruses. Two non-mutually
exclusive hypotheses can explain this: (i) virus-to-virus heterogeneity, i.e.
mixture of viral particles displaying differences in infection ability (e.g. DIPs); and
(ii) cell-to-cell heterogeneity, i.e. mixture of cells at different metabolic and or
cell cycle states, for example. Single-cell analyses represent novel opportunities
to identify specific cellular and molecular features promoting or restricting virus
replication, thereby adding to the understanding of virus—host interactions and

providing new targets to inhibit viral replication. In this context, scRNA-seq is a
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powerful technology for virus-based processes optimization, the IC-BEVS being
one example. This expression system, although extensively explored for
production of recombinant proteins, titers (and cell specific productivities) still

require improvement.

3. The insect-cell baculovirus expression system

Insect cells are widely used for the expression of recombinant proteins, the most
common cell line being Sf9 (S2, Sf21, Tn-368, and High-Five™ cells are also used)
(Contreras-Gomez et al., 2014). Insect cell lines can promote mammalian-like
protein translational modification, such as glycosylation, phosphorylation,
disulphide bond formation and further protein folding and processing. Despite
not being able to synthesize mammalian-specific complex glycan structures such
as processing of N-glycans to terminally sialylated complex-type structures by
default, modified cells lines have been established for this end (van Oers et al.,

2015).

The transient IC-BEVS allows to achieve considerably high production yields. It
is based on the baculovirus propensity to infect insect cells, using this virus as
vector for foreign gene expression; the most common being the Autographa
californica multiple nucleopolyhedrovirus (AcMNPV). This vector can be
genetically modified to include the gene(s) coding for the protein(s) of interest
in replacement of genes that are non-essential for virus’ in vitro infection and
replication. Most common recombinant baculovirus (rBAC) constructs involve
replacement of the polyhedrin or p10 genes whose promoters allow very high
gene expression levels (van Oers et al., 2015); other less conventional promoters
have been explored, e.g. IE1, 39k and vp39 (Grose et al., 2021). A single rBAC
vector can be used for heterologous production of one or multiple proteins of

interest, enabling the generation of multi-component particle structures such
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as VLPs (Mi et al., 2021). Different antigens of interest (targeting different
diseases or different strains of the same pathogen) can be displayed on the
surface of the same particle resulting in multivalent VLPs (Shima et al., 2016).
This can be achieved by (i) infecting insect cells with a rBAC comprising multiple
genes of interest (GOI) or (ii) co-infecting insect cells with as many rBAC as
needed, each coding for one of the GOI. Stable insect cell lines have also been
established for production of recombinant proteins; however, these often offer
low productivities (Vidigal et al., 2018). Stable insect cell lines and IC-BEVS can
be combined to produce VLPs with higher valency, overcoming the instability of
rBAC derived from including high number of foreign GOI (Sequeira et al., 2018).
Since they are unable to replicate and propagate within a human host,
baculoviruses are seen as attractive and safer alternatives to classical
mammalian-derived viruses. In addition, the concept of using the baculovirus
itself as a vectored vaccine has been explored, further evidencing the plasticity
of such vectors is serving a myriad of biotechnological and therapeutic

applications (Fabre et al., 2019).

The IC-BEVS has been employed to produce VLPs as vaccine candidates against
infection by influenza (Pushko et al., 2005), Ebola (Ye et al., 2006), Chikungunya
(Metz et al., 2013), rabies (Bernardino et al., 2021), SARS-CoV-2 (Naskalska et
al., 2021), MERS (C. Wang et al., 2017), human papillomavirus (Touzé et al.,
1996), amongst many others. To date, four drug products produced using IC-
BEVS were approved for human use: two vaccines (Cervarix®, GSK, against
human papillomavirus; Flublok®, Protein Sciences, against influenza) and two
therapeutics (Provenge®, Dendreon, for prostate cancer; Glybera®, uniQure,
world’s first gene therapy). IC-BEVS has also been used to produce seven

veterinary vaccines (Cid & Bolivar, 2021; Felberbaum, 2015).
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3.1. Baculovirus-host cell interaction

The baculovirus AcMNPV has a large genome (~ 134 kbp) that encodes
approximately 156 proteins. In addition to genes that regulate and/or mediate
viral transcription, translation and DNA replication, the virus encodes a variety

of genes that modify cellular physiology and architecture (Y.-R. Chen et al., 2014)

The infection process in IC-BEVS is completed in a relatively short time period
(approximately 24 to 48 h), producing infectious budded viruses. Although the
timing is variable and depends on experimental conditions, transcription of viral
genome may be detected as early as 1 hour post infection (hpi), viral DNA
replication may begin as early as 4 to 6 hpi, and viral late gene transcription

begins simultaneously with or shortly after DNA replication (Schaly et al., 2021).

A number of cellular responses to baculovirus infection have been documented
previously, and those that are observed by light microscopy are collectively
referred to as the cytopathic effect. Examples of specific cellular responses to
baculovirus infection include: (i) early rearrangement and induction of actin
polymerization, (ii) triggering of apoptotic responses and DNA damage
responses, (iii) modifications of the cell architecture such as expansion of
nucleus, formation of virogenic stroma within the nucleus, and cell rounding,
(iv) reduction of host protein synthesis, (v) plasma membrane ruffling, (vii)
impact on cell cycle, and (viii) cell lysis (Monteiro et al., 2012). While many of
the cellular responses to AcMNPV infection have been described and
documented, it is clear that these responses are complex and that our

understanding of them is, at best, rudimentary.

3.1.1. The impact of baculovirus infection on cell metabolism

Viral infection claims an intensification of host cell biosynthetic activity in order

to supply the building blocks needed for the biogenesis of membrane lipids and
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for the synthesis of viral nucleic acids and proteins (Maynard et al., 2010). In this
regard, the success of infection is highly dependent on the metabolic state of
the cells at the moment of infection, jointly with the viral manipulation of energy

metabolism to fit such needs (Carinhas et al., 2010, 2011)

Baculovirus infection provokes an important metabolic burden on insect cells,
causing an enhancement of the fluxes through the major catabolic pathways,
namely glycolysis and tricarboxylic acid cycle (TCA) (Bernal et al., 2009, 2010). A
concomitant increase in the oxygen uptake rate is also observed, which
accounts for a higher rate of respiration upon infection (Bernal et al., 2009;
Kamen et al., 1996.; Palomares et al., 2004). Metabolic Flux Analysis was applied
to quantify the fluxome distribution shifts in response to infection in High Five
cells, and a comparison with Sf9 cells was conducted, highlighting the capacity
of the virus to re-direct the cellular fluxome toward ATP production to support
replication and progeny generation independently of the insect cell line

(Monteiro et al., 2017).

Cell specific productivity decreases when insect cells are infected with
baculovirus at high cell densities, the so called “cell density effect”. Bernal et al.,
2009 succeeded in deciphering the metabolic basis of such phenomenon, during
which S5f9 cells undergo a progressive inhibition of central metabolism. Since a
successful viral infection strongly correlates with the energetic state of the cell,

viral replication is impaired at high cell density cultures.

3.1.2. The impact of baculovirus infection on cell proteome

Carinhas et al., 2011 applied a SILAC approach for quantitative proteomics of 59
cells during growth and early baculovirus infection, contributing with the first
comparative quantitative proteomic analysis of the response of S. frugiperda

cells to infection. The authors found new differentially expressed proteins
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related to energy metabolism, endoplasmatic reticulum and oxidative stress
during AcMNPV infection (Carinhas et al., 2011). In particular, the up-regulation
of two metabolic enzymes, PDH-E3 and ALDH, was observed, which account for
an increased efficiency of the coupling of glycolysis and the TCA cycle and for
the anaplerotic feeding of carboxylic acids, respectively. These observations go
along with the increased metabolic fluxes of central carbon metabolism during
baculovirus infection (Bernal et al., 2009), emphasizing the importance of
energetic metabolism during viral infection. Concerning the cellular stress
response to infection, the authors observed a decrease in the levels of the
chaperone ERp57 and the polypeptide transporter SRP57. Both proteins are
effectors of the untranslated-protein response, and their downregulation
envisages the baculovirus capacity in avoiding the deleterious effects of cellular
stress response. Altogether, these results demonstrate that baculovirus efficient
replication depends on its capacity to manipulate different cellular pathways
and highlight a number of regulatory mechanisms that are driving the success

of baculovirus infection.

3.1.3. The impact of baculovirus infection on cell transcriptome

Transcriptome analysis has been widely used to characterize mammalian cells
responses to foreign gene expression or to stress conditions, enabling the
identification of new routes to enhance production yields (Lewis et al., 2016).
Its application to the IC-BEVS, however, has been held back by the lack of
sequenced insect cell genomes, and the scarcity of curated databases. In fact,
only five complete genome sequences exist and are publicly available, four of
Trichoplusia ni (T. ni) cells and one of ACMNPV. Nonetheless, recent studies have
shown the importance of transcriptomics to assess the impact of baculovirus
infection on insect cells and thus guide targeted cell and/or process engineering

approaches capable of circumventing production bottlenecks. For example, Y.-
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R. Chen et al.,, 2014 measured the expression levels of each transcript
throughout a 48-h time course of AcMNPV infection in T.ni cells. Using
differential gene expression analysis, they found that the majority of host
transcripts were downregulated after 6 hpi and throughout the remainder of
the infection, correlating with the replication of the virus and a dramatic
increase in viral transcripts. In addition, they examined the responses of genes
belonging to a number of specific pathways of interest, including stress
responses, apoptosis, immunity, and protein trafficking (Y.-R. Chen et al., 2014).
In fact, the manipulation of genes involved in apoptosis can prolong cell survival
and subsequently achieve higher product titers in IC-BEVS. The inhibition of pre-
apoptotic (e.g., dronc) (Huang et al., 2013) and apoptotic (e.g., caspase-1) gene
expression has already been shown, indicating slight improvements (Y. K. Lai et
al.,, 2012; C.-C. Lin et al., 2007; Q. Wang et al., 2016; X. Zhang et al., 2018, 2021).
Similarly, the strategy to delay the cell lysis was pursued by Steele et al., 2017
using cell lines constitutively expressing vankyrin or vankyrin-encoding

baculovirus vectors.

In the same context, targeting the protein folding mechanisms could potentially
contribute to maintain product quality throughout the infection process. The
comparative transcriptome of two model systems, a cytosolic (mCherry) and a
secreted (hemagglutinin) protein overexpressed in Tnms42 cell, revealed
distinct host responses to the different products (Koczka et al., 2018). The most
significantly regulated transcripts were identified and assigned to biochemical
pathways and gene ontology categories related to protein processing, folding
and response to unfolded protein, opening the road to design specific virus
engineering concepts for improving the yield of proteins that are dependent on

the secretory pathway.

In another example, lIwanaga and co-workers performed an exploratory analysis

using subtractive hybridization in order to identify differentially expressed host
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genes following Bombyx mori nuclear polyhedrosis virus (BmNPV) infection
(lwanaga et al., 2007). The authors paid special attention to the response of
energy metabolism to infection, and reported the up-regulation of citrate
synthase and ATP-dependent proteasome 26S homologous genes. Citrate
synthase is the first enzyme of the TCA cycle, which plays a central role in aerobic
energy production and metabolic interconversions in mitochondria (Holloszy et
al.,, 1970). On the other hand, the proteasome-ubiquitin pathway plays an
important role during baculovirus infection as mentioned previously (Katsuma
et al., 2011). In a follow-up study, next generation sequencing and gene
enrichment analysis showed that gene sets related to mitochondrial function
were highly up-regulated during the course of BmNPV infection of Bm5 cells

(Xue et al., 2012).

Recent advances were made by Virgolini et al., 2022 exploring the gene
expression of Sf9 insect cells producing recombinant adeno-associated virus
(AAV) through a dual baculovirus expression system, with low multiplicity of
infection, by RNA-seq. Interestingly, the work provided new insights into cell
and/or metabolic engineering targets that can be leveraged for rational

engineering of AAV production processes using IC-BEVS.

4. Virus-like particles (VLPs)

VLPs are an alternative platform for developing effective vaccines against
infectious diseases (Tariq et al., 2022). These are self-assembling complexes of
proteins that mimic the overall structure of their parental virus, but voided of
viral genetic material. VLPs are more immunogenic than other subunit vaccines
as they present repetitive antigenic epitopes on their surface in a more
authentic conformation. In addition, they can be modified either chemically or

genetically to present higher stability and functionality (Qian et al., 2020). VLPs
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have been synthesized in various expression systems, from bacteria and yeast

to plants and mammalian and insect cells (Nooraei et al., 2021).

4.1. Production of influenza VLPs in insect cells

Influenza virus infections are the leading cause of chronic human respiratory
symptoms, leading to severe public health outcomes about endemic and
seasonal infections and even result in unpredictable pandemic outbreaks (C. C.
Lai et al., 2019). Influenza virus is an enveloped, segmented, negative-sense RNA
virus, which belongs to the family Orthomyxoviridae. The main surface
glycoproteins are neuraminidase (NA) and hemagglutinin (HA) (To & Torres,
2019). Influenza virus attaches to the residues of sialic acid on the cell
membrane surface via HA. NA appears to be less frequent on the viral surface
as compared to HA, with a generally observed NA:HA ratio of 1:4. Its enzymatic
function is critical in the cleavage of sialic acid, thereby facilitating viral release
from the infected host cell surface. NA activation also enables the successful
penetration by influenza to mucus through a mechanism involving cleavage of

sialic (Buffin et al., 2019).

Influenza VLPs have been generated in insect cells using (i) single infection
strategies, using one recombinant baculovirus expressing either four (HA, NA,
M1 and M2) or three (HA, NA and M1) structural influenza genes, or (ii) co-
infection strategies, using two recombinant baculoviruses each coding for HA
and M1 genes (Quan et al., 2016). It is also possible to obtain influenza VLPs
through pseudotyping approaches in which HA is displayed on the surface of a
VLP core from another virus (Haynes et al., 2009). Efforts have been made to
generate vaccines protecting from potentially pandemic strains. Sequeira et al.,
2018 developed a modular system comprising stable and baculovirus-mediated
expression in insect cells for production of multi-HA influenza enveloped VLPs.

Other studies aimed to design multivalent VLP enclosing different HA subtypes
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showing promising results as a vaccine candidate against virus strains with
pandemic potential (Tretyakova et al., 2016). Electron microscopy images of
influenza VLPs show particles of similar size to native virus, with 80—-120 nm

(Carvalho et al., 2022)

Different bioprocess engineering strategies have been employed to enhance cell
specific influenza VLPs productivity (Charlton Hume et al., 2019); adaptive
laboratory evolution (ALE) of cell lines is one of those approaches. The use of
ALE, i.e. adaptation of cells to efficiently grow under non-standard culture
conditions through consecutive sub-culturing, allows for the selection of cell
populations with enhanced fitness. ALE has been suggested as an approach to
maximize recombinant protein titers in both prokaryotes and animal cells
(Mundhada et al., 2017; Sunley et al., 2008). The first indication in IC-BEVS for
possible success came from work by J. M. Wagner et al., 2014 who showed that
a novel insect cell variant derived by exposure of Sf21 to elevated culture pH for
a prolonged period of time was capable of maintaining normal cell growth into
the typical mammalian cell culture consecutive sub-culturing under these and
produced 11-fold higher Chikungunya VLP yields compared to the parental Sf
cell line (J. M. Wagner et al., 2014). Correia et al., 2020 used a similar approach
to adapt T. ni insect cells to grow at a neutral culture pH (7.0) resulting in
improved production of influenza HA-displaying VLPs. The cell-specific HA
productivity was increased three-fold and volumetric HA titer of up to four-fold
as compared to non-adapted cells, whereas a pH shift alone did not improve
yield. Fernandes et al., 2020 used ALE to improve the production of HIV-Gag
VLPs in stable Sf9 and T. ni cell lines. Cells were cultured under controlled
hypothermic conditions (22 C instead of standard 27 C) for a prolonged period
of time (over 3 months), which allowed the selection of a population of cells
with an improved phenotype. Adapted cells expressed up to 26-fold (Sf cells)

and 10-fold (T. ni cells) more Gag VLPs than non-adapted cells cultured at
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standard conditions (Fernandes et al., 2020). Dissecting the mechanisms driving
the better phenotype of adapted cells, for example using scRNA-seq analysis,
would be key for rational cell/virus engineering towards improved VLPs

production.

5. Concluding remarks

Viral infection induces a multi-level response in the host, during which a vast
number of molecular changes occur that ultimately dictates the performance of
an expression system. A deeper understanding of such phenomena, for example
through transcriptomic analysis, will certainly allow for the rational design of
strategies towards bioprocess optimization. In this context, the application of
bulk and scRNA-seq approaches to IC-BEVS may assist in uncovering the
fundamental intricacies of this system, revealing targets for genetic engineering

towards improved process performance.

6. Aim of the thesis

The IC-BEVS is a powerful platform for recombinant protein production.
Nevertheless, the lack of comprehensive understanding about the impact of
baculovirus infection on the host cell machinery still poses major challenges to
further improve this expression system. The work developed during this PhD
thesis aimed at unveiling the key biological processes of insect cells that are
impacted during infection by baculovirus. The knowledge herein extracted could
be used to identify relevant target genes to design specific host and/or virus

engineering concepts for improving protein yields.

In the first part of the work (Chapter 2), the transcriptome of insect High Five

cells adapted to neutral pH and producing influenza VLPs using IC-BEVS, was
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assessed by bulk RNA-seq and compared to those of parental, non-adapted
insect High Five cells in order to gain an understanding of the mechanisms
driving higher productivity in adapted cells. In the second part (Chapter 3),
single-cell RNA-seq was used to assess the variability of (parental) insect cell
populations and gene expression profiles along infection, providing insight for
rational cell and process engineering towards improved VLP production in IC-

BEVS.

This PhD thesis advances our understanding of the IC-BEVS, constituting a
reference study of the application of transcriptomics to a relevant virus-based
process of biotechnological interest. Moreover, it provides clues on the impact
of baculovirus infection in insect cells, adding new insights for the complex study

of baculovirus-host cell interactions.
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Abstract

Adaptive laboratory evolution has been used to improve production of influenza
hemagglutinin (HA)-displaying virus-like particles (VLPs) in insect cells. However,
little is known about the underlying biological mechanisms promoting higher
HA-VLPs expression in such adapted cell lines. In this article we present a study
of gene expression patterns associated with high-producer insect High Five cells
adapted to neutral pH, in comparison to non-adapted cells, during expression of
influenza HA-VLPs. RNA-seq shows a decrease in the amount of reads mapping
to host cell genome along infection, and an increase in those mapping to
baculovirus and transgenes. A total of 1 742 host cell genes were found
differentially expressed between adapted and non-adapted cells throughout
infection, 474 of those being either up- or down-regulated at both time points
evaluated (12 and 24 hours post-infection). Interestingly, while host cell genes
were found up- and down-regulated in approximately a 1:1 ratio, all baculovirus
differentially expressed genes were found down-regulated in infected adapted
cells. Pathway analysis of differentially expressed genes revealed enrichment of
ribosome biosynthesis and carbohydrate, amino acid, and lipid metabolism. In
addition, oxidative phosphorylation and protein folding, sorting and
degradation pathways were also found to be overrepresented. These findings
contribute to our knowledge of biological mechanisms of insect cells during
baculovirus-mediated transient expression and will assist the identification of
potential engineering targets to increase recombinant protein production in the

future.
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1. Introduction

The insect cell-baculovirus expression vector system (IC-BEVS) relies on
infection of insect cells with a recombinant baculovirus genetically modified to
include a nucleic acid sequence encoding a gene of interest, commonly under
the transcriptional control of very-late, strong baculovirus promoters such as
polh and p10 (van Oers et al., 2015). The IC-BEVS system permits the expression
recombinant protein at high titers and, importantly, glycosylation patterns
similar to those of higher eukaryotes (Kost et al., 2005). This expression system
is widely used in the production of enzymes, membrane proteins, viral capsids,
and envelope proteins for use as vaccines or for analytical purposes (Kost &
Kemp, 2016). The success of the human papilloma virus vaccine (Cervarix’) and
the hemagglutinin-based influenza vaccine (Flublok®) illustrates the utility of the

system for biopharmaceutical manufacturing.

In recent vyears, academic and industrial research groups have sought to
improve the knowledge of the molecular characteristics underpinning the
efficient production of biopharmaceuticals using IC-BEVS (Monteiro et al.,
2012). Understanding the host cell’s metabolic regulation during expression of
a foreign gene also facilitates the design and upscaling of a production process
(Abaandou et al., 2021; J. K. Hong et al., 2018). Next-generation sequencing
technologies have accelerated the development of better expression systems to
produce recombinant protein (Babar et al., 2018). Transcriptomics was applied
to analyze the transcriptional changes of both Autographa californica multiple
nucleopolyhedrovirus (AcMNPV) (Y.-R. Chen et al., 2013) and alphanodavirus-
free High Five cells (Tnms42) (Y.-R. Chen et al., 2014) during protein expression
using IC-BEVS. It has been shown that the number of viral transcripts increased
significantly after the first 6 hours of infection, concomitantly with a decrease in
expression of host cell transcripts due to global shut-off of the host protein

synthesis (X. Du & Thiem, 1997). More recently, comparative transcriptome
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analysis was conducted to study the differences in Tnms42 cells response upon
expression of intracellular or secreted protein products using IC-BEVS,
identifying key proteins as promising targets for achieving higher yields of

protein secretion (Koczka et al., 2018).

While genetic engineering of insect cells and/or baculovirus has been used to
improve production yields (Martinez-Solis et al., 2019), strategies such as shifts
in culture parameters to non-physiological values have been shown to impact
the growth performance and recombinant protein production (Lin et al., 2015).
The use of atypical culture conditions in insect cells has also been recently
addressed through adaptive laboratory evolution approaches, i.e., by adapting
cells to grow at such non-standard culture conditions, allowing higher
recombinant protein yields both in stable cell lines (Fernandes et al., 2020) and
IC-BEVS (Correia et al., 2020). In the later, adaptation of insect High Five cells to
grow at neutral pH allowed the improvement of cell-specific production rate of
influenza virus-like particles (VLPs) by 3-fold. However, relatively little is known
about the mechanisms underlying the higher recombinant protein productivity

achieved with this adapted cell line.

In this study, the transcriptome of High Five cells adapted to neutral pH
(established in Correia et al., 2020), producing influenza VLPs using IC-BEVS,
were assessed by RNA-seq and compared to those of parental, non-adapted
insect High Five cells in order to gain an understanding of the mechanisms

behind the higher productivity of the adapted cell line.
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2. Materials and methods

2.1. Cell lines and culture media

Insect High Five cells (Invitrogen), hereon referred as non-adapted cells, and
High Five cells adapted to neutral pH (Correia et al., 2020), hereon referred as
adapted cells were routinely sub-cultured to 0.3-0.5x10° cell. mL every 2-3 days
when cell concentration reached 2-3x10° cell.mL. Non-adapted cells were
cultured in Insect-XPRESS™ medium (Sartorius); Adapted cells were cultured in
cell culture medium composed of a 1:1 mixture of Insect-XPRESS™ and
chemically defined solution as previously reported (Correia et al., 2020). Both
cell lines were cultured in 125-500 mL shake flasks (10% working volume) and
maintained at 27 2C in a Inova 44R shaking incubator (Eppendorf) set to 100

RPM and with an orbital motion diameter of 2.54 cm.

2.2. Baculovirus amplification and storage

Recombinant  baculoviruses enclosing influenza capsid M1 from
A/California/06/2009 HIN1 strain and hemagglutinin  (HA) from
A/Brisbane/59/2007 strain genes were kindly provided by Redbiotec AG
(Schlieren, Switzerland). Amplification of baculovirus stocks was performed as

described elsewhere (Vieira et al., 2005).

2.3. Production of influenza HA-VLPs

Influenza HA-VLPs were produced in 500 mL shake flasks (10% working volume)
by infecting non-adapted cells and adapted cells at a cell concentration at
infection (CCl) of 2x106 cell.mL-1 with baculovirus using a multiplicity of
infection (MOI) of 1 pfu/cell (n=3, number of replicates). Samples were taken

daily for the determination of cell concentration and viability, metabolites
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concentration, and detection/relative quantification of M1 and HA proteins; for
RNA-seq , samples were taken before infection, and at 12 and 24 hours post-

infection (hpi) (further details in Supplementary Figure S1).

2.4. Analytics
2.4.1. Cell concentration and viability

Cell counting was performed in a Fuchs—Rosenthal hemacytometer chamber
(Brand) and viability was assessed using the trypan-blue exclusion method (J R

Tennant, 1964).

2.4.2. Metabolites concentration

For metabolites quantification, cell culture samples were centrifuged (300 xg, 4
°C, 5 min) and supernatant collected and stored at -20 °C. Metabolite

guantification was performed using Cedex Bio Analyzer 7100 (Roche).

2.4.3. Baculovirus titration

Baculovirus titers were determined using the MTT assay as described elsewhere

(Mena et al., 2003; Rold3o et al., 2009)

2.4.4. Western blot

For M1 and HA detection/relative quantification, cell culture samples were cen-
trifuged (300 xg, 4 °C, 5 min) and supernatant was collected and stored at 4 °C.
Western blot analysis was performed as reported elsewhere (Correia et al.,
2020). Briefly, for HA identification, a mouse monoclonal antibody (IRR,

Manassas, VA, USA, FR-494—mouse monoclonal antibody to recombinant H1
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HA from influenza A/Brisbane/59/2007 (H1N1)) was used at a dilution of 1:2000,
and M1 protein was identified using a goat polyclonal antibody (Abcam,
Cambridge, UK, Cat# ab20910) at a dilution of 1:2000. Secondary anti-mouse or
anti-goat IgG antibodies conjugated with alkaline phosphatase were used at a
dilution of 1:2000 for identification of HA and M1, respectively. Densitometry
analysis of Western blot membranes (to assess relative productivity) was

performed using the FlJI software (Schindelin et al., 2012).

2.5. RNA sequencing and data analysis
2.5.1. RNA isolation and library preparation

For RNA sequencing analysis, cell culture samples were centrifuged (300 xg, 4°C,
5 min) and pellets collected for RNA extraction using 1 mL of Trizol (Invitrogen)
and the Directzol RNA mini prep kit (Zymo Research) according to
manufacturer’s instructions. RNA purity and quality was assessed by

spectrophotometry (mySPEC equipment, VWR) and fragment analysis (Agilent).

Library preparation and sequencing was performed elsewhere (Genewiz). In
short, Poly(A) selection on total RNA (NEBNext® Poly(A) mRNA Magnetic
Isolation Module) was performed prior strand-specific library preparation
(NEBNext® Ultra™ Il Directional RNA Library Prep Kit for lllumina®). Sequencing
libraries were quality checked using Qubit (Invitrogen) and a fragment analyser
(Agilent), and loaded on the lllumina NovaSeq 6000 system configured to yield

a minimum of 25 million, 2 x 150bp Paired-End (PE) reads per sample.

2.5.2. Data processing, alignment and counting

Trimmomatic v0.36 was used to remove adapters and to perform quality

trimming (Bolger et al., 2014) of the raw RNA-seq reads. The reads were
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subsequently aligned to a hybrid reference, comprising the insect Trichoplusia
ni cell genome (Tnl; RefSeq assembly accession: GCF_003590095.1) (Fu et al.,
2018), the baculovirus, i.e., AcMNPV (RefSeq assembly accession:
GCF_000838485.1, ViralProj14023) (Ayres et al., 1994), and the transgenes (M1
and HA) sequences using STAR v2.7.3a (Dobin et al., 2013). Those reads mapping

to annotated genes were counted using HTSeq (Putri et al., 2022).

2.5.3. Differential expression analysis

The edgeR Bioconductor package (Robinson et al., 2009) was used to determine
the number of differentially expressed genes between infected adapted cells
and non-adapted cells. Count data were normalized to account for variation in
the number of sequenced reads in each sample using the TMM method
(Robinson & Oshlack, 2010). To assess differential gene expression, the Fisher’s
exact test used to identify statistically significant differences in gene expression
between selected groups (Robinson & Smyth, 2008). Genes with expression
changes of at least 1.5-fold and with a false discovery rate (FDR)-adjusted p-

value < 0.05 were considered to be differentially expressed.

2.5.4. Functional annotation and pathway enrichment analysis

For gene annotation, the amino acid sequence of protein-coding genes with at
least one read aligned was used as a query. Blastp search was applied in the
NCBI nr protein database using Blast2GO OmicsBox software (Gotz et al., 2008).

No taxonomy filter was applied, and the E-value cutoff was set to 1.0 x 1073,

Blast2GO was used to perform pathway enrichment analysis with Fisher’s exact
test and the Gene Set Enrichment Analysis (GSEA) method (Kanehisa & Goto,
2000). These tests were used to identify statistically significant over-

represented biological processes for each differentially expressed gene list. FDR
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was applied as multiple test correction method with a cut-off of 0.05 (Benjamini

& Hochberg, 1995).

3. Results

3.1. Production of influenza HA-VLPs using adapted insect High Five
cells

Adapted and non-adapted cells were infected at the optimum conditions (CCl of
2x10° cell.mL™ and MOI of 1 pfu.cell™) previously identified in our laboratory
(Correia et al., 2020), and infection kinetics and HA expression were assessed
throughout. Adapted cells maintained higher cell concentration and viability
upon infection, with the onset of cell viability drop having a 24-hour delay in
comparison with non-adapted cells (Figure 1A). The specific consumption or
production rates for glucose (Glc), glutamine (Gln), and lactate (Lac) were similar
in both cell lines, with the highest variation observed for glucose (Figure 1B).
Importantly, M1 and HA proteins were identified by Waestern blot
(Supplementary Figure S2), with relative band intensities suggesting that
expression of HA was approximately 2.5-fold higher in adapted cells while M1
expression remained similar in both cell lines (Figure 1C), in agreement with
previously reported data. Despite not having been addressed in this work, the
produced HA-VLPs were shown the typical size and morphology of influenza
VLPs, thus confirming the null impact of the adaptation process and neutral

culture pH on the quality of the HA-VLPs produced (Correia et al., 2020).
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Figure 1. HA-VLPs production in not-adapted and adapted High Five insect cells using the
baculovirus expression vector system. A) Viable cell concentration (full circles) and cell viability
(empty circles) after infection. B) Specific glucose (rGlc) and glutamine (rGIn) consumption and
lactate (rLac) production (hence shown as negative) rates, estimated by linearization of
integral of total cells, during infection. C) Fold-change
(adapted/non-adapted) in expression of HA and M1 proteins assessed by densitometry analysis
of Western blot images (i.e. relative band intensity). Color code: yellow represents non-adapted
cells, green represents adapted cells. Data are expressed as mean + standard deviation of three

metabolite concentration and

culture replicates (n = 3).
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3.2. Gene expression profiling of infected adapted vs non-adapted
cells

To reveal the differences at transcriptional level between adapted and non-
adapted cells upon infection, quality-filtered reads were mapped to the
reference genome and sequences. A total of 10 850 and 10 987 reads (at 12 hpi),
and 10 082 and 10 236 reads (at 24 hpi) were mapped in samples from adapted
and non-adapted cells, respectively; from these, 10 389 (at 12 hpi) and 9 620 (at

24 hpi) reads are coincident in both cell lines.

A reduction in the proportion of reads mapping to host cell genome was
observed between 12 and 24 hpi, with a concomitant increase in reads mapping
to baculovirus and transgenes; at 24 hpi, 51-60% of the total reads were mapped
to baculovirus genome and 9-14 % of the total reads were mapped to transgenes
(HA+M1) (Figure 2A). Differential gene expression analysis revealed that a total
of 1 742 host cell genes were differentially expressed between adapted and non-
adapted cells throughout infection, 474 of those being differentially expressed
at both time points evaluated (Figure 2B). The top-20 most differentially
expressed host cell genes at both 12 and 24 hpi are detailed in Tables 1-2. The
most up-regulated genes encode for transmembrane transports (e.g. organic
cationic transports protein-like, 93-fold at 24 hpi) and proteins involved in
proteolysis (e.g. xxa-Pro aminopeptidase 1, 756-fold at 24 hpi), and lipase
activity (e.g. lipase member H-like, 112-fold at 12 hpi), whereas the most down-
regulated genes encode for proteins involved in programmed cell death (e.g.
homeobox protein abdominal-A homolog isoform X1, 120-fold at 24 hpi), lipid
transport (e.g. apolipophorins, 50-fold at 24 hpi), innate immune response (e.g.
protein toll-like, 37-fold at 12 hpi), and oxidoreductase (e.g. cytochrome P450
9e2-like, 163-fold at 12 hpi). Protein-coding genes involved in regulation of
transcription and signaling were found both up- and down-regulated. While host

cell genes were found up- and down-regulated in an approx. 1:1 ratio regardless
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of infection time, all baculovirus differentially expressed genes were found

down-regulated in infected adapted cells (Figure 2C).

Table 1. List of TOP-20 up-regulated genes in adapted cells vs. non-adapted cells.

Gene ID

LOC113500835
LOC113493104
LOC113505620
LOC113496461
LOC113506781
LOC113504337
LOC113500515
LOC113501396
LOC113501938
LOC113494762
LOC113495982
LOC113501619
LOC113506861
LOC113492056
LOC113495496
LOC113500144
LOC113506931
LOC113500825
LOC113498260

LOC113500192
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Gene name

xaa-Pro aminopeptidase 1

potassium channel subfamily K
member 18-like

serine protease HP21 precursor

lipase member H-like

organic cation transporter
protein-like

GATA zinc finger domain-
containing protein 4-like

alkylglycerol monooxygenase-like

transcription factor glial cells
missing 2-like

monocarboxylate transporter 1-
like

octopamine receptor Oamb
isoform X1

uncharacterized protein

organic cation transporter
protein-like

uncharacterized protein

glucose dehydrogenase [FAD,
quinone]-like
thyrotropin-releasing hormone
receptor-like isoform X1

uncharacterized protein

proton-coupled amino acid
transporter-like protein pathetic
acid sphingomyelinase-like
phosphodiesterase 3a
mitochondrial import receptor
subunit TOM40 homolog
glutamate receptor ionotropic,
kainate 2-like

hpi

12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24
12
24

273.6
756.1
102.1
433.4
104.1
116.2
111.6
79.4
91.9
92.8
79.8
743
97.8
46.6
108.6
29.1
86.2
36.5
65.3
18.4
7.7
74.8
43.4
24.1
37.4
24.0
34.6
26.4
3.8
51.7
39.2
14.2
36.3
6.1
45
34.2
29.8
7.7
18.8
18.4

logCPM

3.1
1.6
1.7
0.8
-0.1
-0.9
-1.6
-1.3
-0.3
-1.1
-0.5
-1.3
1.0
-0.3
-1.7
-2.2
-1.8
-1.9
1.1
0.7
-1.0
-1.3
-2.5
-2.3
-2.6
-2.3
-2.7
-2.2
-0.2
1-6
-0.2
-1.6
-1.4
-1.2
-0.9
-2.1
0.3
-0.6
3.0
2.2

Biological
Process (P) or
Molecular
Function (M)
hydrolase
activity (M)
transmembrane
transport (P)

proteolysis (P)

lipid metabolic
process (P)
transmembrane
transport (P)
regulation of
transcription (P)
lipid metabolic
process (P)
regulation of
transcription (P)
transmembrane
transport (P)
regulation of
transcription (P)

n.a.

transmembrane
transport (P)

n.a.

oxidoreductase
activity (M)

signaling (P)

n.a.

transmembrane
transport (P)
hydrolase
activity (M)
transmembrane
transport (P)
regulation of
transcription (P)
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Table 2. List of TOP-20 down-regulated genes in adapted cells vs. non-adapted cells.

12 168.3 -1.0
LOC113496224  cuticle protein 16.5-like structural
24 84.3 -1.4 activity (M)
. . ) 12 11.5 -0.1 hydrolase
LOC113492802  juvenile hormone esterase-like 21 1653 05 activity (M)
. 12 163.0 -1.1 oxidoreductase
LOC113495404 cytochrome P450 9e2-like 24 13.6 13 activity (M)
homeobox protein abdominal-A 12 41.7 0.7 programmed cell
LOC113496454 homolog isoform X1 24 120.1 -0.9 death (P)
. . 12 31.2 1.2
LOC113508341 uncharacterized protein 24 235 02 n.a.
i L 12 16.2 1.3 lipid transport
LOC113498352 apolipophorins isoform X2 24 49.9 02 P)
LOC113493958 solflte carrier family 15 member 12 36.2 -1.3 transmembrane
1-like 24 26.3 -2.3 transport (P)
. . 12 253 -1.7
LOC113496890 acanthoscurrin-1-like 24 345 21 n.a.
. . 12 19.4 2.7 structure
LOC113501789 uncharacterized protein 2 312 13 development (P)
s 12 213 2.9
LOC113499613 gloverin-like 2 26.4 15 n.a.
. . 12 14.2 -0.7 chitin binding
LOC113503497 chondroitin proteoglycan 2-like 24 313 1.0 M)
12 . . i
LOC113496839  protein toll-like 366 03 immune system
24 8.8 -1.3 process (P)
. 12 29.1 1.3 hydrolase
LOC11 2 E4-
0C113492804 esterase FE4-like 22 151 05 activity (M)
. . 12 7.0 -2.3
LOC113494776 myb-like protein D ) 342 21 n.a.
alpha-tocopherol transfer 12 12.7 -1.0
LOCLI3A9AITS otein-like 24 253 23 M
acetylcholine receptor subunit 12 23.4 -0.3 . .
LOC113503288 alpha-like 1 22 144 08 signaling (P)
probable E3 ubiquitin-protein 12 6.1 -1.0
LOCLI3507593 e ise bre1 isoform X1 24 02 10 M
L0C113503500 odorant receptor 67c-like 12 4.7 18 signaling (P)
P 24 313 -22 gnaiing
irregular chiasm C-roughest 12 16.5 -0.3 programmed cell
LOC113505115 protein-like isoform X1 24 15.3 -1.7 death (P)
neural retina-specific leucine 12 25.1 2.3 regulation of
LOC113506962 zipper protein-like 24 5.5 1.1 transcription (P)
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Figure 2. Differential gene expression analysis. A) Percentage of reads mapping to host cell
(circles), baculovirus (triangles) and transgenes (diamonds) throughout infection. B) Venn diagram
showing the number of host cell and baculovirus genes being differentially expressed (|log2(Fold-
Change| > 0.58 and FDR < 0.05) between adapted and non-adapted cells, at 12 hpi, 24 hpi, and
both timepoints simultaneously. C) Volcano plot showing the distribution of differentially
expressed genes with higher (in red) or lower (in blue) expression in adapted cells, comparing to
non-adapted cells. Number in boxes: number of differentially expressed genes.
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3.3. Pathway enrichment analysis

To further understand the biological mechanisms behind adapted cells’ higher
productivity, pathway enrichment analysis was performed. KEGG analysis using
Fisher’s exact test revealed that 14 pathways are enriched, two being
upregulated in adapted cells (i.e., neuroactive ligand-receptor interaction,
ribosome) while remaining 12 were down-regulated (including metabolism of
xenobiotic and endogenous compounds, carbohydrates, amino acids, vitamins
and lipids) (Figure 3A). Additional pathways were found enriched using the GSEA
method, including those playing a role in protein processing (including
proteasome and ubiquitin mediated proteolysis) and oxidative phosphorylation
(Supplementary Figure S3). For the pathways found to be enriched, heatmaps
with hierarchical clustering of all genes (differentially expressed and not) were
generated. Results suggest that there is no common trend in adapted and non-
adapted samples clustering as infection progresses, as reflected in the different

dendrograms obtained - see two examples in Figure 3B.
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Pathway terms 12 hpi 24 hpi
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Figure 3. Pathway enrichment analysis. A) Pathway enrichment analysis of differentially
expressed genes using Fisher’s exact test. Bar plots indicate enriched terms at 12 and 24 hpi (i.e.
longer bars denote pathways more significantly enriched). Color code: red identifies pathways
found up-regulated and blue identifies pathways found down-regulated in adapted cells, over
non-adapted cells. B) Heat map of tyrosine metabolism pathway and genes encoding for ribosome
subunits; the z-score (gradient color code) is defined for all the genes being found involved in
these specific pathways (differentially expressed or not). Bl denotes before infection.

58



Gene expression analysis of higher-producer cells

4. Discussion

In this work, we assessed the gene expression profile of insect High Five cells
adapted to neutral pH during production of influenza HA-VLPs using IC-BEVS,

and compared it to that of non-adapted cells.

During infection, the number of reads mapping to the host cell genome
decreased whereas those aligned to baculovirus (AcMNPV) and transgenes (M1
and HA) sequences increased. Such trend is a consequence of the global
takeover of the cellular transcription machinery by baculoviruses towards
overproduction of viral proteins during infection (Monteiro et al., 2012). The
percentages of reads aligned to host cells and virus genome throughout the
course of infection is similar to those reported previously in other studies (Y.-R.
Chen et al., 2014; Koczka et al., 2018). Differential expression analysis revealed
that all baculovirus-derived genes were found down-regulated in adapted cells.
Together with distinct onset cell viability drop, this suggests that adapted and

non-adapted cells have different susceptibility to infection.

Adapted and non-adapted cells respond differently to baculovirus infection as
reflected by the major differences observed in their gene expression profiles.
For instance, genes involved in lipid metabolism processes (i.e., biosynthesis,
hydrolysis and transport) were found either up- or down-regulated in adapted
cells at both 12 and 24 hpi. Insect cells are known to have a limited lipid
metabolism, reflected by their limited capacity in synthesizing, desaturating and
elongating fatty acids (Drugmand et al., 2012a), and lipid deprivation is linked to
cell degeneration and impairment in the production of baculovirus (Goodwin,
1991). Moreover, lipids such as cholesterol are especially important during the
production of enveloped viral particles in mammalian culture systems (Chan et
al., 2010) and IC-BEVS (Monteiro et al., 2016), such as the case of the influenza
HA-VLPs herein produced. Therefore, distinct lipid metabolism could be

associated to different productivity of adapted and non-adapted cells.
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Pathway enrichment analysis revealed that genes encoding ribosome subunits
were up-regulated in adapted cells at 24 hpi. Since baculovirus is known to
promote the shutdown of host cell protein synthesis upon infection for
overproduction of viral proteins (X. Du & Thiem, 1997; Nayyar et al., 2017), this
result suggests that the host cell translation machinery was less impaired in
adapted cells, thereby leading to higher protein biosynthesis (including of HA-
VLPs). The oxidative phosphorylation pathway was also found up-regulated in
adapted cells at 24 hpi, allowing lower substrate consumption when compared
to non-adapted cells. In contrast, pathways associated to drug, carbohydrate
and amino acid metabolism were down-regulated in adapted cells. Interestingly,
the set of genes driving such enrichment is shared between most pathways;
these code for proteins such as UPD-glucuronosyltransferases-like and
glutathione S-transferase-like proteins, enzymes associated to cellular
protection and resistance to oxidative stress (Kalthoff et al., 2010). In addition
to these, genes involved in oxidative metabolism were also down-regulated in
adapted cells, some of which have been already identified as differentially
expressed in insect cells resistant to harmine and fungi (e.g. cytochromes 450)
(Cui et al., 2020; Xing et al., 2017). Pathways associated to baculovirus infection
such as immune response, protein processing in endoplasmic reticulum,
proteosome and ubiquitin mediated proteolysis, which are known to be up-
regulated upon infection (Marques & Imler, 2016; Monteiro et al., 2012), were
also found down-regulated in adapted cells. Taken together, these results
suggest that adapted cells better cope with the stress induced by baculovirus

infection when compared to non-adapted cells.

The major AcMNPV fusion protein, GP64, plays an essential role in mediating
virus-receptor binding, internalization, and membrane fusion during virus entry
into both mammalian and insect cells (Kataoka et al., 2012). The fusogenicity of

GP64 is low-pH dependent, and fusion of viral envelope with the endosomal
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membrane is triggered in the acidic endosomal lumen (Blissard et al., 1992).
Virus fusion was shown to be impaired at relatively high-pH conditions in
mammalian cells (Hu et al., 2019); thus, baculovirus entry could be less efficient
in adapted cells. In this regard, the baculovirus gene ACNVgp64 was found
significantly down-regulated in adapted cells at 12 hpi (1.7-fold) and 24 hpi (2.0-
fold). While the amount of differentially expressed host cell genes in adapted
cells was equally distributed between those being up- or down-regulated, all the
differentially expressed baculovirus-derived genes herein identified were shown
to be down-regulated in adapted cells, hence showing that virus transcripts are
produced earlier (or at higher quantity) in non-adapted cells. Whether this
outcome is a consequence of less efficient virus entry in adapted cells still
remains unknown, but such fact could be behind the different cell growth
kinetics observed for adapted cells, i.e., slight increase in cell concentration and
delayed onset of cell viability drop. The apparent lower burden caused to
adapted cells at initial stages of infection may have been the key to achieve

prolonged infection and consequently higher productivity.

5. Conclusion

In this study, comparative transcriptome analysis revealed significant
differences between adapted and non-adapted insect High Five cells during
production of influenza HA-VLPs using IC-BEVS. Differential gene expression
analysis showed baculovirus genes being down-regulated in adapted cells,
revealing less susceptibility to infection. Several pathways were found enriched
and differently regulated, such as those associated to protein synthesis,
metabolism of xenobiotic and endogenous compounds, carbohydrates and
amino acids. The gene expression signatures herein identified can be exploited
for rational genetic engineering of insect cells and/or baculovirus to further

improve production yields. Furthermore, single-cell RNA sequencing could help
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to further understand the molecular signatures playing a role on systems’

productivity, as well as to conclude on adapted cell population heterogeneity.

6. Acknowledgments

This work has received funding from the European Union’s Horizon 2020
research and innovation programme under the Marie Sklodowska-Curie grant
agreement No. 813453 and by Fundacdo para a Ciéncia e a
Tecnologia/Ministério da Ciéncia, Tecnologia e Ensino Superior (FCT/MCTES,
Portugal) through national funds to iINOVA4Health (UIDB/04462/2020 and
UIDP/04462/2020) and the Associate Laboratory LS4FUTURE (LA/P/0087/2020).
The authors would like to acknowledge Pedro Barros for the support in genome

annotation using OmicsBox.

62



Gene expression analysis of higher-producer cells

7. Supplementary material

Infection
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Figure S1. Experimental design. Cells were inoculated at 0.4x10° cell.mL? and grown until the
target cell concentration of 2.0x10° cell. mL. Medium exchange was performed before the
infection (using centrifugation), and cells divided in three shake flasks. The red arrows highlight
time-points at which samples were collected for total RNA extraction. hpi denoted hours post-
infection.
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Cell line Non-adapted cells Adapted cells
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Figure S2. Identification of HA and M1 proteins by western blot. Two different dilutions of in-
process samples collected from each cell culture (in triplicate) at the time of harvest are
represented.
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Figure S3. Pathway enrichment analysis using the GSEA method. Barplots show enriched terms

at 12 hpi and 24 hours post-infection (hpi). Color gradient of bars indicate the False Discovery Rate
(FDR)-adjusted p-value.
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Abstract

The insect cell-baculovirus expression vector system (IC-BEVS) has been widely
used to produce recombinant proteins, including complex virus-like particles
(VPLs). However, cell-to-cell variability upon infection is yet one of the least
understood phenomena in virology, and little is known about its impact on
production and quality of therapeutic proteins. This study aimed at providing
the first insight on cell population heterogeneity during production of influenza
VLPs in IC-BEVS using single-cell RNA-seq (scRNA-seq). High Five cell population
was shown to be heterogeneous even before infection, with cell cycle being one
of the factors contributing for this variation. In addition, infected insect cells
were clustered according to the timing and level of baculovirus genes
expression, with each cluster reporting similar influenza VLPs transgenes (i.e. HA
and M1) transcript counts. Trajectory analysis enabled to track infection
progression throughout pseudotime. Specific pathways such as translation
machinery, protein folding, sorting and degradation, endocytosis and energy
metabolism were identified as being those which vary the most during insect

cell infection and production of Influenza VLPs.

Overall, this study lays the ground for the application of scRNA-seq in IC-BEVS
processes to isolate relevant biological mechanisms during recombinant protein

expression towards its further optimization.
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1. Introduction

The insect cells (IC) and baculovirus expression vector system (BEVS) constitute
an attractive alternative to mammalian cells for manufacturing of heterologous
gene products, including recombinant proteins as vaccine candidates and viral
vectors for gene therapy (Drugmand et al., 2012b). Recent advances in next-
generation sequencing technologies have enabled a considerable improvement
of our understanding of the IC-BEVS. For example, RNA-seq has been used to
assess the transcriptional changes of alphanodavirus-free High Five cells upon
infection by Autographa californica multiple nucleopolyhedrovirus (AcMNPV)
(Y.-R. Chen et al., 2013) (Y.-R. Chen et al., 2014), providing a global picture of the
AcMNPV transcription regulation throughout the infection cycle. As the
knowledge of the IC-BEVS grows, potential engineering targets to increase

recombinant protein production are being identified (Silvano et al., 2022).

In recent years, technological advances in areas such as cell isolation methods
using microfluidics or microwell devices, preparation of next generation
sequencing libraries from ultra-low quantities of nucleic acids, and innovative
labelling strategies for MS-based proteomics have enabled the characterization
of DNA, RNA and proteins at single-cell resolution (Lee et al., 2020). Using
different single-cell omics profiling strategies as building blocks, we can now
build a multi-omics profile of the same cell. These multi-omics methods will play
an important role in many diverse fields, and their applications are rapidly
expanding, including delineating cellular diversity (Gulati et al., 2020), lineage
tracing (D. E. Wagner & Klein, 2020), identifying new cell types (lanevski et al.,
2022), and deciphering the regulatory mechanisms between omics (Z. J. Cao &
Gao, 2022). Single-cell analysis has unambiguously demonstrated that cell
populations are often heterogeneous (Goldman et al., 2019). This heterogeneity
not only applies to different cell types in a tissue (Karlsson et al., 2021) but also

to clonal cell population (Stockholm et al., 2007).
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Single-cell RNA sequencing (scRNA-seq) has just recently be applied to virus-
based processes. The power of scRNA-seq lies in the simultaneous delivery of
snapshots of virus and host transcriptomes, and allows to compare host
transcriptome between cells with low and high viral loads (Suomalainen &
Greber, 2021). The high-resolution dissection of viral and host cell gene
expression patterns reveals that the transcriptional responses of individual
infected cells can be divergent, as the interplay between underlying cellular
heterogeneity and viral population diversity influences the fate of infection (J.
Sun et al., 2020b). For example, cell-to-cell variation in viral transcription has
been observed during influenza virus infection in mammalian (A549, MDCK and

HEK293) cells (Russell et al., 2018).

To date, the understanding of the IC-BEVS transcriptome has been mostly
relying on bulk RNA-seq analysis (Y.-R. Chen et al., 2014; Nguyen et al., 2013;
Silvano et al., 2022; Virgolini et al., 2022). For instance, we have previously
assessed whole transcriptome changes in High Five insect cells during
expression of influenza HA-displaying virus-like particles (HA-VLPs) using IC-
BEVS, which enabled to identify key biological processes impacted by virus
infection (Silvano et al., 2022). Although these studies uncover transcriptional
changes in insect cell response to baculovirus infection, they only provide rough
models of the host cell response. Understanding IC-BEVS at the single-cell level
could elucidate better the mechanisms of viral infection and potentially enable
to identify, within a potentially heterogenous cell population and infection
process, the characteristics of cells associated with a more efficient progression

of infection and production of heterologous proteins.

In this study, we used scRNA-seq for the characterization of the High Five insect
cell line during production of influenza HA-VLPs using IC-BEVS. The
transcriptomics pipeline here described allowed to study, at a single-cell level,

High Five cell population heterogeneity (prior and during infection), host cell
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response to virus infection, and progression of infection (expression of virus

genes and transgenes encoding HA-VLPs).

2. Materials and methods

2.1. Cell line and culture media

High Five insect cells (Invitrogen) were routinely sub-cultured to 0.3-0.5x10°
cell.mL? every 2-3 days when cell concentration reached 2-3x10° cell.mL? in
serum-free Insect-XPRESS™ medium (Sartorius) using 125-500 mL shake flasks
with a 10% working volume, and maintained at 272C in a Inova 44R shaking
incubator (orbital motion diameter of 2.54 cm - Eppendorf) operating at 100

RPM.

2.2. Baculovirus amplification and storage

Recombinant  baculoviruses carrying influenza capsid M1 from
A/California/06/2009 HIN1 strain and hemagglutinin  (HA) from
A/Brisbane/59/2007 strain genes were kindly provided by Redbiotec AG
(Schlieren, Switzerland). Baculovirus amplification was performed as described

elsewhere (Vieira et al., 2005).

2.3.  Production of HA-displaying VLPs

HA-VLPs production was carried out in a 0.5 L stirred tank bioreactor (BIOSTAT
Qplus — Sartorius) as specified elsewhere (Correia et al., 2020). Cells were
expanded in 500-2000 mL shake flasks with a 10% working volume as described
above. Infection experiments were performed in bioreactor at cell
concentration at the time of infection (CCl) of 2x10° cell. mL™? and multiplicity of

infection (MOI) of 1 pfu.cell. Medium exchange was performed at the time of
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infection by centrifugation at 200g at room temperature for 10 min. Samples
were taken every 24 hours for the assessment of cell concentration and viability,
and detection of M1 and HA proteins; for scRNA-seq, samples were taken before

infection, and at 8 and 22 hours post-infection (hpi).

2.4. Purification of HA-displaying VLPs

Culture bulk from bioreactor run was harvested 3 days post-infection and
centrifuged at (first) 42C, 200 g, for 10 min and (second) 4 2C, 2000 g, for 20 min.
The supernatant was filtered using a 0.22 um Stericup (Millipore), and the HA-
VLPs were purified using a SartoBind Q capsule (Sartorius Stedim Biotech)
according to manufacturer’s instructions. Purified material was formulated in 50

mM HEPES, 300 mM NaCl, 15% (w/v) trehalose, pH 7.4, and stored at -80 or 4°C.

2.5. Analytics
2.5.1. Cell concentration and viability

Cell concentration was determined in a Fuchs-Rosenthal hemocytometer
chamber (Brand) and cell viability assessed by trypan blue exclusion method (J

R Tennant, 1964).

2.5.2. Baculovirus titration

Baculovirus titers were determined using the MTT assay as described elsewhere

(Mena et al., 2003; Roldao et al., 2009).
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2.5.3. Western blot

Identification and relative quantification of M1 and HA in culture supernatant

were performed as reported elsewhere (Correia et al., 2020).

2.5.4. Transmission electron microscopy

Negative staining transmission electron microscopy was used to assess the
conformation and size of HA-VLPs. Briefly, 5 pl of purified VLP sample was fixed
for 2 min in a copper grid coated with Formvar-carbon (Electron Microscopy
Sciences, Hatfield). Grids were washed with H20 and then stained with 2% (v/v)
uranyl acetate for 5 min and left to air dry. Samples were then observed in a

Hitachi H-7650 Transmission Electron Microscope (JEOL, USA).

2.6. Single-cell RNA sequencing

For single-cell gene expression profiling, » 6000 cells (at 0 hpi and 8 hpi) or »
8000 cells (at 22 hpi) were loaded into a BD Rhapsody cartridge (BD Biosciences)
and libraries were generated according to BD Rhapsody™ System mRNA Whole
Transcriptome Analysis (WTA). Upon confirming the quality of the resulting
libraries using a Bioanalyser, the quantity of each library was determined using
Qubit. scRNA-seq libraries were sequenced using an Illumina NovaSeq (lllumina)

configured to yield 150 bp paired end reads.

2.7. Single-cell RNA data analysis
2.7.1. Generation of a UMI count matrix

The cellular barcodes were pre-processed and demultiplexed by the BD
Rhapsody WTA bioinformatic workflow (BD Biosciences) on the Seven Bridges

Genomics (SBG) cloud platform using default parameters, as reported
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elsewhere (Tzani et al.,, 2021). STAR indexes were generated from the
Trichoplusia ni (Tnl) reference genome (RefSeq assembly accession:
GCF_003590095.1) and from AcMNPV (RefSeq assembly accession:
GCF_000838485.1, ViralProj14023) (Dobin et al., 2013). Specifically, a hybrid
reference genome was used for RNA-seq read mapping using transgenes (M1
and HA) sequences and mtDNA sequence of the Tnl reference genome

(GenBank accession No. MK714850.1).

2.7.2. Filtering the UMI count matrix

The cell/gene matrices output from the SBG pipeline were imported into the R-
4.2.1 Statistical Software Environment and merged to form a single matrix for
further analysis. The proportion of unique molecular indexes (UMIs) originating
from mtDNA was also determined for each cellular barcode, and cells with > 5%
mitochondrial UMIs counts were considered of low-quality and thus removed

from further analysis.

2.7.3. UMAP and pseudotime analysis

Seurat v4 was used to apply a graph-based clustering approach (Hao et al.,
2021). These methods embed cells in a graph structure with edges drawn
between cells with similar feature expression patterns, and then attempt to
partition this graph into highly interconnected “communities” (Xu & Su, 2015).
To evaluate cell heterogeneity, data sets (0, 8, 22 hpi) were merged prior to
global scaling normalization method. Normalized and merged samples were
scaled and variations caused by different total UMIs per cell were regressed out.
The most variable features were considered for principal component analysis,
and 20 principal components were used to perform cluster analysis. The

Uniform Manifold Approximation and Projection (UMAP) technique was used to
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run non-linear dimensional reduction and to visualize and explore the datasets
(Mclnnes et al., 2018b). Monocle 3 was run to conduct trajectory analysis
(Trapnell et al., 2014) and its function graph_test was used to identify genes that
change as function of pseudotime. Genes with an average expression change of

2 0.5 and p-value < 0.05 were considered significant.

2.7.4. Cell cycle correction

Cell cycle scoring function in Seurat v4 was used to determine the likelihood of
cells being in either S or G2/M phase, based on reference genes known to play
a role in distinct phases of the cell cycle. To conduct this procedure, we mapped
the mouse gene list to the Tnl genome to carry out the classification and draw a
list of Tnl cell-cycle genes. The resulting scores for S, G2/M and G1 phases were

used to regress out the effect of cell cycle in downstream analysis.

2.7.5. Functional annotation and enrichment analysis

For gene annotation, the amino acid sequence of protein-coding genes was used
as a query. Blastp search was applied in the NCBI nr protein database using
Blast2GO OmicsBox (Gotz et al., 2008). No taxonomy filter was applied, and the
E-value cutoff was set to 1x1073. The over-representation of pathways within
gene lists found to have a statistically significant association with pseudotime
were identified using the Fisher’s exact test. Pathway terms with a False
Discovery Rate of < 0.05 were considered significant (Benjaminit & Hochberg,

1995).
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3. Results

3.1. Production of influenza HA-VLPs

High Five cells were infected at CCl of 2x10° cell.mL™* with a MOI of 1 pfu.cell™,
and infection kinetics were assessed throughout (Figure 1A). M1 and HA
proteins were identified by Western Blot (Figure 1B), and particles resembling
influenza HA-VLPs, both in size and morphology, detected by TEM (Figure 1C).
These results are in line with those previously reported (Silvano et al., 2022) and

demonstrate that HA-VLPs were successfully produced.
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Figure 1. Production of influenza HA-VLPs. A) Cell growth kinetics upon infection. Viable cell
concentration and cell viability in full and empty circles, respectively. B) Identification of HA and
M1 proteins by Western Blot. C) TEM of purified HA-VLPs; scale bar represents 100 nm.
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3.2. Single-cell RNA-seq data processing and quality control

For scRNA-seq, ~ 6,000-8,000 cells were collected at each time point (> 90 % cell
viability). After sequencing, an average of 391 million 150 bp-reads were
acquired for each sample. Following the completion of this initial pre-processing
stage, approx. 4 % of the sequenced RNA-seq reads were removed from further
analysis due to insufficient read length, low base quality and/or high single
nucleotide frequency; an average of » 377 million reads per time point remained
valid for further analysis (Table S1). From the reads that passed quality control,
87 % of the reads were successfully assigned to cell barcodes following
demultiplexing. Mapping to the reference genome resulted in a unique
alignment rate of ~71%. Upon collapsing to UMIs and application of the RSEC
algorithm, between 4,496 and 5,408 unique cell barcodes were identified for
the three samples taken throughout the process. The mean number of reads
and mRNA molecules detected per cell in this experiment were 41,166 and
28,787, respectively, with an average of ~3,372 genes detected in each cell

(Table S1).

To ensure that only high-quality genes were retained for further analysis, the
UMI count matrix was filtered to remove data that might have originated from
non-viable cells. An average of 8 % of cells contained > 5 % of detected UMlIs
originating from mitochondrial genes and thus were eliminated from further
analysis (Figure 2A). The number of genes per cell and baculovirus UMlIs (Figure
2B) as well as the amount of total UMIs per cell (Figure S1) were assessed; while
at 0 and 8 hpi the average number of genes identified per cell is 4000-5000, this
number decreases significantly at later stages of infection (i.e. 22 hpi)

concomitantly with an increase in the percentage of baculovirus UMls.
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Figure 2. Single-cell RNA-seq quality control. A) Mitochondrial UMls per cell (on the left) and
number of cells before and after filtering per UMlIs originating from mitochondrial genes (> 5%)
(on the right). B) Number of genes identified per cell and percentage (%) of cells containing UMIs

originating from baculovirus genes at each time point after cell filtering.

3.3.  High Five insect cells heterogeneity

To identify cell populations existing across the three single-cell datasets (0, 8

and 22 hpi), merged analysis was performed using Seurat v4. A total of 10

clusters were drawn from this analysis (Figure 3A), with a noticeable cluster re-

86



Evaluation of insect cell heterogeneity during influenza VLP production

organization being observed throughout infection progression. Importantly, 5 of
those clusters were already present before infection (0 hpi) suggesting that High
Five cells population was heterogeneous. Cell cycle is known to contribute to
heterogeneity in scRNA-seq datasets (McDavid et al., 2016); to ascertain this in
our study, cell cycle covariate was estimated using the Cell Cycle Scoring method
in the Seurat package (Tirosh et al., 2016). While heterogeneity is clear at 0 hpi,
with cells being associated to different cell cycle stages in a proportion of » 1:7:5
(5:G2M:G1), at 22 hpi most cells have been identified as being in G1 phase (74
%) (Figure S2A-B). However, at this later timepoint, cell cycle association seems
to be misassigned as exemplified by the overall low expression of the G1 cell
cycle-related genes ccnd3, ccnel and cdk6 in Figure S2C. This could be a
consequence of overexpression of baculovirus UMls (hence lower expression of
host cell genes), impairing correct cell cycle identification. Thus, the cell cycle

regression was not further applied for the merged dataset.

Cluster re-organization throughout infection seems to be correlated with the
expression of baculovirus genes as infection progresses (Figure 3B); for
example, expression of an early baculovirus gene (ACNVgp135) was higher in
clusters denoting a transitory stage (i.e. cluster #2) whereas a late baculovirus
gene (ACNVgp138) was more expressed in clusters (e.g. clusters #3, #4, #6)
furthest from those identified at 0 hpi. As seen for ACNVgp138, expression of
transgenes M1 and HA, both under the regulation of the late expression
promoter polyhedrin, was mainly identified in clusters #3, #4 and #6 (Figure 3C),
with similar expression levels of HA and M1 genes being observed regardless of

the cell cluster (r = 0.98, g = 0.76, Figure 3D).
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Figure 3. Insect cells clustering and transgenes expression. A) Merged scRNA-seq dataset
obtained with UMAP. B) Relative expression of early (ACNVgp135) and late (ACNVgp138)
baculovirus genes. C) Relative expression of transgenes HA and M1. A color gradient scale was
used to show the relative gene expression per cell D) Relative HA and M expression per cell, with
dashed line representing the best linear fit to the data (r - Pearson’s correlation coefficient, q —
angular coefficient). A color code was used to identify each cell cluster
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3.4. Pseudo-temporal ordering of cells after infection

To assess cell population evolution during infection, pseudo-temporal ordering
(i.e. trajectory analysis) was applied. To perform this analysis, 13,906 cells from
the merged Seurat analysis were used as input of Monocle 3. The cell cluster
with the lowest percentage of HA (cluster #5, see Figure 3A) was selected as
root state of the trajectory since it was the one most closely resembling the non-
infected cell population; the pseudotime variable was then ordered accordingly

(Figure 4A).

Transcriptomic changes characterizing the progression of cells along HA
production were assessed through identification of genes correlated with
pseudotime. Overall, 921 host cell genes were found to be significantly (g value
< 0.05) associated with pseudotime. Pathway enrichment analysis allowed to
identify biological processes varying most along infection, of which those
associated to translation machinery, energy metabolism, protein folding and
endocytosis (Figure 4B) are some examples, in good agreement to what we have
previously found in bulk RNA sequencing analysis (Silvano et al., 2022; Virgolini
et al., 2022). The relative expression of a selected number of genes involved in
these pathways is presented in Figure S3, illustrating the significant

transcriptional changes in cells upon infection.
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Figure 4. Pseudotime analysis of insect cells along infection. A) Trajectory analysis on merged
cell dataset (0, 8 and 22 hpi); a color gradient scale was used to visualize the pseudotime. B)
Pathway enrichment analysis performed with genes identified as the most changing in function of
pseudotime using the Fisher’s exact test; the number of genes involved and found in the
enrichment analysis are shown next to the bars.

a. Discussion

In this work, we used scRNA-seq sequencing to analyze, at the single-cell level,
alterations in the transcriptome of a High Five insect cell line infected with

baculovirus during the production of influenza HA-VLPs.

Stable and high foreign gene expression levels are important criteria during the
development of producer cell lines for pharmaceutical applications (Tripathi &
Shrivastava, 2019), and understanding the mechanisms behind gene expression
variation of genetically identical cells is the first step of this process. Cell
population heterogeneity can influence parameters such as cell growth rate,
genetic stability and productivity (Schmitz et al., 2019), and thus tracking it is

key to avoid process failure and guarantee reproducibility (Olsson et al., 2022).
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Most studies on this topic focus on mammalian cells (Lewis et al., 2016; Samoudi
et al., 2021), with none to date exploring insect cells. In our study, we could
observe heterogeneity in High Five cell population before infection (as
demonstrated by the identification of 5 cell clusters), largely resulting from the
phase of the cell cycle that the cells are in, which was further amplified upon
infection (6 more cell clusters were identified) as consequence of viral DNA
replication and gene expression (X. Du & Thiem, 1997) and cell cycle arrest

(Braunagel et al., 1998).

Baculovirus genes are known to be transcribed temporally, a process highly
regulated by infection-derived mechanisms and mediated by host and viral
protein expression (Nguyen et al., 2013). The timing and level of baculovirus
gene expression were herein identified as the main factors driving clustering of
infected insect cells. Trajectory analysis allowed us to confirm this, in which a
clear path along pseudotime is observed although cells separate and order

across multiple branches spanning the transcriptomic space.

Biological mechanisms associated with baculovirus infection and transgenes (in
our case those coding for influenza HA-VLPs) expression can be identified by
correlating changes in gene(s) expression to progression of cells along the
infection trajectory. Through pathway enrichment analysis, we found the
endocytosis pathway as being one of the most significantly enriched biological
processes during infection, which derives from viruses exploiting cellular
structures towards endocytosis-mediated viral nucleocapsid transport to the
nucleus (Monteiro et al.,, 2012). In addition, entry of baculovirus is found
dependent on clathrin-mediated endocytosis (Long et al., 2006), which was
herein corroborated by the up-regulation of clathrin cltc and actin-related arpc5

and capzal proteins at early infection stages.

Among the cellular defense responses to environmental and pharmacological

stresses, the activation of heat shock response (HSR) is one of the most

91



Chapter 3

important. It leads to rapid and robust expression of members of the chaperone
family of heat shock proteins (HSPs) in order to protect the cell from proteotoxic
stresses and to maintain protein homeostasis (Fujimoto & Nakai, 2010).
Interestingly, viruses can exploit HSR as an infection strategy, making use of
HSPs such as HSP70 and HSP9O0 for regulation of viral gene expression and capsid
assembly/disassembly (Mayer & Bukau, 2005; Nagy et al., 2011; Xiao et al.,
2010). Our data corroborates this, with the expression of hsp70 found
significantly up-regulated early in infection. In addition, the proteasome
pathway was found enriched, in agreement with the reported evidence of close
collaboration between HSPs and ubiquitin-proteasome system during the

baculovirus replicative cycle (Katsuma et al., 2011b).

Baculovirus infection induces an important metabolic burden on insect cells,
enhancing the fluxes through the major catabolic pathways including the
tricarboxylic acid cycle (TCA) (Bernal et al., 2009). Within the TCA cycle, the
citrate synthase cs gene is involved in aerobic energy production and metabolic
interconversions in mitochondria (Holloszy et al., 1970b); in our analysis, the
expression of ¢s was found significantly increased at the onset of infection,

suggesting that this gene plays a key role as a first-line response to infection.

Overall, the enrichment analysis allowed to identify several pathways (e.g.,
ribosome, spliceosome, oxidative phosphorylation) that were common to those
previously identified in our bulk RNA sequencing study (Silvano et al., 2022),
demonstrating the robustness and replicability of the data. Importantly, single-
cell RNA sequencing allowed to evaluate single cells at different states of
infection within the same sample and capture the transcriptional changes
associated with the infection process (not possible with the bulk RNA
sequencing approach), thus elevating the importance of single-cell omics

analysis in the IC-BEVS system.
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5. Conclusions

Single-cell transcriptomics enabled us to study host cell and baculovirus gene
expression patterns at a resolution previously unobtainable in a bulk approach,
allowing to isolate traces of different stages of infection progression. Such
understanding can be further applied through genetic engineering approaches
for overexpression/knock-out of specific genes, an approach that opens
possibilities such as developing cell lines specialized for either virus replication
or foreign protein expression, establish inducible systems, and even stimulate
infection synchronization across all cells in culture towards a more controlled,
homogeneous production process. Notwithstanding, using scRNA-seq to study
additional IC-BEVS processes (i.e. comprising different products of interest,
infection conditions, among others) is crucial for a more broader understanding

of the transcriptome footprints of this expression system.

6. Data availability

The scRNA-seq datasets have been deposited to the Sequence Read Archive

(SRA) with accession code PRINA911494.
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8. Supplementary material

Metric Category 0 hp 8 hpi 22 hpi
Total Reads in FASTQ 367962931 | 365633934 | 438009614
Pct_Reads_Too_Short 0 0 0
Pct_Reads_L B li sequencing 0.19 0.15 0.22
ct_Reads_Low_Base_Quality Quality . . .
Pct_Reads_High_SNF 3.27 3.88 2.89
Pct_Reads_Filtered_Out 3.45 4.02 3.1
Total_Reads_After_Quality_Filtering 355254767 | 350931123 | 424421367
Total_Filtered_Reads 355254767 | 350931123 | 424421367
Pct_Q30_Bases_in_Filtered_R2 . 87.7 88.24 87.75
Pct_Assigned_to_Cell_Labels (Ll'b“’l'fty 85.18 86.16 86.93
- - uality
Pct_CeIIuIar_Read.s_Allgned_Unlquely_to_A 59.4 62.0 69.28
nnotated_Transcriptome
Pct_CeIIuIar_.Reads._Allgned_Unlquely_to_O 9.01 .44 5.06
ther_Genomic_Regions
Pct_Cellular_Reads_Aligned_Not_Unique 9.88 9.66 4.05
Pct_Cellular_Reads_Unaligned 1.22 1.19 3.57
Aligned_Reads_By_Type 211015826 | 217590582 | 289780052
Total_Raw_Molecules Read g 152663919 | 167853173 | 215652221
eads an
Total_RSEC_Molecules 149874976 | 165304754 | 192699547
- - Molecules
Mean_Raw_Sequencing_Depth 1.38 13 1.34
Mean_RSEC_Sequencing_Depth 1.41 1.32 1.5
Sequencing_Saturation 49.22 41.8 51.38
Putative_Cell_Count 4496 5408 5162
Pct_Reads_from_Putative_Cells 91.46 89.64 79.28
Mean_Reads_per_Cell 42925.1 36067.14 44505.76
Cells RSEC
Mean_Molecules_per_Cell 30425.64 27346.1 28591.16
Median_Molecules_per_Cell 31069.5 28145.5 28130
Mean_Targets_per_Cell 4251.6 4053.64 1812.21
Median_Targets_per_Cell 4472 4266 966.5
Total_Targets_Detected 15095 15078 14722

Table S1. Single-cell RNA-seq metrics. The outputs from the Seven Bridges Genomics
bioinformatics pipeline are shown including the read-processing steps and deconvolution of cell
barcodes for each sample.

95



Chapter 3

100000 -

80000 -

60000 -

40000 -

Total UMIs per cell

20000

0 hpi 8 hpi 22 hpi

Figure S1. Number of total UMIs per cell at each time point after cell filtering.
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Figure S1. Cell cycle association to non-infected and infected insect cells. A) Cell cycle score
assignment for merged scRNA-seq dataset. B) Proportion of cells assigned to each cell cycle phase.
Pink, green and blue are the colors assigned to cells in G2M, S, G1, respectively. C) Relative
expression of genes involved in G1 phase: Cyclin D3 (ccdn3), Cyclin D1 (ccnel) and Cyclin-
dependent kinase 6 (cdk6).
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Figure S2. Relative expression of genes associated to pathways found enriched in pseudotime
analysis. Cltc, arpc5 and capzal are genes involved in the endocytosis pathway; hsp70, psmb1 and
cs are genes involved in the protein processing in ER, proteasome and citrate cycle (TCA cycle),
respectively. A color gradient scale was used to show the relative gene expression per cell.
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Discussion

1. Discussion

The IC-BEVS is a robust platform for production of complex biopharmaceuticals.
However, little is known about the interactions established between the insect
host cell and the baculovirus vector and how they shape the cellular and
metabolic rearrangements that occur following infection. Deciphering the
baculovirus-host interplay will provide clues on the viral mechanisms subverting
host cell metabolism to support biosynthesis, thus aiding in the identification of

hidden constraints that govern productivity.

In this PhD thesis, key biological processes of insect cells impacted during
infection by baculovirus were revealed using bulk and scRNA-seq, laying the
ground for future rational host and/or virus engineering towards improved
production of influenza HA-VLPs. Bulk RNA-seq was used to investigate the gene
expression patterns associated with high-producer insect cells adapted to
neutral pH (in comparison to non-adapted cells) while scRNA-seq was focused
on assessing cell population heterogeneity prior and upon infection. The
challenges encountered during the implementation of both technologies for

insect High Five cells and those laying ahead are discussed in this section.

1.1. The importance of high-quality genome annotations

RNA-seq is nowadays an indispensable approach for comparative transcriptome
profiling in model and non-model organisms. Analysing RNA-seq data from
non-model organisms poses unique challenges due to scarcity of high-quality

genome annotation and/or tools for downstream functional analyses.

Systematic sequence similarity searches against non-redundant sequence sets
and BLAST2GO searches (Conesa et al.,, 2005) are often employed for the
functional inference of transcriptomes to be utilized in gene set enrichment

analyses. The output of such analyses relies upon the comprehensiveness of the
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available datasets and their functional annotation. Up to today, the genomes of
around 3000 insect species have been decoded and registered in the genome
section of the NCBI Datasets (Bono et al., 2022), but few have the high-quality,
accuracy needed for reliable association of genes or gene products to functions.
With recent advances in next-generation molecular sequencing technologies,
progresses were made on insects belonging to the Lepidoptera order (e.g.
Spodoptera frugiperda and Trichoplusia ni). However, the sparsity of reliable
gene, transcript, and protein annotations available to researchers pose a major
problem to researchers: only 49% of unique genes represented in a recently
published Lepidoptera transcriptome could be successfully annotated (P. A.
Tang et al., 2017), belying the great need for further gene function studies on

Lepidoptera.

Transcriptome annotation is important to assign functional meaning to the
transcripts. In Chapter 2 and Chapter 3, annotation was done at the gene level;
by doing this, it is recommended to first create a dataset containing a
representative transcript per gene, selected based on length or coverage. A
protein-based search is more sensitive. There are many options for selecting a
protein database, each with its own advantages and disadvantages. A generic
database, such as NCBI nr or UniProt will provide a more comprehensive
annotation, whereas searching against a single closely related annotated
species may yield more relevant annotations. Using a less redundant and more
curated protein database, such as NCBI's RefSeq or the Swiss-Prot section of
UniProt, reduces computation time and offers more reliable annotations, at the

expense of comprehensiveness.

A major limitation of sequence similarity-based annotation is that the best

BLAST hit achieved in a database search is sometimes described as “hypothetical

n u ”n u

protein,” “predicted protein,” “uncharacterized protein,” or the like, whereas

subsequent significant hits do have informative title. In Chapter 2 and Chapter
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3, Blast2GO tool was used to extract the best possible protein description from
the set of n top BLAST hits passing the specified e-value cutoff (default: up to 20

proteins with e-value <0.001) (Go6tz et al., 2008).

Lists of differentially expressed genes from treatment comparisons (e.g.
infected cells) as well as groups of co-expressed genes from clustering analysis
(collectively termed “genes of interest”) may be further analyzed to find
enriched biological functions and pathways within them. These analyses require
databases which associate the organism genes with functional categories such
as ontology terms, conserved domains, metabolic and regulatory pathways,
shared regulators or targets etc. For model organisms, there is a vast assortment
of analysis tools that include the corresponding databases. With non-model
organisms, however, the situation is challenging. Some servers do harbour a
large number of organisms (e.g. KEGG, Kanehisa et al., 2017) where it is possible
to search for resources that are specific to certain species. One such example is
FlyBase, which offers a GO analysis toolkit and database for the insect cell

community, currently including around 60 species (Gramates et al., 2017).

Noteworthy, only 2% of RNA is translated to make proteins; other RNA
sequences that do not code for any protein are called noncoding RNA (ncRNAs)
(Djebali et al., 2012). Given that ncRNAs have potential to interact with other
genetic materials like DNA, RNA or protein molecules, it is likely that gene
expression studies provide insights about the function of these molecules. In
fact, continued efforts in this direction have allowed the discovery of a number
of long ncRNAs biological roles in insects (Choudhary et al., 2021), although the
significant challenges of filtering out ncRNAs from coding RNA and the lack of

proper bioinformatics tools to identify multifunctional RNA still exist.
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1.2. Acknowledging cell population heterogeneity

The production of biopharmaceuticals using cell lines has increased over the
years. Independently of the product to express, important aspects have to be
considered and monitored in every process, including not only cell growth
behavior and productivity but also the clonality and stability of the producer cell
line (Geisse & Fux, 2009). Conventionally, every cell in an isogenic population is
assumed to behave exactly the same, whereby the population average is
believed to represent the behaviour of every single cell. Over the last few
decades, this theory has changed, and the awareness of heterogeneity inside a
genetically identical cell culture has raised interest in studying cell behaviour at
single level. This paradigm shift has led to an increasing number of measuring
techniques with single-cell resolution (e.g. scRNA-seq), which are helping in
understanding the impact of cell population heterogeneity on bioprocess

outcome.

Differences in the growth behaviour of each cell within an initially isogenic cell
culture can lead to the formation of subpopulations with different properties.
Improved culture conditions and extensive empirical screening of large numbers
of candidate clones are therefore required, being resource intensive and
frequently rate limiting steps in early development. Protein expression stability
also tends to be problematic: a variety of mechanisms including transcriptional
silencing, gene copy loss, and increased susceptibility to cellular stress have
been associated with a sudden or gradual loss of monoclonal antibody
production in CHO cell lines (Z. Du et al., 2013; Pilbrough et al., 2009; Tzani et
al., 2021). In this context, heterogeneity studies can help to identify such trends
early on and thus better understand these processes (Periyannan Rajeswari et

al., 2017).

The progression of cells through the cell cycle induces significant metabolic

shifts with a direct impact on product titers (Moller et al., 2019). Therefore, it is
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important to understand cell cycle regulations, control cell population dynamics
and avoid inadvertently induced oscillations of cell cycle distributions in order
to improve process efficiency and robustness. In scRNA-seq analysis, cell cycle
is one of the major sources of biological noise (Buettner et al., 2015). Cells are
at different cell cycle check points and thus they may have different expression
profiles even if these are cells of the same type (Singh et al., 2013). This within-
type heterogeneity can seriously deteriorate the performance of clustering
algorithms for cell type identification: it may blur clusters of cell types or cause
cells of similar cell-cycle statuses to stand out as new clusters. In Chapter 3, to
determine the cell cycle phase of each insect cell, a score indicating the
likelihood of cells being in either S or G2/M phase was assigned, based on the
supplied reference mouse genes published from Tirosh et al., 2016. The list of
mouse cell cycle genes was associated to the Trichoplusia ni genome using a
protein BLAST search. However, such approach shows limitations since several
cell cycle genes were filtered out from the analysis because the e-value was out
of the cut-off 0.01. The resulting scores for S and G2/M phase were used to
regress out the effect of cell cycle in downstream analyses during data pre-
processing. The cell cycle, as the most common covariate, needs to be
eliminated in order to get rid of any irrelevant variation in scRNA-seq data.
However, it was ultimately concluded that in virus-based processes such as the
one herein used (IC-BEVS), cell cycle regression cannot be applied at later stages
of cell infection because host cell transcription machinery is taken over by the
baculovirus thus leading to global shut-down of host protein synthesis
(Monteiro et al., 2012). It is therefore evident the need for an approach/method
to successfully remove the effects of the cell cycle and improve the clustering of

sub-populations of infected (and non-infected) insect cells.
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1.3. The meta-interaction between pathways

To date, most improvements in protein production have been achieved by
media and bioprocess optimization (e.g., feeding strategies and process
parameter control). However, the availability of high-throughput 'omics data
and the emergence of genome editing tools provide novel opportunities for
targeted host cell genome engineering. Indeed, they have enabled the
overexpression or down-regulation of specific gene candidates to increase yield
during culture and control product quality (Dietmair et al., 2011; Fischer et al.,
2015; Kim et al., 2012; Lim et al., 2010; Zhu, 2012). Several prominent strategies
have targeted cell metabolism, cell cycle regulatory machinery, protein
secretion pathway, apoptosis, and protein glycosylation (Klein et al., 2015; Lim

et al., 2010).

In Chapter 2 and Chapter 3, several pathways were identified, some already
known to increase production yields and product quality (e.g. intracellular
trafficking, endocytosis, lipid metabolism, unfolded protein response, cell cycle
related functions) (Charaniya et al., 2009; Fischer et al., 2015) and others of
unknown impact (e.g. metabolism of xenobiotic and endogenous compounds,

metabolism of cofactors and vitamins).

Most successful studies targeted energy metabolism to reduce the
accumulation of toxic by-products (i.e., lactate and ammonia) and/or increase
metabolic efficiency. Several studies have successfully decreased glucose
uptake by up to 50%, leading to reduced lactate production in human and
murine derived cells (Inoue et al., 2010; Paredes et al., 1999; Wlaschin & Hu,
2007). An 80% reduction in lactate production was also achieved by knocking
down lactate dehydrogenase leading to an improved product titer from 2 to 3-
fold (K. Chen et al., 2001; S. H. Kim & Lee, 2007). However, this is a frail strategy
to be carried in insect cells, since they were shown to already possess a fully

functional TCA cycle and accumulate low levels of lactate (J. Neermann & R.
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Wagner, 1996). Other strategies have overexpressed pyruvate carboxylase to
improve the connection between glycolysis and the TCA cycle in mammalian and
insect cells (Elias et al., 2003; Irani et al., 2002; S. H. Kim & Lee, 2007). In addition
to lactate, efforts have been made to control other toxic by-products that
impact cell viability and product quality. For example, ammonia production has
been reduced by overexpressing the first two steps of the urea cycle by up to
35% and by overexpressing glutamine synthetase (Park et al., 2000). Such efforts
have improved the synthesis of glutamine from glutamate (Bell et al., 1995.; Fan

et al., 2012; Cockett et al., 1990) and thereby improved cell phenotypes.

Most of the metabolic engineering efforts in the aforementioned studies aimed
to reduce toxic by-product accumulation by targeting single genes related to
carbohydrate metabolism. However, studies are now tracking the influence of
central carbon metabolism on other pathways, including the biosynthesis and
metabolism of amino acids, nucleic acids, lipids, and ultimately protein synthesis
and protein quality. The knowledge of these pathway connections can be used,
for example, to track the cellular switch occurring between exponential growth
and protein production, since this event changes the balance of different central
metabolic pathways (e.g., pentose phosphate pathway flux and oxidative TCA
cycle) (Templeton et al., 2013). For example, the ratio of flux between the
pentose phosphate pathway (PPP) and glycolysis flux has been linked to protein
production yields (Nicolae et al., 2014). Furthermore, Mulukutla et al., 2016
investigated the regulation of glucose metabolism, including the connections
between glycolysis, the pentose phosphate pathway, nucleotide synthesis,
glycerol-3 phosphate metabolism and serine/glycine/ threonine biosynthesis.
The interconnection between these pathways reiterates the central role of
carbon metabolism in regulating the global metabolic state of a cell and other
cellular processes (e.g., apoptosis, glycosylation) influencing protein quality

attributes. With carbon metabolism connected to other cell processes, it is
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possible to control desired cellular attributes by only manipulating genes of

central metabolism (Lewis, Croughan, et al., 2016; McAtee et al., 2014).

1.4. Rational bioprocess improvement using omics data — how far
along are we?

The ideal insect cell line for protein production would typically include attributes
such as high cell viability, cell density, and titer. It also would exhibit robust
growth, high stability of expression and control over desired post-translational
modifications. To achieve these attributes, multiple modifications are needed in
insect cells, and such changes would target diverse cell pathways and

physiological functions.

To begin identifying genes whose expression correlate with desirable attributes
of protein synthesis and secretion, several studies have compared high vs low
producer mammalian cells at multi-'omics level (Samoudi et al., 2021). A similar
understanding of the IC-BEVS is critical to devise strategies capable of
circumventing production bottlenecks (e.g., lytic nature of baculovirus infection,
complete take-over of cell machinery by baculovirus, the cell density effect and
the event of asynchronous infection). Limited advancement has been made in
understanding the underlying biological mechanisms to enhance recombinant
protein expression in IC-BEVS. In Chapter 2 and Chapter 3, progresses were
made by profiling the insect High Five cell line during production of Influenza
HA-VLPs. Major bottlenecks of such efforts have been the lack of high-quality
reference data for gene annotation and reliable omics analysis pipelines.
Moreover, we are still missing fundamental knowledge about how these cellular
mechanisms are organized and link together; it is often not clear how they are
connected to process conditions, and how these factors all impact protein
production. Thus, efforts to further enhance production will be facilitated as the

molecular basis of these processes are studied and linked to protein production.
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In this context, a multi-omics approach could shed further light to improve host
cells by enhancing culture longevity and cell viability and/or by boosting specific
productivity. Pathway maps and interaction networks are starting points that
link the processes, and can help identify new process conditions and cell
engineering strategies that control product quantity and quality. Notably,
advances in omics data generation and sharing will help augment current
modelling techniques, allowing for more context-specific predictions and

engineering target discovery.

With the genetic basis established, a holistic understanding of the cellular basis
for high productivity could be achieved within the systems biology context. This
will be accomplished by the development of detailed metabolic pathway and
insect cell-baculovirus interaction maps of the major cell processes, and
identifying the genes associated with the pathways. These metabolic networks
can be converted into mathematical models that can guide engineering efforts
by quantifying the connection of cellular processes to desired phenotypes and
protein production using metabolic flux analysis. The analyses of these data in
the context of cellular pathways will be particularly informative when
investigated along with phenotypic differences of different cell lines, such as
variations in growth media, feeding strategies, process conditions, and the type

and amount of produced protein.

Finally, with the 'omics basis and pathways mapped out, we can move towards
the design and implementation of more complex genetic changes, using
genome edits in IC-BEVS (Hong et al., 2022). Similarly, we can harness the
multiplex targeting of miRNA (Chavez-Pena & Kamen, 2018). These tools will be
invaluable in the future of engineering, wherein multiplex metabolic
engineering strategies account for details of cell line, culture environment and

product, in the pursuit of a more productive therapeutic production factory.
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2. Conclusions and future perspectives

The following major conclusions can be withdrawn from this work:

e Adaptation of insect High Five cells to grow at neutral pH leads to
significant gene expression changes upon infection;

e Down-regulation of baculovirus genes together with delayed onset of
cell viability drop suggests that infected pH-adapted and non-adapted
cells have different susceptibility to baculovirus infection;

e Most enriched pathways in infected pH-adapted cells are down-
regulated and associated to baculovirus infection;

e Insect cell population heterogeneity before infection is mostly driven by
cell cycle;

e Insect cell population heterogeneity increases along infection;

e Timing and level of baculovirus gene expression drives the clustering of
infected insect cells;

e Comparable expression of M1 and HA transgenes levels regardless of

the cell cluster.

Overall, this PhD thesis substantially advances our understanding of the impact
of baculovirus infection on insect High Five cells during production of influenza
HA-VLPs, paving the way for the design of rational approaches towards process
optimization. Nonetheless, further studies are still required in order to fully
extract the potential of insect cells for the production of this complex biologic,
namely (i) analysis of alternative RNA splicing, (ii) lipidomic analysis, (iii) single-
cell RNA sequencing of neutral pH adapted cells, (iv) cell cycle synchronization,

and (v) cell/virus genetic engineering.

Alternative splicing is a process occurring during gene expression that allows a
single gene to code for multiple proteins. In this process, particular exons of a

gene may be included within or excluded from the final, processed mRNA
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produced from that gene. Consequently, the proteins translated from
alternatively spliced mRNAs usually contain differences in their amino acid
sequence and, often, in their biological functions. The overall impact of
alternative isoforms on insect cells phenotype is still unknown, and the analysis
of mRNA variants would potentially be important to reveal differences between
non-adapted and adapted cells that could explain the higher productivities

achieved by adapted cells.

Lipids are a class of molecules involved in essentially all stages of viral life cycles,
and the lipid composition of the host cell membrane can influence the efficiency
of viral entry and egress. Comparison of the lipid profiles between non-adapted
and adapted High Five cells may reveal important lipids and/or related enzymes
in lipid biosynthesis pathway associated with AcMNPV infection. The integration
of lipidomic profiles with transcriptomic data could correlate lipid levels to gene
expression and bridge the gap between insect cell genotype and phenotype.
Currently, there are no lipidomic studies focusing on insect cells; as
understanding of insect cell lipid associated signaling and synthetic pathways
increases, future lipidomics studies could have significant impact on improving

protein titres in IC-BEVS.

pH-adapted cells are the result of a stepwise approach in which the culture pH
gradually increased from 6.2 to 7.0 to improve production of influenza HA-VLPs.
Single-cell RNA sequencing analysis of neutral pH-adapted cells could help us to
understand the insect cell population evolution to atypical culture conditions
and therefore reveal imbalanced cell clustering when compared to non-adapted
cells. More importantly, it would allow us to differentiate between high- and
low-producing subpopulations and thus identify biomarkers, i.e. gene(s) and/or

pathway(s), associated to higher protein expression.

Host cell heterogeneity is driven by many factors, of which cell cycle is one of

the major contributor. In addition, cells arrested at G1 phase have been shown
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to exhibit the highest ribosome biogenesis and protein translation activity of any
cell cycle phase, resulting in higher recombinant protein yields. Therefore, a
strategy to reduce cell-to-cell variation while enhancing protein expression
would be the synchronization of cell cycle to G1 phase by mechanic approach
(i.e. isolation of cells at specific phase of the cell cycle) or cell cycle arrest agents

(e.g. thymidine).

The transcriptome analysis performed in this thesis assisted the identification of
potential engineering targets to increase recombinant protein production.
Specifically, the up-regulation of molecular chaperones using CRISPR-Cas9
(clustered regularly interspaced short palindromic repeats — CRISPR-associated
protein 9) would act to preserve nascent proteins in a folding-competent
conformation and prevent aggregation. Another target pathway is the one
associated to cell growth/death, and the inhibition of pro-apoptotic factors by
RNA interference could delay the onset of apoptosis, increase the maximum

viable cell density and enhance expression HA-VLPs.
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