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annotation as a guide. Transcripts were clustered using CD-Hit-EST to identify unique
transcripts and remove the potential of paralogues and duplicated genome regions
CONFOUNAING ANAIYSIS. ... bbb 291
Table A6 — The use of the de novo transcriptome assemblies for differential gene
and transcript expression. Stringtie was used to assemble transcripts on each genome
which were used as reference in DESeqg2 and ballgown differential expression
experiments. Differentially expressed genes with >+1.5 fold change and <0.05 P value
Tl =T oTo] =T TSP PP TRPRP 292
Table A7 - Transcripts present in gene annotation before and after assembly with
Stringtie. All of the genomes were annotated with over 20,000 novel transcripts. The
Ensembl CriGril was most improved by assembly, however the NCBI CriGril contained
the most annotated transcript both before and after assembly. ..........cccooiiiiiiiiiinns 293
Table A8 - Gene loci annotated before and after assembly with Stringtie. Each of the
genomes annotations were considerably improved by assembly with over 9000 novel

genes annotated per sample. The CriGril ensembl genome was most improved by the
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assembly process but the CriGril NCBI genome contained the most gene loci annotated
before and after aSSemMBIY...........ooi i 293
Table A9 — The use of ballgown to identify differential transcript expression in
assembled gene annotations. Differentially expressed transcripts with >+1.5 fold change
and <0.05 P value are reported in this table for each of the 5 tested genomes. The number
of genes which contained a differentially expressed transcript are also reported. The
‘isoform only’ columns contain the number of genes identified with differential transcript
expression with ballgown but no differential gene expression with DESeq2. Some of the
genes with isoform only differential expression had both an up and down regulated
transcript isoform — reported as the number of genes with isoform switching. The CriGril

(NCBI) genome had the most differentially expressed transcripts in all categories.....294

Xviii



Figures

Figure 1.1- 20 years of biopharmaceutical sales growth. The sales revenue of
biopharmaceutical products has increased dramatically over the past 20 years from $7.7
billion in 1994 to over $162 billion per year in 2014. Data from (Lawrence, 2005; Walsh,
2006, 20104, 2014). Data for years 2005 and 2006 unavailable.............c..cccooeviiininnnns 2
Figure 1.2 — The classes of biopharmaceuticals approved since 1982. Illustrated in this
figure are the proportions of biopharmaceutical product classes approved for market since
1982 as of 2013. mAbs and hormones are the most abundant type of biopharmaceutical
approved. Data from (Walsh, 2014).......cc.coiiiiiiiiiiiieeeee e 4
Figure 1.3 — The prevalence of expression systems for production of recombinant
therapeutic proteins. Illustrated in this figure is the percentage of approved
biopharmaceutical products for host cell type. The most popular expression systems are
mammalian cells, making up 55% of the total — of which 35% comes from CHO cells.
Non-CHO cell mammalian cell lines include hybridomas, baby hamster kidney (BHK21),
mouse Sp2/0, mouse C127 cells, and mouse NSO cells. Human cell lines include human
embryonic kidney (HEK), HT-108-0 and PER.C6 cells (Dumont et al., 2016). .............. 5
Figure 1.4 — Origin of major CHO cell lineages. The major CHO cell lineages used for
the production of recombinant therapeutic proteins are all derived from the same parental
clonal colony. The CHO colony became proline dependant and was sub-cloned in many
laboratories around the world to create the 3 major lineages of CHO cells used in the
biopharmaceutical industry, CHO DG44, CHO-K1and CHO S........c.cccceccvvivvveirennne 10
Figure 1.5 — Stages of an RNA-Seq differential expression analysis pipeline. RNA-
Seq reads must first be quality controlled to remove any issues which can arise during
sequencing. Reads are then aligned to a reference genome and gene expression is
quantified. Differential expression analysis algorithms are then used to identify
significant fold changes of genes between conditions. .............cccccevveiiiie v, 35
Figure 1.6 - Experimental design for parallel multi-omics study of temperature shift
in CHO cells (A) Biological replicate recombinant antibody producing CHO cells are
cultured at 37°C for 48hrs in 8 shaker flasks. The temperature of 4 samples is reduced to
31°C and after a further 24hrs cells are harvested for multi-omics profiling. (B) Different
omics techniques are applied (yellow boxes) to profile factors contributing to, and

measure, gene expression at the mRNA and protein levels. ..........ccccccvveveieieeneciene. 48
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Figure 1.7 Multi-omics dataset integration Shown in this figure are the comparisons
which will be made between datasets in this experiment. (A) Alternatively spliced
transcripts can be investigated in high throughput RNA-Seq data and isoform level
differential expression compared to gene and protein level differential expression as well
as to find altered miRNA targets and genes differentially translated. (B) Differentially
expressed miRNAs can be used in target predictions to assess their impact on differential
gene and protein expression as well as on alternatively spliced transcripts and
differentially translated gENES. ........ccvoiiiiiiiice e 50
Figure 2.1 — Cell density of temperature shifted and non-temperature shifted CHO
cells. Shown in this figure is the average cell densities of samples measured in 24hr
intervals for temperature shifted (31°C, blue) and non-temperature shifted (37°C, red)
samples. A 24% decrease in cell density was observed after 24hrs of temperature shift
which took place during the 48-72hr culture period. .........c.ccceveeieiieniie e 62
Figure 2.2 — Metabolite concentrations in temperature shifted and non-temperature
shifted cell culture media. Reducing cell culture temperature resulted in the decrease in
lactate and ammonium in media while glutamine, glucose and pH levels increased.
Metabolites with a statistically significant difference in P value calculated by T test are
denoted WIth an STEIISK. ......c..ueieiieieeie ettt esre e 62
Figure 2.3 — Average read quality distribution for untrimmed and trimmed reads.
FastQC was used to summarise the per-read average quality for each sample. The average
of all samples is plotted here for untrimmed (red) and trimmed (green reads). An increase
in the number of reads >Q33 in trimmed reads iS VISibIe. .........ccccoevivevviiiiieieee e 64
Figure 2.4 — Average per nucleotide sequence quality across the length of reads. The
presented boxplots show the sequence quality of all samples (A) before and (B) after
trimming. The 5° ends of reads were of particularly high sequence quality with all reads
>Q30. Sequence quality decreases along the length of the reads but is improved slightly
after trimming. Boxes represent the 1%-3" quartiles of read quality and whiskers show the
10% and 90%0 INTEIVAIS.......ccuiiiiiieiiee e 64
Figure 2.5 — Alignment statistics. An average of 84.46% of reads were aligned to the
genome and 54.1% assigned to annotated gene features. Unaligned reads are represented
in red, reads aligned to CHO cell rRNA sequences are in orange (not visible), reads
aligned to the Chinese hamster mitochondria in purple, reads aligned to the CHO-K1
CriGri_1.0 genome in blue and reads assigned to annotated gene features in the Ensembl

gENOME aNNOTALION TN GIEEN. .....iuieiite ettt sttt sr bbb b ereas 66
XX



Figure 2.6 Principal component analysis plot of read counts assigned to genes. PCA
was carried out on count data of genes expressed at a minimum of 1CPM. The first 2
principle components are plotted in this figure. Temperature shifted samples are plotted
in blue and non-temperature shifted iN red. ..o 66
Figure 2.7 — Genome alignment of reads to the Cirbp gene. The cold inducible RNA
binding protein was upregulated in the temperature shift condition (blue tracks) with a
2.3 fold ChanNge 1N EXPIESSION. .....ccuiiuiiiiiieieeite ettt eneas 69
Figure 2.8 — Genome alignment of reads to the Fos gene. The Fos gene was highly
expressed in non-temperature shifted samples (red tracks) however temperature shift
induced a -10 fold downregulation Of eXPreSSION. ........ccccceierereriieiieee e 69
Figure 3.1 Pipeline for the identification of differentially expressed transcripts and
alternative splicing. Aligned RNA-Seq data from Chapter 2 was used as input to
Stringtie to assemble transcripts which were merged with the reference genome
annotation. Transcript expression was quantified with a 2" pass of Stringtie and ballgown
was used to identify transcript level differential expression with >+1.5 fold change and
<0.05 Benjamini-Hochberg adjusted P value. The merged genome annotation was used
in rMATSs to identify alternative splicing with a 10% difference in percent spliced in
between conditions and <0.05 adjusted P value. GO terms of interest and protein domains
were identified in genes with alternative splicing using biomaRt and the Interpro database.

Figure 3.2 —Assembled and reference genome annotation statistics. The number of
genes in the Ensembl reference genome annotation (red) and the assembled annotation
generated using Stringtie (turquoise) are plotted in this figure. Genes are categorised by
the number of transcripts per gene locus. 10,019 novel gene loci and 27,687 novel
transcript isoforms were assembIed. ...........ccoiviiiiiiii e 90
Figure 3.3 —Alignment to the Atm gene. The Ensembl annotation for the Atm gene does
not represent the full transcript isoform. The annotated gene region can be seen in the
bottom track of this plot with a further nine exons identified using Stringtie. ............... 91
Figure 3.4 Differential transcript usage in the Ybx3 gene. The Ybx3 gene was identified
as differentially expressed at the transcript level but not the gene level. (A) The mean
coverage of non-temperature shifted transcript isoforms. (B) The mean coverage of
temperature shifted samples. Temperature shift induced expression of a cold specific
transcript isoform (4) which does not have an intron retention event between the first and

second exons and skips exons 3 and 7 (red boxes in A and B respectively). The amino
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acid sequence encoded by exon 3 of the Ybx3 transcript is part of a cold shock DNA-
binding domain. Ybx3 is transcribed from the sense strand and therefore exon 1 is on the
left of this plot (ENSCGRGO0001016148).......ccciviieieieieiesiesiesiesreeeeee e 96
Figure 3.5 — Isoform Switching in the Acpl gene. The Acpl gene had both an
upregulated and downregulated isoform found differentially expressed. (A) Non-
temperature shifted cells expressed an isoform containing exon 2 and 3 at a higher level.
(B) Temperature shift induced expression of an isoform which skips exon 2 and 3. Acpl
is transcribed from the sense strand of the genome and therefore exons are numbered from
=3 0 (O o OSSR 98
Figure 3.6 — Isoform switching in transcripts with mutually exclusive exons in the
Acpl gene. Temperature shift resulted in isoform switching in the Acpl gene with
upregulation of a transcript isoform containing exon 4 and downregulation of an isoform

containing exon 3. Counts for exon junctions other than 3:5 and 4:5 are omitted for clarity.

Figure 3.7 — Differential exon usage events identified by rMATS. 3,158 splicing events
were identified with a >+10% difference in inclusion level between conditions and a
<0.05 adjusted P value. A3SS= Alternative 3’ Splice Site, A5SS = Alternative 5’ Splice
Site, MXE = Mutually Exclusive Exons, RI = Retained Introns, SE = Skipped Exons.

Figure 3.8 Temperature shift induced skipping of exon 2 in the Slirp gene.
Temperature shift induced exon skipping in the Slirp gene. Sashimi plots display the
number of reads which align across exon:exon junctions. In the non-temperature shift
condition (red) the exon 1 and 2 junctions as well as the exon 2 and 3 junctions had over
1,800 reads aligning, more than twice the 864 which align to the 1:3 junction. In
temperature shift (blue) the exon 1:3 junctions have higher support than the 1:2 and 2:3
JUNICTIONS. ..ottt b b bbbttt bbbttt 103
Figure 3.9 - The complex splicing of the Cd44 gene. 8 transcript isoforms were
identified for the Cd44 gene. Transcript 5, representing full length Cd44, was identified
as upregulated in reduced culture temperature. Alternative splice isoforms of Cd44 vary
due to differential incorporation of exons 6-15 (region highlighted by red bars). The
spliced regions translated amino acid sequence does not contain any domains annotated
in the Pfam or PROSITE databases which would be affected by differential transcript
usage (Ensembl transcript ENSCGRTO00000004981.1).....cccccvvvviiiieiieiiieiieciee e 104

XXii



Figure 3.10 — Skipped exon in the GTPase domain encoding region of Dnm1l. One
of the largest changes in exon inclusion levels between temperature shifted and non-
temperature shifted cells occurred in the Dnm1l gene. (A) Inclusion of exon 3 in Dnm1l
is significantly higher in the 31°C condition with an inclusion rate of 0.76 while an
inclusion rate of 0.21 was observed in non-temperature shifted cells. (B) The location of
this skipped exon event in the assembled transcripts of Dnm1l. (C)The translated protein
sequence of Dnm1l with the region of the sequence affected by this alternative splicing
event shown by the red bars (Ensembl transcript ENSCGRT00000022493.1). ........... 105
Figure 3.11 — gPCR validation of temperature shift induced alternative splicing.
gPCR was carried out on genes identified as alternatively spliced with primers designed
to cross exon junctions. ActB (A) and GusB (B) were used as housekeeping genes to
normalise CT values. P values calculated using a two tailed T-test are illustrated with
asterisks (*=<0.05, **=<0.01, ***<0.001). All transcript isoforms predicted as
upregulated in temperature shift (isoforms given _31 identifiers) were validated as such
with statistical significance when either normalisation method was used.................... 108
Figure 3.12 — qPCR normalised using Actb shows temperature shift induced
alternative splicing is conserved across cell line lineages. gPCR was performed on the
16-F, K1 and DP12 CHO cell lines. The Srbp1_31 and Slirp_31 isoforms were validated
to be upregulated across the 3 cell lines with statistical significance. .............c...c........ 109
Figure 3.13 - gPCR normalised using Gusb shows temperature shift induced
alternative splicing is conserved across cell line lineages. gPCR was performed on the
16-F, K1 and DP12 CHO cell lines. The Sc5d_31, Srbpl_31 and Slirp_31 isoforms were
validated to be upregulated across the 3 cell lines with statistical significance............ 110
Figure 4.1 — Small RNA-Seq Read Pre-processing. Reads were trimmed to remove
barcodes and adapters resulting in the removal of 7.9% of reads (purple). A further 53.7%
of reads were discarded due to being outside the 17-25 nucleotide range (green). An
average of 38.4% of reads passed pre-processing (BIUE). .........covvvvieriiiieniiisiene, 135
Figure 4.2 — Sequence length distribution. A large peak is present in the 21-23
nucleotide range of trimmed reads - the size of the majority of miRNAs annotated in CHO
cells annotated iN MIRBASE. ........cciviiiiieieeie et snee e 136
Figure 4.3 — Detection of miRNAs with miRDeep2. 1,507 miRNAs were assembled of
which 1,280 were novel. 251 of these have a miRDeep2 score >10 and are likely true

positive miRNA candidates (Score 10 indicated by red 1ine). ........cccccocvvvveveicicinene, 137
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Figure 4.4 — Predicted hairpin structure and coverage of novel_miR_24227 Presented
in this figure is a novel miRNA with the highest miRDeep2 score which has no annotated
orthologue in any species in miRBase. The secondary structure (top) is typical of a
miRNA, with consistent base pairing in the seed region (5’ of the red sequence) and
forming a hairpin. The majority of reads aligning to this hairpin cover the mature
sequence region (bottom, red). Figure generated using miRDeep2. .......c.ccccevvvvvvrvennee. 138
Figure 4.5- Predicted hairpin structure and coverage of novel_mir_482. Presented in
this figure is the novel miRNA novel_mir_482, orthologous to mdo-miR-7388c. The
mature sequence is highly expressed relative to the Star sequence as can be seen by the
peak in the coverage COlOUIed red..........ccooiiiiiiiiiiieeee e 139
Figure 4.6 — Predicted structure of novel_miR_5944. Novel _miR_5944 is orthologous
to miR_335, a miRNA highly cited in the literature and previously reported in 19 species.

Figure 4.7 — miRNAs reported in mammalian species used as input to miRDeep?2.
miRNAs reported in miRBase are coloured in green. Chinese hamster miRNAs
assembled in this chapter are coloured orange (those with mammalian orthologues) and
red (NOVEI MIRNAS). ..ottt et e sse e teeaesreesreeee s 141
Figure 4.8 — Read alignment statistics. Preprocessed reads were aligned to the CriGril
genome with no mismatches. 65% of reads were successfully aligned (green). 32.7% of
the preprocessed reads were assigned to miRNAs detected using miRDeep2.............. 142
Figure 4.9 —Predicted targets for differentially expressed miRNAs. Target prediction
using multiMiR identified 1,248 miRNA:MRNA interactions between differentially
expressed miRNAs and genes. ‘mir-’ is omitted from the start of miRNA names on the x
axis for clarity. Differentially expressed genes downregulated in response to mild
hypothermia are coloured red and upregulated genes in turquOISE............cccceeveireennene 145
Figure 4.10 — Alternative splicing alters miRNA targeting of miR-103-3p on
Hnrnpa2bl. An interaction between miR-103-3p and Hnrnpa2bl was identified using
the approach outlined in Section 4.3.5. Hnrnpa2bl was not identified as differentially
expressed in Chapter 2 but was identified as undergoing alternative splicing in Chapter 3.
(A) The predicted target site of miR-103-3p on Hnrnpa2bl is conserved among
mammalian species (Agarwal et al., 2015). (B) A skipped exon event is identified in the
3’UTR of the transcript which results in an exon being skipped at a higher rate in cells

cultured at a reduced temperature (0.65 percent spliced in) than non-temperature shifted
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cells (0.83 PSI). (C) The target site for miR-103-3p is conserved in CHO cells and present
1N the SKIPPEA BXON.....cuiiiiiiieiieieie ettt 151
Figure 5.1 — Translation Initiation. (A) The pre-initiation complex is assembled on
small ribosomal subunits in the cytoplasm by binding of the initiation factors elF3, elF1a,
elF1 and elF5. (B) Methylacyl-tRNA-GTP-elF2 is incorporated into the P site, assisted
by the interaction of elF2 and elF5. (C) The pre-initiation complex is then recruited to the
5’ of an mRNA with eIF4F assembled. (D) Upon binding of the complex to mRNA, GTP
is hydrolysed to GDP. (E) GTP hydrolysis signals for the release of initiation factors elF3,
elF1, elF1la, elF5 and elF2 which releases the 40S subunit from elF4F to scan the mRNA
until the Methylacyl-tRNA base pairs to a start codon in the P site. (F) The 60S ribosomal
subunit can then form a complex with the 40S subunit ready for elongation to begin.’elF’

omitted from initiation factors (green) for clarity. Adapted from (Watson et al., 2014).

Figure 5.2 Translation Elongation. (A) Once the ribosome is assembled and a
methylacyl-trna is present in the P site, aminoacyl-tRNA-GTP-eEF1 is recruited to the A
site. (B) GTP bound to eEF1 is hydrolysed. (C) eEF1-GDP leaves the aminoacyl-tRNA
enabling a peptide bond to form between the amino acid in the P and A sites. (D) Now
deacetylated, the tRNA in the P site shifts to the E site and eEF2 shifts to the A site. (E)
The shift results in translocating the tRNA from the A site into the P site and shifting the
MRNA through the ribosome by 1 codon. (F) The A site is then free for this process to be
repeated until a stop codon is present in the P site. ‘eEF’ omitted from elongation factors
(green) for clarity. Adapted from (Watson et al., 2014). .......cccooveviveveiieieee e 168
Figure 5.3 — Blocking of initiating and elongating ribosomes. Different inhibitors can
be used to block translation in RiboSeq which enables libraries to be enriched for either
initiating or elongating ribosomes. Both lactimidomycin and cycloheximide block
translation by binding and blocking the ribosome E site. Lactimidomycin (left) is however
a larger antibiotic than cycloheximide (right) which means lactimidomycin can only enter
the ribosomal E site in the absence of a tRNA during initiation. Cycloheximide is smaller
and can enter the E site during elongation with a tRNA present in the E site. Coding region
of MRNA transcript depicted iN green. ..o 173
Figure 5.4 — Overview of RiboSeq analysis pipeline. RiboSeq and matched RNA-Seq
control reads were preprocessed by removing sequence adapters and applying a read
length and rRNA filters. Reads were aligned using STAR to the CHO-K1 genome and

quantified against annotated gene features. Triplet periodicity of aligned reads was
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examined using RiboTaper and DESeq2 and xtail were used for identifying differential
translational fFICIENCY. .....ccviii i e 180
Figure 5.5 — Pre-processing of RiboSeq data. A length filter and alignment to rRNA to
remove non-ribosomal protected fragments was applied to all samples raw sequence
reads. An average of 42% (28.9-51.67%) of the input reads were retained after QC...181
Figure 5.6 — Pre-processing of RNA-Seq matched control data. Raw reads were pre-
processed by applying a length filter and aligning to rRNA to remove contamination and
ensure consistency of pre-processing between the RiboSeq and matched RNA-Seq
control data. An average of 81.4% (71.5-92.8%) of input reads survived these stages of
PIE-PIOCESSING. .eevteteeueesteteste sttt ebeese et b et bbb bt be e e et e b et e bt e bt b e st et et et e b e bt ebe s e 182
Figure 5.7 — Alignment of RiboSeq data. RiboSeq reads were aligned to the CHO
genome using STAR with parameters configured to allow up to 200 seed search anchors
and to reduce the seed search size to 15 (to allow for short read alignment). 75.57% (73.7-
81.9%) of reads were successfully aligned and 43.16% (37.68-51.54%) assigned to
Protein COAING TrANSCIIPS. .....eveivieieeiieieie ettt 183
Figure 5.8 — Alignment of control RNA-Seq data. RNA-Seq reads were aligned to the
CHO genome using STAR. 85% (78.83-88%) of reads were successfully aligned and
45.94% (42.4-48.88%) assigned to protein coding transCripts. ........cccoeverenerenennnnn. 183
Figure 5.9 Triplet periodicity analysis in reads of length 29nt. RiboSeq libraries were
of high quality with triplet periodicity visible in kmers of lengths 28-31. (A) Shown in
green are reads down-sampled to 10% with the first aligned nucleotide in the first open
reading frame indicating the majority of reads of length 29 are in the first frame. (B) The
drop off in coverage before the stop codon indicates RiboSeq read alignments were
enriched for COdiNG SEQUENCES. ......ecveirieiiicie et 184
Figure 5.10 Transcriptome-wide translational efficiency. In this plot are the fold
changes between levels of mMRNA in RNA-Seq and ribosomal footprints using RiboSeq
for the 11,434 genes which were detected at a CPM >1. Differential translational
efficiency was identified in 385 genes with statistical significance (<0.05 BH P value,
coloured red and orange). Solid lines represent a +1.5 fold change in translational
BTTICIEINCY . .t bbb 185
Figure 5.11 — Correlation of translational efficiency fold changes calculated using
DESeg2 and xtail. A Pearson’s correlation test was carried out on the fold changes of
DESeq2 and xtail. Fold changes were consistent between the two algorithms with an (R?
0f 0.998 and a P value 0f 2.2 X 10728, ... ..o 188



Figure 5.12 — Overlap of the genes identified with differential translation efficiency
using DESeq2 and xtail. 91.17% of the genes identified with differentially translated by
DESeq2 were also identified using Xtail. ..........cccccooiiiiiiiiiiiiiecee 189
Figure 5.13 Volcano Plot of differentially translated genes. In this plot is the log2 fold
changes of translational efficiency induced by temperature shift against their adjusted p
values. In red are genes identified as differentially expressed by both xtail and DESeq?2
while blue and orange points are uniquely identified as significantly differentially
expressed by DESeq2 and xtail respectively.........cccooeiveiiiieiiccc i, 189
Figure 5.14 — Read counts of genes with differential translation efficiency. Presented
in this plot are library size normalised log2 read counts for RiboSeq data and matched
RNA-Seq controls. For each of these genes the RPF counts are significantly different in
each condition while the RNA-Seq counts either do not change or are changed in the
(0] o] T 1] (=0 [T €= 1 [0 o OSSPSR 193
Figure 5.15 — Alignment of RiboSeq & matched control RNA-Seq to Dhfr. The Dhfr
gene is the gene with the most significant downregulation of translation efficiency in
temperature shift. In this plot tracks are overlaid to show the differences in read alignment
between the NTS and TS conditions. Translation is decreased in temperature shifted cells
(RPF tracks) however mRNA levels are increased (RNA tracks). TS samples shown in
blue, NTS in red. Only exons 1-3 are depicted for Clarity. .........ccoovvviiiininiiiiennn 194
Figure 5.16 — Alignment of RiboSeq & matched control RNA-Seq to Histhle. Histhle
is among the genes with the most significantly upregulated translation efficiency. In this
single exon gene the mMRNA levels are significantly increased in non-temperature shifted
cells (RNA tracks) while translation is higher in temperature shifted cells (RPF tracks).
TS samples shown in blue, NTS N red. ......c.cooveiiiiiiie e 195
Figure 5.17 Alternative splicing induced differential translation efficiency of Btg2.
(A) The translation efficiency of the Btg2 gene was upregulated 1.66 fold in temperature
shifted cells (higher coverage in RPF tracks). NTS samples represented in red, TS in blue.
(B) Btg2 was identified as alternatively spliced, with decreased intron retention in TS
samples. (C) The intron retention event alters the open reading frame of the transcript,
resulting in a truncated and altered amino acid sequence (The canonical sequence is
labelled with the transcript ID ENSCGRO000008563)...........ccoireeieieierieniesiesiesieeneas 200
Figure 5.18 — Differential miRNA expression may be responsible for the differential
translation efficiency of 25% of genes. miRNA targets were predicted on 88 genes with

differential translation efficiency in the opposite direction to the differential expression
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of the miRNA. miR-192-5p was found to target the most genes, with 18 predicted targets
AOWNFEQUIALET. ... et 201
Figure 6.1 — Multi-omics pipeline used to analyse CHO cells. In this thesis 3 NGS
datasets were analysed to find differential gene, transcript and miRNA expression as well
as isoform switching, differential translation and predicted miRNA targets................ 219
Figure 6.2 — Regulation of the central glycolysis and TCA pathways in CHO cells
during temperature shift. Presented in this figure is the glycolysis and TCA cycle
pathway with genes differentially expressed or post-transcriptionally regulated
illustrated. Genes are coloured as depicted in the legend for the type of regulation they
are affected by, and denoted with symbols if affected by multiple types of regulation.
Pathway image generated using RECON1 Glycolysis and TCA metabolic model on
Escher (King et al., 2015). .....coiiieieccece et 222
Figure 6.3 — Multi-omics analysis of proliferation genes in temperature shifted CHO
cells. Presented in this figure are the interactions of differentially expressed genes
regulating the cell cycle throughout this thesis. Positive interactions are denoted by green
arrows while negative interactions are depicted by red arrows. Upregulated genes or
transcripts are coloured green and downregulated red. Genes with upregulated translation
are coloured blue and downregulated translation orange. Non-differentially expressed
genes are coloured black and pathways/biological processes pink...........cc.ccovvvrennnne 225
Figure 6.4 - Multi-omics analysis of energy metabolism genes in temperature shifted
CHO cells. Integration of RNA-Seq, small RNA-Seq, proteomics, metabolomics, and
RiboSeq data revealed regulation of energy metabolism was altered in temperature shifted
CHO cells. Positive interactions are denoted by green arrows while negative interactions
are depicted by red arrows. Upregulated genes or transcripts are coloured green and
downregulated red. Isoform switching is coloured purple. Genes with upregulated
translation are coloured blue. Non-differentially expressed genes are coloured black and

pathways/biological Processes PIiNK. .......c.cceieeiieeiiieiisie e 227
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Abstract

Craig Monger MSc. BSc. : Integrated multiomic characterisation of the CHO cell
transcriptome and translatome using next generation sequencing

Chinese hamster ovary (CHO) cells are the predominant mammalian cell line for the
production of recombinant therapeutic proteins. Following the publication of the CHO
cell genome and with the availability of next generation sequencing (NGS) technologies
there is a significant opportunity for the field to increase the performance of cellular
factories for biopharmaceutical production. Despite the tremendous promise of rational
cell line development, genetic engineering approaches to improve manufacturing
performance have yet to be routinely adopted across the biopharmaceutical industry. It is
imperative that the field continues to improve the annotation of the CHO cell genome by
characterising transcript populations and deepening our understanding of the influence of
post-transcriptional gene expression control.

In this thesis, a unique high resolution multiomics dataset comprised of RNA expression
data as well as ribosome footprint profiling (RiboSeq) and proteomics was used to study
global transcriptional and translational processes in CHO cells. The first stage in this
analysis was to characterise the expressed splice variants including the assembly of novel
transcripts and the identification of differential transcript expression. The influence of
post-transcriptional control of gene expression was determined utilising RiboSeq,
revealing a significant number of proteins undergoing differential translation. Finally,
non-miRNA-mediated translational repression was elucidated by integrating results of
small RNA sequencing and differential expression analysis. In summary, the work
undertaken in this PhD has significantly improved completeness of genome annotation,
characterisation of alternative splicing and improved our understanding of post-
transcriptional gene expression control in CHO cells.
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Chapter 1

Literature Review



1.1 - The biopharmaceutical industry

Since the approval of the first biopharmaceutical product in 1982, human insulin for the
treatment of diabetes, the industry has rapidly expanded and as of 2014 there are 166
products on the market (Walsh, 2014). The increase in the number of different products
available has been paired with rapid growth in the profits from the sale of these products.
Annual sales have increased over 20 fold in a 20 year period from 1994 to 2014, with
revenues from biopharmaceutical products totalling $7.7 billion and $162 billion
respectively (Figure 1.1) (Lawrence, 2005; Walsh, 2014). Growth of this industry is
projected to increase at a compounding rate of 10% each year - with 2020 projections
estimated at $278 billion (Persistence Market Research, 2015).
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Figure 1.1- 20 years of biopharmaceutical sales growth. The sales revenue of
biopharmaceutical products has increased dramatically over the past 20 years from
$7.7 billion in 1994 to over $162 billion per year in 2014. Data from (Lawrence,
2005; Walsh, 2006, 2010a, 2014). Data for years 2005 and 2006 unavailable.

Much of the growth in the industry can be attributed to the production and sales of
monoclonal antibodies (mAbs) and fusion proteins which account for a large proportion
of the sales (54% of the 2013 sales). mAbs dominate the list of blockbuster
biopharmaceutical drugs with 6 out of 10 of the highest grossing products a mAb (Table
1.1) (Walsh, 2014).



Table 1.1 — The top 10 selling biopharmaceutical products in 2013. Of the top 10 best-selling
biopharmaceutical products on the market in 2013, 7 were produced in a mammalian cell line (6
of which were produced in CHO cells) (Walsh, 2014).

Product Sales L
Narme Host (Billion$) Class Indication Company
Autoimmune diseases
including Crohn’s disease,
. CHO Monoclonal ulcerative colitis, . .
Humira cells 1 antibody psoriasis, AbbVie & Eisai
ankylosing spondylitis,
and arthritis
Autoimmune diseases Amaen. Pfizer
CHO Fusion including ankylosing gen, '
Enbrel 8.76 - e o Takeda
cells Protein spondylitis, psoriasis and .
o2 Pharmaceuticals
arthritis
Autoimmune diseases
. . ) J&J, Merck &
. Sp2/0 Monoclonal including Crohn’s disease, S
Remicade cells 8.317 antibody ulcerative colitis, Mitsubishi Tanabe
L . Pharma
psoriasis, and arthritis
Lantus E. coli 7.95 Insulin Diabetes Sanofi
' ' analogue
Lymphomas, leukaemia,
Rituxan CHO 7.91 Mo_noclonal transplant rejection, Biogen-IDEC, Roche
cells antibody . -
autoimmune diseases
. CHO Monoclonal Colon, lung, renal,
Avastin cells 6.97 antibody ovarian and brain cancer Roche/Genentech
. CHO Monoclonal
Herceptin cells 6.91 antibody Breast Cancer Roche/Genentech
PEGylated . .
Neulasta E. coli 4.39 recombinant Reduces risk during Amgen
. chemotherapy
protein
. . Monoclonal .
Lucentis E. coli 4.27 antibody Age related vision loss Roche/Genentech
CHO Erythropoietin
Epogen cells 3.35 recombinant Anaemia Amgen

protein

The most abundant class of biopharmaceutical products approved for market is mADbs,

accounting for 22% of the total number of approvals (Figure 1.2). Market trends show

approvals of mADbs to be increasing, with mAbs accounting for 30% of the drugs approved
for market between 2010-2014 (Walsh, 2014).
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Figure 1.2 — The classes of biopharmaceuticals approved since 1982. Illustrated
in this figure are the proportions of biopharmaceutical product classes approved for
market since 1982 as of 2013. mAbs and hormones are the most abundant type of
biopharmaceutical approved. Data from (Walsh, 2014).

Although mAbs are crucial for the treatment of many life threatening or debilitating
diseases, they are among the most expensive drugs in the world. The most expensive
mADb, eculizumab (sold with the product name Soliris), costs over $400,000 per patient
per year and the average cost of the top 10 selling biologics is approximately $200,000
(Shaughnessy, 2012). High drug prices are largely contributed to by costly research and
development processes and a high failure rate of products in clinical trials as
approximately 86% of drugs which reach phase 1 of trials fail to reach the market (Wong
et al., 2018). Further contributing to the price of biopharmaceuticals is the cost of
developing production pipelines for new products — the cost of this stage of manufacturing
could be decreased if this process is optimised by using more efficient expression hosts

with rapid growth and productivity.

1.2 — Host cell lines for biopharmaceutical production

Several host organisms are used for the production of recombinant therapeutic proteins
and vary in their biological complexity from simple prokaryotic organisms to mammalian

cell lines. Different classes of biopharmaceuticals require different degrees of post-
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translational modification (PTM) to produce a safe and active product. For example,
disulphide bonds may be required for protein stability or glycosylation to aid protein
folding and immunoglobulin G (IgG) antibody binding affinity (Daéron and Nimmerjahn,
2014; Walsh, 2010b). The selection of an appropriate host organism is therefore important
to ensure the safety and functionality of the product (Balbas and Lorence, 2004). The best
host is typically the host cell line of the lowest evolutionary complexity capable of
producing a product, as less complex organisms such as bacteria and single celled
eukaryotes have rapid growth rates and produce large amounts of recombinant protein
product (Balbas and Lorence, 2004). Figure 1.3 contains a breakdown of the organisms

used to produce approved biotherapeutics.

Figure 1.3 - The prevalence of expression systems for production of
recombinant therapeutic proteins. Illustrated in this figure is the percentage of
approved biopharmaceutical products for host cell type. The most popular
expression systems are mammalian cells, making up 55% of the total — of which
35% comes from CHO cells. Non-CHO cell mammalian cell lines include
hybridomas, baby hamster kidney (BHK21), mouse Sp2/0, mouse C127 cells, and
mouse NSO cells. Human cell lines include human embryonic kidney (HEK), HT -
108-0 and PER.C6 cells (Dumont et al., 2016).



1.2.1 - Production of recombinant therapeutics in bacterial cells

In the past bacterial cells have been the preferred choice of expression host for the
production of biopharmaceuticals due to their rapid growth rate in large scale cultures and
well developed genome editing techniques which allow the efficient expression of
recombinant proteins (Balbas and Lorence, 2004). Escherichia coli is a popular choice of
host expression system for recombinant therapeutics due to doubling times of 20 minutes
and the high cell densities that can be achieved (Rosano and Ceccarelli, 2014). E. coli cell
lines are used for the production of 19% of all recombinant therapeutic proteins (Walsh,
2014) including insulin, glucagon and parathyroid hormones for the treatment of diabetes,
hypoglycaemia and osteoporosis, as well as interferons for treatment of cancer, hepatitis,
genital warts, leukemia and multiple sclerosis (Baeshen et al., 2015). Two other bacterial
organisms are used for the production of recombinant proteins: Vibrio cholera for the
production of the cholera vaccine (Dukoral) and Bordetella pertussis for the diphtheria,

tetanus and pertussis triple vaccine (Triacelluvax) (Walsh, 2014).
1.2.2 - Production of recombinant therapeutics in yeast cells

The use of yeast cells for the production of recombinant proteins has a number of
advantages over bacterial cells. Yeast cells are eukaryotic and therefore have organelles
which provide an environment for recombinant proteins to correctly fold and can produce
proteins with post-translational modifications such as removal of signal peptides,
formation of disulphide bonds, acylation and simple glycosylation (Nielsen, 2013).
Although single celled eukaryotic yeast cells are incapable of producing more complex
mammalian glycosylation patterns, the use of yeast cells can be advantageous for
producing simple biotherapeutic products due to rapid proliferation and high product
yields (Lalonde and Durocher, 2017). The budding yeast Saccharomyces cerevisiae is the
most widely used yeast cell line for the production of biopharmaceuticals (Kim et al.,
2015b). Biological therapeutics produced in yeast include the hepatitis B surface antigen,
human papillomavirus vaccine, as well as human serum albumin for the treatment of liver
disease (Nielsen, 2013). Although bacterial and yeast cells are capable of rapid growth
and high production levels of recombinant protein, they cannot produce the complex post-
translational modifications such as mammalian glycosylation and therefore a cell line

derived from a higher eukaryote is often selected for manufacturing (Walsh, 2010b). The
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correct glycosylation of peptides in mAbs is required for the product to be safe, stable
and efficacious (Zheng et al., 2011b). Without the correct glycosylation pattern stability
can be impacted with the mAb being more susceptible to unfolding, proteolytic cleavage
and aggregation (Zheng et al., 2011b).

1.2.3 - Production of recombinant therapeutics in plant cells

Plant cell lines have been used as an expression host for over 30 viral antigens for use in
vaccines against viruses such as hepatitis B, rotavirus, smallpox, HIV, avian flu,
papillomavirus and swine fever which have been shown to confer protection to the target
virus if administered as an oral vaccine. However none of these vaccines have received
market approval for humans (Laere et al., 2016). The majority of these vaccines are
produced in the tobacco plant Nicotiana tobacum. The use of plant expression systems
enables lower production costs as plants can be grown in grow rooms at the site of disease
outbreak wherever required instead of in bioreactors which need large production
facilities, growth media and expensive equipment (Waheed et al., 2016). In addition, less
downstream processing is required as products can be administered orally in the form of
an edible plant instead of purified and injected intravenously (Daniell et al., 2009). Plants
also cannot be affected by many diseases which affect mammals and can process proteins
requiring post-translational modifications including disulphide bonds and glycosylation

if targeted to the endoplasmic reticulum with a signal peptide (Daniell et al., 2009).

Although plant-based vaccines have yet to be approved for human use, plants have been
used to produce recombinant therapeutic proteins. The first recombinant therapeutic
protein produced in a plant was approved in 2016 — the recombinant glucocerebrosidase
enzyme (market name Eleyso) produced in a carrot root cell line. Eleyso is used for the
treatment of a lysosomal storage disorder called Gaucher disease (Lee and Ko, 2017) and
is efficiently targeted to macrophages (the cell type affected in Gaucher disease) due to
an immune response to the plant-like terminal mannose glycosylation (Walsh, 2014).
Perhaps the most notable utilisation of plants as biopharmaceutical factories in recent
years is for the production of Zmapp, a product containing 3 mAbs targeting the Ebola
surface protein to treat haemorrhagic fever which is produced in the tobacco species

Nicotiana benthamiana (Budzianowski, 2015).



1.2.4 - Production of recombinant therapeutics in insect cell lines

Three recombinant proteins are produced in insect cell lines: a vaccine for human
papilloma virus (a cause of cervical cancer) called Cervarix, which is produced in high-
five cells, as well as the influenza vaccine Flublok and the fusion protein Provenge for
treatment of prostate cancer which are produced in Sf9 cells (Walsh, 2014). The use of
insect cells provides several production advantages such as growth in serum and protein
free media containing high concentrations of amino acids and glucose. Insect cells can
utilise amino acids as an energy source and produce less metabolic by-products such as
lactate, which they are also highly tolerant to compared to mammalian cells (Ikonomou
et al., 2003). Finally, insect cells can be used for the production of gene therapies in
baculovirus expression vectors (Airenne et al., 2013). Baculoviruses can be engineered
to harbour large gene inserts and enter mammalian cells in vivo to deliver gene therapies
while being unable to replicate in mammalian cells and without triggering an immune
response (Airenne et al., 2013). Baculovirus based gene therapies have not been used in
clinical trials but pre-clinical trials have shown they are promising candidates for gene
therapies to deliver vaccinations, for regenerative medicine and cancer treatments
(Kwang et al., 2016).

1.2.5 - Production of recombinant therapeutics in mammalian cell lines

There are a variety of mammalian cell lines used for the production of complex
recombinant proteins including baby hamster kidney (BHK) cells, the mouse derived NSO
and SP2/0 cell lines, human embryonic kidney (HEK) cells and Chinese hamster ovary
(CHO) cells (Walsh, 2014).

BHK cells are capable of growth in long-term fermentations and can be maintained for
up to 6 months in perfusion cultures (i.e. antihemophilic factor VI1I manufacture (Wurm,
2004)). NSO cell lines are derived from murine myeloma cells — a cancer of white blood
cells which naturally secretes antibodies and are not part of a tissue and therefore can be
cultivated in suspension without adaption (Wurm, 2004). NSO cells are used for the
production of Arzerra and Soliris, mAbs administered for the treatment of chronic
lymphocytic leukemia and atypical haemolytic uremic syndrome (Geigert, 2014)

respectively. SP2/0 cells are mouse hybridoma cells produced from the fusion of a spleen



and myeloma cell which are used for the production of mAbs including Erbitux for the
treatment of colorectal cancer and Stelara for the treatment of the auto immune disease
plaque psoriasis (Geigert, 2014).

Human cell lines such as HEK cells are used for the manufacture of 4% of
biopharmaceuticals (Walsh, 2014). Human cell lines are typically used to produce
complex glycoproteins which require extensive post-translational modification such as
rEVIIIFc (trade name Alprolix) used to treat haemophilia A (Lalonde and Durocher,
2017). rEVIIIFc is an FC fusion protein which combines the domains of the recombinant
factor VIII clotting protein to the FC domain of IgG to reduce immunogenicity of the
rEVIII treatment - increasing the half-life of the protein and preventing tolerance to
treatment (Krishnamoorthy et al., 2016). rFVI1IFc requires sulfation at 6 tyrosine residues
in order to be functional — complete sulfation of these residues cannot be efficiently

achieved when rFVIIIFc is produced in non-human cell lines (Kannicht et al., 2013).
1.3 - Chinese hamster ovary cells

1.3.1 — The Chinese hamster ovary cell lineage

The Chinese hamster ovary (CHO) cell line was derived from the ovary tissue of an
outbred Chinese hamster in 1957 (Wurm, 2013). The cells from the tissue sample were
treated with trypsin and cultured for 10 months during which the cells spontaneously
become immortalised as a fibroblast-like culture. The parental CHO cell line grew quickly
and healthily as an adherent culture in foetal bovine serum (FBS) containing media and
was distributed to many labs. The original cell line was proline synthesis deficient and
referred to as CHO/Pro(-) (Kao and Puck, 1968). Three major lineages of CHO cell lines
were derived from CHO/Pro(-) cells, CHO-K1, CHO DG44 and CHO-S (Lewis et al.,
2013). All CHO cell lines used for the production of recombinant proteins are derived

from one of these 3 lineages (Figure 1.4).
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Figure 1.4 — Origin of major CHO cell lineages. The major CHO cell lineages
used for the production of recombinant therapeutic proteins are all derived from the
same parental clonal colony. The CHO colony became proline dependant and was
sub-cloned in many laboratories around the world to create the 3 major lineages of
CHO cells used in the biopharmaceutical industry, CHO DG44, CHO-K1 and CHO
S.

CHO-K1 cells have been adapted to grow in serum free media (CHO SF) and the first
recombinant product synthesised in CHO cells used a host derived from CHO-K1 cells,
the DXB11 cell line (Wurm, 2013). DXB11 cell lines were produced by irradiating CHO-
K1 cells with gamma radiation to induce mutations, causing the dual knockout of the
dihydrofolate reductase (Dhfr) gene. The Dhfr gene is completely deleted in one genomic
loci of DXB11 cells and contains a missense mutation in the other which enables the use
of the DHFR expression system in CHO cells. Cells deficient in Dhfr expression cannot
reduce dihydrofolic acid to tetrahydrofolic acid, a requirement for the synthesis of purine
nucleic acid precursors, glycine and thymidine and therefore require their addition as
media supplements to grow (Urlaub and Chasin, 1980). Dhfr deficiency can be exploited
by transfecting Dhfr deficient CHO cells with an expression vector containing the Dhfr

gene and the gene of interest (the recombinant protein) and selecting for successful
10



transfections through cells capable of growth in nucleoside-free media (and therefore
expressing the Dhfr gene) (Kingston et al.,, 2001). An inhibitor of Dhfr activity
(methotrexate) is then added to the culture in increasing concentrations over a period
which may last months to obtain cell lines which have amplified the Dhfr gene and the
gene of interest to levels of up to 1000 copies per cell (Kingston et al., 2001). It is possible
for DXB11 cells to regain Dhfr functionality by recovering from the missense mutation
and therefore the DG44 cell line was produced by completely deleting both Dhfr alleles
from CHO/Pro(-) cells (Urlaub et al., 1983).

CHO-S cells were the first cell line derived from CHO-Pro(-) capable of growth in
suspension culture which enables scale up of cultures to high cell densities as cells are
not limited to an adherent monolayer where density is limited by surface area (Kim et al.,
2012a; Wurm, 2013). Collectively the lineages of CHO cells are used for the production
of 35.5% of the total approved biopharmaceutical products including 6 of the top 10 best-
selling products (Walsh, 2014).

1.3.2 — The advantages of the CHO cell line

Adaptability to culture: A variety of CHO cell lines are available which are adapted to
various culture conditions such as suspension cultures - a key adaptation which enabled
the industry to move from limited adherent culture scale to stirred tank reactors of up to
25,000 L (Kelley, 2009). CHO cell lines have also been adapted to growth in serum free
media which does not contain FBS — a nutrient source mammalian cell lines have been
historically dependant on (Wurm, 2013). Serum free CHO cell lines have been reported
as early as 1977 and media has been developed which is completely chemically defined
in terms of its amino acid, vitamin, salts, lipids and growth factor contents (Li et al.,
2010). The presence of FBS in media is a risk factor for contamination by viruses,
mycoplasma or prions such as the cause of bovine spongiform encephalopathy
(commonly known as “mad cow” disease - a risk factor for contracting the human prion
disease Creutzfeldt-Jakob disease) (Schroder et al., 2004; Wurm, 2013). CHO cells have
been adapted to protein free media formulations by omitting the protein components of
serum-free media solutions and weaning cells off proteins such as insulin (Schroder et
al., 2004).
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Rapid proliferation to a high cell density: The past 3 decades of cell line development
strategies have selected for CHO cell lines with industrially beneficial phenotypes such
as enhanced growth rate. Rapid proliferation allows for production cultures to quickly
reach the maximum viable cell density once a culture has been seeded. A typical
proliferating mammalian cell such as HEK cells double approximately every 24 hours
(Cervera et al., 2011), however, CHO cells in exponential growth phase can divide as
quickly as every 14 hours (Sitton and Srienc, 2008). Maximum viable cell densities have
improved over the last 30 years, increasing the number of CHO cells in culture actively
producing product. Cell densities of 2 x 10° viable cells/ml were typical in the 1980°s
(Wurm, 2004) and these have improved tenfold to over 2 x 10 viable cells/ml (Huang et
al., 2010). Perfusion cultures can be utilised to increase density further and densities of
over 1 x 108 have been reported with comparable levels of productivity to fed-batch
cultures (Clincke et al., 2013).

High productivity: Productivity is the amount of recombinant protein produced by a
culture. It is measured on the level of the individual cell (pg per cell per day or pg/cell/day)
and at the level of final product titre (grams per litre of culture, g/L) (Kumar et al., 2007).
Advances to gene amplification, expression and secretion systems in CHO cells has
resulted in over a 10 fold increase in cell specific productivity from 10pg/cell/day in the
1980’s (Wurm, 2004) to over 100pg/cell/day in todays optimised cell lines (Tabuchi,
2013). Final product titres have also increased from 50mg/L in 1986 (Wurm, 2004) to
over 10g/L today which can be attributed to a combination of improved cell specific
productivity, increased maximum viable cell densities, increased culture durations,

optimised feeding strategies and downstream product purification (Kim et al., 2012b).

Manipulation of culture phase with temperature shift: CHO cells in industrial
batch/fed-batch cultures have 3 distinct phases — the exponential growth phase, the
stationary phase and the death phase (Pan et al., 2017). Exponential growth occurs from
the onset of culture seeding when nutrients are abundant and cells rapidly divide to a high
cell density while primarily consuming glucose as an energy resource using glycolysis
and producing lactate as a by-product (Pan et al., 2017). During the stationary phase cells
stop dividing, are larger and have a higher productivity and switch their metabolism to
consume lactate and utilise the TCA cycle and oxidative phosphorylation (OXPHOS) to
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produce energy (Pan et al., 2017). When nutrients are depleted or metabolic by-products
such as ammonia reach intolerable levels cells enter the death phase and begin apoptosis.
As cells have a higher productivity in the stationary phase it is advantageous to maximise
the amount of time a culture spends in this phase. CHO cells can be inherently switched
from exponential growth phase to stationary phase when cell density has reached the
maximum viable level by altering culture conditions (Wurm, 2004). A temperature shift
is often applied to industrial cell cultures from 37°C to 30-33°C which induces a shift in
metabolism and growth rates. Temperature shift also enhances longevity of batch culture
(Vergara et al., 2014) and can result in increasing the viability of cells from 1 week to
over 3 weeks (Wurm, 2004).

Post-translational modification: Not only are CHO cells capable of producing protein
in large quantities, CHO cells are also capable of producing more complex proteins than
bacteria or yeast cells such as those requiring mammalian post-translational
modifications. Examples of these proteins include mAbs, bispecific antibodies and fusion
proteins which require extensive post-translational modifications such as glycosylation to
function correctly (Jefferis, 2009). The correct glycosylation of recombinant proteins is
important to aid in the correct folding of proteins, to target cell surface receptors, prevent
aggregation, maintain biological activity, stabilize proteins, maximise their in-vivo half-
life and prevent degradation in the body (Walsh, 2010b). Mammalian cell lines such as
CHO cells produce glycosylation patterns compatible with and active in humans with the
exception of N-glycolylneuraminic acid (Neu5Gc), a terminal residue on mammalian N-
linked glycans which is not produced by humans due to a deletion in the CMAH gene (Irie
et al., 1998). Recombinant glycoprotein therapeutics containing Neu5Gc can illicit an
immune response in humans and it has been suggested that this modification should be
avoided in biotherapeutics (Ghaderi et al., 2010, 2012). CHO cells express less Neu5Gc
modifications than other non-human mammalian cell lines and can be eliminated from
recombinant proteins by feeding CHO cell cultures sialic acid, the human form of the
terminal glycan which is incorporated into recombinant proteins by metabolic
competition (Ghaderi et al., 2012).

Viral resistance: Viral contamination of cell culture can have negative impact on the

production of recombinant therapeutic proteins, with viruses affecting potential product
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quality and yields as well as the growth and viability of cell lines (Xu et al., 2011). Viral
contamination is a concern to patient health as viruses could be present in product
produced by infected cell lines and be transferred to the patient. CHO cells are immune
to infection from many viruses as they do not express the cell surface receptors necessary
for viral entry such as the Nectin-1/HveC and herpes virus entry mediator receptors
responsible for herpes simplex virus entry which makes them an attractive host for
producing recombinant proteins (Xu et al., 2011). 162 of 388 known human genes related
to viral infection are deleted or not expressed in the CHO genome (Xu et al., 2011). The
viruses CHO cells are resistant to include the herpes simplex virus, pseudorabies virus,

HIV, hepatitis B and Vaccina viruses (the cause of cow and small pox) (Xu et al., 2011).

1.4 — Trends in the use of CHO cells for the industrial production of
biopharmaceutical products

1.4.1 — The drive to produce molecules in a predictably cheaper way

Despite the large growth of biopharmaceutical sales over the past 20 years, a number of
challenges face the biopharmaceutical industry. The largest challenge is mounting
pressure from government organisations, regulatory agencies, insurance companies and
the public to increase access to biopharmaceutical therapeutics. The average cost of
treating a patient with a chemically synthesized drug is $2 per day in the United States,
but over $45 per day for a recombinant therapeutic protein (Walsh, 2014). Recently high
cost medicines such as Orkambi for the treatment of cystic fibrosis have been rejected by
the UKs National Health Service and Irelands National Centre for Pharmacoeconomics

due to its price of €160,000 per patient per year.

Prices of therapies currently on the market are already being challenged due to the prices
necessary to cover the costs of developing and producing these complex medicines
however the complexity of recombinant proteins is ever increasing. Examples of
increased complexity include antibody-drug conjugates and bispecific antibodies.
Designer antibodies are able to deliver drugs to specific cells or tissues or able to target
multiple cell types respectively (Beck et al., 2010). With the ever-increasing complexity
of recombinant therapeutic proteins, efforts must be made to decrease the costs associated
with developing and producing biopharmaceuticals. Gene therapy treatments developed
in recent years have demonstrated the importance of this issue as the first approved gene
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therapy Alipogene tiparvovec (trade name Glybera) was priced over $1 million per
treatment (Scott, 2015). Although Glybera treatment was effective and approved by the
European medicines agency it has since been withdrawn from market due to a lack of
demand due to the high price.

One method which is being increasingly used to reduce the costs of producing mAbs is
to reduce infrastructure costs by making bioprocessing facilities more flexible and to use
single use bioreactors (Hernandez, 2015). In the past the biopharmaceutical industry has
focused on the production of blockbuster drugs which are used by a large number of
people affected by a disease and therefore require continuous production in large
quantities. Dedicated production facilities are therefore typically built for a single product
to meet the demands of these molecules required. The industry is however beginning to
shift production to flexible modular manufacturing facilities which are smaller in size,
can rapidly switch production to different molecules and do not require large fixed
infrastructure such as 25,000L stainless steel bioreactors (Jacquemart et al., 2016). A
major advantage of using a flexible facility is the ability to manufacture recombinant
proteins to the current demand rather than a traditional facility producing in excess if
demand drops. The flexibility of these modular facilities is largely enabled by the
utilisation of single-use disposable plastic bag bioreactors which can reach 2000L in
volume and facilities using single-use reactors can meet the yields of traditional stainless
steel bioreactor facilities if used in parallel (Jacquemart et al., 2016). Single use
bioreactors also offer the advantage of requiring no cleaning therefore meaning there is
less production downtime between batches, less piping required in the facility as water,
steam and cleaning fluids do not need to be delivered to the bioreactor, and less money
required to be spent on utilities. Flexible bioprocessing facilities will enable quick
turnaround between the production of recombinant therapeutics which are required in
smaller quantities such as for personalised medicine applications and treatment of orphan
diseases (Sharma et al., 2010). Optimisation of the cell line vectors themselves is still
however of vital importance to increase the amount of product which can be produced
using single use technologies as well as to reduce the amount of time required for cell

line development phases of production.
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1.4.2 — Biosimilars

Many of the first recombinant therapeutic proteins produced have now lost the protection
for exclusive ownership and production granted by their patents due to their expiration -
opening a market for companies to produce these products and sell them at a lower cost,
potentially decreasing the costs of some of the most expensive medicines. The first
biosimilar mAbs were approved for market in Europe in 2013 (trade names remsima and
inflectra, biosimilars for the mAb infliximab) (Walsh, 2014) and launched in 2015 when
infliximab’s patent protection expired. Inflectra was also recently approved as the first
biosimilar mAb for the US market by the FDA (FDA, 2016).

Strict regulations are in place for the approval of biosimilar products which ensure they
match the quality, safety and efficacy of the original product - meaning supplying
sufficient evidence to show the products identity, structure, bioactivity and impurity
levels are comparable to regulators is required. The most successful biosimilar products
have also conferred an additional advantage such as ease of drug administration or patient
compliance (reduced dose frequency) (Walsh, 2010a). The biosimilar market is growing
steadily and $33 billion of biologics have lost patent protection (Walsh, 2014). As more
mADbs lose patent protection in the coming years, there will be a market focus on
producing biosimilars for these products and it is important that the characteristics of the
original mAbs including amino acid sequence, protein folding, glycosylation, and
absence of degradation products, aggregation and impurities are maintained to ensure
immunogenicity is not a concern (Brinks, 2013).

1.4.3 — Better understanding of CHO cell biology

Over the last decade there has been an increasing interest in understanding CHO cell
biology in order to enable rapid and predicable process development. At present, the cell
line development to acquire optimal production phenotypes is laborious and time
consuming - taking as long as 6-18 months to develop a high production stable cell line
(Kuystermans and Al-Rubeai, 2015). Cell line development processes can screen
thousands of sub-cloned cell lines and current strategies often incorporate trial and error
approaches such as random mutagenesis followed by selection of beneficial traits to
develop candidate sub clones optimised to grow quickly to a high cell density and produce
high quality recombinant protein at a large quantity (Kuystermans and Al-Rubeai, 2015).
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By increasing our understanding of the molecular pathways which contribute to these
beneficial phenotypes it may be possible to predict growth rate and cell specific
productivity of cell lines using next-generation sequencing (Clarke et al., 2011) to select

faster and if appropriate modify the cell line for high performance.

Genetic modifications to cell lines to improve performance have begun to be utilised such
as to prevent product aggregation (Le Fourn et al., 2014), engineer glycosylation (Chenu
et al., 2003; Walsh, 2010b) and enhance CHO cell viral resistance (Haines et al., 2012).
When expressed at high levels, some difficult to express recombinant proteins such as
IgG’s may form polypeptide aggregates inside cells in many host systems rather than
being secreted due to the overburdening of the protein processing and secretion pathways
(Le Fourn et al., 2014). CHO cells have been engineered to improve the secretion
efficiency of therapeutic proteins and prevent this aggregation from occurring by
overexpressing components of the secretion pathway such as signalling receptor proteins,
allowing high cell specific productivity of mAbs in CHO cells without protein
aggregation (Le Fourn et al., 2014). The Cmah gene encoding the enzyme which
catalyses non-human Neu5Gc glycosylation has been knocked down using RNA
interference to cause the degradation of Cmah mRNA and reduce the immunogenicity of
recombinant products (Chenu et al., 2003). Other glycoengineering strategies have been
used in CHO cells to produce glycosylation patterns which affect the activity of mAbs,
for example the knockout of the Fut8 gene prevents fucosylation of amino acids and
increases the activity of the antibody 100 fold (Walsh, 2010b). CHO cells have also been
engineered to gain resistance to the ebolavirus, removing potential viral contamination of
products produced in CHO cells (Haines et al., 2012). Engineering of cell lines resistant
to ebolavirus were generated by mutational screening to knock out the Npcl gene, which
encodes a membrane protein required for ebolavirus entry (Haines et al., 2012). The
examples of genetic modifications presented illustrate the potential of engineering to
enhance production cell lines for enhanced productivity and product quality however in
order to further rationally engineer cell lines an increased understanding of the CHO cell
molecular biology is required.

Over the last decade progress has been made towards increasing our understanding of

CHO cell molecular biology to inform rational cell line engineering strategies. Early
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investigations of the transcriptome relied on the homology between the Chinese hamster
and mouse as no CHO specific tools or transcript sequences were available (Ernst et al.,
2006; Yee et al., 2008). Using mouse microarrays these studies were however able to
investigate the CHO cell response to heat shock (Ernst et al., 2006) and sodium butyrate
treatment (Yee et al., 2008). Studies utilising mouse microarrays were limited in their
ability to profile the CHO transcriptome and have been found to inaccurately report the
expression with a false negative rate of 57% and a false positive rate of 12% (Melville et
al., 2011). Expressed sequence tag (EST) sequencing experiments, which were used to
generate cDNA libraries (collections of the sequences of reverse transcribed mMRNAS)
using Sanger sequencing, enabled the creation of CHO cell specific microarrays (Melville
etal., 2011). The WyeHamster2a microarray was generated through combination of CHO
cell sequences in public databases with proprietary sequences from Wyeth (acquired by
Pfizer) to create a microarray consisting of 3,714 sequences. Although limited to
approximately 20% of the protein coding genes in the CHO cell genome this array was
capable of identifying widespread changes in gene expression between high producing
cell lines and their parental cell line, demonstrating the application of transcriptomics
techniques to understand and potentially improve cell line development strategies at a
molecular level (Doolan et al., 2008). The power of transcriptomic analysis of CHO cells
during cell line development were further demonstrated utilising the WyeHamster2a
microarray to predict cell-specific productivity using transcriptomics measurements of
287 genes (Clarke et al., 2011). Biopharmaceutical industry interest in the application of
‘omics techniques has continued, with further sequencing projects resulting in the
generation of the WyeHamster3a microarray containing probes to profile 19,809
sequences (Clarke et al., 2012). Progress towards understanding the production of
biotherapeutics in CHO cells at a molecular level has accelerated since the publication of
the CHO cell and Chinese hamster genome sequences (Brinkrolf et al., 2013; Lewis et
al., 2013; Xu et al., 2011).
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1.5 - The CHO genome

1.5.1 — Chinese hamster genome sequencing projects

Through a combination of the efforts from an intercontinental collaboration of scientists
the CHO cell line genome was sequenced and published in 2011 (Xu et al., 2011).
Sequencing of the CHO cell genome had been made possible due to advances to next
generation sequencing (NGS) technology since the publication of the first mammalian
genomes which significantly reduced the time and cost of carrying out genome
sequencing experiments. The availability of the CHO cell genome sequence offers
enormous potential for the understanding of CHO cell molecular biology as studies are

no longer limited to reliance on homology to other model species.

The cell lines used in this experiment were clones derived from the original CHO-K1 cell
line isolated in culture. Sequencing was carried out using an Illumina HiSeq 2000
instrument with genome sequencing libraries containing insert sizes varying from 200bp
up to 20kb. A total of 343Gb of DNA was sequenced, representing an estimated 132X
coverage of the CHO-K1 cell line genome assuming a genome size of 2.6Gb. Using the
SOAPdenovo assembler, the reads with a short insert size (<500bp) were assembled using
this De Brujin graph based approach to generate long contigs (Li et al., 2010). Read pairs
with the largest insert sizes were then aligned to these contigs and read pair concordance
data used to bridge contigs into scaffolds. The final assembly is made up of 2.45Gb of
sequence in 14,122 scaffolds ranging from 200 nucleotides to 8,779,783 nucleotides in

size.

In addition to the genome of CHO-K1 cells in 2011, the genome sequence of the CHO-
SEAP lineage (a cell line expressing secreted alkaline phosphatase generated from CHO-
DUK cells) was also published in 2011. However this genome was sequenced to a depth
of just 1 fold and the lack of coverage meant assembly resulted in 3.57million contigs
(Hammond et al.,, 2011). The lack of sufficient coverage of this genome means
sequencing errors are likely to have been incorporated into this sequence and the genome
is in an extremely fragmented stage which makes the use of this genome inappropriate as

a reference sequence.
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Although the publication of the CHO-KL1 cell line genome was a significant step in
generating the genome sequence of the Chinese hamster, CHO cell lines have been shown
to have unstable genomes which are susceptible to chromosomal translocations and loss
(Wurm, 2013). The potential for lost or rearranged genetic information therefore means
a genome of a given cell line may not be optimal for use as a reference when studying
other CHO cell lines (Borth, 2014; Lewis et al., 2013). In response to this the genome of
the parental Chinese hamster strain from which the CHO lineage was derived as well as
a further 6 CHO cell lines have been sequenced which were simultaneously published in
2013 by 2 groups (Brinkrolf et al., 2013; Lewis et al., 2013). While both research groups
published the sequence of the parental Chinese hamster they used distinct methodologies
to sequence the genome.

Lewis et al. followed the approach used by Xu et al. to sequence the CHO-K1 cell line
genome, generating a 2.4Gb genome by assembling 347.5Gb of data sequenced on an
Illumina HiSeq 2000 using SOAPdenovo. The Lewis et al. Chinese hamster genome
consists of 286,619 scaffolds ranging in size from 201-8,324,132 nucleotides in size, of
which 6,356 are over 2kb in length and 1,091 scaffolds contain 90% of the genome (Lewis
et al., 2013). The latter group utilised methodology in which the genomic sequence was
first sorted into chromosomes by size separation with flow cytometry. Library
preparations were carried out for each individual chromosome separately prior to
sequencing on an lllumina Genome Analyzer lIx. The genome assembly software
ALLPATHS-LG was used to assemble the ~200Gb of raw sequence data into a 2.33Gb
genome in 28,764 scaffolds ranging in size from 830-14,658,418 nucleotides (Brinkrolf
etal., 2013; Gnerre et al., 2011).

In addition to the Chinese hamster genome, the Lewis group also sequenced the genomes
of six CHO cell lines — C0101 (a recombinant protein producing suspension cell line), a
CHO protein free suspension cell line, adherent CHO-K1 cells, CHO-S cells, CHO-
K1/SF serum free adherent cells, and DG44 Dhfr- mutant suspension cells. More recently,
the CHO DXB11 (DUKX) cell line was sequenced using an Illumina HiSeq 2000 in order
to study copy number variations and SNPs between CHO cell lines and the parental
Chinese hamster (Kaas et al., 2015). None of these CHO cell line genomes were however

made publicly available in an assembled and annotated form.
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Despite 10 genome sequences of the Chinese hamster and the derived CHO cell lines
being published in the literature, the genomes contain less than 2.4Gb of sequence data
assembled into thousands of contigs. The Chinese hamster genome is predicted to have a
genome size of 2.8Gb and therefore ~400Mb of sequence data is unsequenced. In order
to close the gaps between contigs and sequence these hard to sequence regions of the
genome, community funded third generation sequencing from Pacific Biosciences is
underway to improve the genome (Borth, 2014). In 2017 the genome sequence of the
Horizon Discovery CHO-K1GS cell line was released by Ensembl (Zerbino et al., 2018).
The Ensembl assembly of the Horizon cell line is assembled to a greater standard in terms
of the number of chromosome scaffolds of which there are 8,265 however this genome
sequence contains 50mb less genomic data than the Xu et al. CHO-K1 genome. The

genome sequences discussed in this section are summarised in Table 1.2.

Table 1.2 — The genomic sequences of the Chinese hamster. To date, 11 Chinese hamster or
CHO cell line genome sequences have been released into the public domain. The best assembled
in terms of scaffolds is the CHO-K1GS genome while the most complete in terms of genome
length is the original CHO-K1 reference sequence. The genome assemblies of some of these cell
lines were not released into the public domain and therefore unavailable data is denoted with an
‘NA’.

i Genome
Cell Line Scaffolds length (Mb) Reference
CHO-K1 109,152 2,399.79 (Xu et al., 2011)
C. griseus 17A/GY 28,749 2,332.77 (Brinkrolf et al., 2013)
C. griseus 52,710 2,360.13 (Lewis et al., 2013)
C0101 (antibody
producing CHO-S N/A N/A (Lewis et al., 2013)
derived)
CHO Protein free .
(ECACC 85051005) N/A N/A (Lewis et al., 2013)
CHO-s cGMP banked :
(A1136401) N/A N/A (Lewis et al., 2013)
CHO-K1/SF (EXACC :
93061607) N/A N/A (Lewis et al., 2013)
DG44 cGMP banked .
(A1097101) N/A N/A (Lewis et al., 2013)
CHO DXB11 N/A N/A (Kaas et al., 2015)
CHO SEAP 3,570,000 N/A (Hammond et al., 2011)
CHO-K1GS 8,295 2,358.17 (Zerbino et al., 2018)
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1.5.2 - Annotation of CHO genomes

Alongside each publication of the genome, gene predictions have been calculated using
homology to other species, algorithms for the detection of conserved domains such as
HMMER (Eddy, 2011) and by aligning sequenced mRNA transcripts to the genome. The
initial publication of the CHO cell line genome in the 2011 contained 24,383 gene
predictions of which 19,711 had homologs in human, 20,612 in mouse and 21,229 in rat.
83% of predicted CHO-K1 cell protein coding genes were assigned an annotated function
based on their homology to human, mouse and rat transcripts. Despite these published
findings, the annotation for the CHO-K1 cell line genome was not made publicly
available to the community in any format other than raw sequence reads (Xu et al., 2011).
Raw sequence reads were later submitted to the NCBI assembly and annotation pipeline
RefSeq where 28,978 genes and 35,628 transcripts were predicted (RefSeq 2018).

The release of the Chinese hamster genome in 2013 was annotated with 24,044 genes
using a variety of methods for de novo gene annotation — AUGUSTUS, genscan &
glimmerHMM along with an accompanying Trinity RNA-Seq transcriptome assembly.
82% of genes were functionally annotated using homology based approaches to proteins
in databases such as Swiss-Prot (Lewis et al., 2013). Submission of this sequence to NCBI
RefSeq (RefSeq assembly accession GCA _000419365.1, 2018) for annotation resulted in
28,446 gene predictions encoding 33,465 transcripts by the NCBI RefSeq annotation

pipeline.

The publication of the Chinese hamster genome using a chromosome sorting approach
was not accompanied by any gene or transcriptome level annotation, however, the
research group responsible for the publication released a public CHO cell line transcript
database containing 65,561 transcripts from 17,598 genes (Rupp et al., 2014). Annotation
for this genome has since been deposited in NCBI RefSeq, containing 21,779 genes (of
which 14,576 are unique) and 29,144 proteins (RefSeq2018).

The Horizon CHO-K1GS genome assembly was released by Ensembl (Zerbino et al.,
2018) as a full Ensembl genome build with genes annotated with standardised gene
accession identifiers which can be readily converted to orthologous species in the
Ensembl database. 25,072 genes and 32,575 transcripts are present in the Ensembl
Horizon CHO-K1GS genome annotation and are available in the GTF annotation format.
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Ensembl also reannotated the original CHO-K1 genome assembly (Xu et al., 2011) using
publicly available sequence data in the European Nucleotide Archive (Zerbino et al.,
2018). The Ensembl reannotation of the CHO-K1 assembly contains 26,668 genes and
34,472 transcripts — more than the Horizon CHO-K1GS annotation. While the Ensembl
release has less annotations than the NCBI annotation of the CHO-K1 genome the
Ensembl version has more uniquely annotated genes and the advantage of use in the
Ensembl Biomart tool to find orthologous genes. The genome annotations presented in

this section are summarised in Table 1.3.

Table 1.3 - The annotations of the Chinese hamster and CHO genomes. Presented in this table
are the most recent GTF/GFF annotations for CHO and Chinese hamster genomes available. The
CriGril (NCBI) genome contains the most genes and transcripts. The CHO-K1GS genome
however has the most uniquely annotated genes. The Cgr1.0 and PICR genomes do not have gene
biotype or gene name/identifier information and therefore incomplete information is denoted N/A.
Gene | Unique

Genome Genes | Transcripts | Exons NncRNAs Names | Genes
CriGril(NCBI) 28,978 35,628 425,408 5,738 15,695 | 14,149
C_griseus_v1.0 (NCBI) | 28,446 33,465 390,848 5,725 15,979 | 14,116
Corl.0 (Sorted 21,779 | 29,144 | 327,934 | N/A N/A | NA
chromosomes, NCBI)

CHO-K1GS (Ensembl) | 25,072 32,575 301,692 4,248 20,020 | 16,722
CriGril (Ensembl) 26,668 34,472 291,060 7,487 18,340 | 15,067
PICR 24,686 24,948 185,943 N/A N/A N/A

1.5.3 - Comparison of CHO cell genome assembly and annotation to model
organisms

The Chinese hamster genome releases are made up of tens/hundreds of thousands of
scaffolds however the Chinese hamster has 12 pairs of chromosomes, indicating the
assembly is fragmented with a large number of gaps. The gaps in the assembly sequence
are a result of limitations of second generation sequencing technologies which are unable
to efficiently sequence heterochromatin, repeating microsatellites, transposable elements
and duplicated regions of a genome. The large number of scaffolds highlight how the
Chinese hamster genomes are currently in a relatively early draft stage and work must be
done to achieve a reference genome standard. Third generation sequencing methods
achieving long reads with single molecule real time sequencing (SMRT, or PacBio) can
be utilised in combination with the high throughput, high quality sequence data produced

by Illumina sequencing instruments to achieve this (Pendleton et al., 2015).
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Although there are 5 CHO cell line/Chinese hamster genomes with their own annotation
available, none of these annotations contain as many genes as are annotated for model
organisms such as the mouse and rat, or that of the human genome. For example, the
human genome annotation is currently annotated with 59,644 gene features and the mouse
46,062, approximately 2 times the amount annotated in the CHO cell line genomes
discussed in the previous section (NCBI genome ID 51 & 52). A large discrepancy is also
seen at the transcript level, with 160,474 annotated transcripts in the human genome (of
which 113,620 are mRNA transcripts) and 108,126 transcripts (76,203 mRNA) in the
mouse, compared to 41,318 transcripts (34,912 mRNA) in the Chinese hamster (NCBI
Genome database 2018). Assuming an approximately equal number of transcripts
encoded in the Chinese hamster and the mouse genomes (which are both rodents), these
figures suggest the annotation for the Chinese hamster is incomplete. A large percentage
of the unannotated features in CHO cells are likely to be INCRNAs, an area of research
which has not been extensively studied in CHO cells to date, as there are 27,119 of this
RNA species confirmed in the human genome and 21,616 in the mouse while just 4,974
are annotated in CHO cell lines. The genome annotation statistics presented in this section

are summarised in Table 1.4.

Table 1.4 — Comparison of NCBI reference genome annotations of Human, Mouse and
Chinese hamster. The genome sequences of the most well studied mammalian organisms
(human and mouse) have considerably more transcripts annotated than the Chinese hamster.
Annotation information from NCBI Genome database (2018).

Genome Proteins/mRNAs | ncRNAs | Genes | Pseudogenes | INCRNAs
(HF;‘e'g;e 109) 113,620 46,854 | 59,644 | 16,152 27,119
'(\é';;:’jaese 106) 76,203 31,923 | 46062 | 9,575 21,616
g‘;:‘;jjj&?iter 34,912 6,406 |28438| 4071 4,974
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1.5.4 - How publication of the genome has improved our understanding of the
molecular biology of CHO cells

Glycosylation: Ensuring recombinant therapeutic proteins have the correct glycosylation
patterns is vital to ensure the safety, stability and activity of biological drugs. The
availability of the CHO cell line genome enabled an assessment of the genes for
glycosylation pathways which are found within the CHO cell genome. Findings from this
study showed that CHO-K1 cells have 297 of the 300 known glycosylation genes in its
genome, suggesting that glycoproteins produced in CHO cells will be of high quality (Xu
etal., 2011). However, the authors also showed that only half of these genes are expressed
in CHO-K1 cells during exponential growth. The unexpressed genes included
sulfotransferases, fucosyltransferases and N-acetylgalactosamine transferases. A
particularly noteworthy finding of this study is that although present in the genome, the
Mgat3 gene is not expressed in the CHO-K1 cell line. Mgat3 dependant glycosylation
modification is found on 10% of human IgG antibodies and therefore engineering a gain-
of-function mutation directed to this gene would improve the cell line to produce

humanised monoclonal antibodies and glycoproteins.

Viral susceptibility: Anadvantageous trait of using the CHO-K1 cell line is that they are
not susceptible to many viral infections which could contaminate a culture, posing a risk
to the health of the cell line or humans taking the therapeutics produced by it. By utilising
homology-based approaches comparing the sequence of human viral susceptibility genes
to the CHO cell line genome, 4 genes necessary for viral entry had no homologue in the
CHO cell genome. A further 158 genes of the 384 identified viral susceptibility genes
were not expressed in the CHO-K1 cell line. Many of these genes prevent infection by
stopping viral entry such as the Herpes Virus entry Mediator (HVeM) or the CD4 protein
(used by the HIV virus for entry) (Xu et al., 2011). The sequence of these genes revealed
to be expressed in this study could be targeted by genetic knockdown approaches to

further the immunity of CHO cell lines to viral susceptibility.

Apoptosis: Apoptosis is a factor in determining the maximum duration of culturing CHO
cells as preventing apoptosis results in cells which live longer and can therefore produce
recombinant proteins for longer. Genomics studies identified 57 of the 63 known

apoptosis genes to be present in the CHO cell line genome. By upregulating anti-apoptosis

25



genes and knocking down/out pro-apoptosis genes, it should be possible to control cell

death to increase the maximum duration of cell culture (Lewis et al., 2013).

Identification of miRNAs: The availability of the CHO cell genome allowed for the
identification of the genomic loci and sequence of 319 miRNAs by utilising homology
between known human and mouse miRNAs with the CHO cell genome (Hackl et al.,
2012). miRNAs have been shown to be a powerful tool for engineering CHO cell

phenotypes such as rapid proliferation (Barron et al., 2011).

Prediction of genome editing targets: The genome sequence of CHO cells has enabled
site-specific genome editing using CRISPR-CASQ9 technology, allowing the identification
of target sites for guide RNAs to mutate a target locus. A database containing
approximately 2 million CRISPR targets within 27,533 CHO cell genes has been
published (Ronda et al., 2014).
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1.6 - RNA-Seq
Section 1.6 presents a review of the available methodologies for analysis RNA-Seq data.
Sections of this literature review are in part adapted from the work published in the

following review paper and protocol book chapter:

1. “Towards next generation CHO cell biology: Bioinformatics methods for RNA-
Seq based expression profiling” (2015) Monger, C., Kelly, P., Gallagher, C.,
Clynes, M., Barron, N., Clarke, C. Biotechnol. J. 7: pp.950-66 doi
10.1002/biot.201500107

2. “A Bioinformatics Pipeline for the Identification of CHO Cell Differential Gene
Expression from RNA-Seq Data” (2017) Monger, C., Motheramgari, K.,
McSharry, J., Barron, N., Clarke, C. Methods Mol. Biol. 1603: pp.169-186 doi:
10.1007/978-1-4939-6972-2_11

1.6.1 — Introduction to RNA-Seq

The high-throughput sequencing of transcripts, or RNA-Seq, is an analytical technique
while applies next generation sequencing (Section 1.6.5.2) to enable the simultaneous
discovery of novel mMRNA and ncRNA transcripts and measurement of gene expression
levels (Mortazavi et al., 2008). Expression levels can be compared between sample
conditions in order to identify differences in gene expression in response to a stimulus or
change in environment. While microarrays can also be utilised to investigate changes in
gene expression, the application of RNA-Seq offers additional advantages which arise
because RNA-Seq is not reliant on the binding of transcripts top pre-defined probe-sets
(discussed in 1.6.5).

In order to explain the methodology presented in subsequent sections some RNA-Seq
specific terminology need to be defined. The sequence of an individual transcript is
obtained as a string of nucleotides referred to as a read. The total number of reads which
can be sequenced by an instrument is referred to as the throughput. The process of
mapping reads to a location on the genome from which the transcript they are derived
from is expressed based on homologous sequence matching is known as alignment. The
number of reads aligned to a genomic locus is known as the depth while the percentage
of nucleotides with read alignments crossing them over a genomic range is referred to as

coverage. Abundance refers to the estimated expression level of a gene based on coverage
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at a gene locus. Sequencing-by-synthesis describes the process of exploiting DNA

replication during sequencing methodology.

The RNA-Seq protocol begins by first enriching RNA libraries for biologically useful
information, which is necessary as over 90% of the RNA in a sample is ribosomal RNA
(rRNA), and reverse transcribing the remaining RNA to cDNA (Section 1.6.2.1) (Zhao et
al., 2014b). Adapter sequences such as sample barcodes and sequencing primer binding
sites are ligated to the cDNAs and libraries are amplified by PCR (Pease and Sooknanan,
2012). Next generation sequencing is then used to sequence RNA libraries (Section
1.6.2.2) resulting in as many as 100 million sequence ‘reads’ per sample (Conesa et al.,
2016). A crucial step in RNA-Seq data analysis is determining the expression levels of
each expressed transcript in a sample. Abundance measurements are achieved by aligning
reads to a reference genome or transcriptome sequence to determine the genomic loci
from which the transcript was derived (Section 1.6.3.2) (Engstrom et al., 2013). The depth
of reads aligned to a gene or transcript is then used to estimate the expression abundance
(Section 1.6.3.3) and can be compared to the expression levels of transcripts in other
samples to identify differential expression (Section 1.6.3.4) (Love et al., 2014). RNA-Seq
data can also be assembled into full length transcript sequences to detect novel transcript
isoforms and the presence of alternatively spliced transcripts between samples (Grabherr
et al., 2011; Trapnell et al., 2013). If a ribosomal depletion strategy was used to enrich
RNA samples rather than a polyA selection during sequence library preparation it is also
possible to identify the expression of NcCRNA species (Friedlander et al., 2012). RNA-Seq
methodology including the preparation of sequencing libraries, sequencing instruments

and software for analysis of RNA-Seq data is discussed in detail in the following sections.

1.6.2 — RNA-Seq Methodology

1.6.2.1 Sample preparation

RNA is typically extracted from cells with phenol-chloroform reagents such as TRIzol
(Life Technologies) or a silica gel column (Qiagen). DNA contamination can be removed
by treating samples with DNAase and then ribosomal RNA must be removed from
samples as rRNA accounts for up to 90% of the RNA in eukaryotic cells (Costa et al.,

2010) which would take up too much of the available throughout of the sequencing
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instrument. rRNA can be removed by either directly depleting rRNA with a kit such as
[lluminas Ribo-Zero rRNA removal kit or by selecting mMRNAs by their polyA tail using
oligo-dT beads such as the TruSeq RNA Library Prep Kit V2 (Illumina). rRNA removal
has the benefit of retaining ncRNA species such as miRNAs and IncRNAs, however if
only protein coding mRNAs are being analysed then a polyA selection kit is more
appropriate (Sultan et al., 2014). Extracted RNA sample quality and purity can be
analysed using spectrophotometry based instruments such as a NanoDrop (Thermo
Scientific) and RNA integrity and size distribution can be examined using electrophoresis

methods such as on a Bioanalyzer 2100 instrument (Agilent).

Purified RNA is prepared for sequencing by fragmenting RNAs to an appropriate size
using either nebulization, sonication or enzymatic digestion (Linnarsson, 2010).
Fragment length distribution can be reassessed using electrophoresis methodology after
which an optional size selection stage can take place to enrich libraries for RNA
fragments of a given size. A library preparation Kit can then be used to add sequencing
primers and indices to RNA fragments, such as a TruSeq Stranded Total RNA kit
(Illumina) for sequencing on Illumina instruments. RNA-Seq strategies can utilise paired-
end sequencing protocols which provides a sequencing read from both the 5’ and 3’ end
of each RNA fragment sequenced. When using paired-end sequencing a stranded library
preparation Kit such as the TruSeq Stranded Total RNA Kit retains information on whether
a read in a read pair comes from the 5* and 3’ direction by incorporating dUTPs in the
second sequenced strand (Levin et al., 2010). Stranded sequencing provides higher
accuracy in downstream analyses stages when processing reads, particularly when

carrying out assembly or studying IncRNA.

1.6.5.2 Next Generation Sequencing Technologies

Sequencing was first developed in 1975 by Frederick Sanger (Sanger and Coulson, 1975)
using a process which has been named Sanger sequencing. Sanger sequencing utilises
PCR to replicate a fragment of DNA in the presence of dideoxynucleotides (ddNTPs)
which block the further incorporation of nucleotides in subsequent rounds of PCR if
incorporated into an elongating chain of nucleotides (Heather and Chain, 2016). As DNA
synthesis is utilised in this reaction the process can be referred to sequencing-by-
synthesis. After multiple rounds of PCR the result is strings of nucleotides of different
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lengths based on when a ddNTP was incorporated instead of a standard deoxynucleotide.
By using this process in 4 separate reactions, each using a different ddNTP, it is possible
to obtain sequences of all lengths of a fragment. When separated based on size using
electrophoresis (with a separate well for each of the 4 ddNTPs), the nucleotide sequence
can be ‘read’ by the order of bands of DNA visible (Heather and Chain, 2016). The
process of Sanger sequencing has been refined, automated and scaled up by the use of
sequencing machines capable of simultaneously providing the nucleotide sequence of
millions of input DNA or cDNA fragments — known as massively parallel or next
generation sequencing. It is this increase in sequencing throughput which enables the use
of RNA-Seq — where one sequence read is representative of one RNA molecule within
the sample which can be quantified and interpreted as relative levels of gene expression.
A number of sequencing instruments are available which each use different technologies

and have varied throughputs and properties of output reads.

454 Sequencing

The basis of 454 sequencing is the detection of pyrophosphates released from replicating
DNA when dNTP is incorporated into the replicating strand which leads to the commonly
used name to describe this sequencing technique — pyrosequencing (Ronaghi et al., 1998).
454 Pyrosequencing was commercialized in 2005 and used to sequence the second
personal genome and first genome costing less than $1 million (the genome of James
Watson - the co-discoverer of the structure of DNA) (Wheeler et al., 2008). The
pyrosequencing process begins with ligation of cDNA to a micron-sized streptavidin bead
followed by utilisation of emulsion PCR to amplify each cDNA into millions of clonal
copies on each bead (with one unique cDNA per bead) (Rothberg and Leamon, 2008).
Once amplification is complete beads which do not contain any cDNA are filtered out
and emulsion PCR oil is cleaned from beads. The remaining beads are loaded onto a
PicoTitre plate containing 1.6 million wells of sufficient diameter to allow only a single
DNA loaded capture bead in each well. Beads containing the enzymes required for the
sequencing reaction are also loaded onto the PicoTitre plate packing each well. The
sequencing reaction then begins by sequentially washing the PicoTitre plate with
nucleotide triphosphates in the order TACG. As the nucleotides enter each well, if it is
complementary to the template strand of DNA being replicated it is incorporated into the

elongating chain. Pyrophosphate released is used as a substrate by the enzyme ATP
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sulfurylase to convert adenosine 5 phosphosulfate into ATP. Resulting ATP is then used
as a substrate by the enzyme luciferase which converts luciferin to oxyluciferin, releasing
visible light. The light signal from each of the 1.6 million wells is recorded by a CCD
camera and apyrase degrades any unincorporated nucleotides and ATP so that the reaction
can be repeated for the next nucleotide. The process cycle of sequentially adding each of
the nucleotides is repeated hundreds of times. When there are consecutive occurrences of
the same nucleotide in tandem on the DNA molecule being sequenced, multiple
nucleotides are incorporated during the same sequencing cycle and a proportionate level
of ATP and light is generated. For example, if TTT is sequenced, when tyrosine is washed
across a plate, 3 nucleotides are incorporated into the replicating strand in a single
sequencing cycle and 3 times the level of light is recorded. 454 sequencing with the GS
FLX Titanium XL+, can deliver read lengths of up to 1000bp with a run time of 23 hours
and at an accuracy of 99.997%. However 454 sequencing throughput is limited by the
relatively low read sequence capacity per run of 1 million due to the limitation of wells
on a PicoTitre plate. 454 sequencing also suffers from being unable to accurately
determine the amount of nucleotides in long homopolymer regions. In 2015, Roche
announced the phasing-out of this technology due to it no longer being competitive with

other sequencing instruments.

lon Torrent Sequencing

Released in 2010, the lon Torrent sequencing instruments also utilise sequencing by
synthesis and a process similar to that of 454 sequencing. Rather than using optics to
detect visible light emitted from phosphate reactions, the lon Torrent system utilises
semiconductors to detect hydrogen ions released during replication of DNA (Rothberg et
al., 2011). Library preparation is also similar to 454 and uses emulsion PCR to amplify
each cDNA fragment on beads which are loaded onto an lon Sequencing Chip — a chip
containing millions of sensor wells each fitting a single bead with amplified DNA.
Sequencing begins by sequentially adding the 4 nucleotide triphosphates in turn. If a
nucleotide is incorporated into the extending primer a proton is released shifting the pH
in the well which is detected by a sensor and converted to a voltage recorded by
sequencing software. Excess nucleotides are washed away and the cycle is repeated for
the next nucleotide. For homopolymer regions where 2 or more bases are identical the

voltage shift is proportional to the number of inserted nucleotides which is interpreted by
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the signal-processing software (Rothberg et al., 2011). Advantages of this technology
include a fast runtime of less than 4 hours and a decreased cost of sequencing as expensive
enzymes, fluorescent tagged nucleotides and optics are not required. lon torrent
technology suffers from a higher error rate than other second generation sequencing
platforms (approximately 1.8%) (Quail et al., 2012). The latest high throughput lon
Torrent instrument (lon S5 XL) outputs up to 80 million 200bp or 20 million 400bp reads
and their benchtop sequencer (lon PGM) outputs 5.4 million 400bp reads.

SOL.ID Sequencing

As with 454 and lon Torrent sequencing SOLID also utilises an emulsion PCR bead-
based library amplification step, however, the SOLID system allows for the sequencing
of mate-paired libraries. Mate-pair libraries are circularized by joining of the 5’ and 3’
ends of a cDNA by the ligation of an insert of predetermined length to each end. A
selection process enriches for beads containing DNA fragments and they are covalently
attached to a glass slide. Rather than sequencing by synthesis, SOLID sequencing uses
the ligation and measurement of fluorescently labelled probes to determine sequence
(Shendure et al., 2005). The set of fluorescent probes are 16 distinct probes of degenerate
8-mer oligos which can bind a specific 2-mer of DNA. The 16 probes are labelled with 4

fluorophores which allow for a di-based encoding of sequence.

A separate sequencing reaction occurs for each bead on the glass slide initiated by a
universal sequencing primer annealing to the 5° adapter. The first round of sequencing
begins by the ligation of a single fluorescent probe binding the template sequence. The
fluorescent label is excited and its emission spectra recorded before being cleaved off.
Cleavage of the fluorescent label allows for the incorporation of the next probe, offset by
5 nucleotides, and this process is repeated until the desired read length is met. Once
enough cycles have finished to read the full length, the extended sequence is denatured to
reset the template and a new universal sequence primer is added which binds to n-1 on
the adapter sequence. The entire sequencing reaction is repeated until 5 rounds of
sequencing by ligation have occurred, each with a further n-1 offset, meaning each base
is read twice. The di-based encoding system is then used to determine the full length

sequence (Breu, 2010). The latest SOLID system, the 5500xl, is able to sequence up to

32



100 million reads per run with 99.99% accuracy. Reads produced with this system are

relatively short, with reads reaching a maximum of just 60bp in mate-pair libraries.

Illumina Sequencing

The Solexa sequencing technology, later commercialized by and henceforth referred to
as Illlumina sequencing, is a sequencing technology released in 2008 (Bentley et al.,
2008). Illumina sequencing incorporates principles of both sequencing-by-synthesis and
SOLID sequencing, utilising fluorescently labelled dideoxynucleotide terminators to
sequence strands of DNA during their synthesis. To prepare a genomic library for
Illumina sequencing, DNA is first fragmented and sequencing adapters, indices and
primers are ligated to both ends of the fragments. The library is then washed across a
flow-cell - a glass array with clusters of oligos complimentary to the sequencing adapters.
The DNA fragments are denatured into single stranded molecules and a single fragment
is incorporated into each cluster of oligos on the flow-cell. Through a process known as
bridge-amplification, the single fragment of DNA is replicated to generate clonal clusters

of identical fragments.

Dideoxynucleotides with a distinct fluorescent tag are washed across the flow-cell and a
single nucleotide is incorporated into each fragment of DNA in every cluster. Excess
unincorporated fluorescent nucleotides are washed away and a laser excites the
fluorescent tags of the nucleotides incorporated into each cluster. The emission spectra
from each cluster is captured by a CCD camera and tris(2-carboxyethyl)phosphine
(TCEP) is used to cleave the fluorescent tag and generate a free 3° hydroxyl group primed
for subsequent rounds of sequencing. The process is repeated until the desired read length
has been achieved, adding and sequencing one nucleotide per cycle. For paired-end
sequencing, the template strands are replicated and denatured. The forward strand is

washed away and the sequencing process is repeated for the reverse strand.

The current Illumina sequencing instruments available offer varied sequencing
throughputs and read-lengths and are each tailored towards different applications. The
Illumina MiSeq outputs up to 25 million paired-end reads at a read-length of 300bp, the
NextSeq 500 outputs up to 400million paired-end reads at 150bp and the Illumina HiSeq
4000 can sequence up to 5 billion paired-end 250bp reads in a single run. Multiple

Illumina HiSeq instruments can be paired into the HiSeq X5 or X10 instrument, giving
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the power to sequence genomes at a population scale at a cost of less than $1000 per

human genome (Illumina Inc. 2017).

Table 1.5- Advantages and disadvantages of second generation sequencing platforms.
Presented in this table is an overview of the 4 second generation sequencing platforms and their
advantages and disadvantages.

Advantages Disadvantages
Long read length, High cost per Mb,

454 Low cost per Experiment, Low reads/sequencing run,
Low error rate Discontinued platform
Low error rate, Software often not

SOLID Adaptable flow-chip, compatible with colourspace
Paired-end/Mate-paired reads,
reads Short reads
Vari f opti f

ariety of options for Shorter reads than 454,
. throughput and read length, .

lllumina . Expensive for small scale
Paired-end reads, sequencing experiments
High reads/sequencing run 9 & exp
Fast runtime, High error rate,
Low cost small scale Shorter reads than 454,

lon Torrent . .
experiments, Lower reads/sequencing run
Low cost instrument than SOLID & lllumina

1.6.3 - Software for the processing of RNA-Seq data

After sequencing has been completed, instruments output strings of nucleotides known
as reads, where a given read is representative of a single cDNA which was in the original
sample. Before this data can be interpreted in a meaningful way a number of analysis
steps must first take place. Stages of a typical RNA-Seq analysis are summarized in

Figure 1.5. Software for each stage of analysis is summarised in this section.
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Figure 1.5 — Stages of an RNA-Seq differential expression analysis pipeline.
RNA-Seq reads must first be quality controlled to remove any issues which can
arise during sequencing. Reads are then aligned to a reference genome and gene
expression is quantified. Differential expression analysis algorithms are then used
to identify significant fold changes of genes between conditions.

1.6.3.1 Quality Control

Prior to the computational analysis of a RNA-Seq experiment it is vital to ensure raw data
is of high quality. There are several sources of error which can occur in NGS reads and
arise from library preparation or sequencing itself. Phasing is a phenomenon which results
in base quality decreasing in the 3’ of sequence reads due to imperfect sequencing
chemistry causing some of the nucleotides in a sequencing cluster failing to incorporate
into the elongating nucleotide chain or incorporating too many nucleotides in a single
sequencing cycle (Fuller et al., 2009). Phasing causes reads in a cluster to become out of
sync with each other and causes an accumulative effect on the confidence of a base call
—therefore resulting in lower confidence and quality in later cycles. Ambiguous base calls
can also affect sequence quality due to the emission spectra of the fluorescently labelled
nucleotides used in Illlumina sequencing overlapping and therefore the base-calling
software cannot confidently distinguish between two nucleotides (Ledergerber and
Dessimoz, 2011). Base calling software assigns a quality score to each nucleotide based
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on the confidence of the base call which can be analysed before processing RNA-Seq data

to ensure high quality.

FastQC is a user friendly piece of software which summarises raw sequence data quality
metrics into easily interpretable plots (Andrews, 2010). If any quality issues are detected
in FastQC, it is best practice to pre-process RNA-Seq data to trim or remove reads with
poor sequence quality or adapter content. A number of tools are available for the pre-
processing of RNA-Seq data including the fastx-toolkit, Trimmomatic and cutadapt
(Bolger et al., 2014; Hannon Lab; Martin, 2011). FastX trims all reads in a sample to a
user defined threshold (either a specified number of nucleotides from the 5’ and 3’ end or
all nucleotides below a quality threshold from both ends). The approach used by FastX is
naive and results in the unnecessary loss of information as all reads are trimmed by the
same amount. Trimmomatic applies a sliding window approach in which each read is
processed individually by taking the average quality score across a specified number of
nucleotides and trimming when the quality falls below the specified threshold. Both
cutadapt and Trimmomatic are capable of removing adapter sequences, quality trimming
and length filtering to remove short reads in a single command.

1.6.3.2 Alignment

Following quality pre-processing, analysis can begin by aligning reads to a reference
genome. RNA-Seq reads derived from mature mRNAS contain exon-exon junctions due
to the removal of introns from pre-mRNA transcripts and therefore alignment algorithms
need to consider splicing when aligning RNA-Seq reads to a genome sequence (Kim et
al., 2013). Gapped alignment algorithms have been designed specifically for the purpose
of aligning RNA-Seq reads including TopHat2, STAR, CRAC & HISAT2 (Dobin et al.,
2013; Kim et al., 2013, 2015a; Philippe et al., 2013).

The Tophat2 alignment process begins by first aligning reads to the reference genome in
end-end mode (meaning large gaps due to introns are not considered) (Kim et al., 2013)
using Bowtie2 as the alignment engine (Langmead and Salzberg, 2012). During this first
stage of alignment, only reads which map in their entirety to a single exon are aligned.
Reads which did not align (and therefore likely to be derived from a section of mMRNA
containing an exon-exon junction) are then split into shorter segments and the alignment

process is repeated. If two segments align to regions of a gene flanking an intron then the
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whole unsegmented read is used in a local alignment to that region of the genome,

allowing the discovery of novel exons and splice sites.

STAR is considerably faster at aligning reads to a genome than Tophat2, however, the
genome index required to use STAR on a mammalian genome is >30Gb and therefore a
computer with a large amount of RAM is required (Dobin et al., 2013). The large index
size enables the usage of “Maximal Mappable Prefix” (MMP) methodology to rapidly
identify the location in the genome matching the longest prefix (5’ end of a read onwards)
perfectly matching a read. Genome locations at which mapped prefixes aligned are
considered seed regions from which alignment is extended. The bases in a read following
the mapped prefix are used in a second MMP alignment in which the next exon is
typically identified. MMP alignments are iteratively repeated until the full length of a
read has been aligned, at which point mapped seeds are joined to identify the exons
making up the full gene.

CRAC is an RNA-Seq alignment algorithm capable of predicting sequencing errors,
mutations and chimeric splice junctions (Philippe et al., 2013). CRAC applies a kmer
based alignment strategy in which reads are broken up into all possible substrings of
nucleotides of length k — where k should be set as the length at which it is statistically
likely that the kmer will align to just 1 location in the reference genome (22 for a typical
mammalian genome). A unique property of the CRAC aligner is the usage of support
profiles. Both the genome locations at which kmers of a given read match and their
support profiles (the number of reads which share a given kmer, allowing the
approximation of coverage) are used to simultaneously score alignments. Kmers with low
support are likely sequencing errors and are not aligned. Imperfectly aligned kmers which
have high support (of equal coverage to overlapping kmers) are true mutations such as
insertions, deletions or SNVs. Kmers of a read which overlap by k-1 nucleotides in their
alignment position are used to determine the genome alignment location and identify
mutations and splices. CRAC is not as fast as STAR and uses large genome indices
requiring up to 64Gb of RAM but has been shown to have higher sensitivity and precision
(Philippe et al., 2013).

HISAT2 utilises a dual genome indexing strategy known as Hierarchical Graph FM
indexing (HGFM) in order to rapidly align reads (Kim et al., 2015a). HGFM indexing
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uses a whole genome index to seed alignments to a region of the genome and then uses a
second smaller 64,000bp index to extend alignments. Small 64,000bp indices are
generated to cover the whole reference genome and overlap by 1,024bp to allow ease of
alignment of reads aligning over index boundaries. HISAT2 is faster than the STAR
algorithm, as sensitive and precise as other competing algorithms and can be ran on a

standard computer due to the indexing strategy requiring just 4Gb of RAM.

1.6.3.3 Feature quantification

Once reads have been aligned to a reference genome, they must then be assigned to
annotated gene features in order to calculate expression abundance. Expression
quantification algorithms can be categorised into in two main categories — those which
use gene level counting and those which use transcript isoform deconvolution. Gene level
counting is the simplest approach which is applied by algorithms such as HTSeg-counts
and featureCounts (Anders et al., 2014; Liao et al., 2014). Gene counting algorithms
simply assign aligned reads to genes based on features present in an annotation file which
overlap their aligned genome location and output counts of reads per gene feature. Gene
counts are typically used by gene level differential expression algorithms and are subject
to further normalisations before analysis occurs. Isoform deconvolution approaches used
by programs such as Cufflinks and Stringtie (Pertea et al., 2015; Trapnell et al., 2010)
attempt to estimate the expression of each individual transcript isoform expressed from a
gene locus. Isoform deconvolution uses coverage of exon-exon junctions unique to a
given transcript isoform to distribute a proportionate number of reads aligning to shared
regions of a transcript to give consistent across of a transcript. Expression estimates
output from isoform deconvolution algorithms are not raw read counts and are typically
output as normalised FPKM or TPM units in order to account for different transcript
lengths and library size.

1.6.3.4 Differential expression

In order to identify statistically significant changes in expression among conditions using
count data, differential gene expression (DGE) software must be used. Raw read counts
are often used as input to DGE software and normalised before a statistical test is applied.
Examples of the most widely utilised DGE software packages include DESeq2 and edgeR
(Love et al., 2014; Robinson et al., 2010). Both DESeg2 and edgeR employ similar
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processes to identify differentially expressed genes and typically output concordant

results but differ in their methods of normalisation used.

DESeq2 applies a normalisation to gene counts by calculating the geometric mean for
each gene across the samples in all conditions and dividing the counts of each sample for
a gene with the mean counts to generate a scaling factor. The median scaling factor of all
genes in each sample is then used to normalise the read counts of each gene, outputting
counts which have been normalised for differences in sequencing depth among samples.
Usage of median size factors in this way ensures genes with extremely high expression
abundance do not strongly influence library size normalisation. Fitting of a negative
binomical generalized linear model to each gene is then applied before a Wald test is used
to identify significant differential gene expression between experimental conditions
(Anders and Huber, 2010). edgeR utilises a trimmed means of M values (TMM)
normalisation in which library size scaling factors are calculated using the means of all
but the most highly and lowly expressed genes, such as removal of the 0-5% and 95-
100% of the data. TMM normalisation achieves the same aim as DESeg2 normalisation
and prevents outlying genes with extremely high expression abundances over influencing
the normalisation. A Poisson exact test is then applied to identify differential expressed

genes among conditions (Robinson et al., 2010).
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1.6.4 - The advantages of RNA-Seq over microarray

With over 2 decades of published research, microarray technology is the most widely
utilised method of measuring global gene expression changes (Schena et al., 1995). The
use of microarrays has the advantages of robust established statistical analysis methods
and relatively low cost, however the use of RNA-Seq as a method of measuring the

transcriptome brings many advantages:

No prior sequence data required to measure gene expression: RNA-Seq reads can be
assembled into full length transcripts allowing the creation of de novo transcriptomes
which can then be used as a reference for aligning reads and determining their abundance
(Robertson et al., 2010). While this process is enhanced by the availability of a reference
genome on which to initially align reads, this is by no means required (Trapnell et al.,
2010). Microarrays however rely on homology based binding of transcripts to probe-sets
which must be designed prior to the onset of the experiment and therefore only transcripts
with a known nucleotide sequence can be studied. In addition this advantage enables
RNA-Seq datasets to be reanalysed when updated annotation or genome assemblies are
available while microarrays are limited to the probes physically present on the microarray
chip.

Increased dynamic detection range: Not only can RNA-Seq identify novel transcripts,
the sensitivity of the measurement of low abundance transcripts has also been
demonstrated to be superior when compared to microarray technology with the number
of reads sequenced the only limiting factor (Zhao et al., 2014a). The detection of
fluorescent intensity of microarray probes limits the dynamic range at which fold-changes
can be determined, as background levels of signal prevent the accurate measurement of
low abundance transcripts and signal saturation affects the most highly abundant of
transcripts. In RNA-Seq a separate nucleotide sequence is generated for each transcript
in a sequence library which are utilised as the exact counts of transcripts to a gene rather
than an estimation of expression based on fluorescent intensity and therefore has no such

limitation.

Differential expression at any level: The ability to assemble full length transcripts from
sequence data enables differential expression analyses at the level of the whole gene,

individual transcript isoform or even individual exon to identify alternative splicing or
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differential exon usage without prior knowledge of transcript isoforms expressed (Anders
et al., 2012b; Trapnell et al., 2013). The detection of alternative splicing and differential
exon usage is possible using microarrays such as GeneChip ST arrays (ThermoFisher
Scientific) however detection of novel splice junctions is not possible using this
technology, Experiments have shown that differential gene expression fold changes from
RNA-Seq experiments are more consistent with gPCR results than microarrays (93%
concordance for RNA-Seq, 75% for microarray) (Wang et al., 2014).

1.6.5 - Challenges in applying RNA-Seq to study CHO cell biology

While RNA-Seq is a powerful technique which has many advantages over techniques
such as microarrays there are a number of challenges which must be overcome during
data analysis in order to obtain biologically informative results. First, the selection of an
appropriate reference genome and annotation is unclear. With 5 draft genomes each with
their own annotation files publicly available, there needs to be a consensus on which
genome and annotation is most suitable. One study has evaluated the genome sequences
available, coming to the conclusion that the best approach is likely to sequentially align
to the Chinese hamster genome followed by the human and mouse genomes to maximise
read alignment (Le et al., 2015). The study was however not comprehensive as the authors
failed to include all available genomes and transcriptomes available at the time of
publication. Progress has been made towards improving the annotation of the CHO cell
genome with an Ensembl genome annotation now available however this annotation has

yet to be evaluated or utilised in any published research (Zerbino et al., 2018).

Second, there is an overwhelming number of tools for the analysis of RNA-Seq data, each
of which come with the option to modify parameters and data assumptions which must
be configured and optimised to correctly analyse a dataset. Chen et al. published a
pipeline for analysing CHO cell RNA-Seq data, however this study includes software
specifically configured for studies with low replicates and does not include any software
for pre-processing, aligning or quantifying RNA-Seq data (Chen et al., 2015). A pipeline
developed to perform RNA-Seq analyses in CHO cells which incorporates all stages of
analysis from pre-processing to differential expression during the work carried out in this
thesis has been published (Monger et al., 2017).
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Finally, RNA-Seq experiments produce a large amount of data which requires high-
powered computers to store and process it as well as expertise in the field of
bioinformatics to utilise the tools which are invoked using the UNIX command line and
R programming language. Access to a graphical interface from which analysis pipelines
are selected may make the analysis of RNA-Seq data more user-friendly for biologists
who are not skilled in informatics. Distribution of computing power using cloud-based
technologies could also help overcome the challenge of storing and analysing data.

1.6.6 — The progress of RNA-Seq in CHO cells

The publication of the Chinese hamster genome (Brinkrolf et al., 2013; Lewis et al., 2013;
Xu et al., 2011) has enabled the use of RNA-Seq to study CHO cells using genome
alignment RNA-Seq strategies and this technology has begun to be used to study the CHO
cell transcriptome and identify expression patterns associated with industrially beneficial
phenotypes (Fomina-Yadlin et al., 2015; Konitzer et al., 2015). In this section the
challenges and progress of applying RNA-Seq to CHO cells are discussed.

Despite the challenges associated with performing an RNA-Seq analysis in CHO cell
lines, a handful of research groups have published studies utilising the technology. The
first experiment to apply RNA-Seq analysis to CHO cells was published in 2010, a year
before the publication of a reference genome, and therefore used de novo assembly to
overlap RNA-Seq reads into full length transcripts (Birzele et al., 2010). In this study an
Illumina Genome Analyzer 11 was used to sequence 36bp single-end reads which were
assembled using the de novo short read assembler Velvet to assemble RNA-Seq reads into
contigs without prior sequence knowledge (Zerbino and Birney, 2008). The authors also
used a guided approach in which alignment to annotated mouse transcripts was used prior
to assembly. By using this knowledge-based approach as well as homology searching,
13,000 CHO cell line genes were identified of which 5,000 were novel. Although the
sequence and annotation of transcripts was not released to the public, this study served as
a proof of concept that short-read sequencing technology RNA-Seq approaches can be

used to study the CHO transcriptome.

By cultivating CHO cells in concentrations of 0.5mM, 1.0mM and no butyrate and
collecting samples at culture day 0, 4, 6 and 8, this 12 sample experiment enabled the
simultaneous study of the changing transcriptome patterns over time and on how the
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presence of butyrate affects the transcriptome dynamics of CHO cells. Reads were aligned
to the generated CHO cell reference transcriptome as well as mouse transcripts using
Bowtie and differential expression calculated using SAGEBetaBin (Langmead et al.,
2009; Véncio et al.,, 2004). The effect of butyrate treatment resulted in differential
expression of 1,785 genes of which 1,037 were upregulated and 748 downregulated.
While successful in assembling RNA transcripts and performing a differential gene
expression analysis (the results of which were shown to be in accordance with those found
using microarrays), this study was limited by a lack of publicly available genome and
transcriptome sequences and annotations and therefore relied on homology to mouse

transcripts to infer biological information.

Along with the publication of the CHO cell line genome in 2011, Xu et al. published the
first RNA-Seq study utilising a genome-guided RNA-Seq approach (Xu et al., 2011).
RNA-Seq reads were sequenced using an Illumina Genome Analyzer Il in paired-end
mode, aligned to the reference genome with the splice aware alignment algorithm Tophat
and assembled into transcripts with Cufflinks (Trapnell et al., 2009, 2010). 24,282 genes
and 29,291 transcripts were found to be expressed in CHO-K1 cells. The authors
published results concentrating on the expression of viral susceptibility and glycosylation
gene expression. A similar approach was used by Lewis et al. to annotate the genome
sequence of the Chinese hamster genome, in which an Illumina HiSeq 2000 was used to
sequence paired-end reads which were assembled into 98,116 transcript contigs with

Trinity and aligned to the reference genome (Grabherr et al., 2011; Lewis et al., 2013).

RNA-Seq has also been used in 2 further attempts to characterise the transcriptome of
CHO cells by the same research group, first in 2011 and again in 2014 (Becker et al.,
2011; Rupp et al., 2014). The first attempt used the raw RNA-Seq data published by
Birzele et al. as well as data acquired from their own cell lines following heat and cold
shock on a 454 GS FLX sequencing instrument. RNA-Seq data was assembled into
28,995 transcript contigs which were deposited in NCBI Genbank with accession
numbers JP037157-JP066151. Resulting transcript contigs were however largely
unannotated, not easily searchable and not available in a format for use as genomic
annotation in an RNA-Seq experiment. A second transcriptome assembly and genome

annotation was published by this research group utilising a variety of assembly strategies,
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including Cufflinks, Trinity and Velvet (Oases) and reference genome guided assembly
with the CHO-K1 cell line genome to assemble 65,561 transcripts from 17,598 genes in
the ‘GFF format” which can be used by RNA-Seq splice aware alignment algorithms as
splice junction annotation (https://gendbe.cebitec.uni-bielefeld.de/cho.html). The
availability of the reference genomes and transcriptome annotation by these studies have
enabled RNA-Seq studies investigating a variety of transcript patterns including codon
optimisation (Chung et al., 2013), effects of copper on lactate metabolism (Yuk et al.,
2014), single nucleotide variants (Vishwanathan et al., 2014), glycoprofiles (Konitzer et
al., 2015) and temperature shift (Bedoya-Lopez et al., 2016).
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1.7 Motivation, Design and Aims

1.7.1 — The utilisation of temperature shift in recombinant protein producing CHO
cell cultures

As outlined in section 1.4.1, a challenge facing the biopharmaceutical industry is the drive
to produce recombinant therapeutics in a predictably cheaper way. One process utilised
to achieve higher yields and therefore lower production costs in the biopharmaceutical
industry is the exposure of mammalian cell cultures to mild hypothermia conditions after
a critical mass of cells have accumulated towards the end of the exponential growth phase
termed “temperature shift” (Kumar et al., 2007). Reports of the effects of temperature
shift on recombinant antibody production show improved titres of 2-5 fold (Oguchi et al.,
2006; Tan et al., 2008) due to this process however the molecular biology underpinning
the improvements to productivity have yet to be fully elucidated (Oguchi et al., 2006).
The phenotypic effects of temperature shift include delayed apoptosis (and therefore a
longer culture time during which cells are producing recombinant proteins) (Bedoya-
Ldpez et al., 2016), enhanced cell specific productivity (Vergara et al., 2014), a halting
of cell cycle in the GO/G1 phase (Moore et al., 1997), an increase to recombinant mMRNA
levels (Tan et al., 2008), and a change in metabolism from lactate production to
consumption (Martinez et al., 2015). While a decrease in proliferation rates seems
counterintuitive towards increasing productivity, the G1 phase is the time of the cell cycle
at which cells have the highest cell volume (Martinez et al., 2015). Additionally the
drawback of reducing growth rates is overcome by using the “biphasic culture” technique
(Tan et al., 2008) where cultures are initially inoculated at 37°C (a condition at which
cells can rapidly proliferate) before reduction of temperature to between 28-34°C (Farrell
et al., 2014; Martinez et al., 2015).

A number of studies to have begun to enhance our understanding of the biological
processes behind the temperature shift phenotype by utilising omics techniques
(discussed in section 2.1). It is currently known that the cold inducible binding protein
(Cirbp) gene plays a role in the temperature shift response and is expressed in CHO cells
following a reduction in culture temperature (Tan et al., 2008). Overexpression of Cirbp

has been demonstrated to improve recombinant protein titres in cultures inoculated at
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37°C (Tan et al., 2008) however overexpression of this gene alone is not sufficient to
fully mimic the effects of temperature shift and results in only a 40% increase in titre
compared to the 2-5 fold increased reported for temperature shift and therefore other
genes and processes likely contribute to the increase in productivity (Tan et al., 2008).
Studies have shown rates of global translation are impacted by temperature shift due to a
decrease in translation elongation factor expression (Baik et al., 2006) and translation
initiation factor activity at temperatures below 32°C (Masterton et al., 2010).
Additionally, temperature reduction has shown to increase MRNA levels due to enhanced
MRNA stability (Masterton et al., 2010) which may be due to Cirbp activity (Xia et al.,
2012). miRNA expression also plays a role in the temperature shift response with
miRNAs including miR-21 and miR-24 which inhibit growth shown to be upregulated
(Gammell et al., 2007) which may play a role in regulating translation of proliferation

inducing genes during mild hypothermia.

CHO cells growing in the exponential growth phase also exhibit a Warburg type
metabolism (Martinez et al., 2015) where glucose is inefficiently metabolised into lactate
rather than pyruvate (the fuel for the TCA cycle and oxidative phosphorylation) despite
the presence of oxygen (aerobic glycolysis) (Locasale and Cantley, 2011). A Warburg
type metabolism is advantageous during the exponential growth phase as increased
glucose uptake and glycolysis rates provides a carbon source for lipid and amino acid
biosynthesis required to increase the biomass of growing cells (Locasale and Cantley,
2011; Pereira et al., 2018). Continued usage of a Warburg type metabolism is however
undesirable during the stationary growth phase for two reasons: first, the build-up of
acidic lactate and ammonium by-products of glycolysis are toxic to CHO cells and can
inhibit growth and induce cell death (Pereira et al., 2018) and second, the energy
requirements of unproliferating cells to synthesise proteins required for cellular
maintenance as well as recombinant protein production are higher than that of
proliferating cells (Locasale and Cantley, 2011). The inefficient utilisation of glucose
primarily in glycolysis rather than as fuel for oxidative phosphorylation is unwarranted
as it produces approximately 20 fold less ATP per glucose (Locasale and Cantley, 2011).
Switching the metabolism of CHO cells from a Warburg type metabolism to lactate
consumption at the exponential growth to stationary phase transition is therefore

advantageous and this can be induced by temperature shift (Martinez et al., 2015).
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By discovering more about the temperature shift response at the levels of transcription
and translation on a genome wide scale it may be possible to identify targets for cellular
engineering to enhance or mimic the temperature shift response in CHO cells with the
aim of producing cell lines with improved productivity. The potential benefits of
engineering a temperature shift-like phenotype with increased productivity has been
demonstrated previously such as reports of upregulating Cirbp expression (Tan et al.,
2008), the use of miR-7 to regulate proliferation (Barron et al., 2011) and recently a report
of reducing the Warburg phenotype by inhibiting inhibitors of the pyruvate
dehydrogenase complex which converts pyruvate into acetyl-CoA fuel for the TCA cycle
(Buchsteiner et al., 2018). As previous studies have demonstrated a role of post-
transcriptional mechanisms contributing to the temperature shift response, a multi-omics
approach needs to be applied to profile regulation of gene expression at the levels of

transcription and translation.

1.7.2 — Experimental Design

In order to assess post-translational control occurring in temperature shifted CHO cells
the experiment detailed throughout this thesis applies multi-omic techniques to capture
gene expression at levels ranging from the transcription of mRNA from a gene to the
translated protein. 8 biological replicates of antibody producing CHO cells are cultured
at 37°C for 48hrs at which point 4 samples are temperature shifted to 31°C to induce a
mild hypothermia phenotype (detailed in Section 2.2.1). 24hrs later cells are collected
from each culture and utilised in parallel multi-omics experiments detailed in the
following chapters. First, the levels of MRNA and protein expression are assessed using
RNA-Seq and proteomics to identify differential gene and protein expression as well to
identify the number of genes where expression at the mMRNA and protein level do not
correlate (Chapter 2). Previous studies have shown a lack of correlation between mMRNA
and protein levels in CHO cells (Clarke et al., 2012; Courtes et al., 2013) and it is therefore
expected this will be the case in this study. The following chapters then aim to elucidate
the levels at which post-transcriptional control occurs in temperature shifted CHO cells,
beginning with the role of alternative splicing utilising RNA-Seq data (Chapter 3), the
role of miRNAs using small RNA-Seq (Chapter 4) and the impact of differential
translation efficiency using RiboSeq (Chapter 5). The experimental design of this study

is illustrated in Figure 1.6.
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Figure 1.6 - Experimental design for parallel multi-omics study of temperature
shift in CHO cells (A) Biological replicate recombinant antibody producing CHO
cells are cultured at 37°C for 48hrs in 8 shaker flasks. The temperature of 4 samples
is reduced to 31°C and after a further 24hrs cells are harvested for multi-omics
profiling. (B) Different omics techniques are applied (yellow boxes) to profile
factors contributing to, and measure, gene expression at the mRNA and protein
levels.

By integrating datasets which represent different levels of gene expression, complex
interactions of gene expression mechanisms can be elucidated. For example in Chapter 3
the role of alternative splicing is assessed which may result in changes to gene expression
without affecting the overall levels of mMRNA transcribed from a given gene. Alternative
splicing resulting in altered 3°’UTRs may also affect miRNA targeting of transcripts which
is assessed in Chapter 4. Production of spliced isoforms with codons more efficiently

translated may result in altered translation efficiency of transcripts which can be assessed
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in Chapter 5. Differentially expressed miRNAs identified in Chapter 4 can be investigated
using target prediction databases and potential activity in temperature shifted CHO cells
can be identified if target genes are differentially expressed at the mRNA or protein level
in Chapter 2. miRNA mediated translation repression may also be identified through
identification of miRNA targets deemed differentially translated in Chapter 5 or genes
without correlated expression levels at the mRNA and protein level identified in Chapter
2. Finally, differentially translated genes identified in Chapter 5 can be compared to genes
without correlated gene and protein expression measurements identified in Chapter 2 and
the potential mechanism resulting in differential translation can be identified if a gene is
identified as alternatively splice or as a target of a differentially expressed miRNA in
Chapters 3 and 4 respectively. The interactions of the multi-omics datasets assessed

throughout this thesis are summarised in Figure 1.7.
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Figure 1.7 Multi-omics dataset integration Shown in this figure are the
comparisons which will be made between datasets in this experiment. (A)
Alternatively spliced transcripts can be investigated in high throughput RNA-Seq
data and isoform level differential expression compared to gene and protein level
differential expression as well as to find altered miRNA targets and genes
differentially translated. (B) Differentially expressed miRNAs can be used in target
predictions to assess their impact on differential gene and protein expression as
well as on alternatively spliced transcripts and differentially translated genes.

Generation and analysis of these datasets will present a number of key challenges which
must be overcome in order to gain biologically meaningful information. First, generation
of multi-omics datasets can be hindered by batch effects which occur due to the timing of
sampling for each dataset. Sampling biases will be overcome by harvesting cells for each
‘omics experiment simultaneously and storing samples by freezing until used in library
preparation and sequencing. Second, batch effects due to sample storage, shipping and
sequencing platform among the NGS based studies are limited by shipping samples
together to the same sequencing core and sequencing samples on the same Illumina
sequencing platform. Third, using different types of data (based on RNA-Seq and
Proteomics methodologies) means it may be difficult to integrate results between the
methods. Utilisation of a protein database generated using the genome sequence means
this issue can be overcome by using the same gene identifiers across experiments such
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that results can be integrated. Finally, the different ‘omics techniques each have inherent
biases and provide differing coverages and therefore integrations will be limited to the
number of gene measurements observed by the technique with the lowest coverage.
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1.7.3 - Project aims

To review the software available for the analysis of RNA-Seq data and identify
software best suited for CHO cell RNA-Seq analysis.

To assess the available Chinese hamster genomic data and annotation to determine
the optimal reference sequence for use in RNA-Seq analysis.

To evaluate the optimal parameters for software to process RNA-Seq data.

To apply NGS to CHO cells to improve our biological understanding of the
transcriptome patterns associated with an industrially relevant reduction in cell
culture temperature.

To identify differential expression of mMRNA and ncRNA transcripts associated
with reduced temperature.

To perform global identification of alternative splicing of transcripts in CHO cells
for the first time.

To integrate RNA-Seq data with proteomics data to identify correlation of
expression levels between mRNAS, ncRNAs and proteins.

To apply a ribosomal sequencing technique (RiboSeq) to study transcripts being
actively translated and combine this data with mRNA, ncRNA and protein
expression data to study CHO cells undergoing a temperature shift at a systems
level.

To characterise novel mMRNA transcripts and alternatively spliced isoforms as well
as novel ncRNAs and use these data to improve the annotation of the Chinese

hamster genome.
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Chapter 2

Differential expression analysis of temperature
shifted CHO cells
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2.1 Introduction

A reduction in cell culture temperature is widely used throughout the biopharmaceutical
industry to increase culture longevity and production yields in CHO cells (Trummer et
al., 2006). In response to temperature shift, CHO cell growth is arrested while maintaining
or increasing recombinant protein productivity (Kumar et al., 2007). Although the
biological mechanisms driving improved product titres achieved in response to
temperature shift have not yet been fully characterised, a number of mechanisms are
known to contribute to enhanced bioprocess performance. Reduced glucose and oxygen
consumption, reduced lactate and ammonia production, delayed apoptosis and increased
levels of recombinant mMRNA via increased transcription or mRNA stability have all been
observed during mild hypothermia (Kumar et al., 2007). By further characterising the
CHO cell response to reduced culture temperature at a molecular level, it may be possible
to identify targets for engineering cell lines with enhanced productivity (Borth, 2014;
Laux, 2014; Wright and Estes, 2014). For example, identifying the pathways through
which a cell increases RNA stability, longevity, or productivity could enable the
enhancement of these traits to produce designer cell lines with improved productivity

through manipulating the expression of key genes.

To date, a number of studies have been carried out to understand the effect of mild
hypothermic conditions on CHO cell behaviour (Kumar et al., 2007). The first ‘omics
study to profile CHO cells cultured at a reduced temperature utilised mass spectrometry
to identify proteins differentially expressed after temperature shift from 37°C to 33°C
(Baik et al., 2006). In this study high abundance proteins were selected from 2D-PAGE
gels and measured using mass spectrometry resulting in identification of 26 proteins of
which 7 were upregulated and 2 downregulated. Temperature shift from 37°C to 31°C
has also been profiled using mass spectrometry with 53 proteins identified of which 18
were upregulated and 5 downregulated (Kumar et al., 2008). Cold induced expression of
proteins with roles in growth, glycoprotein quality, metabolic shift (Baik et al., 2006) and
translation (Kumar et al., 2008) was identified in these studies. The methodology used in
these studies was however limited in terms of the number of proteins which could be
identified and quantified. The UniProt-KB database for the Chinese hamster holds 34,958
proteins (2018), indicating only a fraction of the proteins expressed in CHO cells were
surveyed in these studies. Transcriptomics experiments performed previously to
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investigate the effects of reduced culture temperature were limited due to reliance on
microarrays with pre-defined probe-sets to profile transcript expression. For example,
probe-sets to profile expression of 1,655 and 4,643 genes were present on the rat and
mouse microarrays utilised in pioneering CHO temperature shift microarray experiments
(Baik et al., 2006) and 6,822 genes on a CHO cell specific cDNA library microarray (Yee
et al., 2009). Despite limitations to the number of genes which were able to be surveyed,
microarray experiments successfully identified differentially expressed cold shock genes
as well as genes with roles in energy metabolism, cell cycle regulation and apoptosis
which may contribute to the CHO cell response to mild hypothermia (Baik et al., 2006;
Yee et al., 2009).

While previous studies have contributed to our understanding of the molecular biology
coordinating the CHO cell response to decreased culture temperature, the mechanisms
underpinning a mild hypothermia phenotype are not fully understood (Masterton and
Smales, 2014). By applying techniques which provide a global view of transcription we
may be able to further elucidate alterations to gene expression which contribute to the
increased product yields achieved by culturing CHO cells at a reduced temperature. In
this chapter we apply RNA-Seq and LC MS/MS proteomics to CHO cells which have
been temperature shifted from 37°C to 31°C during the exponential phase of culture and
remained at 31°C for 24 hours. A key aspect of the experimental design is the use of deep
RNA-Seq to profile gene expression at high resolution on a global level which can serve
as a baseline to compare measurements from other ‘omics studies including proteomics.
RNA-Seq and proteomics have not been utilised in parallel previously to study mild
hypothermia in CHO cells and application of this technique may shed light on the
contribution of post-transcriptional control of gene expression regulating the temperature

shift response.
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2.2 Materials and Methods

2.2.1 Cell Culture & experimental design

A recombinant antibody producing CHO-K1 cell line was grown in 20ml of Serum-Free
Media (ThermoFisher Scientific) in 250ml shaker flasks at 37°C. Cultures were seeded
at a density of 2 x 10° cells/ml in 8 biological replicates. Sample identifiers were assigned
to each culture, summarised in Table 2.1. The temperature of 4 of the 8 cultures was
reduced from 37°C to 31°C after 48hrs and all samples were grown for a further 24hrs.
Cell density and viability was measured in 24hr intervals throughout the duration of the
culture using a Guava easyCyte 5HT instrument (Merck). After 72 hours from seeding,
Iml aliquots of cells were collected for RNA-Seq and stored for use in further
experiments. Cell culture was carried out by Dr. Paul Kelly in NICB, Dublin City
University.

Table 2.1 — Experimental design and cell culture. Detailed in this table are the conditions used

to generate each of the CHO cell cultures from which RNA was harvested in this experiment. The
sample identifiers given to each sample are used throughout this chapter.

Sample Identifier Condition Culture configuration
NTS 1 Non-temperature shifted 37°C for 72hrs
NTS 2 Non-temperature shifted 37°C for 72hrs
NTS 3 Non-temperature shifted 37°C for 72hrs
NTS 4 Non-temperature shifted 37°C for 72hrs
TS 1 Temperature shifted 37°C 48hrs, 31°C 24hrs
TS 2 Temperature shifted 37°C 48hrs, 31°C 24hrs
TS 3 Temperature shifted 37°C 48hrs, 31°C 24hrs
TS 4 Temperature shifted 37°C 48hrs, 31°C 24hrs

2.2.2 Library preparation and next generation sequencing

Samples of cells were harvested 72hrs post-seeding from each culture and TRIzol
(ThermoFisher Scientific) used to extract RNA. Ribo Zero Gold (lllumina Inc.) was used
to deplete rRNA and a TruSeq Stranded Total RNA Library Prep Kit (Illumina Inc.) used
to generate sequencing libraries. RNA library quality and fragment size were assessed
using a high sensitivity assay on a 2100 Bioanalyzer instrument (Agilent Technologies)
prior to sequencing. Libraries were sequenced on a HiSeq 2500 instrument (Illumina Inc.)

configured to generate a minimum of 50 million 150bp paired-end reads per sample.
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RNA-Seq libraries were generated by Dr. Clair Gallagher and Alan Costello in NICB,
Dublin City University.

2.2.3 Quality assessment and pre-processing of raw sequence data

FastQC was used to assess quality of raw sequence data (Andrews, 2010). The number
of reads, per nucleotide sequence quality, GC content, sequence length distribution,
presence of overrepresented sequences and adapter content was examined for each
sample. The Illumina universal sequence prefix ‘AGATCGGAAGAGC’ was used to
remove adapters using cutadapt (Martin, 2011). Nucleotides with a sequence quality
below Q10 were trimmed from each end of the reads. Reads below 20 nucleotides in
length post trimming were filtered. FastQC analysis was repeated to analyse read quality

post trimming.

2.2.4 Alignment of pre-processed reads to the CHO-K1 genome

HISAT2 (Kim et al., 2015a) was used to align reads to the ‘CriGri_1.0> CHO-K1 genome
(ENSEMBL genome build accession GCA_000223135.1) (Xu et al., 2011). Alignment
parameters were set to align in the ‘reverse-forward’ stranded mode to ensure the Illumina
second strand dUTP marking library preparation method was correctly accounted for. To
allow for compatibility with Stringtie (Pertea et al., 2015), the ‘--dta’ (downstream
transcriptome assembly) parameter was used which rejects read alignments with short-
anchors on de novo splice junctions, thus reducing the false positive rate of assembled
transcripts in downstream analyses. Aligned reads were converted from the SAM to BAM

format, sorted by chromosome position and indexed using Samtools (Li et al., 2009).

2.2.5 Feature quantification

Aligned reads were assigned to existing genome annotation for the CHO cell genome
available on the ENSEMBL FTP site (ftp:/ftp.ensembl.org/pub/release-93/gtf/
cricetulus_griseus_crigri/Cricetulus_griseus_crigri.CriGri_1.0.93.gtf.gz). featureCounts
from the SubRead package (Liao et al., 2014) was used to assign the reads to genes based
on annotated exon features with the parameters *—s 2’ and ‘-p’ for stranded and paired

counting.
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2.2.6 Gene level DE analysis

Output from featureCounts was parsed to create a gene count table for import into R.
Prior to differential expression analysis, counts were filtered to remove genes with an
average CPM (counts per million mapped reads) less than 1. Principal component
analysis (PCA) was carried out using the FactoMineR R package on count data after the
removal of low abundance genes. The DESeq2 Bioconductor package (Love et al., 2014)
was utilised to analyse differential gene expression. Those genes with a BH adjusted p
value of less than <0.05 and fold change >+1.5 were designated as differentially
expressed. Genes identified as differentially expressed were used as input for gene
ontology analysis using DAVID to identify enriched GO terms with a Benjamini
Hochberg (BH) adjusted P value of < 0.05.

2.2.7 Metabolic profiling

Growth media taken from aliquots of cells grown as described in section 2.2.1 for each
of the 8 cultures was utilised for metabolic profiling. Expended media from each sample
was centrifuged to pellet cells and debris and 1ml of supernatant was harvested for
analysis on a Bioprofile FLEX instrument (Nova Biomedical). The automated analysers
“Chemistry and Gas Module” was utilised to measure levels of metabolites including
glucose, lactate, glutamine, glutamate, ammonium, sodium, potassium and calcium as
well as pH levels. A Students T-test was applied to identify temperature induced
differences in metabolite consumption with a P value < 0.05. Metabolic profiling was

carried out by Dr. loanna Tzani in NIBRT.

2.2.8 Proteomics analysis

A lysis buffer containing 7M urea, 2M Thiourea, 4% CHAPS and 30mM Tris at pH 8.5
was applied to aliquots of cell cultures generated as described in 2.2.1. Samples were
centrifuged to remove cell debris and protein containing supernatant was collected.
Protein concentration was measured prior to label-free liquid chromatography-mass
spectrometry (LC-MS/MS) using a Quick Start Bradford protein assay kit (Bio-rad). 10
png from each sample was prepared for trypsin digest by reduction using 50mM
ammonium bicarbonate (Sigma-Aldrich). Samples were alkylated using 5mM
Dithiothreitol for 20 minutes at 56C° and 15mM lodoacetamide for a further 15 minutes
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in the dark. ProteaseMAX (Promega) was added to each fraction at a volume of 0.1%
(v/v) for efficient digestion and further enzymatic digestion of proteins was carried out
by adding Trypsin Gold (Promega) at a ratio of 1:20 to each sample and incubating
overnight at 37°C. Trifuoroacetic acid (Sigma-Aldrich) was added to stop the enzymatic

digestion reaction.

LC-MS/MS analysis was carried out on an Ultimate 300nanoLC instrument coupled with
a LTQ Orbitrap XL mass spectrometer (Thermo Fisher Scientific). 5uL of each digested
sample was loaded onto C18 PepMap trap columns (300 um id x 5 mm, 5 um particle
size, 100 A pore size; Thermo Fisher Scientific) which were desalted for 5 minutes at a
flow rate of 25 puL/min in 0.1% TFA and 2% Acetonitrile (Sigma-Aldrich). The trap
column was switched on-line with an analytical C18 PepMap column (75 um id x 500
mm, 3 um particle, and 100 A pore size; Thermo Fisher Scientific). A binary gradient of
2 solvents was used to elute peptides - solvent A (2% ACN and 0.1% formic acid (Sigma-
Aldrich) in LC-MS grade water (Sigma-Aldrich) and 0%—25% solvent B (80% ACN and
0.08% formic acid in LC-MS grade water) for 160 min and 25%-50% solvent B for a
further 20 min. The column flow rate was set to 350 nL/min and the Orbitrap configured
to survey MS scans in the 400-1800 m/z range with a resolution of 30,000 at m/z 400 and
lock mass set to 445.120025 u. Collision-induced dissociation fragmentation was carried
out in the linear ion trap on the three most intense ions per scan. A dynamic exclusion
window of 40s was applied. A normalised collision energy of 32%, an isolation window

of 3 m/z, and one microscan were used to collect suitable tandem mass spectra.

Mass spectra were processed using Progenesis QI software (Non-linear dynamics) with
the run with the most peptide ions selected as the reference run. Any drift in retention
time between replicate samples was normalised for by aligning peak intensities to the
reference run. A MASCOT file was exported from Progenesis and imported to Proteome
Discoverer (Thermo Fischer Scientific) and searched against a database containing
26,985 proteins generated by retrieving the predicted amino acid sequences of transcripts
annotated in the CHO cell Ensembl genome reference 93 using Biomart (Durinck et al.,
2009). Proteins were identified using the MASCOT and SEQUEST search algorithms
with parameters set to allow for a MS/MS mass tolerance of 0.6Da, 2 missed cleavages,
a MASCOT ion score of >40, SEQUEST XCorrs of 1.9, 2.2 and 3 for +1-3 ions

respectively, cysteine carbamidomethylation set as a static modification and methionine
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oxidation set as a dynamic modification. An ANOVA test was applied to identify
differential protein expression between temperature shifted and non-temperature shifted
samples. Thresholds of a<0.05 P value, a >1.2 fold change and a minimum of 2 identified
peptides were applied to identify proteins considered differentially expressed. Proteomics
analysis including sample preparation and LC-MS/MS were carried out by Orla Coleman
and Michael Henry in NICB, Dublin City University.
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2.3 Results

2.3.1 Cell culture

A 24.12% decrease in cell density was reported in temperature-shifted cells compared to
non-temperature-shifted cells at 72hrs which had an average of 1.5 x 10° cells/ml and 2.06
x 10° cells/ml respectively (Table 2.2, Figure 2.1). No change in viability was observed
in temperature shifted samples, with an average of 97% viable cells in both conditions at
each time point. Metabolic shift was observed after temperature shift, with lower levels
of lactate in the media of temperature shifted cells and higher glucose — indicating cells

had transitioned from aerobic glycolysis to OXPHOS (Figure 2.2, Appendix 2A).

Table 2.2 — Cell density and viability. Cell density and viability were measured in 24hr intervals
throughout the duration of cell culture. Reducing the culture temperature from 37°C to 31°C

decreased cell density after 24hrs with no significant change in viability.

Culture Day_l Day_2 Day_3 I_Z)ay 1 I_Z)ay 2 pay 3
ID Density Density Density | Viability | Viability | Viability
(cells/ml) | (cells/ml) | (cells/ml) (%0) (%) (%0)
NTS 1 | 5.29x 105 | 1.06 x 106 | 2.13 x 106 96.4 97 97.6
NTS 2 | 553 x 105 | 1.01 x 106 | 2.10 x 106 96.2 96 97.3
NTS 3 | 5.55x105 | 1.06 x 106 | 2.11 x 106 97.6 97.2 97.6
NTS 4 | 5.18 x 105 | 1.02 x 106 | 1.91 x 106 97.5 97 96.6
TS 1 |544x105|1.01x106 | 1.61 x 106 96.3 97.5 96.9
TS 2 |5.37 x105 | 9.80 x 105 | 1.66 x 106 96.6 96.1 96.9
TS 3 |5.39x105 | 9.50 x 105 | 1.54 x 106 97.4 96.7 96.5
TS 4 | 5.34x105 | 9.57 x 105 | 1.45 x 106 97.8 96 95.5
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Figure 2.1 — Cell density of temperature shifted and non-temperature shifted
CHO cells. Shown in this figure is the average cell densities of samples measured
in 24hr intervals for temperature shifted (31°C, blue) and non-temperature shifted
(37°C, red) samples. A 24% decrease in cell density was observed after 24hrs of
temperature shift which took place during the 48-72hr culture period.
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Figure 2.2 — Metabolite concentrations in temperature shifted and non-
temperature shifted cell culture media. Reducing cell culture temperature
resulted in the decrease in lactate and ammonium in media while glutamine, glucose
and pH levels increased. Metabolites with a statistically significant difference in P
value calculated by T test are denoted with an asterisk.
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Following confirmation of the typical behaviour of CHO cells induced by a reduction
bioreactor temperature (i.e. a decrease in growth rate and a switch from lactate production
to consumption) RNA from cells at 72hrs was subjected to next generation sequencing.

2.3.2 Quality Control and Pre-processing

All 8 samples were successfully sequenced to a minimum sequencing depth of 50 million
read-pairs per sample with an average of 69.7 million read pairs (50.9-80 million)
acquired for each sample (Table 2.3). Reads were of high quality with an average Phred
score of Q33 in all samples (Figure 2.3). 99.9% of reads in all samples survived trimming
which successfully removed adapters and low quality nucleotides from the ends of reads,
resulting in an increase in overall quality to Q34 (Figure 2.4). The quality of reads
diminished at the 3’ ends of reads, as is typically observed in reads generated by lllumina
sequencing technologies, and the average nucleotide quality in the 3° ends of reads
improved by trimming (Figure 2.4). An average GC of 48% was observed in reads. Prior
to trimming all reads were of length 150bp and ranged from 20-150bp post trimming with
the majority of reads above 145bp.

Table 2.3 — Sequence read quality summary statistics. The quality of sequence reads was
inspected using FastQC. Reads were of overall high quality and samples were sequenced to a
high depth (> 50 million reads). The presence of adapter content identified the need for quality
pre-processing to remove adapters from the ends of reads.

Reads Adapter

Sample Reads surviving GC (%) content (%)
NTS 1 | 70,447,918 | 70,441,755 48 21
NTS 2 | 76,600,082 | 76,592,061 48 18
NTS 3 | 69,654,137 | 69,645,676 47 22
NTS 4 | 70,644,823 | 70,637,585 48 18

TS 1 | 67,864,940 | 67,857,487 48 18

TS 2 | 50,979,659 | 50,975,133 47 17

TS 3 | 73,203,827 | 73,197,167 48 18

TS 4 77,979,243 | 77,971,134 49 17
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Figure 2.3 — Average read quality distribution for untrimmed and trimmed
reads. FastQC was used to summarise the per-read average quality for each sample.
The average of all samples is plotted here for untrimmed (red) and trimmed (green
reads). An increase in the number of reads >Q33 in trimmed reads is visible.
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Figure 2.4 — Average per nucleotide sequence quality across the length of reads.
The presented boxplots show the sequence quality of all samples (A) before and (B)
after trimming. The 5’ ends of reads were of particularly high sequence quality with
all reads >Q30. Sequence quality decreases along the length of the reads but is
improved slightly after trimming. Boxes represent the 1°%t-3' quartiles of read
quality and whiskers show the 10% and 90% intervals.
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2.3.3 Alignment of RNA-Seq reads to the CHO cell genome

The optimal alignment algorithm and genome assembly to use for analysis throughout
this thesis were assessed using publically available CHO cell RNA-Seq datasets and
computationally simulated reads (Appendix 1). The findings of these experiments
revealed HISAT2 provided the best balance of runtime, low memory requirements and
high sensitivity. The CriGri_1.0 genome was the most complete out of the available
Chinese hamster and CHO cell genome assemblies and the ENSEMBL version of the

genome annotation provides the most biological information on the genome.

An average of 84.46% (82.93-86.17%) of reads were aligned to the CHO-K1 cell
CriGri_1.0 genome using HISAT2 (Figure 2.5, Appendix 2B). Alignments to CHO cell
rRNA and mitochondrial sequences were used to evaluate contamination levels and the
efficiency of the rRNA depletion stage of library preparation. We observed low levels of
both rRNA and mitochondrial derived reads with average alignment rates of 0.19% (0.12-
0.33%) and 1% (0.87-1.34%) respectively (Appendix 2B). The reads mapping to known
genome features annotated by Ensembl were determined using featureCounts (Liao et al.,
2014). An average of 54.1% of reads were assigned to annotated gene features (51.57-
56%, Figure 2.5, Appendix 2B). Read counts for each genome feature with gene
abundance over 1CPM were used for principal component analysis. The resulting PCA
plot is displayed in Figure 2.6.
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Figure 2.5 — Alignment statistics. An average of 84.46% of reads were aligned to
the genome and 54.1% assigned to annotated gene features. Unaligned reads are
represented in red, reads aligned to CHO cell rRNA sequences are in orange (not
visible), reads aligned to the Chinese hamster mitochondria in purple, reads aligned
to the CHO-K1 CriGri_1.0 genome in blue and reads assigned to annotated gene
features in the Ensembl genome annotation in green.
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Figure 2.6 Principal component analysis plot of read counts assigned to genes.
PCA was carried out on count data of genes expressed at a minimum of 1CPM. The
first 2 principle components are plotted in this figure. Temperature shifted samples
are plotted in blue and non-temperature shifted in red.
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2.3.4 Differential gene expression with DESeq?2

DESeq2 was used to identify differentially expressed genes using the counts generated in
Section 2.5.3.4 as input. At a> 1.5 fold change and a BH p value of <0.05, 1,953 genes
were identified as differentially expressed. Of these differentially expressed genes 937
were upregulated and 1,016 were downregulated at 31°C (Appendix 2C, Table 2.4).
Alignments of reads to highly upregulated and downregulated genes are illustrated in
Figures 2.7 and 2.8. 53 GO categories were identified as enriched with a BH adjusted p
value < 0.05 (Appendix 2E, Table 2.5).
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Table 2.4 — Top 10 significantly up and downregulated genes. Contained in this table are the most significantly differentially expressed genes which had an

annotated gene symbol. baseMean refers to the DESeq2 normalised expression.

Gene ID Gene Symbol Gene Name Base Mean FC BH P Value
ENSCGRG00000005663 Nphpl Nephrocystin 1 3,760 2.84 7.05 x 10302
ENSCGRG00000008084 Lgals3bp Galectin 3 Binding Protein 4,148 3.23 2.55 x 1027
ENSCGRG00000014728 Tmem123 Transmembrane Protein 123 3,287 3.52 8.13 x 1027
ENSCGRG00000012454 Scn2a Sodium Voltage-Gated Channel Alpha Subunit 2 2,374 3.37 8.66 x 1028
ENSCGRG00000013654 Tmem63b Transmembrane Protein 63B 3,521 4.20 1.10 x 102
ENSCGRG00000010485 Epha2 EPH Receptor A2 4,241 2.66 1.35 x 1022
ENSCGRG00000011491 Zmat3 Zinc Finger Matrin-Type 3 2,773 3.07 3.02 x 102!
ENSCGRG00000008014 Dzipl DAZ Interacting Zinc Finger Protein 1 2,093 3.52 4,57 x 102%
ENSCGRG00000007833 Fam198b Family With Sequence Similarity 198 Member B 2,668 2.57 1.90 x 10204
ENSCGRG00000018207 Tax1bp3 Tax1 Binding Protein 3 1,777 2.90 9.42 x 107200
ENSCGRG00000012297 Clspn Claspin 2,772 -3.21 1.56 x 10267
ENSCGRG00000019090 Hist2h2bb Histone Cluster 2 H2B Family Member B 14,730 -4.99 6.45 x 1027
ENSCGRG00000015009 Hist1h3f Histone Cluster 1 H3 Family Member F 3,037 -5.62 2.49 x 107264
ENSCGRG00000015066 Kntcl Kinetochore Associated 1 4,932 -3.25 1.44 x 1025
ENSCGRG00000010342 Cdca7 Cell Division Cycle Associated 7 3,150 -2.51 2.09 x 10°%5
ENSCGRG00000012764 Fanci FA Complementation Group | 2,803 -2.72 9.09 x 10
ENSCGRG00000017959 Kifl4 Kinesin Family Member 14 4,973 -2.25 1.69 x 1022
ENSCGRG00000003462 Cdc45 Cell Division Cycle 45 1,602 -2.95 2.28 x 1072°
ENSCGRG00000003449 Mcm7 Minichromosome Maintenance Complex Component 7 5,854 -2.67 1.58 x 10215
ENSCGRG00000014843 Pold1 DNA Polymerase Delta 1, Catalytic Subunit 2,921 -3.03 2.87 x 1072%°
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Figure 2.7 — Genome alignment of reads to the Cirbp gene. The cold inducible
RNA binding protein was upregulated in the temperature shift condition (blue
tracks) with a 2.3 fold change in expression.

JHO00334.1
1]
.
5
2
g
&
4 6,165 bp
8 385,000 bp. 386.000 bp 387,000 bp. 388.000 bp 389.000 bp 350,000 bp
é I 1 1 I 1 1 | I 1 I |
0-5121)
NTS_1 - l . ll . " .
0- &3121) - = .
- S —
NTS_3 . l . - I I I
0-sn21) —_— —_— —n.
NTS_4 - I . . .
10- 83121)
TS_1
B
182
0-59121)
183
CEET
1S_4
Fos
— =i Y -

Figure 2.8 — Genome alignment of reads to the Fos gene. The Fos gene was highly
expressed in non-temperature shifted samples (red tracks) however temperature
shift induced a -10 fold downregulation of expression.
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Table 2.5 — Enriched GO terms for genes with differential expression after temperature
shift. The top 10 enriched GO terms of differentially expressed genes are presented in this table.
GO analysis was performed using DAVID. Full table in Appendix 2E.

Term ID Term Count % '.:OId BH P value
Enrichment

G0:0006260 | DNA replication 67 4 513 3.75 x 1077

G0:0006281 | DNA repair 68 4.1 3.43 2.06 x 10716

G0:0051301 | cell division 85 5.1 2.88 4.97 x 10-16

GO:0000722 | felomere maintenance 23 14 8.53 5.87 x 104
via recombination

G0:0006270 | DNA replication 2 | 13 8.16 1,08 x 102
initiation

GO0:0007067 | mitotic nuclear division 63 3.8 3.01 2.12 x 1012

G0o:0000731 | DNAsynthesisinvolved | o, |4 4 7.46 1.09 x 101
in DNA repair

G0:0007062 | sister chromatid cohesion 37 2.2 4.26 2.05 x 101

GO:0000082 | GU/S transition of mitotic | 55| 5 4 4.07 4.48 x 1010
cell cycle

GO:0006974 | Cellularresponse to DNA | ) | 54 2.97 8.19 x 1010
damage stimulus

2.3.5 Differential gene and protein expression

348 proteins were detected with at least 2 peptides mapped to their amino acid sequence
using mass spectrometry. 108 of these were identified as significantly upregulated after
temperature shift and 63 downregulated (Appendix 2F). Gene ontology enrichment
analysis revealed enrichment for cell cycle process, G1/S transition, mMRNA stability,

gene expression and protein transport (Table 2.6, Appendix 2G).
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Table 2.6 — Enriched GO terms for proteins with differential expression after temperature
shift. The top 10 enriched GO terms of differentially expressed proteins are presented in this
table. GO analysis was performed using DAVID. Full table in Appendix 2G.

Term ID Term Count % '.:OId BH P value
Enrichment

posttranscriptional

G0:0010608 | regulation of gene 22 14.97 5.79 5.06 x 107
expression

G0:0046907 | intracellular transport 37 25.17 2.88 9.01 x 106
organonitrogen

G0:1901566 | compound biosynthetic 34 23.13 3.07 7.06 x 108
process

) carboxylic acid 4

G0:0019752 metabolic process 24 16.33 3.61 1.17 x 10

G0:0043436 | ©X03cid metabolic 24 16.33 3.59 1.04 x 10
process

GO:0006082 | Organic acid metabolic 25 17.01 3.42 1.03 x 10
process
macromolecular

G0:0043933 | complex subunit 44 29.93 2.22 1.12 x 10*
organization

GO:00434gg | regulation of MRNA 11 7.48 0.43 0.82 x 10°
stability

G0:00434g7 | régulation of RNA 11 7.48 8.99 1.35 x 10
stability

G0:0010033 | eSPOnse to organic 47 31.97 2.07 1.91 x 10
substance

Just 27 of the genes identified as differentially expressed at the protein level were
identified with differential expression in the same direction in RNA-Seq data. 93 of the
upregulated proteins and 51 of the downregulated proteins were not detected as
differentially expressed at the gene level using DESeq2. 5 upregulated genes and 8
downregulated genes did not have corresponding differential expression at the protein
level. 4 genes were identified with anti-correlated expression at the protein level (gene
expression up but protein expression down or vice versa) (Table 2.7). The full results of
genes and proteins without corresponding expression levels (153) are presented in
Appendix 2H).
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Table 2.7- Differentially expressed genes with anti-correlated protein expression. 4 genes
were identified with anti-correlated expression between the gene and protein level with at least a
>+1.5 fold change at the gene level and >+1.2 fold change at the protein level.

Gene Protein .
Gene Gene name EC Gene P FC Protein P
Lmnbl | Lamin B1 -1.88 4.41x 10% 1.71 2.9 x 1072
Cdk1 Cyclin-dependant kinase 1 -1.9 2.91 x 107146 1.21 1.4 x 102
Hnrmpe | Heterogeneous Nuclear 1.66 | 1.29x 107120 1.26 3.5x 103
Ribonucleoprotein C
H2afj 5—|2A Histone Family Member 19 8.3 x 1048 135 55 x 10
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2.4 Discussion

The experimental design of this study utilised CHO K1 cells cultured in biological
quadruplicates for two conditions — those grown at 37°C and cells temperature shifted to
31°C. The effects of decreased culture temperature for 24hrs is sufficient to have a
phenotypic effect on CHO cell growth rate without being lethal. We observed a 24%
reduction in cell density 72hrs post-seeding in temperature shifted cells compared to those
without temperature shift with no significant change in viability — indicating a decreased
rate of growth and replication rather than apoptosis is responsible for the decreased cell
density. In addition to a decreased growth rate, measurements of metabolites in the media
indicated an increase in glucose concentration and decrease in lactate and ammonia levels
in temperature shifted cells. The observed change in metabolites in media suggested a
change from a Warburg type metabolism to an oxidative phosphorylation (OXPHOS)
metabolic phenotype as is typical in temperature shifted CHO cells which have halted
exponential growth and entered the production phase of culture and is associated with
enhanced productivity (Buchsteiner et al., 2018). RNA-Seq data obtained through this
experiment is of high sequence quality — with low levels of mitochondrial and ribosomal
RNA contamination and adapter sequences successfully removed during pre-processing.
Principal component analysis on gene count data revealed separation of the samples by
their experimental condition in the first principal component, evidence that temperature
shift has induced global changes to the transcriptome which have been captured in

sequencing and that replicate samples are representative of each other.

Temperature shift resulted in widespread gene expression changes and 1,953 genes were
identified as differentially expressed. Widespread expression changes in response to
temperature shift have been previously reported and therefore this is an expected
observation (Bedoya-Lopez et al., 2016). Consistent with Bedoya-L6pez et al. we
identified differentially expressed genes associated with cold shock, apoptosis, cell cycle
and metabolism as differentially expressed 24 hours after temperature shift. Differentially
expressed genes were enriched for gene ontology terms including DNA replication, cell
division, G1/S transition of mitotic cell cycle and the cellular response to DNA damage.
Enrichment of differentially expressed genes regulating the cell cycle, particularly at the
G1/S phase transition, are in agreement with existing knowledge of the temperature shift

response in CHO cells which have been observed to pause at the G1 stage of the cell cycle
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(Underhill and Smales, 2007). Increased viability and productivity of CHO cells has been
linked to spending an increased amount of time in the G1 phase - at which cells are the
largest and therefore have a higher capacity for producing proteins (Moore et al., 1997).
Although the proportions of cells in each phase of the cell cycle and productivity were
not measured, it is likely decreased growth rate induced by reduced culture temperature
is due to an elongated G1 phase and temperature shifted cells would likely produce

increased yields if batch cultures extended until the maximum duration.

Previous studies of mild hypothermia in CHO cells have revealed upregulation of cold
shock genes including cold inducible RNA binding protein (Cirbp) and RNA binding
motif protein 3 (Rbm3) (Bedoya-Lopez et al., 2016). Cirbp is a well-studied cold shock
protein which is known to play a role in the CHO cell response to reduced cold
temperature and has been previously utilised as a genetic engineering target to enhance
productivity in CHO cells (Tan et al., 2008). When Cirbp is overexpressed 90 fold
compared to Cirbp expression in CHO cells cultured at 37°C, recombinant protein yields
were found to increase by 40% relative to cell culture strategies incorporating a
temperature shift to 32°C (Tan et al., 2008). The mechanism through which Cirbp impacts
productivity is not yet fully understood however there is evidence to suggest Cirbp acts
as an RNA chaperone during cold shock which binds mMRNAs to regulate their expression
post-transcriptionally (Zhu et al., 2016). Cirbp has been shown to associate with
ribosomes as well as the untranslated regions of its target mMRNAS and result in increased
translation (Zhu et al., 2016). Cirbp has also been shown to have a role in regulating
splicing and alternative polyadenylation of target transcripts which may enhance the
stability of mRNAs (Morf et al., 2012; Zhu et al., 2016). In this study Cirbp was identified
among the most significantly differentially expressed genes — upregulated with a 2.3 fold
change and a P value of 5.76 x 1018, Although Rbm3 is not as well studied as Cirbp in
CHO cells the two genes are highly similar in terms of their protein structure, molecular
function and cold specific upregulation (Zhu et al., 2016). Rbm3 also regulates splicing
and translation of its targets through association with the spliceosome and ribosome (Zhu
et al., 2016), however Rbm3 also regulates the expression of temperature specific
miRNAs (Wong et al., 2016) — potentially through a role in miRNA biogenesis (Pilotte
et al., 2011). Rbm3 was also among the most significantly upregulated genes with a 2.99

fold change in expression and 1.56 x 107*'? P value. In addition Rbm3 was the most
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upregulated protein detected using LC-MS/MS with a 1.99 fold change and 5.7 x 10°P
value. Upregulation of Cirbp and Rbm3 is further evidence of a role of both these genes
in the CHO cell response to mild hypothermia and is consistent with previous RNA-Seq
experiments on temperature shifted CHO cells (Bedoya-Lopez et al., 2016) - instilling

confidence in this dataset.

In this experiment a 24% in cell density was observed in temperature shifted cells which
we can infer is because of a decrease in growth rate due to sustained levels of viability. A
halting in the G1 phase of growth has been reported previously in cold shocked CHO
cells (Kumar et al., 2007), however the molecular mechanisms behind this change to
growth rates remains to be elucidated. Gene ontology analysis revealed enrichment for
“G1/S transition of mitotic cell cycle” (GO:0000082) among the most significantly
enriched GO terms (1.5 x 101° P value). The 35 differentially express genes annotated
with this process include cell division cycle 6 (Cdc6), cell division cycle 7 (Cdc7), cell
division cycle 45 (Cdc45), cyclin D1 (Ccnd1), cyclin E1 (Ccnel), cyclin E2 (Ccne2) and
cyclin dependant kinase inhibitor 1a (Cdknla). Each of these cell cycle regulating genes
were downregulated in response to temperature shift with the exception of Cdknla which
is among the most highly upregulated genes (4.47 fold change and 7.64 x 10122 P value)
and Ccnd1 (1.52 fold change, 5.65 x 102 P value). Progression from the G1 phase of the
cell cycle in which cells grow to the S phase where DNA is replicated requires expression
and activity of E cyclins which bind to and activate cyclin dependant kinase 2 (CDK2)
(Teixeira et al., 2016). The mammalian E-type cyclins Ccnel and Ccne2 were both
downregulated in temperature shifted CHO cells with a -1.71 and -2.51 fold change
respectively (2.21 x 1022 and 4.59 x 10" P values). Ccnel/Cdk2 inhibition, either by
knockdown or expressing inhibitors, has been shown to result in lengthened G1 phase in
mouse embryonic stem cells (Li et al., 2012). The downregulation of Ccnel and Ccne2
in CHO cells has been previously studied and found to be regulated by expression of the
Nfatl transcription factor to control the G1/S phase transition (Teixeira et al., 2016). The
Nfatcl gene was not identified as differentially expressed in this study and therefore
Cyclin E expression is likely regulated through other means in the response to decreased
culture temperature. A potential mechanism is due to downregulation of the E2F
transcription factors which are known to regulate the expression of Ccnel and Ccne2
(Caldon and Musgrove, 2010) the E2f1 and E2f2 genes were downregulated in response
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to mild hypothermia with a -2.05 and -2.18 fold change respectively. E2f1 and E2f2
expression is supressed by Ccndl which is identified as upregulated with a 1.5 fold
change in temperature shifted cells. In addition to regulation at the level of gene
expression, Cyclin E activity is regulated by p21 — a protein expressed from the Cdknla
gene (Bertoli et al., 2013). p21 inhibits Cyclin E from forming a complex with Cdk2 to
enter the S phase of the cell cycle and expression of Cdknla has been shown have a larger
impact on the cell cycle than increased Cyclin E expression (Caldon et al., 2009). Cdknla
is among the most significantly overexpressed genes in temperature shifted cells with a
4.43 fold change. Most interestingly p21 expression may be directly regulated during
temperature shift by Cirbp activity (Morf et al., 2012). CLIP-Seq (Cross-linking and
Immunoprecipitation sequencing) experiments have shown Cirbp binds Cdknla mRNA
in the 3 UTR (Morf et al., 2012). The reduced growth rate we observe in temperature
shifted CHO cells may therefore be a direct result of Cirbp expression regulating cyclin

genes to control the cell cycle.

Reducing the temperature of CHO cell cultures also impacted metabolic activity with an
increase in glucose concentrations in temperature shifted cultures and a decrease in lactate
levels. A hallmark of CHO cell energy metabolism in the exponential growth phase is a
“Warburg” type phenotype in which cells inefficiently utilise glucose in glycolysis as the
primary source of ATP and produce lactate as a toxic metabolic by-product (Buchsteiner
et al., 2018). Temperature shift can reverse the Warburg phenotype and switches cells to
consuming lactate and utilising OXPHQOS as the primary source of energy metabolism -
increased glucose and decreased lactate levels in the media suggests the cells in this
experiment have undergone this “metabolic switch” (Buchsteiner et al., 2018).
Differential expression was observed in genes which may contribute to this change in
metabolism including lactate dehydrogenase genes (Li et al., 2016) and drivers of
glycolysis (Salazar-Roa and Malumbres, 2017). The lactate dehydrogenase C (Ldhc) gene
was among the 10 genes with the greatest fold change in gene expression with a 32.6 fold
increase in expression induced by temperature shift. In addition the lactate dehydrogenase
genes Ldha, Ldhal6b were upregulated (2.13 & 2.52 fold) and Ldhd was downregulated
(-1.82 fold). Lactate dehydrogenases catalyse the reversible conversion between lactate
and pyruvate (used to fuel the TCA cycle and OXPHOS). Alterations to lactate

dehydrogenase gene expression results in reduced levels of anaerobic glycolysis (Li et
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al., 2016) and therefore differential expression of these genes is likely the major
mechanism  through  which increased lactate consumption occurs. The
phosphofructokinase gene (Pfkm) is a rate limiting enzyme in the glycolysis pathway
which commits fructose to use in glycolysis by catalysing conversion to fructose 1,6-
biphosphate (Tang et al., 2012). Upregulation of Pfkm has shown to induce anaerobic
respiration and the accumulation of lactate while miRNA knockdown of Pfkm results in
decreased lactate production and therefore the Pfkm gene is likely a regulator of metabolic
switching (Tang et al., 2012). Pfkm was downregulated -1.5 fold in response to
temperature shift which may contribute to the metabolic shift observed. Metabolic switch
from glycolysis to OXPHOS is also regulated by adenosine monophosphate-activated
protein kinase (Ampk) which phosphorylates and activates 6-phosphofructo-2-
kinase/fructose-2,6-biphosphatase 3 (Pfkfb3) during mitotic arrest (Doménech et al.,
2015). The Ampk subunit genes Prkab2 and Prkagl were identified as differentially
expressed with a 1.59 and -1.78 fold change respectively. Prkagl is the y subunit of Ampk
which senses energy levels through binding of AMP which changes the structure of Ampk
and activates the catalytic domain to phosphorylate Pfkfb3 (Adams et al., 2004). Reduced
expression of Prkagl may therefore reduce Ampk activity and prevent Pfkfb3 activity

from inducing anaerobic glycolysis (Salazar-Roa and Malumbres, 2017).

Gene expression profiling using high resolution RNA-Seq to study the response to
reduced temperature during CHO cell cultures has improved our understanding of
alteration energy metabolism induced by temperature shift. Metabolic switch regulating
genes including Pfkm and Prkagl have not been previously linked to the CHO cell
response to reduced culture temperature. However, through proteomics analysis of
matched samples carried out to identify differentially expressed proteins it is clear that
gene level expression changes are not always conferred to the protein level. While only
2.75% of the genes profiled using RNA-Seq were confidently observed as expressed in
proteomics (340 of the 12,291 genes identified in RNA-Seq > 1CPM) a lack of overlap
between differentially expressed genes and proteins was apparent. Fold changes of 45%
(153) of proteins detected by LC-MS/MS did not correlate with values from differential
gene expression experiments indicating a high degree of post-transcriptional regulation
of gene expression contributes to the response to mild hypothermia.
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The cell surface glycoprotein Cd44 (Cd44) is a transmembrane receptor which is
activated by multiple different ligands to induce cell signalling for pathways with roles
in cell proliferation, adhesion and apoptosis protection (Chen et al., 2018). Cd44 can also
activate the hypoxia inducible factor 1o (Hifla) transcription factor (Chen et al., 2018)
and increase glucose uptake (Pasto et al., 2014) — inducing a Warburg metabolic
phenotype. Cd44 was identified as upregulated with a 2.07 fold change in cells cultured
at a reduced temperature. As growth rate and glucose uptake are down in temperature
shifted cells this was an unexpected observation. Cd44 was however not identified as
differentially expressed at the protein level using LC-MS/MS (1.18 fold change)

indicating post-transcriptional regulation controls Cd44 expression.

In this Chapter a number of potential targets for engineering enhanced CHO cells have
been identified. The Rbm3 gene was identified as one of the most highly upregulated
genes and was the most upregulated protein in temperature shifted CHO cells. Rbm3 is
known to play a role in cold shock and acts in tandem to Cirbp, which shares similar
protein structure (Zhu et al., 2016). Cirbp has been utilised previously as a genetic
engineering target in CHO cells for enhancing productivity (Tan et al., 2008), however
Rbm3 has yet to be utilised as such. Overexpressing Rbom3 may also result in enhanced
productivity through regulating the splicing and translation of cold specific MRNAs (Zhu
et al., 2016) which results in elongated stationary phase of culture and therefore yield.
The Cdknla gene which regulates the cell cycle through cyclin inhibition (Caldon et al.,
2009) was identified as one of the most upregulated genes in temperature shift. As a target
of Cirbp (Morf et al., 2012) and a master regulator of cell cycle progression at the G1/S
phase (Caldon et al., 2009), the Ckdnla gene may be one of the main regulators of the
temperature shift phenotype which results in a halting of the cell cycle. Inducing
overexpression of Cdknla once cells have reached optimal cell density to transition cells
into the stationary phase may enhance the beneficial effects of temperature shift and result
in elongated cultures. The decrease in lactate accumulation presented in temperature
shifted cells is beneficial as lactate has a negative impact on culture viability (Bort et al.,
2010). One of the most highly downregulated genes in temperature shifted cells was the
lactate dehydrogenase Ldhd. Knockout or knockdown of Ldhd may further reduce lactate
production and further increase cellular viability due to decreased media acidification. In

addition, the Pfkm and Prkagl genes which induce a Warburg metabolism (Salazar-Roa
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and Malumbres, 2017; Tang et al., 2012) were identified as downregulated in temperature
shifted cells. Decreased expression of these genes at the start of the stationary phase could
be utilised to revert cells from a Warburg metabolism to the primary use of oxidative
phosphorylation and increased energy availability for recombinant protein production.
Each of these gene targets have not been previously attributed to temperature shift in
CHO cells and therefore this experiment has improved our understanding and enabled

identified of novel genetic engineering targets.

Comparisons of gene and proteomics expression data has revealed a high degree of post-
transcriptional regulation of gene expression in addition to regulation at the level of
transcription. While this experiment was informative in discovering the degree of post-
translational regulation which occurs, this methodology is limited when it comes to
discovering the mechanisms through which post-transcriptional regulation is occurring.
A reliance on mass spectrometry proteomics also means this experiment suffers from low
resolution of the protein landscape as only 3% of the genes observed to be expressed at
the gene level were confidently identified with a minimum of 2 peptides at the protein
level. Altered expression of splice factors indicate temperature shift induced post-
transcriptional regulation of gene expression may be contributed to by alternative splicing
(Wang et al., 2015). In addition the lack of correlation between mRNA and protein levels
indicates regulation of translation efficiency contributes to the temperature shift response
through mechanisms such as miRNA activity (Catalanotto et al., 2016). Profiling gene
expression through microarray or RNA-Seq and measurements of the proteome through
mass spectrometry alone are insufficient to profile the mechanism of post-transcriptional
regulation of gene expression. Alternative methods must therefore be applied such as the
profiling of alternative splicing, the activity of miRNAs and to measure translational
efficiency in order to obtain a complete overview of the regulation of gene expression in
the temperature shift response which we will explore in the following chapters throughout

this thesis.
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2.5 Conclusion

In conclusion, presented in this Chapter are the results of differential gene and protein
expression on CHO cells exposed to mild hypothermia. Throughout this experiment an
effective pipeline was developed for the analysis of RNA-Seq data and utilised to identify
significant differential expression in 1,953 genes. The findings of this experiment
demonstrate the model used is representative of the phenotype achieved by temperature
shift in industrial cell culture — with reduced growth rates and a metabolic shift from
Warburg to OXPHOS metabolism. Differential gene expression enhanced our
understanding of the control of energy metabolism genes in temperature shifted CHO
cells - with Pfkm, Prkab2, and Prkag1l regulation linked to mild hypothermia conditions
for the first time. Integration of mass spectrometry proteomics results revealed a lack of
correlation between transcript and protein levels for 45% of detected genes. The lack of
correlation between gene and protein expression levels indicates a high degree of post-
transcriptional control of gene expression is responsible for regulating the temperature
shift response in CHO cells. Further in-depth analysis of this dataset using other
algorithms may have the potential to undercover more transcription patterns associated
with the CHO differential expression response such as alternative splicing and the role of
ncRNAs. A hypothesised role of Cirbp and Rbm3 activity in the temperature shift
response is the regulation of splicing. Alternative splicing is therefore a particularly

interesting subject and as such is the focus of Chapter 3.
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Chapter 3

Analysis of temperature induced alternative

splicing in CHO cells
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3.1 Summary

In Chapter 2 widespread differential gene expression induced by temperature shift in
CHO cells in growth, apoptosis and energy metabolism genes was identified. Mass
spectrometry based proteomics revealed that gene expression changes were not always
correlated to protein abundance. In this chapter the roles of alternative splicing and
differential transcript usage are explored using the RNA-Seq described in Chapter 2. To
maximise the identification of these events novel transcript isoforms and gene loci were

identified using genome guided transcriptome assembly.
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3.2 Introduction

Alternative splicing is a post-transcriptional process which results in the generation of
multiple different transcripts from a single gene by the skipping of exons, retention of
introns, or use of alternative splice or polyadenylation sites during pre-mRNA processing
(Wang et al., 2015). Splicing was first observed by purifying mRNA fractions encoding
adenovirus hexon polypeptide using electrophoresis and observing differing lengths of
MRNA hybridising to its corresponding DNA fragments using electron microscopy (due
to the absence of introns) (Berget et al., 1977). Technology to profile splicing has
significantly progressed since this time to improve throughput and information gained.
EST sequencing was used to generate large libraries of cDNAs which were used in early
bioinformatics analyses to cluster mMRNAs according to their genomic location (Modrek
et al., 2001). Meta-analysis of EST libraries enabled the identification of over 6,200
alternative splicing events in a single experiment (Modrek et al., 2001) as well as 667
tissue-specific isoforms (Xu et al., 2002). The scale at which splicing occurs in
mammalian genomes was however not realised until the application of deep RNA-Seq to
globally profile the transcriptome - with over 95% of multi-exonic genes expressing at
least 2 transcript isoforms (Pan et al., 2008). Alternative splicing increases the complexity
of the mammalian transcriptome enabling, for example, the expression of over 90,000
diverse proteins from ~20,000 protein coding genes in Humans (Nilsen and Graveley,
2010). The most extreme reported case of alternative splicing is in the Drosophila
DSCAM gene, where alternative splicing of 4 variable mutually exclusive exon clusters
gives rise to over 38,000 potential different isoforms to generate diverse neuron receptors
(Schmucker et al., 2000). Alternative splicing is also known to occur in CHO cells, with
as many as 10 transcript isoforms documented for a single gene in the Ensembl genome
annotation (Gstm1, Ensembl ID: ENSCGRG00000000476).

Splicing of pre-mRNAs expressed from multi-exonic genes is catalysed by the
spliceosome, one of the largest macromolecules in eukaryotic cells, which consists of 5
non-protein-coding RNAs (SnRNPs, small nuclear ribonucleo proteins) and >150 proteins
(Cieply and Carstens, 2015). The spliceosome assembles on pre-mRNA by the binding
of snRNPs to the 5’ splice site and 3’ splice site (donor and acceptor site, at the end of
and beginning of neighbouring exons respectively) which bring the exons in close

proximity for removal of the intron). The consensus sequences of the donor and acceptor
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splice sites can vary in their strength (the homology of the sequence to the consensus) and
therefore weak sites require the binding of splicing factors to intronic or exonic splicing
enhancer sequence elements to regulate the efficiency of spliceosome assembly (or
conversely the efficiency of splicing can be reduced by the binding of splice factors to
intronic or exonic splicing silencer elements) (Cieply and Carstens, 2015). Expression of
splicing factors in a particular tissue, cell type or stage of development therefore allows
for the control of splicing to regulate the dominant transcript isoform in a cell by
regulating the rates of exon skipping, intron inclusion, or use of alternative splice sites
(Grosso et al., 2008). Alternative splicing can also be induced in response to stimuli
including temperature changes - such as the skipping of exons 6 and 7 reported in the
U2AF26 splice factor in response to 32°C cold shock in mouse N2A cells mediated by
the SRSF2 and SRSF7 splice factors (Preufner et al., 2017).

Both EST sequencing and microarray profiling technologies have been utilised previously
for the study of alternative splicing events (Bumgarner, 2013) however each of these
techniques have disadvantages compared to RNA-Seq. EST sequencing provides no
quantification data on the mRNA which means rare isoforms with non-biologically
relevant expression levels and incompletely processed mRNAs cannot be distinguished
from highly expressed functional isoforms (Lee and Roy, 2004). Conversely, microarrays
can be utilised to obtain transcript expression data but cannot be used to retrieve the
nucleotide sequence of novel variants and cannot distinguish similar splice variants from
each other (Bumgarner, 2013). To distinguish different isoforms from each other using
microarrays it is possible to design probes targeting every exon-exon junction which can
possibly splice together in a given transcript, but for complex genes with many exons this
would be an exhaustive process (Bumgarner, 2013). Microarrays targeting every possible
exon-exon junction combination would also be unable to capture subtle changes to the
sequence of a spliced transcript such as inclusion of a small number of nucleotides due to
the usage of an alternative splice site. Microarrays have been designed and utilised for
studying alternative splicing which target exons and exon junctions in panels of genes
(Su et al., 2008) and commercial microarrays are available such as the GeneChip 2.1

which can capture exon level measurements on >418,000 human exons (Affymetrix).

RNA-Seq overcomes the drawbacks of both EST sequencing and microarrays enabling

simultaneous quantification and identification of every transcript expressed in a sample
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when sufficient sequencing depth is utilised (Bryant et al., 2012). RNA-Seq reads aligned
to a genome can be quantified on a transcript isoform level using an approach known as
“isoform deconvolution” in which the abundance of reads crossing exon:exon junctions
unique to a given transcript are used to proportionally distribute reads aligned to regions
shared by multiple transcripts (Trapnell et al., 2010). Novel exon:exon junctions are
utilised to simultaneously discover unannotated transcript isoforms. One challenge of
using RNA-Seq reads for the assembly of isoforms is the rates of false positives generated
by many of the algorithms which may arise due to incomplete splicing, partially degraded
transcripts or alignment errors and incorporated into novel transcripts erroneously
(Soneson et al., 2015). New algorithms such as Stringtie are however improving the
specificity and sensitivity of transcript assembly (Pertea et al., 2015). Expression
abundances estimated by isoform deconvolution can be used to calculate differential
expression at the whole gene, individual transcript or exon level. Comparing the results
of genes with differentially expressed transcripts with gene level differential expression
results enables the identification of “isoform switching” — a change in the proportions of
the expressed isoforms of a gene without necessarily affecting the overall gene expression
(Vitting-Seerup and Sandelin, 2017). Changes in the proportions of expressed transcript
isoforms of a gene, resulting from differential alternative splicing, can result in dramatic
and even antagonistic effects on the functionality of the translated protein. For example
isoform switching of the Bcl-x gene results in a switch from pro-apoptosis to anti-
apoptosis and is often a hallmark of cancers (Merdzhanova et al., 2008). Although anti-
apoptotic functionality and rapid cellular replication are cancer causing traits in human
cells, these are advantageous for CHO cells in the context of biopharmaceutical
production in order to increase batch culture duration and to reach optimal cell density
quickly.

Alternative splicing has not yet been extensively studied in CHO cells, however previous
transcriptome sequencing experiments have resulted in a collection of transcript variants
which have been deposited into genome annotation databases (Birzele et al., 2010; Lewis
et al., 2013; Rupp et al., 2014). No study to date has yet made use of these existing
transcript variants to study the contribution of alternative splicing to a phenotype in CHO
cells. One previous RNA-Seq study on temperature shifted CHO cells used the transcripts

annotated in the CHO-K1 genome for quantifying aligned read counts prior to differential
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expression analysis, however their results were only analysed in the context of the
individual gene and no insight into observed alternative splicing or differential transcript
expression was reported (Bedoya-L6pez et al., 2016). Other RNA-Seq experiments have
also been performed on CHO cells (Chenetal., 2017; Chung et al., 2013; Hsu et al., 2017;
Konitzer et al., 2015; Vishwanathan et al., 2014; Yuk et al., 2014) however each of these
experiments analysed their data at the level of gene rather than the transcript and therefore
potentially missed the presence of differential transcript usage and isoform switching in
their results (Vitting-Seerup and Sandelin, 2017).

In this chapter the RNA-Seq data from Chapter 2 was re-analysed in order to identify
changes in the isoform population induced in response to the culture temperature. In
addition splicing events were classified on at the level of exons to infer potential

biological effects of observed alternative splicing.
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3.3 Methods

3.3.1 Genome-guided assembly

The ENSEMBL reference genome annotation release 93 for CriGri_1.0 was used as an
annotation for genome guided assembly with Stringtie (Pertea et al., 2015). Each of the 8
samples aligned reads in the sorted BAM format (generated in Chapter 2) were
individually assembled into transcripts, requiring a minimum junction coverage of 5
aligned reads to accept a novel splice junction. The resulting transcripts from each sample
were merged with the reference GTF annotation file using the ‘Stringtie --merge ’ function
to generate a comprehensive GTF file containing both the existing annotation as well as
novel transcripts assembled from our RNA-Seq data. Only novel transcripts with a
minimum isoform fraction of 0.1 (i.e. those transcripts detected <10% of the expression
of the most abundant transcript of a particular gene) and an average coverage of 10 reads

were retained.

3.3.2 Differential transcript expression analysis

A second pass of Stringtie using the comprehensive merged annotation GTF file was used
to quantify the expression of each transcript (Pertea et al., 2015). The ‘-e’ parameter was
used to disable the assembly of new transcripts, only estimating the abundance of
transcripts contained within the annotation file. The ‘-B’ parameter was specified to
generate tables containing expression values for each transcript. FPKM (fragments per
kilobase of transcript per million mapped reads) normalised expression values for each
transcript were used in ballgown to calculate differential transcript expression between
the temperature-shifted and non-temperature-shifted conditions (Frazee et al., 2015).
Transcripts with a fold change exceeding >+1.5 and a Benjamini-Hochberg (BH) adjusted
P value < 0.05 were identified. Gene ontology enrichment analysis was also carried out

on genes with differentially expressed transcripts using DAVID (Ashburner et al., 2000).

3.3.3 Characterisation of alternative splicing events

rMATS (Shen et al., 2014) was used to identify and classify alternative splicing events in
genes contained in the Ensembl defined annotation as well as novel isoforms identified
using the Stringtie assembly. rMATS parameters were configured for input of paired reads
of length 150bp with a fr-secondstrand library type. Following completion of rMATS only

those splicing events identified by assessment of reads spanning the annotated splice
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junctions were considered (events identified from both junctions reads and reads on the
target exon were not included). Skipped exons, alternative 5’ and 3’ splice sites, retained
introns and mutually exclusive exon splicing events were considered to be significantly
different if a > 10% difference in percent spliced in (PSI) inclusion rate and < 0.05% P
value was observed. Sashimi plots were generated for differential exon usage in genes of
interest using rmats2sashimi (Shen et al., 2014). Protein domains overlapping skipped
exons were identified using the biomaRt Bioconductor R package (Durinck et al., 2009)
to retrieve Intropro protein domain information and overlapping with the co-ordinates of
skipped exons using the GenomicRanges R package (Lawrence et al., 2013). An overview

of the bioinformatics pipeline used in this experiment is depicted in Figure 3.1.

Assemble
Aligned RNA- [, transcripts Ensembl genome
Seq reads with Stringtie annotation
A
Novel Stringtie
transcripts merge GTFs
Merged genome -
Snnotation AlignedRNA-
Seq reads

A
Transcript Alternative splicing
quantification identification with
with Stringtie rMATS
A A
Differential Junction count only
transcript expression alternative splicing
with ballgown >+10% PSI & <0.05 P
A A
Differentially Identify GO terms
/ expressed transcripts / and protein
>+1.5 FC &<0.05P domains

Figure 3.1 Pipeline for the identification of differentially expressed transcripts
and alternative splicing. Aligned RNA-Seq data from Chapter 2 was used as input
to Stringtie to assemble transcripts which were merged with the reference genome
annotation. Transcript expression was quantified with a 2" pass of Stringtie and
ballgown was used to identify transcript level differential expression with >+1.5
fold change and <0.05 Benjamini-Hochberg adjusted P value. The merged genome
annotation was used in rMATSs to identify alternative splicing with a 10% difference
in percent spliced in between conditions and <0.05 adjusted P value. GO terms of
interest and protein domains were identified in genes with alternative splicing using
biomaRt and the Interpro database.
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3.3.4 gPCR validation

CHO 16F cells, CHO-K1 cells and CHO-DP12 cells were cultured in 6 replicate samples
in 20ml of CHO-S-SFM 11 media (Thermo Fisher Scientific) in 250ml shaker flasks at
37°C. After 48hrs the temperature of 3 samples was reduced to 31°C. 24hrs later cells
were harvested from each culture. PrimerQuest (IDT) was used to design primers using
default parameters on regions of transcripts unique to a given transcript isoform. Where
possible, primers were designed to cross splice junctions unique to a given transcript.
Primer-Blast (Ye et al., 2012) was used to assess primer designs for self-complementarity
and specificity. Further specificity checks were carried out using BLAST searches against
the assembled transcriptome. The primers used for this analysis are listed in Appendix
30. Primers were validated with melting curve analysis, electrophoresis and Sanger
sequencing of gPCR products. Primer sequences used for each transcript are shown in
Appendix 3. The Actb and Gusb genes were included in gPCR for normalization and

control purposes.

Total RNA was extracted from cell pellets using Trizol (Invitrogen) and contaminating
DNA degraded using DNase | (Sigma). A Nanodrop 1000 (Thermo Scientific) instrument
was used to assess the purity and quality of RNA, before cDNA generation using a High-
capacity cDNA Reverse Transcription Kit (ThermoFisher Scientific). Real Time PCR
was carried out on samples in technical triplicate for each biological replicate using an
AB7500 instrument and Fast SYBR® Green Master Mix (Applied Biosystems). Negative
controls of MRNA from each gene with no reverse transcriptase and water controls were
included to monitor contamination by genomic DNA or introduced during sample
preparation. The Cirbp gene was included as an internal control to ensure cultures had
responded to temperature shift. Ct values for each transcript isoform were quantified
using the 224Ct method (Livak and Schmittgen, 2001) and normalised using Actb and
Gusb. A two-tailed t-test was used to identify differences in dCT values between
conditions with a statistical significance threshold of <0.05. Cell culture, primer

validation and qPCR was carried out by Dr loanna Tzani in Dublin City University.
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3.4 Results

3.4.1 Genome guided transcriptome assembly

Stringtie was used to assemble novel transcripts following alignment of RNA-Seq reads
to the CHO-K1 genome. Assembly resulted in the identification of 27,687 novel
transcripts and 10,019 novel gene loci (locations on the genome where a transcript was
previously unannotated) including both protein coding and non-protein coding sequences.
Figure 3.2 illustrates the number of genes in both the original Ensembl reference
annotation and the assembled genome annotation bringing the total annotated sequences
to 40,692 gene loci and 62,159 transcripts. The increase to the number of genes in the
assembled annotation with 2+ transcript isoforms per gene locus. An example of a novel

annotated transcript region is shown in Figure 3.3.

GTF

Ensembl

. Siringtie

Genes

| | P
12z 3 4 5 & 1 8 9 10 1o
Transcripts

Figure 3.2 —Assembled and reference genome annotation statistics. The number
of genes in the Ensembl reference genome annotation (red) and the assembled
annotation generated using Stringtie (turquoise) are plotted in this figure. Genes
are categorised by the number of transcripts per gene locus. 10,019 novel gene loci
and 27,687 novel transcript isoforms were assembled.
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Figure 3.3 —Alignment to the Atm gene. The Ensembl annotation for the Atm gene does not represent the full transcript isoform. The annotated
gene region can be seen in the bottom track of this plot with a further nine exons identified using Stringtie.
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3.4.2 Differentially expressed transcripts

1,166 transcripts were identified as upregulated and 1,277 downregulated at a BH
adjusted p value <0.05 and > +1.5 fold change using ballgown. 1,105 gene loci had an
upregulated transcript and 1,216 downregulated (Appendix 3A, Table 3.1). A total of
2,288 gene loci were identified as differentially expressed, a value less than the combined
up and downregulated gene loci due to the presence of some genes in both the up and
down lists. 1,381 genes with differential transcript expression were annotated with an
Ensembl gene ID and used in gene ontology analysis to identify enriched ontologies and
pathways with transcripts differentially expressed (Table 3.2, Appendix 3B).
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Table 3.1 — Most significant differentially expressed transcripts. The top 10 most up and
downregulated transcripts identified by ballgown are presented in this table. Previously
unannotated genes are among this list (those with an MSTRG ID) and therefore incomplete data
is denoted with an N/A.

Gene

Gene ID Symbol Gene Name BH Adj. P FC
ENSCGRG00000009838 | Corolc | Coronin1C 4,26 x 10%° | 14.26
ENSCGRG00000012558 Hapl Huntingtin Associated Protein 1 1.46 x 10% | 8.90

MSTRG.18664.1 N/A N/A 3.37x10% | 8.68
ENSCGRG00000008472 | Vps35 | Vacuolar Protein Sorting 35 2.61x1002 | 8.22
ENSCGRG00000013098 Eda2r | Ectodysplasin A2 Receptor 3.95x10% | 8.09
ENSCGRG00000010025 | Fads6é | Fatty Acid Desaturase 6 158 x 10 | 8.07

ENSCGRG00000015407 Rgsl12 Regulator Of G Protein Signaling 12 1.32x10% | 7.64
Protein Disulfide Isomerase Family A
Member 6

SMG5, Nonsense Mediated MRNA
Decay Factor

MSTRG.14873.1 N/A N/A 4.20 x 109 | 7.27

ENSCGRG00000001881 | Dglucy | D-Glutamate Cyclase 3.59x10% | 7.08

EGF Containing Fibulin Extracellular
Matrix Protein 1

ENSCGRG00000011992 Pdia6 3.72x10% | 757

ENSCGRG00000005111 Smg5 4.60 x 109 | 7.34

ENSCGRG00000017132 | Efempl 4.58 x 1092 | -4.09

ENSCGRG00000001676 Pter Phosphotriesterase Related 440 x10% | -4.21
MSTRG.26120.2 N/A N/A 248 x 102 | -4.49
Tyrosine 3-

Monooxygenase/Tryptophan 5-
Monooxygenase Activation Protein
Eta

ENSCGRG00000007933 Naxd NAD(P)HX Dehydratase 3.14x10% | -525
Potassium Voltage-Gated Channel
Subfamily D Member 1

Golgi Associated, Gamma Adaptin
ENSCGRG00000016118 Gga2 Ear Containing, ARF Binding Protein | 1.66 x 10 | -6.20

ENSCGRG00000013200 | Ywhah 3.59 x 1092 | -4.99

ENSCGRG00000009282 Kendl 2.80x 1002 | -550

2
ENSCGRG00000023559 | RF00100 | N/A 456 x 1092 | -7.06
ENSCGRG00000016041 | Gphn | Gephyrin 143x10% | -7.15
ENSCGRG00000004829 Smox Spermine Oxidase 8.19x10% | -7.21
ENSCGRGO0000015009 | Histihaf | 01O Cluster 1 H3 Family Member | ¢ o, 100 | 911
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Table 3.2 — Enriched GO biological processes among genes with differential transcript
expression. DAVID was used to identify enriched GO terms among those transcripts that were
altered upon reduction of cell culture temperature. The top 20 most significant GO terms with a
BH adjusted P value <0.05 were included in this table.

GO ID Term Count % BH Adj. P
G0:0000278 mitotic cell cycle 171 13.55 2.14 x 103
G0:0022402 cell cycle process 210 16.64 2.29 x 103
G0:1903047 mitotic cell cycle process 161 12.76 5.42 x 101
G0:0007049 cell cycle 234 18.54 5.45 x 10'%
G0:0006259 DNA metabolic process 150 11.89 2.97 x 102
G0:0006260 DNA replication 70 5.55 5.43 x 1071°
G0:0000280 nuclear division 104 8.24 1.31x 1078
G0:0044770 cell cycle phase transition 100 7.92 1.21 x 1078
G0:0051276 chromosome organization 163 12.92 2.2 x 1078
G0:0048285 organelle fission 107 8.48 3.84 x 1018
G0:0006261 DNA-dependent DNA replication 47 3.72 1.06 x 10°Y
G0:0006974 gﬁ'rLUJ?JSreSponse to DNA damage 125 | 990 | 1.03x10%
G0:0044772 mitotic cell cycle phase transition 94 7.45 1.36 x 10°Y
G0:0006281 DNA repair 93 7.37 3.52 x 1016
G0:0007067 mitotic nuclear division 82 6.50 3.43 x 1016
G0:0007059 chromosome segregation 68 5.39 1.16 x 104
G0:0071103 DNA conformation change 61 4.83 461 x 104
G0:1902589 single-organism organelle organization 187 14.82 1.74 x 1023
G0:0033554 cellular response to stress 200 15.85 2.47 x 1083
G0:0051301 cell division 92 7.29 2.35x 1013
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3.4.3 Identification of Isoform Switching

Genes with differentially expressed transcript isoforms were compared with lists of genes
which were identified as differentially expressed at the gene level using DESeq2 (Chapter
2). From the analysis conducted in this chapter 597 differentially expressed transcripts
transcribed from previously annotated genes (present in the Ensembl genome annotation)
were not identified as differentially expressed at the gene level (Appendix 3D). 351 of
these transcripts had upregulated and 246 downregulated expression. 37 transcripts
identified as differentially expressed with no gene level change were annotated with GO
terms of interest (Appendix 3E, Table 3.3). Figures 3.4 illustrates transcripts of the Ybx3
gene which was identified as differentially expressed at the transcript level only. A cold

specific transcript of Ybx3 was expressed which does not have an intron retention event.
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Figure 3.4 Differential transcript usage in the Ybx3 gene. The Ybx3 gene was identified as differentially expressed at the transcript level
but not the gene level. (A) The mean coverage of non-temperature shifted transcript isoforms. (B) The mean coverage of temperature shifted
samples. Temperature shift induced expression of a cold specific transcript isoform (4) which does not have an intron retention event between
the first and second exons and skips exons 3 and 7 (red boxes in A and B respectively). The amino acid sequence encoded by exon 3 of the
Ybx3 transcript is part of a cold shock DNA-binding domain. Ybx3 is transcribed from the sense strand and therefore exon 1 is on the left of
this plot (ENSCGRG00001016148).
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Table 3.3 — Genes with significant differential transcript expression which were not identified as differentially expressed at the gene level. RNA-Seq data
analysis using Stringtie and Ballgown resulted in the identification of 597 differentially expressed transcripts which were not identified as differentially expressed at
the gene level using DESeq?2 in Chapter 2. Presented in this table are a selection of 10 differentially expressed transcripts with roles in apoptosis, regulation of oxidative
phosphorylation, response to cold and glucose metabolism GO annotations.

GenelD Gene Transcript ID Bh Adj. P Fold | GO Terms
Name Change

ENSCGRG00000016072 | Dnm1il MSTRG.22559.5 0.014 1.63 | GO:0001836 RELEASE OF CYTOCHROME C FROM
MITOCHONDRIA, G0:0043065 POSITIVE REGULATION OF
APOPTOTIC PROCESS

ENSCGRG00000001056 | Slc25a33 MSTRG.20029.2 0.01 3.6 G0:0002082 REGULATION OF OXIDATIVE PHOSPHORYLATION

ENSCGRG00000007974 | Nipsnap2 | ENSCGRT00000011122 0.01 -1.56 | GO:0006119 OXIDATIVE PHOSPHORYLATION

ENSCGRG00000004563 Ybx3 MSTRG.19515.2 0.001 Infinite | GO:0009409 RESPONSE TO COLD, GO:0043066 NEGATIVE
REGULATION OF APOPTOTIC PROCESS

ENSCGRG00000003763 Pdk3 MSTRG.13664.2 0.011 -1.56 | GO:0010906 REGULATION OF GLUCOSE METABOLIC PROCESS

ENSCGRG00000010104 | Rnpsl ENSCGRT00000019526 0.039 1.61 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG00000002300 | Ddx20 MSTRG.21486.1 0.0073 -1.55 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG00000017082 Atm MSTRG.17450.1 0.047 -1.54 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG00000010377 Arnt2 MSTRG.23256.2 0.026 -1.54 | GO:0043066 NEGATIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG00000017539 Prkca MSTRG.8880.1 0.016 -1.83 | GO:0097190 APOPTOTIC SIGNALING PATHWAY
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In total, 33 cases were identified where both a transcript was observed as upregulated and
another transcript identified as downregulated which were transcribed from the same
gene. 24 of these genes were annotated with an Ensembl GenelD and were not identified
as differentially expressed at the gene level, indicating the presence of isoform switching
(Appendix 3F, Table 3.4). An example of isoform switching in the Acpl gene is depicted
in Figures 3.5 and 3.6.
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Figure 3.5 — Isoform Switching in the Acpl gene. The Acpl gene had both an
upregulated and downregulated isoform found differentially expressed. (A) Non-
temperature shifted cells expressed an isoform containing exon 2 and 3 at a higher
level. (B) Temperature shift induced expression of an isoform which skips exon 2
and 3. Acpl is transcribed from the sense strand of the genome and therefore exons
are numbered from left to right.
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Figure 3.6 — Isoform switching in transcripts with mutually exclusive exons in
the Acpl gene. Temperature shift resulted in isoform switching in the Acpl gene
with upregulation of a transcript isoform containing exon 4 and downregulation of
an isoform containing exon 3. Counts for exon junctions other than 3:5 and 4:5 are
omitted for clarity.

99



Table 3.4 - Isoform switching. 34 genes were identified with a gene level fold change below 1.5 but at least 1 transcript isoform significantly differentially expressed
in both the up and downregulated fold change directions. A selection of genes undergoing this isoform switching are presented in this table.

Gene Base DESeq2 | DESeq2 . Ballgown
GenelD Symbol Gene Name Mean EC BH P Transcript ID FC Ballgown BH P

MSTRG.7794.2 4.78 4,15 x 10?
ENSCGRG00000000521 |  Eps8 Ep'der”;?tfvcz)"/"tshuggizg Fgeceptor 16,996 | 1.34 45;3; MSTRG.7794.1 211 3.40 x 107
MSTRG.7794.5 -2.11 3.70 x 107
. . N N 1.16 x | ENSCGRT00000001283 26.89 3.35x 1072

ENSCGRG00000000960 Siahl Siah E3 Ubiquitin Protein Ligase 1 1,391 1.43 16
10 MSTRG.16790.1 -3.17 6.00 x 103
MSTRG.7372.2 2.27 2.18 x 107
ENSCGRG00000003711 | Gatd3a | Croamine Amidotransferase Like ) oo | 4 4q | 798X MSTRG.7372.6 2.16 172 x 10°

Class 1 Domain Containing 3A 10
MSTRG.7372.1 -1.68 9.35 x 10
i MSTRG.10246.1 161.58 4.60 x 10
ENSCGRGO0000005111 | Smgs | o> Nonsense Mediated MRNA 5 jpg | 57 | 194X

Decay Factor 10 ENSCGRT00000007145 -2.21 5.78 x 10
ENSCGRG00000006394 | Gaal Golgi Associated, Gamma Adaptin Ear 963 196 2.47 x | ENSCGRT00000008893 10.27 2.80 x 1072
g Containing, ARF Binding Protein 1 ' 10°® MSTRG.19185.1 -1.67 4.25 x 102
. 6.69 x MSTRG.1243.1 7.87 3.29 x 10

ENSCGRGO00000006500 | Cers6 Ceramide Synthase 6 1,049 1.23 5
10 ENSCGRT00000009035 -2.37 3.41x 1072
Lo 4.29 x MSTRG.21216.1 1.56 1.89 x 1073

ENSCGRG00000009339 | Ubhginl Ubiquilin 1 7,013 -1.14 o
10 ENSCGRT00000013032 -1.78 2.38 x 1072
. 1.87 x MSTRG.8383.2 2.53 8.15x 103

ENSCGRG00000012304 Acpl Acid Phosphatase 1 3,571 1.14 5
10 ENSCGRT00000017163 -1.61 4.81 x 10?
ENSCGRG00000013039 | Bud23 2,438 -1.33 MSTRG.7804.1 6.9 8.22 x 103
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BUD23, RRNA Methyltransferase And 1.45 x 2
e Maturation Factor ‘| ENSCGRT00000018195 |  -L57 1.36 x 10

in Li i MSTRG.14637.1 3.35 3.41 % 102

ENSCGRG00000013201 |  Haus? HAUS Augmin Like Complex Subunit 2027 1 8.5§1x
7 10 ENSCGRT00000018414 | -1.78 8.27 x 10°?
Golgi Associated, Gamma Adaptin Ear 7.72 x MSTRG.23841.2 48.51 5.85 x 10
ENSCGRGO0000016118 | GGa2 |~ corvaining, ARF Binding Protein2 | ~o0r | 144 | g MSTRG.23841.1 73.34 166 x 10°
i MSTRG.13065.1 2.14 4.26 x 10?2

ENSCGRGO0000016703 | Aldnear | dehyde Denvdrogenase 6 Family | -y )5 | 5 107 x
Member Al 10 ENSCGRT00000023382 |  -3.93 329 x 107
o - | sou | ENSCGRTO0000024026 | 156 1.49 x 102

X
ENSCGRG00000017169 | Trip12 yrol ormonelzeceptor neractor | 4950 | 1.12 " MSTRG.20560.7 -1.68 1.32 x 102
MSTRG.20560.4 459 473%10°
i in Bindi : MSTRG.3798.2 1.86 491 % 10?2

ENSCGRG00000017660 Cib2 Calcium And Integrin Binding Family 151 117 8.0§3x
Member 2 10 ENSCGRT00000024694 |  -1.93 2.85 x 102
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3.4.4 Identification and classification of splicing events

3,158 differential exon usage events were identified with an adjusted p value < 0.05 and
a minimum of 10% change in inclusion level (the difference in prevalence of splicing
events between conditions) (Figure 3.7, Appendix 3G & 3H). Skipped exon events were
the most prevalent type of alternative splicing observed and account for 61.72% of

splicing events.

453 SE

252 RI
1949 A5
- A3SS

Figure 3.7 — Differential exon usage events identified by rMATSs. 3,158 splicing
events were identified with a >+10% difference in inclusion level between
conditions and a <0.05 adjusted P value. A3SS= Alternative 3’ Splice Site, A5SS =
Alternative 5’ Splice Site, MXE = Mutually Exclusive Exons, RI = Retained Introns,
SE = Skipped Exons.

2,467 of the differential splicing events identified occurred in genes which were not
identified as differentially expressed at the gene level (Appendix 31 & 3J). An exon
skipping event was identified in the Slirp gene which was upregulated in response to
temperature shift. A transcript isoform with this exon skipping event was not annotated
prior to this experiment in the CHO cell genome. Transcripts of the Slirp gene are

depicted in Figure 3.8.
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Figure 3.8 Temperature shift induced skipping of exon 2 in the Slirp gene.
Temperature shift induced exon skipping in the Slirp gene. Sashimi plots display
the number of reads which align across exon:exon junctions. In the non-temperature
shift condition (red) the exon 1 and 2 junctions as well as the exon 2 and 3 junctions
had over 1,800 reads aligning, more than twice the 864 which align to the 1:3
junction. In temperature shift (blue) the exon 1:3 junctions have higher support than
the 1:2 and 2:3 junctions.

The gene with the most differentially expressed splicing events was Cd44. 8 transcript
isoforms for Cd44 were present in the Ensembl genome annotation and no new isoforms
were assembled however exons 6-15 were extensively spliced with 9 skipped exon and

11 mutually exclusive exon events identified (Figure 3.9).

862 of the genes with skipped exons which were not identified as differentially expressed
at the gene level had an annotated protein domain in InterPro (Appendix 3L). A skipped
exon event in Dnm1l was identified as overlapping a GTPase domain in the transcripts

encoded amino acid sequence (Figure 3.10).
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Figure 3.9 - The complex splicing of the Cd44 gene. 8 transcript isoforms were identified for the Cd44 gene. Transcript 5, representing full
length Cd44, was identified as upregulated in reduced culture temperature. Alternative splice isoforms of Cd44 vary due to differential
incorporation of exons 6-15 (region highlighted by red bars). The spliced regions translated amino acid sequence does not contain any domains
PROSITE databases which would be affected by differential

transcript usage (Ensembl transcript
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Figure 3.10 — Skipped exon |n the GTPase domain encoding region of Dnm1l. One of the largest changes in exon inclusion levels between
temperature shifted and non-temperature shifted cells occurred in the Dnm1l gene. (A) Inclusion of exon 3 in Dnm1ll is significantly higher in
the 31°C condition with an inclusion rate of 0.76 while an inclusion rate of 0.21 was observed in non-temperature shifted cells. (B) The location
of this skipped exon event in the assembled transcripts of Dnm1l. (C)The translated protein sequence of Dnm1l with the region of the sequence
affected by this alternative splicing event shown by the red bars (Ensembl transcript ENSCGRT00000022493.1).
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3.4.5 Alternative splicing in genes with uncorrelated gene and protein expression

The 153 genes identified in Chapter 2 which had uncorrelated differential gene and
protein expression were overlapped with genes identified with differential transcript
expression or alternative splicing using ballgown or Rmats. 25 genes were identified as
differentially regulated at the transcript isoform level (Appendix 3M). 2 of these genes
(Eps8 and Ogdh) had both up and downregulated transcripts. The Cd44 gene is among
these genes — which has the most splicing events identified as described in Section 3.4.4.
A selection of these genes with roles in the cell cycle, apoptosis, splicing and translation
are presented in Table 3.5.
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Table 3.5 — Differential transcript usage and alternative splicing in genes which did not have differential gene and protein expression correlated. In Chapter
2 153 genes were identified which were considered differentially expressed at the gene level with a >1.5 fold change but did not have a >1.2 fold change in protein
expression or vice versa. Differential expression of transcript isoforms of these genes is presented in the DE transcript column with the fold change in parentheses.
Individual differential splicing events identified using rMATS are in the “DE Splicing Events” column where numbers in parentheses indicate the amount of times a
splice event occurred. Full table in Appendix 3M.

Gene Gene | Protei DE
Gene ID Symbol Gene Name EC nEC DE Transcripts Sé)\I/Lcr:?SQ
. MSTRG.7794.1 (2.1)
ENSCGRG00000000521 Eps8 Eﬁédsf:;?:gem""th Factor Receptor Pathway 134 | 132 | MSTRG.7794.2 (4.78) SE, MXE
MSTRG.7794.5 (-2.11)
ENSCGRG00000001864 Enol Enolase 1 1.14 1.2 SE
ENSCGRG00000003592 Cd44 | Cell Surface Glycoprotein CD44 2.07 1.19 | ENSCGRT00000004981 (4.64) M?(EE(?l)l)
ENSCGRG00000009833 Srsf5 | Serine And Arginine Rich Splicing Factor 5 -1.09 1.34 | MSTRG.4290.3 (1.59) RI
ENSCGRGO0000014628 | Eeflg | crayotic Translation Elongation Factor 1 111 | -1.47 SE
ENSCGRG00000016658 Eif5 Eukaryotic Translation Initiation Factor 5 1.48 1.33 | ENSCGRT00000023320 (1.52)
ENSCGRGO00000016747 Cdk1 Cyclin Dependent Kinase 1 -1.9 1.21 | ENSCGRT00000023447 (-1.93)
ENSCGRT00000024856 (61.52) SE(2)
ENSCGRG00000017777 Ogdh | Oxoglutarate Dehydrogenase -1.66 | -1.19 | ENSCGRT00000024854 (14.58) MXE
MSTRG.12544.2 (-3.7)
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3.4.5 gPCR Validation of temperature shift induced alternative splicing

The Acpl, Sc5d, Slirp and Srfbpl genes were selected for validation using qPCR.
Alternative splicing detected in the RNA-Seq data was validated in at least one transcript
isoform from each of these genes. The Acpl transcript isoform downregulated in
temperature shift was not found to be differentially expressed when cycle threshold (CT)
values were normalised using either Actb or Gusb. The Sc5d, Slirp and Srfbpl transcripts
downregulated in response to reduced culture temperatures were only identified as
significantly differentially expressed when either Actb or Gusb was used to normalise CT
values. All transcript isoforms of these genes predicted as downregulated in mild
hypothermia were validated using gPCR with statistical significance and a >1.5 fold
change when normalised with either Actb or Gusb (Figure 3.11, ACT value measurements
for each biological replicate in Appendix 40). In order to identify if these splicing events
occur in CHO cell lines besides CHO-16F, qPCR was also carried out on CHO-K1 and
CHO DP12 cell lines confirming alternative splicing in these genes is conserved across
different CHO cell lineages (Figures 3.12 & 3.13).
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Figure 3.11 - gPCR validation of temperature shift induced alternative
splicing. qPCR was carried out on genes identified as alternatively spliced with
primers designed to cross exon junctions. ActB (A) and GusB (B) were used as
housekeeping genes to normalise CT values. P values calculated using a two tailed
T-test are illustrated with asterisks (*=<0.05, **=<0.01, ***<0.001). All transcript
isoforms predicted as upregulated in temperature shift (isoforms given _31
identifiers) were validated as such with statistical significance when either
normalisation method was used.
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Figure 3.12 — qPCR normalised using Actb shows temperature shift induced alternative splicing is conserved across cell line lineages.

gPCR was performed on the 16-F, K1 and DP12 CHO cell lines. The Srbpl_31 and Slirp_31 isoforms were validated to be upregulated across
the 3 cell lines with statistical significance.
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Figure 3.13 - gPCR normalised using Gusb shows temperature shift induced alternative splicing is conserved across cell line lineages.
gPCR was performed on the 16-F, K1 and DP12 CHO cell lines. The Sc5d_31, Srbpl 31 and Slirp_31 isoforms were validated to be upregulated
across the 3 cell lines with statistical significance.
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3.5 Discussion

One of the most powerful applications of RNA-Seq data is the ability to discover novel
transcripts and genes with transcriptome assembly algorithms. The utilisation of Stringtie
in this chapter yielded an expanded transcriptome assembly with 32.66% more annotated
gene loci and an 80.32% increase in the number of transcripts identified in comparison to
the Ensembl CHO K1 cell genome annotation. The minimum isoform fraction of 0.1 and
coverage thresholds used during assembly reduce the likelihood of false positives which
are often present in assembled RNA-Seq transcripts - which may be the result of partially
processed pre-mRNAs, partially degraded mRNA or transcripts with too low expression
level to be biologically relevant (Soneson et al., 2016). In the Ensembl reference
annotation there are 5,330 genes with more than one transcript isoform reported while
10,238 multi-transcript encoding genes were identified post-assembly indicating and
increase in the annotation of alternative splice variants in CHO cells. Using this improved
transcriptome annotation alterations in transcript expression and alternative splicing were
analysed. Enrichment analysis of differentially expressed transcripts revealed results
broadly in agreement with differential gene expression results from Chapter 2 with
regulation of cell cycle, cell division and the G1/S transition of the mitotic cell cycle

enriched.

The Cd44 gene was unexpectedly identified in Chapter 2 as differentially expressed at
the gene level with a 2.07 fold change. Upregulation of Cd44 was unexpected as
expression of Cd44 drives phenotypic responses opposite to those observed such as
cellular proliferation (Chen et al., 2018) and increased glucose uptake (Pasto et al., 2014).
Cd44 was however not identified as significantly differentially expressed at the protein
level — suggesting the presence of post transcriptional control of Cd44. Alternative
splicing was found to be highly prevalent in Cd44 and was identified as the gene with the
most differential splicing events (9 skipped exon and 11 mutually exclusive exon events
identified). 8 transcript isoforms of Cd44 are present in the Ensembl genome annotation
for CHO cells with 19 annotated exons. The first 5 and last 4 exons of Cd44 are present
in all transcripts however exons 6-15 are differentially incorporated into Cd44 splice
variants. Alternative splicing in Cd44 has been reported previously and exons 6-15 also
represent a varied splice region in the human, mouse and rat versions of this gene (Chen

etal., 2018). The “standard” Cd44 isoform (Cd44s) does not incorporate any of the variant
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exons (Chen et al., 2018) and is the highest expressed isoform but its expression does not
significantly change in response to reduced culture temperatures (-1.005 fold change).
Full length Cd44 (containing all variant exons) is however upregulated 4.64 fold in
response to temperature shift. The splicing of Cd44 may be too complex to capture on the
level of the whole transcript using isoform deconvolution approaches with a 0.1 minimum
isoform fraction and reads from low expressed variants may have been incorrectly
assigned to this longer transcript variant. Utilisation of Rmats to identify specific
differential splicing events in Cd44 reveals 6 exon skipping events were upregulated in
temperature shift with isoforms containing splices between exon junctions 5:9 or 6:9
particularly prevalent. Exon skipping events downregulated in response to temperature
shift were also identified - with higher incorporation of splices between exon:exon
junctions 10:12 and 11:14. Proteomics results may also have been impacted by the
complex splicing of Cd44 as only 3 peptides were identified which covered 8% of the
Cd44 amino acid sequence. If these peptides aligned to the first 5 or last 4 exons of Cd44
rather than the variable region then differential expression may have been missed.
Regulation of Cd44 variant expression has been shown to be regulated by the epithelial
splicing regulatory proteins Esrpl and Esrp2 (Warzecha et al., 2009). Esrp2 was
identified in Chapter 2 as upregulated in mild hypothermia with a 2.25 fold change at the
gene level. The cold shock protein Rbm3 (identified as highly expressed in response to
reduced culture temperature in Chapter 2) has also been shown to regulate Cd44 splicing
and inhibit growth by repressing Cd44 variants containing exons 13:15 and upregulation
of standard Cd44 (Zeng et al., 2013) but these changes to Cd44 expression were not
observed in this data. The complex splicing of Cd44 and the potential regulation of Cd44
splicing by Rbm3 in the response to mild hypothermia therefore requires further
investigation. Widespread alterations to Cd44 splicing may however contribute to the
temperature shift response by impacting growth or energy metabolism (Chen et al., 2018;
Zeng et al., 2013).

Significant differential transcript usage was observed in 597 genes which were not
identified as differentially expressed at the gene level including genes with roles in cold
shock, mitochondrial function and energy metabolism. The Y box protein 3 gene (Ybx3)
is a cold shock domain containing transcription factor which has been shown to both

positively (Zhang et al., 2017a) and negatively (Lima et al., 2010; Lindquist et al., 2014)
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regulate transcription of its targets. Ybx3 has been found to both positively regulate the
cell cycle through targeting of genes such as Cdkl, Ccndl and Ccne2 (Zhang et al.,
2017a), and negatively by binding Cdknla mRNA and enhancing its mRNA stability and
translation (Nie et al., 2012). Alternative splice variants of Ybx3 have been reported
previously in humans which skip exon 6 (ENST00000279550.11), a 207bp exon
downstream of the cold shock domain, which results in deletion of 69 amino acids from
the protein sequence (Lindquist and Mertens, 2018). A transcript containing the same
exon skipping event was assembled and only expressed (on/off) in CHO cells cultured at
a reduced temperature (annotated as exon 7 in Figure 3.4 due to usage of an alternative
transcription start site adding a previously unannotated exon in the 5’ end). The
upregulated transcript isoform also contained an exon skipping event in exon 3 —a region
of the transcript which partially encodes the cold-shock nucleic-acid binding site.
Upregulation of this shorter transcript isoform may therefore have decreased efficiency
for binding the promoters of its target genes and impact the expression of cell cycle
regulators. It is also possible that one of these transcript isoforms encodes a protein with
DNA binding transcription factor functionality while the other encodes a protein which

carries out Ybx’s mRNA binding (translation regulating) functionality.

Transcript isoform specific differential expression was also identified in genes with roles
in mitochondrial biogenesis including dynamin-1 like (Dnm1l) (Vanstone et al., 2016),
mitochondrial fission factor (Mff) (Otera et al., 2010), inner mitochondrial membrane
peptidase subunit 1 (Immpll) (Burri et al., 2005). Dnm1l is among the genes with the
most significant differential splicing events — with a skipped exon event occurring in exon
3 of the longest transcript isoform. In non-temperature shifted cells exon 3 is included
with an inclusion rate of 0.21 however rates of exon 3 inclusion significantly increase to
0.75 in temperature shifted cells. Dnm1l regulates mitochondrial fission by recruiting to
the mitochondrial membrane and oligomerising to form a ring around the mitochondria
(Kraus and Ryan, 2017). Upon activation by hydrolysis of GTP Dnm1l changes shape,
shrinking the ring two-fold and constricting the mitochondria to result in fission (Kraus
and Ryan, 2017). Alternative splicing of Dnm1l has been previously studied in mouse
embryonic fibroblasts where expression of an isoform including exon 3 (which we
identified as upregulated) was found to result in decreased fission activity (Strack et al.,

2013). When the nucleotide sequence of Dnm1l is translated, exon 3 encodes a section of
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the Dnm1l GTPase binding domain. The assembly of Dnm1l around the mitochondrial
membrane and GTPase activity is regulated by the fission factor Mff (Kraus and Ryan,
2017). Mff was also observed to undergo extensive splicing in response to temperature
shift, with 5 differentially expressed skipped exons and 2 mutually exclusive exon events.
Splice variants of Mff have been reported previously (Ducommun et al., 2015) but none
containing the most significant alternative splicing event identified in Mff in this study.
Incorporation of the assembled exon 9 of Mff was identified as upregulated in mild
hypothermia with an increase in inclusion level of 47%. The amino acid sequence of no
domains annotated in the Mff protein are interrupted by inclusion of this exon and
therefore the effect of upregulating an isoform of Mff containing exon 9 on mitochondrial
fission activity is unclear. The differential splicing of Dnm1l and Mff, which were both
unidentified as differentially expressed at the gene level, may alter the efficiency of
mitochondrial fission in temperature shift which may have implications in apoptosis
(Kraus and Ryan, 2017) and cell cycle progression (Salazar-Roa and Malumbres, 2017;
Strack et al., 2013). Mitochondrial fusion and fission is coupled with the cell cycle and
during the G1 phase Dnm1l (Drpl) is degraded to prevent fission and induce fusion until
the G1/S phase transition of the cell cycle where Dnm1l is upregulated and activated to

induce fission (Salazar-Roa and Malumbres, 2017).

In addition to regulation of mitochondrial fission the activity of mitochondria may also
be impacted by differential splicing occurring in genes which were not identified as
differentially expressed at the gene level. Genes with a role in mitochondrial activity or
energy metabolism include SRA stem-loop interacting RNA binding protein (Slirp)
(Lagouge et al., 2015), Pyruvate dehydrogenase lipoamide kinase isozyme 3 (Pdk3) and
peroxisome proliferator activated receptor gamma (Pparg) (Wenz et al., 2011). Slirp
impacts mitochondrial protein synthesis by binding mitochondrial RNAs and
chaperoning them to the mitochondrial ribosome (Baughman et al., 2009; Lagouge et al.,
2015). Slirp is an important regulator of OXPHOS as it maintains mitochondrial
localisation of transcripts encoding OXPHOS subunits (Baughman et al., 2009).
Prevalence of an exon skipping event in exon 2 was upregulated in response to
temperature shift, resulting in a higher proportion of smaller transcripts which have an
alternate open reading frame. An RNA recognition motif classified by Interpro is present

in the 5’ region of the Slirp transcript and the sequence of this motif is altered due to the
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isoform switch. The truncated protein may harbour altered binding affinity to its target
RNAs or may target different RNAs which could affect the rates of translation of
OXPHOS components. Confirmation of the existence and upregulation of transcripts
skipping exon 3 was achieved using gPCR. Pdk3 is a kinase which regulates the activity
of the pyruvate dehydrogenase complex which carries out the conversion of pyruvate to
acetyl-Coa — linking glycolysis to the TCA cycle and OXPHOS (Lu et al., 2008).
Overexpression of Pdk3 in cancer cells inhibits mitochondrial respiration and lactate
production while suppression of Pdk3 results in a switch from a Warburg type metabolism
to primary use of OXPHOS (Kluza et al., 2012; Lu et al., 2008). A transcript isoform of
Pdk3 was identified as downregulated with a -1.55 fold change which skips exons 8 and
9 — sections of the transcript annotated with the histidine kinase-like ATPase domain
using Pfam (Ensembl gene ID ENSCGRG00000003763). Transcripts variants which skip
exons 9 and 10 or 10 and 11 have been previously identified but the effects of splicing in
this region of Pdk3 has not yet been studied. The Pparg gene was also identified as
undergoing splicing but was not identified as differentially expressed at the gene level.
Pparg is a regulator of pyruvate kinases and decreased Pparg is associated with increased
pyruvate Kinase activity and therefore decreased pyruvate dehydrogenase activity and
mitochondrial respiration (Lecarpentier et al., 2017). Previously unannotated transcript
isoforms were assembled for the Pparg gene in which an exon skipping event and 2
mutually exclusive exon events were identified - all upregulated in temperature shifted
samples. Altered activity of Pparg in temperature shifted cells resulting as an occurrence
of alternative splicing may contribute to metabolic switching if Pparg activity is
negatively affected by expression of this alternative isoform. Analysis of ballgown
differential transcript expression results suggest this is likely the case as transcript
isoforms with the full intact protein sequence are downregulated and upregulated
transcripts encode a truncated protein missing the peroxisome ligand binding domain.
Decreased Pparg activity in temperature shifted cells may therefore contribute to the
temperature shift response by increasing Pdk3 activity to reverse the Warburg metabolism
— converting more pyruvate into acetyl-CoA for the citric acid cycle instead of converting

it to lactate (Lecarpentier et al., 2017).

The results presented in this chapter are the first reported observation of alternative

splicing on a global scale in CHO cells. In order to validate the occurrence of temperature
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shift induced splicing gPCR was applied to transcript isoforms of genes which had
splicing events predicted as both up and downregulated. The Slirp, Acpl, Sc5d and Srfbpl
genes were selected for validation as it was possible to design primers uniquely targeting
specific transcript isoforms. At least one of the transcript isoforms for each of these genes
were validated to be differentially expressed by gPCR. gPCR on the CHO-K1 and CHO-
DP12 cell lines was also applied and found temperature shift induced splicing to be
consistent across CHO lineages — with upregulated transcript isoforms of the Slirp and

Srfbpl genes validated across all three lineages.

Utilisation of high depth RNA-Seq enabled the first global analysis of splicing in CHO
cells with alternative splicing occurring at an astounding degree in response to reduced
culture temperature. Complex alternative splice variants were identified in genes such as
Cd44 which have not previously been characterised in CHO cells but are conserved
among other mammalian species (Chen et al., 2018). Splicing events were observed in
genes regulating mitochondrial biogenesis and a switch from a Warburg phenotype of
energy metabolism to use of OXPHOS including Dnm1l, Mff, Pdk3 and Prkagl. Changes
to the expression of these genes would not have been identified if only a differential gene
expression approach was utilised as was performed in Chapter 2 (which is the most widely
utilised method of analysing RNA-Seq data). The presence of post-transcriptional
regulation of gene expression was suspected due to utilisation of parallel RNA-Seq and
proteomics profiling in Chapter 2 which revealed genes with differential expression at

either the gene or protein level which was not identified in the other experiment.

Analysis of differential transcript expression and alternative splicing has revealed targets
for engineering improved CHO cells for the production of biopharmaceuticals. The Cd44
gene was identified as undergoing complex splicing and regulates proliferation and
glucose uptake (Chen et al., 2018; Pasto et al., 2014). Cd44 could be engineered to only
express the full length isoform and supress expression of alternative splice variants (Zeng
et al., 2013), potentially through knocking out the endogenous gene and inserting the
cDNA of spliced, full length Cd44 into the genome. Alternatively splicing could be
regulated through further increasing expression of the splice regulators Esrp2 or Rbm3
which were observed as upregulated in Chapter 2 and have been shown to regulate Cd44

splicing (Warzecha et al., 2009; Zeng et al., 2013) which may impact growth and energy
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metabolism. The Ybx3 gene was identified as alternatively spliced but not as differentially
expressed at the whole gene level, illustrating the importance of utilising a transcript
isoform approach when analysing the transcriptome. The findings of this chapter suggest
that genetic engineering approaches should also take a transcript level approach and aim
to engineer expression changes to individual isoforms which contain domains required
for protein activity. Through upregulating the shorter isoform of Ybx3 characterised in
the temperature shift condition, the Ybx3 proteins transcription factor activity may be
comprised — resulting in decreased expression of cell cycle promoting targets (Zhang et
al., 2017a) and maintaining Cdknla binding activity (Nie et al., 2012) to halt the cell
cycle. The Dnmll and Mff genes were identified as spliced and are regulators of
mitochondrial fission which impacts the cell cycle, apoptosis and energy metabolism
(Kraus and Ryan, 2017; Salazar-Roa and Malumbres, 2017). Utilisation of Dnm1l and
Mff as engineering targets may yield CHO cells with enhanced productivity due to altered
metabolism and longevity. Finally, splicing was identified in the Pparg gene which likely
reduces the activity of Pparg and therefore increases Pdk2 activity to result in more
pyruvate being converted to fuel for the TCA cycle rather than accumulating lactate
(Lecarpentier et al., 2017). Diminishing Pparg activity may be a useful tool for regulating
the Warburg metabolism in CHO cells to increase energy availability for producing

recombinant proteins and increase culture durations.

While the findings discussed in this chapter have focused on potential alterations to
protein function due to alternative splicing, differential transcript isoform expression can
also act as a mechanism to regulate gene expression post-transcriptionally. Modifications
to the 5” or 3” ends of a transcript as a result of differential exon usage may alter miRNA
binding sites present in transcripts (Han et al., 2018b), produce transcripts isoforms with
premature stop codons which are degraded by non-sense mediated decay (NMD) before
being translated (Nickless et al., 2017) or result in the inclusion of internal ribosomal
entry sites (IRES) containing sequences with enhanced translation (Zhou et al., 2014a).
Cold specific induction of Cirbp transcript isoforms containing IRES sites have been
hypothesised as a potential mechanism through which mammalian cell lines respond to
temperature (Al-Fageeh and Smales, 2009). Of the 153 genes identified in the previous
chapter with differential expression identified as uncorrelated at the gene and protein

levels, 25 were found to be alternatively spliced. The alternative splicing observed in

117



these genes may contribute to the post-transcriptional regulation through altering miRNA
targeting, NMD or enhanced translation. In the following chapter the role of miRNASs in

post-transcriptional control of gene expression in the temperature shift response is
investigated.
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3.6 Conclusion

We have demonstrated the benefits of using Next Generation Sequencing to produce
RNA-Seq libraries of high depth in CHO cells as well as the benefits of using a transcript
or exon level analysis over the gene level approach utilised in the majority of RNA-Seq
experiments. Through the assembly of RNA-Seq data the genome annotation of CHO
cells was significantly improved with 27,687 transcripts and 10,019 gene loci identified
which were previously unannotated. Improved annotation of the genome will serve as a
valuable resource for the wider community of CHO cell researchers by enabling the study
of genes at a transcript isoform level. Reduced culture temperature resulted in widespread
differential transcript usage in 2,288 genes including 543 genes which were not identified
as differentially expressed at the gene level. Characterisation of individual splicing events
revealed alternative splicing in regulators of the cell cycle and energy metabolism
including Ybx3, Dnm1l, Pparg and Pdk3. Splicing was also identified in genes which did
not have correlated differential expression between the gene and protein level including
Cd4a4.
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Chapter 4

Elucidating the role of mMIRNA mediated post
transcriptional regulation in the CHO cells

following temperature shift
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4.1 Summary

Comparison of RNA-Seq data and mass spectrometry based proteomics conducted in
Chapter 2 indicated the presence of post-transcriptional control of translation plays a role
in the CHO cell response to temperature reduction. In Chapter 3 post-transcriptional gene
regulation was identified in the form of alternative splicing in 16.3% of genes which did
not have correlated differential gene and protein expression - suggesting splicing is not
the predominant mechanism responsible for post-transcriptional regulation of gene
expression in temperature shifted CHO cells. In this chapter the expression of miRNAs
in temperature shifted CHO cells are profiled using small RNA sequencing. From these
data we identify targets of miRNAs which contribute to explanation of the lack of

correlation between transcriptomic and proteomic measurements of gene expression.

121



4.2 Introduction
4.2.1 Small RNAs

Small RNAs are a class of non-protein coding RNAs between 18 and 200 nucleotides in
length which typically play a role in regulating gene expression through RNA:RNA
interactions (Kaikkonen et al., 2011; Nguyen et al., 2016). The major classes of small
RNAs include microRNAs (miRNA), Piwi-interacting RNA (piRNA), small interfering
RNA (siRNA) (Axtell, 2013a), small nucleolar RNAs (snoRNA) (Matera et al., 2007),
tRNA-derived small RNAs (tsSRNA) (Lee et al., 2009), and small nuclear RNAs (ShnRNA)
(Valadkhan and Gunawardane, 2013). miRNAs, piRNAs, tsSRNAs and siRNAs are
capable of guiding nucleases to mMRNAS to control gene expression post-transcriptionally
(Felekkis et al., 2010; Martinez et al., 2017; Shen et al., 2018). snRNAs drive mRNA
splicing during transcription by associating with donor and acceptor splice sites and
forming the spliceosome complex to bring splice sites into close proximity for intron
removal to occur (Shi, 2017). snoRNAs also act as guide RNASs by recruiting proteins to
form snoRNP complexes to direct methylation and pseudouridine modifications to RNAs
such as ribosomal RNA (Bachellerie et al., 2002).

miRNAs and siRNAs are of particular interest for use as tools for bioengineering as they
can be used to manipulate gene expression (Felekkis et al., 2010; Valdés-Bango Curell
and Barron, 2018). Both miRNAs and siRNAs utilise the RNAI pathway to carry out their
silencing activity and are of similar length however these molecules differ in their
function and biogenesis (Lam et al., 2015). siRNAs act as a defence mechanism to protect
cells from infection of viruses with double stranded RNA (dsRNA) genomes. In the
antiviral sSiRNA pathway viral dsRNA is recognised and processed by the Dicer protein
into a 21-24nt RNA duplex which is loaded into the RNA-induced silencing complex
(RISC). One of the strands is degraded leaving a single strand of sSiRNA which is used to
target the RISC to RNA with perfect sequence complementarity to the siRNA for
degradation (Felekkis et al., 2010). miRNAs are conversely generated from endogenously
expressed RNAs which form a hairpin structure containing a double stranded RNA region
due to the self-complimentary of the RNA sequence in the 5’ and 3° ends of the pri-
miRNA (Ding and Voinnet, 2007). Pri-miRNAs are expressed from the genome and
processed in the nucleus by the Drosha protein to form a 70nt hairpin before being
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exported into the cytoplasm by Exportin5 where they are then bound by Dicer. Dicer
cleaves the hairpin loop region leaving 18-25 nucleotides of dsRNA, a single strand of
which (the mature miRNA) is loaded into the RISC complex and directs suppression of
gene expression (Felekkis et al., 2010). miRNA mediated regulation of gene expression
can be a result of either degradation of target mMRNA transcripts through endonucleolytic
cleavage or translation suppression (Lam et al., 2015). miRNA mediated degradation
however rarely occurs — only when near perfect Watson-Crick base pairing occurs
between a miRNA and a target mRNA. miRNAs typically bind the 3’ untranslated region
(3°’UTR) of a target transcript with only partial complementarity required — a property
which enables a single miRNA to regulate the expression of hundreds of transcripts (Lam
etal., 2015). The region of a mature miRNA transcript which regulates target recognition
is known as the seed region and ranges from 2-7nt of the mature miRNA transcript. Base
pairing between the seed region and a transcript alone is however not sufficient to
determine miRNA activity as other characteristics contribute including thermodynamics,
the secondary structure of the miRNA:mRNA duplex and the location in the mRNA at
which the target site occurs (Martinez-Sanchez and Murphy, 2013). Given the complexity
of MIRNA:MRNA interactions, as well at the laborious nature of experientially validating
direct targets, a range of bioinformatics approaches have been developed to identify and

predict the roles of miRNAs in silico.

4.2.2 Bioinformatics software for predicting small RNAs and targets using NGS
data

4.2.2.1 ldentifying miRNAs from next generation sequencing

miRDeep was the first algorithm released for the prediction of miRNAs from NGS data
sets (Friedlander et al., 2008). miRDeep utilises aligned reads from small RNA-Seq
experiments to identify potential miRNA precursor locations in the genome. The first
stage of this analysis results in thousands of potential precursors by identifying regions
of the genome with aligned read coverage from small RNA-Seq. If the read coverage
region is longer than 30 nucleotides the region is extended by 22 nucleotides both
upstream and downstream to generate a potential precursor miRNA. If the coverage is
shorter than 30bp the precursor is generated by extending the region 22bp in one direction
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and then extension is continued in the opposite direction until a total length of 110bp is
achieved. Potential precursors are then filtered on their likelihood to be false positives
based on their predicted secondary RNA structure. The properties of miRNA biogenesis
are then exploited to find likely miRNAs utilising the alignment positions of small RNA-
Seq reads to genomic miRNA precursor loci. When pre-miRs are processed by dicer the
nucleotides are cleaved into the mature miRNA, the star sequence and the loop region.
The mature miRNA is predominantly incorporated into RISC and carries out biological
activity as a guide miRNA, the star miRNA is typically degraded but can also be a
functional guide in some miRNAs and the loop region is degraded (Guo and Lu, 2010).
Therefore it is expected for the majority of miRNA reads in a small RNA-Seq data set to
map wholly within one of these 3 regions while reads derived from non-miRNAs would
map across the boundaries. In addition, the mature miRNA sequence is typically more
abundant than the star sequence. Potential miRNA precursors are scored based on how
well read alignments to the precursor fit this model of miRNA biogenesis to identify both
known and novel miRNAs (Friedlander et al., 2008). The miRDeep algorithm was
improved and rereleased as miRDeep2 which has updated methods for identifying and
scoring potential precursors (Friedlander et al., 2012). Precursors are only selected if they
are the highest alignment stack (the location with the highest coverage) within 70
nucleotides upstream and downstream. Precursors are identified for each strand of the
genome and therefore each potential pre-miR is extracted from the genome twice. The
excised pre-miR is extracted with 70 nucleotides upstream and downstream of the
alignment stack. If too many candidates are predicted in this stage (over 50,000) the stack
height stringency is increased by 1 and subsequent rounds of repetition of this process are
applied until less than 50,000 candidates are predicted. Bowtie is then used to align reads
to the predicted precursor, only accepting perfect alignments, and RNAFold is used to
predict the secondary structure of the candidate pre-miRs. Candidate miRs are scored
using the same method as miRDeep with the exception of only using sense alignments
and precursors with >60% of the mature miRNAs nucleotides base-paired in the predicted
pre-miR secondary structure (Friedlander et al., 2012). The mapper and quantifier
modules of miRDeep can be used for aligning reads to a genome and quantifying the
expression of detected miRNAs respectively. The miRDeep tools have also been adapted

into the miRDeep* package which has a graphical user interface and alters the miRDeep
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algorithm during the stages for precursor generation by extending predicted mature
miRNAs by 15nt upstream, 15nt downstream for the loop region, an equivalent number
of nucleotides to the predicted mature miRNA length downstream for the star miRNA
and a further 22nt for the miRNA offset (An et al., 2013). miRDeep2 is available on the
mirTools2.0 web server (Wu et al., 2013).

miRanalyzer (Hackenberg et al., 2009, 2011) is a pipeline for the detection and analysis
of miRNAs from sequencing data available both as an online web-server (now integrated
into the SRNA workbench (Mohorianu et al., 2017)) and a downloadable standalone
package which can be configured to be applied to any organism. The miRanalyzer
pipeline first aligns sequence data to known miRNAs in miRBase, and then to Refseq and
RFam to remove known miRNAs, mRNA transcripts and non-coding RNAs. Unaligned
reads are mapped to the genome for novel miRNA detection. First, overlapping aligned
reads are clustered and the positions of the most upstream and downstream nucleotide
with coverage in the cluster are noted alongside the position of the most expressed read
(which likely represents the mature miRNA). Candidate precursors are generated for each
cluster with a range of lengths between 65 and 135 nucleotides for mammalian miRNAs.
Candidate precursors are filtered based on criteria similar to miRdeep, with potential
precursors removed if they do not form a hairpin, have 19 base pair bindings in the stem
of the pre-miRNA (of which at least 11 must be in the mature miRNA) and to ensure read
clusters do not overlap the boundaries between the 5’ arm and the loop. Likely pre-
miRNA candidates are selected based on the number of self-complementary binding sites,
the free energy of the predicted secondary structure, the number of reads in alignment
clusters, and the asymmetry of bulbs in the secondary structure (Hackenberg et al., 2011).
Other algorithms are available for the prediction of miRNAs from RNA-Seq datasets
however their use has become obsolete due to becoming unsupported or their accuracy
superseded by more recent software including MIReNA (Mathelier and Carbone, 2010).
In addition some software pipelines only exist in web server form and are configured to

be used with a small number of model organisms such as DARIO (Fasold et al., 2011).

As well as these software packages which have been developed for the comprehensive
study of miRNAs, algorithms have also been developed which can simultaneously predict

small RNAs of multiple classes. Shortstack is one such algorithm which has been shown
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to accurately predict miRNAs, piRNAs and siRNAs (Axtell, 2013b). Shortstack applies
a similar approach to the miRNA prediction algorithms described above, but does so in a
modified way to account for non-miRNA small RNAs. To identify potential small RNAs,
reads are aligned to a genome sequence and loci with coverage above a user specified
depth are identified. The identified loci are extended upstream and downstream to account
for positional heterogeneities in mature small RNAs which occur during precursor
loading to the Piwi or Argonaute proteins during processing. Regions which overlap after
this extension are clustered together and are separated into dicer-derived and non-dicer-
derived sequences based on their length. Secondary structural analysis is performed on
unique dicer-derived sequences and folded short RNA predictions are compared to those
in miRBase by structural criteria including the number and length of loops and hairpins,
as well as base-pair bindings between potential mature and star miRNASs. Precursors
matching the criteria for miRNAs are annotated and quantified (Axtell, 2013b). Small
RNAs with no hairpin are considered candidate SiRNAs.

4.2.2.2 miRNA target prediction

Several algorithms have been developed to predict targets of miRNAs which rely on
different methods and criteria to identify and score mMiRNA-mRNA target pairs (Riffo-
Campos et al., 2016). The first algorithm created for identifying miRNA targets was
TargetScan_(Lewis et al., 2003). TargetScan relies both on base pairing of the miRNA to
UTR regions of mMRNAs in an organism as well as conservation of the target region
between species. First the UTR regions of a transcript are searched for perfect base pairing
to the seed region (bases 2-8) of a given mature miRNA and base pairing is extended in
each direction until a mismatch occurs. The base-pairing of a section of a miRNA 3’ to
any mismatches is then optimised by predicting the secondary structure of the mRNA and
assessing the binding of the miRNA to the target site and regions downstream when
folding is accounted for. Potential binding sites are assessed based on their free energy,
number of seed matches and the likelihood of interaction of a given miRNA:mRNA pair
are ranked. The process is repeated for other organisms and ranks for orthologous
miRNA:MRNA pairs are compared to find conserved miRNA targets. The current version
of TargetScan uses 14 features of miRNA:mRNA interactions to predict sites which
likely have biological function (Agarwal et al., 2015). Features of mRNA targets include
the proximity of the target site to the path of the ribosome (how close it is to the translation
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stop site), the GC content of the UTR (lower GC increases the accessibility of the UTR
to the silencing complex), UTR length and stability of predicted secondary structure.
Features of the miRNA are also considered including the number of predicted sites
throughout the transcriptome and the strength of the seed-pairing between the miRNA
and its predicted target. The TargetScan website also hosts a database of predicted

mMiRNA interactions.

Alternatives to TargetScan include the DIANA-microT webserver (Paraskevopoulou et
al., 2013) and MiRanda (Enright et al., 2004; John et al., 2004). The MiRanda algorithm
utilises a similar method to TargetScan — applying alignment of miRNAs to mRNA
sequences to identify targets followed by calculation of free energy and identification of
evolutionary conservation. During the alignment stage MiRanda applies an algorithm
similar to Smith-Waterman adapted to score based on complementarity rather than
homology. Further rules are applied to account for what was known about the properties
of miRNA targeting at the time of development - prohibiting mismatches at positions 2-
4, a maximum of 5 mismatches between positions 3-12, at least 1 mismatch between
position 9 and the end of the alignment and less than 2 mismatches in the last 5 nucleotides
of the match. The secondary structure of the mMRNA:miRNA interaction while hybridized
is predicted using the Vienna package and the minimum free energy calculated.
Evolutionary conservation is assessed by repeating the target identification and free
energy calculation stages in closely related organisms and identifying targets in the same
position in orthologous MRNA UTRs. Complementarity scores are multiplied in the first
11 nucleotides of the target site to account for seed region binding (John et al., 2004).
DIANA-microT (Paraskevopoulou et al., 2013) identifies miRNA recognition sites with a
match of at least 7 consecutive base pairs between a 3’UTR of an mRNA and the first 9nt
of a miRNA (Maragkakis et al., 2009). If the 3’ (non-seed region) of a miRNA sequence
also matches a target site then a mismatch is allowed in the seed region. Evolutionary
conservation of potential targets sites is assessed using the sequences of 27 species and
scored by comparing against mock target sites generated using mock miRNA sequences.
Mock miRNA sequences are generated for each real input miRNA and generated to have
the same number of predicted target sites. Scores of mock sequences are used as a cut-off
for identifying false positive interactions predicted for input miRNAs. The DIANA-
microT algorithm is only available as a web server configured to identify miRNA targets
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in human, mouse, C. elegans and D. melanogaster. An updated release of DIANA-microT
enables identification of miRNA target sites in CDS regions (Paraskevopoulou et al.,
2013).

4.2.3 Small RNAs in CHO cells

4.2.3.1 Identification of CHO cell miRNAs

miRNAs were first identified in CHO cells by the cloning of miR-21 - discovered using
array based methodology to profile miRNAs conserved between humans, mice and rats
(Gammell et al., 2007). Since the publication of this study the potential of miRNAs for
engineering desirable phenotypes in production CHO cells has begun to be explored
(Valdés-Bango Curell and Barron, 2018). Several miRNAs have been investigated
including mmu-miR-446h-5p which has been shown to improve apoptosis resistance and
productivity when knocked down (Druz et al., 2013), miR-557, miR-1287 and miR-17
which improve productivity when upregulated (Jadhav et al., 2014; Strotbek et al., 2013),
improving expression of difficult to express proteins through miR-557 expression
(Fischer et al., 2017) and the role of miR-23 in metabolic switching to oxidative
phosphorylation in CHO cells (Kelly et al., 2015a).

Several studies have begun to apply techniques to survey expression of miRNAs in CHO
cells. Sanger based EST sequencing experiments were applied to the CHO transcriptome
and used to discover the sequence of 28,000 transcripts of which 260 were unique
miRNAs (Kantardjieff et al., 2009). Next generation sequencing has also been utilised to
identify miRNAs in CHO cells with 350 miRNAs discovered using small RNA-Seq in
one study (Johnson et al., 2011) and 387 in another (Hackl et al., 2011). A further 71
novel mature miRNAs were identified in a follow up study by the same authors
(Diendorfer et al., 2015) using conservation of mMiRNAs in miRBase to identify candidate
miRs in the CHO genomes and then providing proof of expression by their presence in
NGS or array data. In the current miRBase release (version 22) there are 351 unique
mature CHO cell miRNAs with sufficient evidence of expression to be included in the
database (Table 4.1) (Griffiths-Jones et al., 2006).
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Table 4.1 — Annotated miRNAs in miRBase for human, mouse rat and Chinese hamster.
The Chinese hamster has considerably less miRNAs annotated than human, mouse and rat. Data

from miRBase release 22 (March 2018)

Species Precursor miRNAs Mature miRNAs
Human 1,917 2,654
Mouse 1,234 1,978

Rat 496 764
Chinese hamster 245 353

4.2.3.2 Differential expression of miRNAs in CHO cells

Microarray profiling methods were originally reliant on utilising microarrays designed
for profiling human miRNAs but due to the conservation of mature miRNA sequences in
mammalian species these were also applicable for use on CHO cells (Barron et al., 2011).
Using cross-species arrays as many as 350 miRNAs could be detected and quantified in
a single experiment which enabled detection of differentially expressed genes such as
miR-7 and 9 other miRNAS in response to temperature shift (Barron et al., 2011). Arrays
have also been applied to identify differentially expressed genes in CHO cells with varied
productivity levels (Harreither et al., 2015), culture stage (Gammell et al., 2007) and
growth rates (Klanert et al., 2016) revealing 127, 26 and 12 miRNAs associated with each
phenotype respectively. Next generation sequencing has also been utilised to study
miRNA expression patterns - Illumina sequencing of small RNAs was used to identify
the expression of 387 miRNAs in 6 biotechnologically relevant CHO cell lines (Hackl et
al., 2011). In this study 18 miRNAs were found to be differentially expressed between
serum-dependant and serum-free adapted cell lines.

4.2.4 Potential for miRNAs as tools for cellular engineering

A single miRNA has the potential to regulate the expression of hundreds of MRNA targets
and have the capacity to regulate biological processes by targeting many genes in a given
pathway simultaneously (Pritchard et al., 2012). For example, an miRNA can be capable
of controlling the process of cellular differentiation during embryonic development
(Alvarez-Garcia and Miska, 2005) or control cellular growth and apoptosis (Zhao et al.,
2015). Gene silencing can be achieved by upregulating endogenous miRNAs which target
a given gene or pathway or by constructing artificial miRNAs which can be transfected
into cells (Macovei et al., 2012). Expression of miRNAs at a particular time can be

achieved by utilising inducible promoters in which transcription is only initiated in
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response to a stimuli such as a drug treatment or heat-shock (Weber and Fussenegger,
2007; Yang and Paschen, 2008).

miRNA expression can also be downregulated by gene knockout or knockdown
approaches to increase the translation of their target mMRNAs. Depletion of miRNA
expression can be achieved by the expression of miRNA sponges or decoys (Banks et al.,
2012; Gentner and Naldini, 2012). miRNA sponges are engineered RNA sequences
which contain multiple copies of a given miRNA binding site which results in its target
miRNA becoming sequestered and unable to target its intended mRNA (Gentner and
Naldini, 2012). A recently discovered role of INCRNAs is that they may act as endogenous
miRNA decoys to sequester miRNAs and fine tune gene expression (Banks et al., 2012).
For example the IncRNA linc-MD1 sequesters miR-133 and miR-135 to regulate
expression of the Myocyte-specific enhancer factor Mef2c during muscle differentiation
(Cesana et al., 2011). Endogenous miRNAs could also serve as engineering targets by
using gene editing techniques such as CRISPR-Cas9 to edit their genetic sequence
(Aquino-Jarquin, 2017). Such gene editing techniques have been used to disrupt the
functionality of specific miRNAs and promote apoptosis in ovarian cancer cells (Li et al.,
2017) and have been applied to delete miRNAs from the genome to drive tumorigenesis
(Yoshino et al., 2017).

4.2.4.1 Engineering of CHO cells utilising miRNAs

miR-7 (Barron et al., 2011) has been utilised as a tool for engineering enhanced
productivity in CHO cells. When transfected with exogenous copies of the pre-miR-7
precursor which are processed and result in upregulated mature miR-7, cellular growth
rate was reduced and individual cell productivity increased (Barron et al., 2011). miR-7
contributes to the cell cycle arrest in the G1 phase in temperature shifted CHO cells which
results in enhanced yields through increasing the length of the stationary phase of culture
where cells are more productive (Sanchez et al., 2013). Further examples of CHO miRNA
engineering include upregulation of miR-483 and miR-30 to enhance recombinant protein
production (Emmerling et al., 2016; Fischer et al., 2015), upregulation of miR-17 to
increase proliferation (Jadhav et al., 2012) and dual expression of miR-557 and miR-1287
to enhance product yield via improved cell density and specific productivity respectively
(Strotbek et al., 2013). The mouse miR-466h-5p induces apoptosis by inhibiting the
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expression of anti-apoptotic genes and therefore miR-466h was used as a candidate for
knockdown by anti-miR expression (Druz et al., 2013). Inhibition of miR-446h-5p
resulted in a 53.8% increase in viable cells compared to untransfected cells in apoptotic
conditions through the upregulation of anti-apoptotic genes such as Bcl212 and delay of

Caspase activation (Druz et al., 2013).

4.2.4.2 Improving our understanding of the role of miRNAs in CHO cells

Identification of miIRNA expression patterns associated with reduced temperature has
been studied previously using human, mouse and rat array probes (Gammell et al., 2007).
However this study, and all previously mentioned experiments which utilised
microarrays, were limited to previously characterised miRNAs which are conserved
between species. The current version of miRbase (Version 22, March 2018) contains just
353 mature miR entries for the Chinese hamster but 2,654 for human and 1,978 for mouse
- suggesting incomplete annotation of the miRNA landscape of CHO cells (Griffiths-
Jones et al., 2006). An opportunity therefore remains to apply deep next generation
sequencing methods to discover novel miRNAs which yet to be discovered in CHO cells.
A recent miRNA sequencing experiment however demonstrated the capacity of next
generation sequencing to discover miRNAs in CHO cells in which 71 novel miRNA
sequences were identified (Diendorfer et al., 2015). No study to date has yet applied deep
Next Generation Sequencing to small RNAs expressed in temperature shifted CHO cells
and therefore there may be miRNAs involved in the temperature shift response which
have yet to be catalogued. Performing next generation sequencing on temperature shifted
CHO cells could result in the identification of miRNA targets for engineering enhanced
phenotypes such as apoptosis resistance, enhanced growth rates or increased productivity
(Mdller et al., 2008). The experimental design used to generate sequencing libraries
throughout this thesis is also beneficial for the purpose of discovering more about the
function of miRNAs as total RNA-Seq, proteomics and RiboSeq experiments can be

integrated to identify potential MRNA targets of miRNA regulation.

In this chapter small RNA-Seq is applied to survey the miRNA landscape of CHO cells
cultured at a reduced temperature. The utilisation of deep sequencing enables the potential
to identify novel miRNA transcripts and accurately quantify differential expression of
miRNAs induced by mild hypothermia. By predicting miRNA:mRNA target interactions
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it may be possible to elucidate post-transcriptional control of gene expression
contributing to the inconsistency between mRNA and protein measurements of gene
expression identified in Chapter 2.
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4.3 Methods

4.3.1 Cell culture and sequencing

Total RNA for small RNASeq was harvested in parallel from the CHO cell cultures
descried in Section 2.2.1. Libraries were generated using the TruSeq Small RNA Library
Preparation Kit (Illumina Inc.). RNA was sequenced on an Illumina NextSeq 500
instrument, multiplexed across the 4 lanes on the flow cell and configured to produce a
minimum of 10 million reads per sample at a minimum of 50bp. Sequence libraries were

constructed by Dr Clair Gallagher and Alan Costello in NICB, Dublin City University.

4.3.2 Pre-processing of small RNA data

Adapter sequences were trimmed using cutadapt (Martin, 2011) using the adapter
sequence ‘TGGAATTCTCGG’ a second pass of cutadapt was used to trim 4 nucleotides
from the starts and ends of reads to remove barcode sequences. Reads below 17
nucleotides in length were discarded at this stage to reduce contamination as reads below
this length would be too small to be derived from miRNAs. FastQC (Andrews, 2010) was
used to assess the quality of samples — ensuring a peak was present between 18-23
nucleotides in length in the read length distribution chart and to determine the

overrepresentation of sequences such as ribosomal RNA or remaining adapters.

4.3.3 Identification of novel mMiRNAs

miRDeep2 (Friedlander et al., 2012) was utilised to identify novel miRNAs from the pre-
processed data. RNA-Seq reads were first aligned to the CHO cell genome and alignments
output in the ARF format for use in the main miRDeep2 algorithm. Previously annotated
Chinese hamster miRNAs in miRBase were provided as input to miRDeep2 as well as the
mature miRNA sequences for mammalian organisms with over 500 annotated miRNAs.

miRNAs with a miRDeep?2 score > 10 were accepted as candidate novel miRNAsS.

4.3.4 Differential expression of miRNAS

Bowtie (Langmead et al., 2009) was used to align reads to the Ensembl CHO-K1 genome
(Xu et al., 2011; Zerbino et al., 2018) with parameters set to disallow mismatches and
output alignments in the SAM format, which was converted to BAM and sorted using
Samtools (Li et al., 2009). The BED file containing predicted miRNA output from

miRDeep2 was used as input to count the number of aligned reads to genomic loci with
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Bedtools multicov (Quinlan and Hall, 2010). DESeq2 was used to identify differential
expression in miRNAs with a minimum of 10 aligned read counts and considered
differentially expressed if the miRNA had a minimum fold change >+1.2 and Benjamini

Hochberg adjusted p value of < 0.05 between conditions.

4.3.5 Prediction of miRNA targets

Ensembl GenelDs for differentially expressed genes identified in Chapter 2 and the
miRBase identifiers for human orthologues of differentially expressed miRNAs from
Section 4.3.4 were imported to R. The biomaRt Bioconductor R package was used to
convert CHO cell Ensembl GenelDs to orthologous human Ensembl GenelDs (Durinck
etal., 2009). The multiMiR Bioconductor R package (Ru et al., 2014) was used to retrieve
mIRNA:MRNA interactions between differentially expressed genes and miRNAs. All
interactions in databases with experimentally validated targets (miRecords (Xiao et al.,
2009), miRTarBase (Chou et al., 2018) and TarBase (Vergoulis et al., 2012)) and
evolutionarily conserved targets (miRanda (Betel et al., 2008), PITA (Kertesz et al.,
2007), TargetScan (Agarwal et al., 2015)) were retrieved. In addition the top 20% scoring
in silico predicted mIRNA:mRNA interactions in databases without evolutionary
conservation support were included (miRanda, PITA, TargetScan, DIANA_microT
(Paraskevopoulou et al., 2013), EIMMo (Gaidatzis et al., 2007), MicroCosm (Griffiths-
Jones et al., 2006), miRDB (Wang, 2008) and PicTar (Anders et al., 2012a)). Predictions
were retained if an interaction was present in a database with biological validation as well
as predictions identified in TargetScan and at least 1 other database. The described
process was repeated on alternatively spliced genes identified in Chapter 3 as well as

differentially expressed proteins identified in Chapter 2.
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4.4 Results

4.4.1 Quality and pre-processing

Libraries were sequenced to an average of 55.4 million reads per sample (range 44.7-62.9
million). Adapter and quality trimming resulted in the removal of an average of 4.4
million reads per sample (3.67-5.3 million, 7.9%) (Figure 4.1). An average of 28.7 million
reads (22.3-35.4 million, 53.7%) per sample were discarded during length filtering due to
falling outside the 17-25 nucleotide range (Figure 4.2). After this stringent pre-processing
an average of 21.3 million reads remained per sample (16.05-24.29 million, 38.4%) to be

used in assembly of miRNAs and differential expression analyses (Tables of full pre-
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Figure 4.1 — Small RNA-Seq Read Pre-processing. Reads were trimmed to remove
barcodes and adapters resulting in the removal of 7.9% of reads (purple). A further
53.7% of reads were discarded due to being outside the 17-25 nucleotide range
(green). An average of 38.4% of reads passed pre-processing (blue).
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Figure 4.2 — Sequence length distribution. A large peak is present in the 21-23
nucleotide range of trimmed reads - the size of the majority of miRNAs annotated
in CHO cells annotated in miRBase.

4.4.2 Detection and assembly of miRNAs with miRDeep2

70% of the preprocessed reads were aligned to the CHO-K1 genome and utilised for the
miRDeep2 discovery process. Known Chinese hamster miRNAs and those from other
mammalian species (e.g. human, mouse, rat) in miRBase were provided as input and
resulted in the detection of 1,507 candidate miRNAs of which 1,280 were novel to the
Chinese hamster (Appendix 4B). 251 of these novel candidate miRNAs had a miRDeep2
score >10 which has a true positive rate of 85 + 2% associated with it which is calculated
by randomly permuting read alignments to potential precursors as aligned to other
potential precursors in the same position to check the hypothesis that the miRNA is
derived from dicer processing (Figure 4.3, Appendix 4C). 169 of the 251 candidates have
a significant randfold p value and no hits to the rfam database, further evidence they are
likely miRNAs as they form a secondary structure consistent with known miRNAs and

do not contain non-coding RNA sequence elements such as tRNAs or rRNAs.
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Figure 4.3 — Detection of miRNAs with miRDeep2. 1,507 miRNAs were assembled
of which 1,280 were novel. 251 of these have a miRDeep2 score >10 and are likely
true positive miRNA candidates (Score 10 indicated by red line).

For 119 of the miRNAs with a score > 10 there are no reported miRNAs with orthologous
seed sequences in miRBase for the mammalian organisms used as input to miRDeep2.
The highest scoring of these novel miRNAs which has a significant Randfold P value,
has a miRDeep2 score of 24,514 — higher than well studied miRNAs such as miR34a
(21,547), miR30a-5p (10,228) and miR-9 (2,316) and therefore this may present a true
positive miRNA which is uniquely expressed in CHO cells. The coverage and predicted

hairpin structure of novel_miR_24,227 is depicted in Figure 4.4.
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Figure 4.4 — Predicted hairpin structure and coverage of novel miR_24227
Presented in this figure is a novel miRNA with the highest miRDeep2 score which
has no annotated orthologue in any species in miRBase. The secondary structure
(top) is typical of a miRNA, with consistent base pairing in the seed region (5’ of
the red sequence) and forming a hairpin. The majority of reads aligning to this
hairpin cover the mature sequence region (bottom, red). Figure generated using
miRDeep2.

132 of the novel miRNAs identified have orthologues reported in other mammalian
organisms. miRNAs were identified from all species used as input to miRDeep2 with the
exception of armadillo, opossum and chimpanzee. The highest scoring novel miRNA
with an orthologue is novel _mir_482, orthologous to mdo-miR-7388c (Figure 4.5).
Among the orthologous miRNAs assembled which have previously not been reported in
CHO cells are 11 miRNAs which are highly conserved among species and prevalent in
the literature (Table 4.2). The most cited of these miRNAs is miR-335, presented in
Figure 4.6.
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Figure 4.6 — Predicted structure of novel_miR_ 5944. Novel_miR_5944 is

orthologous to miR_335, a miRNA highly cited in the literature and previously

reported in 19 species.
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Table 4.2 — Assembled orthologous miRNAs which have not been previously annotated in
CHO cells. The 11 miRNAs presented in this table are orthologous to known miRNAs in other
mammalian species and their functionality has been studied and reported in the literature.

Genomic MiRNA Number of
mMiRNA ID . Score | presentin | publications
Coordinates : .
species in Pubmed
. Mouse
miR-207 JH001133.1_29824 JH001133'1'4_7966 980.7 | Rat 7
- 3..479725:-
Dog
. Mouse
miR-200a-5p | JHO58547.1_43020 | IS8 | g g | et 64
' Guinea Pig
. JH000876.1:42793 Mouse
miR-295-5p | JH000876.1 26769 3. 427996:- 26 Rat 6
. Human
miR-335 | JH000073.1 5044 | JH000078.1:29014 |5 6| poyee 255
68..2901530:+
Rat + 16
. Human
MiR-383-3p | JHO01533.1 33225 | JHO0L533.L:14896 | o o | \phce 72
8..149031.+
Rat + 24
. Human
miR-448-3p JH000200.1_11719 JH000620'1'10_300 135 Mouse 45
49..1030126:+
Rat + 15
. Human
miR-873-3p JH000060.1_4751 JHOOOO60'1'7_2328 180.1 | Mouse 38
0..723352:+
Rat + 14
Human
miR-939-5p | JH040064.1 42766 | JH040004-1:200.21 40 5 | Macaque 32
- 62:+ Chimp
Orangutan
. JH000489.1:12182 Human
miR-1231 JH000489.1 20324 29 1218294:- 312.5 Mouse 8
. Human
miR-1294 | JH000196.1 11622 | *H000196.1:14076 | ;570 o | cpimp 6
- 00..1407660:-
Marmoset
. JH000836.1:31274
miR-2909 JH000836.1_26319 6. 312805+ 126.4 | Human 16

When the novel miRNAs identified in this experiment are combined with those already
present in miRBase, the number of miRNAs reported in the Chinese hamster increases to
583, closer to parity with other closely related mammalian species such as the rabbit and

guinea pig (Figure 4.7).
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Figure 4.7 - miRNASs reported in mammalian species used as input to miRDeep2.
miRNAs reported in miRBase are coloured in green. Chinese hamster miRNASs
assembled in this chapter are coloured orange (those with mammalian orthologues)
and red (novel miRNAS).

4.4.3 Differential expression of miRNAs

Reads were aligned to the CriGril CHO-K1 genome (Xu et al., 2011; Zerbino et al., 2018)
using Bowtie resulting in an average of 13.9 million aligned reads per sample (65%, range
12-17.5 million). Of these aligned reads, 6.9 million reads per sample (32.7%, range 6.6-
8.9 million) were assigned to annotated miRNASs generated using miRDeep2 in the
previous section (Figure 4.8, full alignment statistics in Appendix 4A). An average of
12% fewer reads aligned to the genome in temperature shifted samples. Investigation of
unaligned reads revealed 7.32% (7.06%-7.56%) of the reads in non-temperature shifted
and 22.38% (21.63%-23.45%) of temperature shifted reads aligned to the 18S, 5.8S, 28S
ribosomal subunits or the internal transcribed spacer sequences between these rRNA
genes (GenBank: DQ235090.1). After removal of reads aligned to the transcribed spacer
region an average of 13.83 million reads (11.45-15.34 million) aligned to the CriGril
CHO-K1 genome with consistent alignment rates between 75.61% and 77.41%.
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Figure 4.8 — Read alignment statistics. Preprocessed reads were aligned to the
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miRDeep2.
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30 miRNAs were detected as differentially expressed (DE) at a +> 1.2FC and a Benjamini
Hochberg adjusted P value < 0.05 - 10 upregulated and 2 downregulated. 7 of the
upregulated and 17 of the downregulated were previously reported in CHO cells. 2
upregulated and 2 of the downregulated miRNAs were novel with orthologous mRNAs
in mammals. 1 up and 1 down miRNA were novel and not previously reported in any
species. miRNAs with a >£1.5 fold change are presented in Table 4.3. Full differential
expression results are in Appendix 4D.
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Table 4.3 Differentially expressed miRNAs with a >+1.5 fold change. 12 miRNAs were identified as differentially expressed with a >1.5 fold change and BH
adjusted P value of < 0.05.

miRDeep2 ID miRDeep2 Score | miRBase miRNA | Orthologous miRBase Seed | Base Mean | Fold Change | BH Adj. P
JH001693.1_34177 5,046 - miR-6895-3p 600 3.72 1.24 x 108
JH007589.1_41503 10,990 cgr-miR-34a miR-34a-5p 2,399 3.33 2.74 x 103
JH000282.1_14656 1,35 cgr-miR-7b miR-7-5p 251 3.01 2.49 x 103

JH000003.1_357 198 cgr-miR-628 miR-628-5p 43 2.97 1.04 x 102
JH000315.1_16059 1,325 - bta-miR-2292 293 2.13 4,76 x 100
JH000002.1_210 86,845 cgr-miR-215-5p miR-192-5p 20,140 1.91 2.32x10%
JH000275.1_14328 2,808 - - 6056 1.74 3.58 x 10
JH000136.1_9442 269,390 cgr-miR-103-5p miR-103a-3p 326 1.55 4.47 x 100
JH000656.1_23790 44,731 cgr-miR-374-5p miR-374a-5p 9,793 -1.52 4.35 x 10
JHO000344.1_17048 2,316 cgr-miR-9 mmu-miR-9-5p 240 -1.56 1.90 x 102
JH000263.1_13955 3,112 cgr-miR-671-5p miR-671-3p 445 -1.68 6.20 x 1010
JH000054.1_4298 6,638 cgr-miR-298-5p mmu-miR-298-5p 1,262 -1.86 5.89 x 101
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4.4.4 Target prediction on differentially expressed genes

Differentially expressed miRNAs with a >+1.2 fold change which could be assigned a
human miRBase identifier were used as input to multiMiR to identify miRNA targets in
differentially expressed genes identified in Chapter 2 (Section 2.3.4). Criteria to accept
miRNA:MRNA interactions were 1) present in a database validated with experimental
evidence or 2) present in the TargetScan database plus at least one other database. Target
predictions for upregulated miRNAs were found in 213 upregulated and 383
downregulated genes. Downregulated miRNAs were predicted to target 265 upregulated

and 347 downregulated genes (Figure 4.9, Appendix 4E).
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Figure 4.9 —Predicted targets for differentially expressed miRNAs. Target prediction using multiMiR identified 1,248 miRNA:mRNA
interactions between differentially expressed miRNAs and genes. ‘mir-’ is omitted from the start of miRNA names on the x axis for clarity.
Differentially expressed genes downregulated in response to mild hypothermia are coloured red and upregulated genes in turquoise.
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A total of 726 differentially expressed genes were identified as targets of DE miRNAs —
441 by upregulated miRNAs and 456 by downregulated miRNAs. 195 genes were
predicted as targets of both up and downregulated miRNAs. Gene ontology enrichment
analysis identified 501 enriched GO terms with a BH adjusted P value < 0.05 (Appendix
4F) with cell cycle, DNA replication and response to stress among the top enriched GO
terms (Table 4.4).

Table 4.4—-Top 10 enriched GO terms for differentially expressed genes predicted as targets
of miRNAs. DAVID was used to identify enriched GO terms among the 702 differentially
expressed genes predicted as targets of miRNAs. 501 GO terms were identified as enriched with
cell cycle related processes dominating the list.

Term Count Enrli:cc;:%ent BH Adj. P
GO0:0007049~cell_cycle 192 3.08 413 x10%
G0:0022402~cell_cycle_process 170 3.36 2.75 x 104
G0:0000278~mitotic_cell_cycle 133 3.69 1.40 x 10°%
G0:1903047~mitotic_cell_cycle_process 123 3.71 1.08 x 103
G0:0006259~DNA_metabolic_process 122 3.29 2.67 x 10%°
GO0:0006260~DNA _replication 63 5.83 5.86 x 107
GO:0006974~cellular_response_to DNA_damage_stimulus 101 3.36 2.37 x 10
G0:0051276~chromosome_organization 125 2.84 4.07 x 10
G0:0033554~cellular_response_to_stress 152 2.30 9.69 x 10
G0:0000280~nuclear_division 79 3.64 1.24 x 1020

miRNA interactions between miRNAs and genes with anti-correlated expression (gene
expression upregulated > 1.5 fold and miRNA down > 1.2 fold or vice versa) were
identified in 491 genes. 30 of these genes were identified as targets of 3 or more anti-
correlated miRNAs (Appendix 4G). Differentially expressed genes targeted by miRNAs
DE in the opposite direction with roles in the cell cycle, energy metabolism or miRNA

processing are presented in Table 4.5.
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Table 4.5 — Differentially expressed genes targeted by miRNAs with differential expression in the opposite direction. Differentially expressed genes with roles

in the cell cycle, energy metabolism or miRNA activity targeted by miRNAs are presented in this table. Full table in Appendix 4G.

CHO GenelD Gene Symbol | Gene Name Gene FC miRBase ID MiRNA miRNA FC
MIMATO0000101 | miR-103a-3p 1.55
ENSCGRG00000006182 Ccnel Cyclin E1 -1.72 MIMAT0000222 | miR-192-5p 1.91
MIMATO0000252 | miR-7-5p 3.01
MIMAT0000101 | miR-103a-3p 1.55
ENSCGRG00000013335 Ago4d Argonaute 4, RISC Catalytic Component -1.92 MIMATO0000255 | miR-34a-5p 3.33
MIMATO0000278 | miR-221-3p 1.40
MIMAT0000101 | miR-103a-3p 1.55
. o . MIMATO0000252 | miR-7-5p 3.01
ENSCGRG00000006644 Pkia CAMP-Dependent Protein Kinase Inhibitor Alpha -1.53 -
MIMATO0000255 | miR-34a-5p 3.33
MIMATO0000278 | miR-221-3p 1.40
MIMATO0000087 | miR-30a-5p -1.33
ENSCGRG00000003592 Cd44 Cell Surface Glycoprotein CD44 2.07 MIMAT0000232 | miR-199a-3p -1.32
MIMATO0000752 | miR-328-3p -1.41
MIMATO0000087 | miR-30a-5p -1.33
MIMATO0000232 | miR-199a-3p -1.32
ENSCGRG00000014167 Cpeb4d Cytoplasmic Polyadenylation Element Binding Protein 4 1.70 MIMAT0000271 | miR-214-3p -1.29
MIMATO0000441 | miR-9-5p -1.56
MIMATO0000727 | miR-374a-5p -1.52
MIMATO0000087 | miR-30a-5p -1.33
ENSCGRG00000014709 Ddit4 DNA Damage Inducible Transcript 4 2.66 MIMATO0000232 | miR-199a-3p -1.32
MIMAT0003283 | miR-615-3p -1.39
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4.4.5 Target prediction on alternatively spliced genes

Genes identified as alternatively spliced in Chapter 3 were used for target prediction using
multiMiR identifying 2,337 interactions on 1,274 genes. 445 GO terms were identified as
enriched in these genes (Appendix I) with the most significantly enriched GO terms
related to the cell cycle (Table 4.6).

Table 4.6 — Enriched GO terms in alternative spliced genes targeted by differentially
expressed miRNAs. 445 GO terms were identified among the 1,274 genes targeted by
differentially expressed miRNAs. The top 10 enriched GO terms are presented in this table (Full
table in Appendix 4l).

Fold

GO Term Count Enrichment BH adj. FC
G0:0051276~chromosome_organization 197 2.43 2.87 x 10-*°
G0:0022402~cell_cycle_process 208 2.24 2.05 x 106
G0:0000278~mitotic_cell_cycle 167 2.52 2.28 x 10%
G0:0006259~DNA_metabolic_process 169 2.48 4.83 x 106
GO0:0007049~cell_cycle 237 2.07 4.89 x 10%
G0:1903047~mitotic_cell_cycle_process 156 2.56 1.98 x 10%
G0:0033554~cellular_response_to_stress 239 1.97 3.23x10%
G0:0006974~cellular_response_to_ DNA_damage_stimulus 141 2.55 1.25 x 102
G0:0006260~DNA _replication 71 3.57 2.79 x 1018
GO0:0006281~DNA_repair 99 2.73 3.05 x 107

Of the 1,274 alternatively spliced genes targeted by differentially expressed miRNAs 838
were not identified as differentially expressed at the gene level. 43 of these genes were
found to have a splicing event in the 3’UTR (Appendix 4J). Genes with a role in the cell
cycle, energy metabolism and miRNA processing with predicted miRNA targets and

splicing in the 3’UTR are presented in Table 4.7.

148



Table 4.7 — Alternative splicing events in 3°’UTRs of genes not differentially expressed predicted as targets of differentially expressed miRNAs. 43 genes were
identified which were alternatively spliced in the 3’UTR region, were not differentially expressed at the gene level and were targets of differentially expressed miRNAs.
Presented in this table are 6 of these genes which have roles in the cell cycle, energy metabolism or miRNA processing (Full table in Appendix 4J).

Gene . Splice . Inc level . MiRNA
GenelD Symbol Gene Name 3'UTR Type Alt Spliced Exon Change mMiRNA FC
- . JH000452.1 JH000452.1 .
ENSCGRG00000010825 Atplla ATPase Phospholipid Transporting 11A 613497-620166 SE 618286-618390 0.15 miR-9-5p -1.56
. . JH000054.1 JH000054.1 .
ENSCGRG00000004154 AtpSe ATP Synthase F1 Subunit Epsilon 9720910-2724092 RI 2719746-2720912 -0.22 miR-615-3p -1.39
Acyl-CoA Synthetase Long Chain JH000154.1 JH000154.1 ) miR-34a-5p 3.33
ENSCGRG00000009745 | Acsle | ) iy Member 6 333464-374021 | ©°F | 344303344381 | O3 [iesaase [ 152
. JH001903.1 JH001903.1 .
ENSCGRG00000001663 Ccenl Cyclin | 117041-122170 SE 121996122227 -0.15 miR-9-5p -1.56
miR-7-5p 3.01
. JH000019.1 JH000019.1 -
ENSCGRG00000013702 Grb2 Growth Factor Receptor Bound Protein 2 251982-299535 RI 296047-297830 0.19 miR-34a-5p 3.33
miR-378a-3p -1.28
JH000116.1 miR-30a-5p | -1.33
SE 674149-675059 019 miR-103a-3 1.55
- iR- - :

ENSCGRGO0000015964 | Hnrnpa2b1 | Heterogeneous Nuclear JH000116.1 _ P
Ribonucleoprotein A2/B1 674150-675059 JH000116.1 miR-361-5p -1.3
A3SS 674149-675476 019 miR-615-3p | -1.39
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Alternative splicing in the 3’UTR of transcripts has the potential to alter miRNA activity
It splicing results in an interrupted miRNA binding site. An example of this occurring
was identified in the Hnrnpa2bl gene where a skipped exon event results in decreased
incorporation of a segment of the 3’UTR containing a binding site for miR-103-3p (Figure
4.10).
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A B 291 Hnrnpa2bl NTS IncLevel: 0.83

_ Predicted consequential pairing of target region (top)
d miRNA {bottom 165.8

Position T19-725 of HNRNPAZE1 3 UTR 5 .. .UUUUAGAUCUNUUAGALGCUGEL. . . E 110.5 18
hsa-miR-1033-3p 3 nﬁuwcﬁﬁﬁmu&ub.!lclélclclﬂ % 55.2
....... T Y e ) E e e 1 ) S
Human 3AGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAAU
Chimp 3AGAAACACCUUUUUAGAUCUUUUAGAUGC - - - USCUUCUUCAAUG
Rhesus 3AGAAACACCUUUUUAGAUCUUUUAGAUGC - - - UGCUUCUUCAAUG
Squirrel SAGAAACACCUUUUUAGAUCUUUUAGALGC - - -UGCUUCUUCAAUG 271 936 Hnrnpa2bl TS IncLevel: 0.65
Mouse IAGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAAUG:
Rat JAGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAAUG s 165.8
Rabbit 3AGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAAUG = 1105
Pig 3AGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAALG £ 5572 7 ‘
Cow IAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUGCUUCAALG ! h
Cat JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAAUG:
Dog IAGAAACACCUUUUUAGAUCUUUUAGAUGL - - - UGCUUCUUCAAUG: 243 ) i
Brown bat SAGAAACACCUUUUUAGAUCUUUUAGAUGC - - -UGCUUCUUCAAUG Genomic coordinate (JHO00116.1), "+" strand
Elephant JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - CGCUUCUUCAALG | T —T T | 1
Opossum SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAAUG 673912 674444 - §74836 675482 675874 676266
Macaw 3JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAAUGH T
Chicken 3JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAAUGH C
Lizard SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - -USCUUCUUCAAUGH Query 1: 2 GAGRAACACCTTTTTAGATCTTTTAGATGCTGCTTCTTCAAT GCAAGGRAAAGGARATAAC Query 1: 6l
X. tropicalis 3AGA--CACCUGCUUAGAUCUUU-AGALUGCAUCUGCUUCUUCAAUGH - -
SomiEEID LT 1000 RN NSRERRERRRN AN ENANY Y I
Con 3JAGAAACACCUUUUUAGAUCUUUUAGAUGE . . . UGCUUCUUCAALG ) ' '
JHOO0116.1: 674817 GAGAAACACCTTTTTAGATCTTTTAGATGCTGCTTCTTCAATGCARGGARAGGARATARC JHO00116.1:6746746

Figure 4.10 — Alternative splicing alters miRNA targeting of miR-103-3p on Hnrnpa2bl. An interaction between miR-103-3p and
Hnrnpa2bl was identified using the approach outlined in Section 4.3.5. Hnrnpa2bl was not identified as differentially expressed in Chapter 2
but was identified as undergoing alternative splicing in Chapter 3. (A) The predicted target site of miR-103-3p on Hnrnpa2bl is conserved
among mammalian species (Agarwal et al., 2015). (B) A skipped exon event is identified in the 3’UTR of the transcript which results in an
exon being skipped at a higher rate in cells cultured at a reduced temperature (0.65 percent spliced in) than non-temperature shifted cells (0.83
PSI). (C) The target site for miR-103-3p is conserved in CHO cells and present in the skipped exon.
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4.4.6 Target Prediction on differentially expressed proteins

Target predictions were carried out on the 171 genes encoding differentially expressed
proteins identified in Chapter 2 (Section 2.3.5), revealing 139 miRNA interactions on 86
proteins (Appendix K). Gene ontology analysis was applied to differentially expressed
proteins with predicted miRNA targets identifying 49 enriched GO terms (Appendix 4L).
The most significantly enriched GO terms include those related to protein localisation
(Table 4.8).

Table 4.8 — Top 10 enriched GO terms for differentially expressed proteins with miRNA
targets. DAVID was used to identify enriched GO terms among the 86 differentially expressed
proteins with miRNA targets predicted. The full table of 49 enriched GO terms is presented in
Appendix 4L.

Fold .

Term Count Enrichment BH Adj. P
GO0:0046907~intracellular_transport 25 3.18 8.54 x 10
G0:1902589~single-organism_organelle_organization 25 3.15 5.25 x 10°%
G0:0008104~protein_localization 31 2.57 5.18 x 10
ZGa(t.)i;)()nO43933~macromoIecuIar_complex_subun|t_organ| 31 2 56 436 x 10°%
G0:0034613~cellular_protein_localization 24 3.05 7.33 x 10°%
GO0:0070727~cellular_macromolecule_localization 24 3.02 7.03 x 10
G0:0045184~establishment_of protein_localization 27 2.71 7.07 x 10
G0:0044085~cellular_component_biogenesis 33 2.30 8.07 x 10
GO:0072594~establishment_of protein_localization_to_ 15 457 1.08 x 10
organelle

G0:0033036~macromolecule_localization 32 2.31 9.75 x 10

In Chapter 2 (Section 2.3.5), 153 genes were identified with uncorrelated differential
expression at the gene and protein levels. Of the differentially expressed proteins
identified with miRNA targets, 68 did not have corresponding differential expression at
the gene level (Appendix 4M). In addition, 9 genes identified as differentially expressed
at the gene level but not the protein level were predicted as targets of differentially
expressed miRNAs (Appendix 4M). Potential miRNA activity was identified by
overlapping fold changes of genes, proteins and predicted miRNA targets to find cases
where 1) an upregulated miRNA targets a post-transcriptionally downregulated gene or
2) a downregulated miRNA targets a post-transcriptionally upregulated gene. By
applying these criteria 64 cases of miRNA regulation were identified in 45 genes which

were not correlated at the gene and protein level (Appendix 4M). Genes post-
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transcriptionally regulated by differentially expressed miRNAs with roles in RNA-
processing, energy metabolism and translation are presented in Table 4.9.
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Table 4.9 — miRNA mediated control of gene expression contributes to the lack of correlation between levels of gene and protein expression. Presented in this
table are post-transcriptionally upregulated genes targeted by downregulated miRNAs which have roles in energy metabolism, RNA processing and translation.

Gene ID Gene Symbol | Gene Name Gene FC | Protein FC miRBaselD miRNA miRNA FC
ENSCGRG00000000751 Acly ATP Citrate Lyase 1.03 1.28 MIMATO0000703 | miR-361-5p -1.30
ENSCGRG00000014672 Aldh2 Aldehyde Dehydrogenase 2 Family Member 1.08 1.22 MIMATO0003283 | miR-615-3p -1.39
. . MIMATO0000703 | miR-361-5p -1.30
ENSCGRG00000010880 Dsx3x DEAD-Box Helicase 3 X-Linked 1.07 1.37 -
MIMAT0000441 miR-9-5p -1.56
ENSCGRG00000016658 Eif5 Eukaryotic Translation Initiation Factor 5 1.48 1.33 MIMAT0000441 miR-9-5p -1.56
MIMATO0000732 | miR-378a-3p -1.28
ENSCGRG00000001864 Enol Enolasel 1.14 1.20 -
MIMAT0003283 | miR-615-3p -1.39
ENSCGRG00000015236 Fsan Fatty Acid Synthase 1.05 1.20 MIMAT0003283 | miR-615-3p -1.39
ENSCGRG00000013953 Gotl Glutamic-Oxaloacetic Transaminase 1 -1.06 1.37 MIMATO0000441 | miR-9-5p -1.56
. MIMATO0000087 | miR-30a-5p -1.33
ENSCGRG00000014824 Hk1 Hexokinase 1 1.15 1.38 -
MIMATO0003283 | miR-615-3p -1.39
MIMATO0000087 | miR-30a-5p -1.33
ENSCGRG00000017777 Ogdh Oxoglutarate Dehydrogenase -1.66 -1.19 -
MIMATO0000703 | miR-361-5p -1.30
ENSCGRG00000005301 Sf3bl Splicing Factor 3b Subunit 1 1.19 1.34 MIMATO0003283 | miR-615-3p -1.39
ENSCGRG00000010128 Sfpq Splicing Factor Proline And Glutamine Rich 1.09 1.37 MIMATO0003283 | miR-615-3p -1.39
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4.5 Discussion

Multi-omics has proven previously to be valuable in identifying miRNA activity in the
study of CHO cell growth rate (Clarke et al., 2012) however this technique has yet to be
utilised using next generation sequencing to study the role of miRNAs in the CHO cell
response to reduced culture temperature. Presented in this Chapter is the usage of the
highest sequencing depth to date for profiling small RNAs in CHO cells - over 4 times as
deeply sequenced as other miRNA profiling experiments carried out in CHO cells (Hackl
et al., 2011). Sequencing samples to a depth of 55 million reads and the usage of 4
biological replicates ensures confidence in the assembly of novel miRNAs as well as
identification of miRNAs which are expressed at a low enough expression level such they
would have been missed in previous experiments. In addition to a high sequencing depth
the sequencing libraries generated in this study are of extremely high quality, with an
average sequencing quality of Q34 (a probability of 1 in 4,000 bases sequenced called
incorrectly). After trimming adapters and barcode sequences, libraries were heavily
enriched for RNAs 21-23 nucleotides in size (the same range as the majority of CHO cell
miRNAs in miRBase) suggesting library preparation successfully enriched for miRNAs.
Read s were aligned to the genome for the identification and quantification of miRNAs
revealing 10% higher alignment rates to the genome in non-temperature shifted samples.
Alignment of these unaligned reads to the rRNA sequences revealed the presence of reads
aligned to the external transcribed spacer sequence which is not present in the CriGril
genome assembly. After removal of these reads consistent alignment rates to the genome
were observed across samples with an average of 13.83 million reads aligned per sample
— indicating the 10% difference in alignment rate was due to increased rRNA derived
reads in temperature shifted samples which were removed during this pre-processing.

In total 251 MiRNAs not currently annotated in miRBase were identified with scores
exceeding the miRDeep2 thresholds for likely miRNAs with a confidence of 85+2%. At
this confidence level a maximum of 3616 of these miRNAs are estimated to be false
positives however miRDeep2 applies a conservative approach which overestimates false
positives and therefore the true number of false positives is likely lower than this estimate
(Friedlander et al., 2008). Given the worst case-scenario of false positives, an estimated
2009 true positive miRNAs were identified in this study - increasing the number of mature

miRNA identified in CHO cells by at least 60% and the number of precursors by 85%
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(Kozomara and Griffiths-Jones, 2014). Among these candidate miRNAs are 132 which
have seed regions orthologous to miRNAs reported in other mammalian species used as
input to miRDeep2. Orthologous miRNAs include miR-290a-5p, miR-335, miR-383-3p,
miR-448-3p, miR-873-3p and miR-939-5p. Each of these miRNAs play a role in
inhibiting cellular proliferation and apoptosis (Han et al., 2018a; Shu et al., 2011; Su et
al., 2018; Zhao et al., 2017) and therefore illustrate the importance of identifying
previously uncharacterised miRNAs in understanding the CHO cell response to

temperature shift.

miR-290a-5p is a rodent-specific miRNA which has only been reported in mouse, guinea
pig and rat previously in miRBase (Paikari et al., 2017). miR-290 is expressed in a cluster
of the miRs-290:295 in rodent germ cells — we also identified miR-295 for the first time
in CHO cells through this experiment suggesting miR-290 and miR-295 are co-expressed
during temperature shift (Wu et al., 2014). miR-290-295 cluster miRNAs are highly
expressed in mouse embryonic stem cells and plays a role in early cellular differentiation
(Wu et al., 2014). miRNAs from this cluster are known to regulate the G1/S phase
transition of the cell cycle and to promote rapid proliferation through post-
transcriptionally regulating the expression of Cdknla (Wang et al., 2008). miR-290-295
cluster miRNAs also play a role in suppression of apoptosis through targeting of caspase
MRNASs (Zheng et al., 2011a). miR-939 has previously only been reported in Simiiformes
of the Primate order in miRBase (humans, chimpanzees, orangutans and macaques).
Expression of miR-939 supresses the cell cycle through the inhibition of the
Raf/MEK/ERK pathway and with under expression of miRNA associated with cancers in
humans as well as chemo-resistance (Zhang et al., 2017b). The expression of a novel miR
with the same mature seed as miR-939 presents the first evidence of miR-939 expression

in mammalian species outside the simian order.

Differential expression analysis revealed 30 miRNAs differentially expressed in response
to mild hypothermia - 10 upregulated and 20 downregulated. Upregulated miRNAs
include miR-7b, miR-34a, miR-103, miR-215 and miR-628-5p which have roles in the
regulation of proliferation (Li et al., 2018; Vychytilova-Faltejskova et al., 2017). miR-7
expression has previously been shown to result in decreased growth in CHO cells

(Sanchez et al., 2013) as well as increased recombinant protein productivity (Barron et
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al., 2011). miR-7 has previously been identified as downregulated in temperature shifted
CHO cells but when overexpressed transiently results in a halting of the cell cycle (Barron
et al., 2011). Conflicting reports show that both overexpression (Barron et al., 2011;
Meleady et al., 2012) and depletion (Sanchez et al., 2014) of miR-7 in CHO cells can
result in increased productivity. The mechanism of miR-7s effect on cell growth is
through targeting genes such as Skp2 and Psme3 which regulate p27X® expression to
control of the G1/S phase transition of the cell cycle (Sanchez et al., 2013). Studies have
shown miR-7 to regulate the expression of the Fos gene (Lee et al., 2006), a component
of the transcription factor AP-1 which regulates cell proliferation and apoptosis. Fos was
identified as the most downregulated gene in Chapter 2 (Section 2.3.4) with a -10.17 FC
which may be a result of miR-7 activity. As conflicting reports have shown both
upregulation and depletion of miR-7 to positively impact productivity in CHO cells, miR-
7 expression alone may not be sufficient to mimic the effects of temperature shift on
productivity. miR-34a is a master regulator of tumour suppression whose expression is
induced by p53 and regulates proliferation and cell survival genes including Ccndl and
Cdk6 (Kelly et al., 2015b; Saito et al., 2015; Slabakova et al., 2017). miR-34a has
previously been utilised as a target for cellular engineering in CHO cells, with ectopic
overexpression resulting in a halting of the cell cycle and depletion of miR-34a increasing
product yields (Kelly et al., 2015b). mir-34a was not observed as overexpressed in
previous CHO cell temperature shift experiments (Barron et al., 2011; Gammell et al.,
2007) however our findings suggest differential expression of this highly expressed
miRNA contributes to the CHO cell response to mild hypothermia in conjunction with
miR-7. Upregulation of miR-34a and miR-7 may contribute to the decreased growth rate
we observed in temperature shifted cells through regulation of genes which regulate the
G1/S phase transition including Skp2, Psme3 and Ccndl (Sanchez et al., 2013; Sun et al.,
2008).

The observed reduction in growth rate induced by temperature shift may also be
contributed to by downregulation of proliferation inducing miRNAs. miR-9 is a positive
regulator of proliferation which has been shown to target Sox2 (Zeng et al., 2018) and
Foxol (Liu etal., 2017). Sox2 is a transcription factor which regulates differentiation and
growth genes including the epidermal growth factor receptor Egfr (Chou et al., 2013) and
Ccndl (Luo et al., 2018) while the Foxol transcription factor regulates the cell cycle
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through supressing expression of Cdknla (Xie et al., 2012) and Cdknlb (Coomans de
Brachéne and Demoulin, 2016). Inhibition of miR-9 in MCF7 cells has previously been
shown to supress proliferation (Liu et al., 2017) and therefore temperature shift induced
downregulation of miR-9 at a -1.56 FC may contribute to reduced growth rate we observe

in cells cultured at a reduced temperature.

Downregulation of miRNAs may also contribute to the temperature shift induced
alterations to metabolism observed. miR-199a is a regulator of metabolic switching
between primary use of a Warburg-type metabolism to OXPHOS (el Azzouzi et al., 2013;
Zhang et al., 2015). miR-199a has been shown to target hexokinase-2 (Hk2), pyruvate
kinase-M2 (Pkm2) (Zhang et al., 2015) and peroxisome proliferator-activated receptor
delta (Pparo) (el Azzouzi et al., 2013) which regulate Warburg metabolism. Knockdown
of miR-199a using miR antagonists results in decreased glucose uptake (Zhang et al.,
2015) and a shift from glycolysis to increased utilisation of fatty acids and OXPHOS (el
Azzouzi et al., 2013). miR-199a was identified as downregulated with a -1.32 FC in
temperature shifted CHO cells. Downregulation of miR-199a has been previously
reported in temperature shifted CHO cells (Barron et al., 2011) however the phenotypic

effects of altering miR-199a expression in CHO cells has not yet been studied.

While differential expression results were used to identify both up and downregulated
miRNAs which may contribute to the CHO cell response to reduced culture temperatures
the gene targets through which these differentially expressed miRNAs have not been
studied in CHO cells. Target prediction algorithms are known to suffer from a high false
positive rate when targets are experimentally tested for verification (Pinzo6n et al., 2017).
Additionally databases such as TargetScan which contain target predictions do not have
Chinese hamster specific interactions predicted and therefore to use these predictions we
must rely on homology between mammalian species. Mammalian miRNAs are typically
highly conserved, particularly in the seed region and their target sites on mRNAs, and
therefore identified MIRNA:mRNA interactions should be transferable between
mammalian species (Friedman et al., 2009). To reduce false positives, target predictions
were restricted to differentially expressed genes, miRNAs and proteins as anti-correlated
expression can be used as evidence that a predicted interaction is biologically occurring.

In addition only target predictions from databases containing experimental evidence of
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an interaction such as luciferase reporter assays or interactions present in TargetScan and
minimum of one other database were utilised. TargetScan has been shown to outperform
other algorithms for the predication of miRNA targets and therefore predicted targets

were limited to only those in the TargetScan database (Agarwal et al., 2015).

Target predictions were identified in 726 differentially expressed genes (286 upregulated
genes and 441 downregulated) which were enriched for cell cycle related and stress
response GO terms. Target predictions between miRNAs and genes with opposite fold
change directions were identified in 491 genes of which 30 had at least 3 anti-correlated
miRNA target predictions. Differentially expressed genes targeted by at least 3 anti-
correlated miRNAs include those with roles in the cell cycle and energy metabolism. The
-1.72 fold downregulated gene Cyclin E1 (Ccnel) was highlighted in Chapter 2 as a
crucial regulator of the cell cycle in the G1/S phase (Krivega et al., 2015). The
upregulated miRNAs miR-7, miR-103a and miR-192 (1.55, 1.91 & 3.01 FC respectively)
were identified as targets of Ccnel. Collectively these miRNAs may contribute to the
downregulation of Ccnel by miRNA mediated transcript decay (lwakawa and Tomari,
2015). miR-7 and miR-103 have been experimentally validated as directly targeting the
3’UTR of Ccnel using luciferase reporter assays (Liao and Lonnerdal, 2010; Zhang et
al., 2014). The cAMP-dependent protein kinase inhibitor alpha (Pkia) gene is an inhibitor
of cAMP-dependent protein kinase A (Pka) which regulates OXPHOS by
phosphorylating mitochondrial proteins (Acin-Perez et al., 2009). Downregulation of
Pkia has been shown to result in metabolic switching from a Warburg type metabolism
to OXPHOS in cancer cells (Xing et al., 2017). The Pkia gene was identified as
downregulated -1.53 fold in temperature shifted cells (Section 2.3.4) and predicted as a
target of 4 upregulated miRNAs — miR-103a, miR-7, miR-34a and miR-221 (1.55, 3.01,
3.33, 1.4 FC respectively). Upregulation of these miRNAs in response to decreased
culture temperature may contribute to decreased Pkia expression resulting in increased
Pka activity and higher rates of OXPHOS.

The potential impact of alternative splicing identified in Chapter 3 on miRNA targeting
was assessed by performing target predictions on differentially spliced genes. 1,274 genes
were predicted as targets of differentially expressed genes — of which 838 were not

differentially expressed at the gene level. Alternative splicing has the potential to alter
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miRNA binding sites if splicing affects the 3’UTR region of a transcript (Han et al.,
2018b). Of the genes undergoing alternative splicing and predicted as targets of
differentially expressed miRNAs 43 were spliced in the 3’UTR which may alter their
binding efficiency. Genes with roles in the cell cycle and energy metabolism were among
these targets including ATP synthase subunit epsilon (Atp5e), acyl-CoA synthetase long
chain family member 6 (Acsl6), cyclin I (Ccni) and growth factor receptor-bound protein
2 (Grb2). Atp5e is a subunit of the ATP producing complex V of the mitochondrial
electron transport chain which carries out OXPHOS (Hurtado-Lépez et al., 2015).
Downregulation of Atp5e is associated with reduced rates of OXPHOS and a Warburg
type metabolism in cancers (Hurtado-L6pez et al., 2015). An intron retention event was
observed as downregulated with a -0.22 inclusion rate of the alternative splicing event in
temperature shifted cells. Atp5e was predicted as a target of the downregulated miR-615
which was differentially expressed at a -1.39 FC. The cyclin gene Ccni has a role in
promoting progression of the cell cycle through the G2/M phase (Nagano et al., 2013)
and was identified as alternatively spliced with an exon skipping event in the 3’UTR
upregulated in temperature shift with a 0.15 increased inclusion rate. Ccni was predicted
as a target of the downregulated miR-9 (-1.56 FC) — the targeting efficiency of miR-9 on
Ccni may be altered by this alternative splicing event. Alternative splicing may therefore
regulate the binding of miRNAs to their mRNA targets and contribute to the CHO cell
response to reduced temperature through altering post-transcriptional regulation of cell

cycle and energy metabolism.

Analysis of the location at which an miRNA is predicted to target human miRNAs in the
TargetScan database which are conserved across species revealed a binding site for miR-
103a in the 3’UTR of the Hnrnpa2bl gene. The miRNA binding site was found to be
conserved in CHO cells at the chromosomal location JH000116.1:674,817-674,876 with
100% sequence identity conserved between mammals, birds and reptiles. A differential
splicing event was observed to overlap this region resulting in the exon being skipped at
a higher rate in CHO cells cultured at a reduced temperature (-0.2 PSI). Upregulation of
this exon skipping event may result in Hnrnpa2bl evading post-transcriptional silencing
by the upregulated miR-103a (1.55 FC). Hnrnpa2bl is an RNA processing protein which
binds RNA containing N6-methyladenosine (m®A) modifications to regulate alternative

splicing (Alarcon et al., 2015) or m®A modified miRNAs to promote their processing by
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recruitment of Dgcr8 and Drosha (Wu et al., 2018). mSA modifications are particularly
prevalent in pri-miRNAs and the efficient processing of the majority of miRNAs is
dependent on m®A marking by the methyltransferase like 3 (Mettl3) enzyme (Alarcon et
al., 2015). If Hnrnpa2bl transcripts evade post-transcriptional suppression due to
alternative splicing resulting in skipping of the miR-103a binding site then increased
Hnrnpa2bl activity may contribute to the differential expression of miRNAs and
alternative splicing events observed in CHO cells cultured at reduced temperature.
Examples of alternative splicing eliminating a miRNA binding site have been reported
previously in plant species (where miRNAs binding sites are typically in the 5’UTR or
coding sequence) (Park and Grabau, 2017; Yang et al., 2012) however this is the first

reported case of an exon skipping in the 3’UTR affecting mammalian miRNA targeting.

Overlapping differential gene and protein expression results in Section 2.3.5 revealed a
set of 153 genes identified as differentially expressed at only either the protein or gene
level in the same direction suggesting the influence of post-transcriptional regulation.
miRNA regulation likely contributes to the post-transcriptional regulation of these genes
as miRNA targeting was able to explain 29.4% of these cases due to up or downregulated
miRNAs predicted to target genes post-transcriptionally regulated in the opposite
direction. Likely cases of miRNA targeting were identified in genes with roles in energy
metabolism, regulation of splicing and translation. Increased translational efficiency was
identified in regulators of mitochondrial energy metabolism including aldehyde
dehydrogenase 2 (Aldh2) (Kang et al., 2016), aspartate aminotransferase (Gotl) (Abrego
et al., 2017) and oxoglutarate decarboxylase (Ogdh) (Bunik et al., 2016). Each of these
enzymes are involved in mitochondrial metabolism by generating fuel for OXPHOS and
have been implicated in the Warburg metabolic phenotype in cancer cells (Abrego et al.,
2017; Bunik et al., 2016; Kang et al., 2016). Aldh2 was unchanged at the gene (1.08 FC)
but differentially expressed at the protein level (1.22 FC) and is targeted by miR-615 (-
1.39 FC). Gotl was also unchanged at the gene level (-1.06 FC) but upregulated at the
protein level (1.37 FC) and predicted as a target of the downregulated miR-9 (-1.56 FC).
OGDH was downregulated at the gene level (-1.66 FC) but did not pass the threshold set
for differential protein expression (-1.19 FC) and identified as a target of the miRNAs
mir-30 and miR-361 (-1.33 and -1.3 FC respectively). Decreased post-transcriptional

suppression of these genes due to downregulation of miRNAs targeting them may
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increase CHO cells capacity to carry out OXPHOS during mild hypothermia by
producing acetyl-CoA and NADH at a faster rate.

Assembly of novel miRNAs, identification of differential miRNA expression and target
prediction on differentially expressed and spliced mRNAs has resulted in the
identification of miRNAs expressed in the temperature shift response which may serve
as valuable targets for genetic engineering. miR-290a-5p and miR-295-5p were both
identified for the first time in CHO cells and their expression in other species has been
demonstrated to regulate the cell cycle (Wang et al., 2008) and supress apoptosis (Zheng
et al., 2011a). Increasing the expression of miR-290a-5p and miR-295-5p at the onset of
the stationary phase may enhance the effects of temperature shift in CHO cells and further
increase viability and productivity. Similarly, inhibition of miR-9 expression which was
identified as downregulated in temperature shifted CHO cells may suppress proliferation
(Liu et al., 2017) and enhance the temperature shift phenotype to result in more efficient
producer cell lines. The Warburg type metabolism may also be able to be reverted to
primary utilisation of OXPHOS through manipulating the expression of miRNAs such as
miR-199a (el Azzouzi et al., 2013; Zhang et al., 2015). Downregulation of miR-199a in
temperature shifted CHO cells was first reported in 2011 (Barron et al., 2011) and
confirmed in this experiment. Finally, expression of miR-103a-5p may enhance the
temperature shift phenotype and increase productivity through inhibiting the cell cycle
(Liao and Lonnerdal, 2010), and driving a switch from a Warburg to OXPHOS
metabolism by regulating Pkia (Xing et al., 2017).

While miRNA target predictions were able to explain the lack of correlation between gene
and protein levels of expression in enzymes involved in mitochondrial energy metabolism
(which may contribute to the decrease in glucose consumption and lactate production
observed in temperature shifted CHO cells), 71.6% of the genes with uncorrelated
expression were not predicted as targets of differentially expressed miRNAs. In addition,
proteomics experiments were able to detect only 2.75% of the genes identified as
expressed in transcriptomics. In order to obtain a more complete view of post-
transcriptional gene expression alternative techniques must be utilised which are capable
of identifying forms of post-transcriptional regulation of gene expression besides miRNA

targeting such as differential translation efficiency.
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4.6 Conclusion

Presented in this Chapter is an analysis of small RNA sequencing data generated from
CHO cell cultures shifted from 37°C to 31°C. RNA-Seq data generated during this
experiment represents the highest sequencing depth utilised to study CHO cell miRNAs
to date at over 4 times the sequencing depth of previous experiments - enabling
characterisation of 251 previously unannotated miRNAs. miRNA target prediction on
differentially expressed genes revealed miRNA targets on genes involved in regulation
of the cell cycle and energy metabolism which had inversely correlated miRNA target
expression. miRNA target prediction on alternatively spliced genes revealed altered miR-
103a targeting in the Hnrnpa2b1 due to a skipped exon event in temperature shifted CHO
cells resulting in the lack of a miRNA binding site — the first event of its kind to be
reported outside of plant species. Finally, miRNA targeting was able to explain 29.4% of
the genes undergoing post-transcriptional regulation of gene expression identified in
Chapter 2. Genes with functions involved in mitochondrial energy metabolism were
identified which had no gene level expression change induced by temperature shift but
were upregulated at the protein level — potentially due to downregulation of miRNAs
predicted to be their targets. Together these findings enhance our understanding of post-
transcriptional control of gene expression in CHO cells cultured at a reduced temperature
however further investigation is required to elucidate the mechanisms contributing to the
lack of correlation between measurements of the transcriptome and proteome in genes

which were not identified as targets of differentially expressed miRNAs.
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Chapter 5

Translational response associated with

reduced CHO cell culture temperature
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5.1 Summary

The response of CHO cells to a reduction in cell culture temperature is mediated at both
the transcriptional and post-transcription levels as evidenced by mRNA profiling and
protein expression analysis. It is likely that this phenomenon is due to a combination of
both biological and technical factors — the role of post-transcriptional gene expression, as
well as an incomplete profile of the proteome. In Chapter 4 we examined the potential
role of miRNAs in regulating gene expression and a number of miRNAs were identified
as differentially expressed and found to target anti-correlated mRNAs which were not
differentially expressed at the protein level. 58.8% of the genes undergoing post-
transcriptional control of gene expression were however not explained by miRNA activity
or alternative splicing. In this Chapter, a cutting edge next generation sequencing method
called ribosome footprint profiling (RiboSeq) is applied.

5.2 Introduction

5.2.1 Translation

In order for a transcribed mMRNA to be processed into a protein its nucleotide sequence
must be translated by a ribosome (Watson et al., 2014). The eukaryotic ribosome is a large
molecular machine consisting of 6 ribosomal RNAs which contribute approximately half
of the mass of a ribosome as well as 80 proteins including structural proteins and those
with roles in unwinding mRNA and signalling (Wilson and Doudna Cate, 2012).
Translation is a carefully orchestrated sequence of events modulated by the sequential
binding of RNA-binding proteins to mRNAs and recruitment of ribosomal RNAs which
can be split into 3 major phases — initiation, elongation and termination. Initiation is the
process of assembling initiation factors within the S’UTR of the mRNA to recruit the
ribosome to the start codon to begin translation. The majority of translation events are
initiated by binding of translation initiation factors to the 7-methylguanylate cap and
poly(A)-tail which are added to the 5’ and 3’ ends of a transcript respectively during the
processing of a pre-mRNA. (Chu et al., 2016). mRNAs are prepared for ribosome binding
by the eIF4F complex which includes eIF4E, elF4G and elF4A. The 5’ cap is first bound
by the initiation factor elF4E while poly(A) binding protein (PABP) binds the poly(A)-
tail (Cheng and Gallie, 2013). The 5’ and 3’ ends of the transcript are bridged by the
binding of elF4G, a large scaffolding protein, to elF4E and PABP which results in the
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circularisation of the transcript (Chu et al., 2016). elF4G also contains binding sites for
the helicase elF4A which is recruited and simulated by elF4B to unwind any secondary
RNA structures in the 5’UTR into an open-state to allow access ribosomal access
(Andreou et al., 2016; Sokabe and Fraser, 2017).

Two ribosomal subunits known as the large (60S) and small (40S) subunits assemble into
the functional ribosome complex (80S) capable of translating protein. The major sites of
translation activity occur in 3 clefts within the 80S ribosome which contain binding sites
for tRNAs - known as the aminoacyl (A), peptidyl (P) and exit (E) sites (Watson et al.,
2014). During translation amino acids are transported to the ribosome by binding of
aminoacyl-tRNAs to the A site by complementarity between codons in mRNA and the
anticodons on the tRNA. While in the cytoplasm, the small ribosomal subunit is
assembled into the 43S pre-initiation complex through binding of the ternary complex,
elF1, elF3 and elF5 (Chu et al., 2016). The ternary complex consists of a methionyl-
tRNA, GTP and the initiation factor elF2 which positions the methionyl-tRNA in the P
site of the small subunit (Kolitz and Lorsch, 2010). The initiation factors elF1 and elFla
assist in the assembly of the pre-initiation complex by binding the E Site and A site of the
40S subunit and interacting with elF2 to recruit methionyl-tRNA to the P site (Aitken and
Lorsch, 2012). elF1 however blocks the tRNA from fully entering the P site, keeping the
40S subunit in an open conformation which mRNA can move through (Obayashi et al.,
2017). elF3 binds the 40S subunit and elF5 binds elF3 to complete the assembly of the
pre-initiation complex (Aitken and Lorsch, 2012). The 43S pre-initiation complex can
then bind mRNA in the 5’UTR through interaction of elF3 and elF5 with elF4G to form
the 48S initiation complex (Chu et al., 2016; Pisareva and Pisarev, 2014).

Once bound to the S’UTR of an mRNA the 48S initiation complex scans the mRNA in
an open conformation form the 5’ to the 3’ direction until an AUG start codon is present
in the P site which binds to the anticodon of the methionyl-tRNA through complementary
base pairing (Lomakin and Steitz, 2013). The base pairing between the start codon and
anticodon results in the GTP bound to the tertiary complex to be hydrolysed into GDP,
releasing components of the pre-initiation complex including elF1, elF1A, elF2, elF3 and
elF5, freeing the E and A sites and enabling the tRNA to fully enter the P site. Binding

of the initiator methionyl-tRNA results in a conformational change to a closed form of
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the 40S subunit which the 60S subunit can bind to form the 80S ribosome (Obayashi et

al., 2017). The process of initiation is illustrated in Figure 5.1.

Figure 5.1 — Translation Initiation. (A) The pre-initiation complex is assembled
on small ribosomal subunits in the cytoplasm by binding of the initiation factors
elF3, elFla, elF1 and elF5. (B) Methylacyl-tRNA-GTP-elF2 is incorporated into
the P site, assisted by the interaction of elF2 and elF5. (C) The pre-initiation
complex is then recruited to the 5’ of an mRNA with elF4F assembled. (D) Upon
binding of the complex to mMRNA, GTP is hydrolysed to GDP. (E) GTP hydrolysis
signals for the release of initiation factors elF3, elF1, elFla, elF5 and elF2 which
releases the 40S subunit from elF4F to scan the mRNA until the Methylacyl-tRNA
base pairs to a start codon in the P site. (F) The 60S ribosomal subunit can then
form a complex with the 40S subunit ready for elongation to begin.’elF’ omitted
from initiation factors (green) for clarity. Adapted from (Watson et al., 2014).

Translation elongation follows initiation and is the stage of translation during which
amino acids are incorporated into a growing peptide chain (Watson et al., 2014).
Translation elongation factors (eEF’s) assist the ribosome in driving the process of
elongation by recruiting aminoacyl-tRNAs to be incorporated (Li et al., 2013).
Aminoacyl-tRNAs in the cytoplasm are bound by eEF1a-GTP which upon binding of the
tRNA anticodon to the codon in the A site of the ribosome hydrolyse to GDP. The
aminoacyl-tRNA is then released from eEF1a-GDP and a peptide bond can be formed
between the amino acid in the A and P site, releasing it from the tRNA (Li et al., 2013).
The tRNA in the P and A site are then shifted to the E and P site respectively while the

mRNA within the ribosome is also shifted by 3 nucleotides to present the next codon at
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the A site — a process called translocation which is driven by the elongation factor eEF2
(Zhou et al., 2014b). The formation of peptide bonds between amino acids in the P site
and the A sites contribute to the movement of an mRNA through a ribosome as when the
peptide bond is formed the tRNA in the P site becomes deacetylated. The deacetylated
tRNA in the P site then has a higher affinity for the E site whilst the tRNA in the A site
(still attached to the peptide chain) has a higher affinity for the P site (Watson et al., 2014).
eEF2 undergoes a conformational change when GTP is hydrolysed resulting in affinity
for the A site, rotating the small ribosomal subunit as it moves towards the A site and
moving the mRNA with it through the ribosome channel (Sengupta et al., 2008). The A
site is then free to be bound by another aminoacyl-tRNA-GTP-eEF1 for the next round

of elongation.

Figure 5.2 Translation Elongation. (A) Once the ribosome is assembled and a
methylacyl-trna is present in the P site, aminoacyl-tRNA-GTP-eEFL1 is recruited to
the A site. (B) GTP bound to eEF1 is hydrolysed. (C) eEF1-GDP leaves the
aminoacyl-tRNA enabling a peptide bond to form between the amino acid in the P
and A sites. (D) Now deacetylated, the tRNA in the P site shifts to the E site and
eEF2 shifts to the A site. (E) The shift results in translocating the tRNA from the
A site into the P site and shifting the mRNA through the ribosome by 1 codon. (F)
The A site is then free for this process to be repeated until a stop codon is present
in the P site. ‘eEF’ omitted from elongation factors (green) for clarity. Adapted
from (Watson et al., 2014).
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Subsequent rounds of elongation occur until the stop codon (UAA, UAG or UGA) is
reached at the A site. Stop codons are recognised and bound by the tRNA shaped release
factor protein eukaryotic translational termination factor 1 (ETF1) (Dever and Green,
2012). ETF1 forms a complex with GTP-bound eukaryotic translational termination
factor 3 (ETF3) which results in release of the active domain of ETF1 into the P site,
catalysed by GTP hydrolysis. The active domain of ETF1 results in hydrolysis of the ester
bond linking the tRNA in the P site to the elongating peptide chain (Dever and Green,
2012). The release factor bound stop codon blocks further tRNAs entering the A site and
therefore no aminoacyl-tRNA can accept a peptide bond and the peptide chain is released
(Watson et al., 2014). Ribosomal subunits and tRNAs then dissociate from the mRNA
and are recycled for use in further rounds of translation, a process coordinated by

recycling factors (Dever and Green, 2012).

5.2.2 Translational Efficiency

A single mRNA can be translated multiple times through subsequent rounds of translation
or even translated by multiple ribosomes at the same time before it is degraded,
amplifying the number of proteins in a cell from the number of mRNA transcripts
expressed (Rodnina, 2016). The rate at which an mRNA is translated into protein (referred
to as translational efficiency) can be selectively regulated to control gene expression post-
transcriptionally to adapt protein expression in response to environmental stimuli (Gobet
and Naef, 2017). Regulation of translational rates contributes to a widespread lack of
correlation between mRNA and protein levels when measured by omics techniques
(Rodnina, 2016). Correlational coefficients of between 0.36 and 0.76 have been reported
for mMRNA:protein in bacteria, yeast and mouse samples (Maier et al., 2009). Lack of
correlation between mRNA and protein levels has also been observed in CHO cells, such
as a study which identified 158 differentially expressed proteins with no change in the
MRNA level between fast and slow growing cells (Clarke et al., 2012). Another study
which compared rates of translation efficiency (TE) to the levels of mMRNA in CHO cells
have shown a lack of correlation of mMRNA and mRNA undergoing translation in 95% of

genes (Courtes et al., 2013).

A number of mechanisms contribute to rates of translational efficiency at both the stages
of translational initiation and elongation (Gobet and Naef, 2017). miRNA mediated
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translational suppression can block translation initiation through the trinucleotide repeat
containing 6A (TNRCG6A) protein which binds the Argonaut component of the RISC
complex and is recruited to target mRNAs (Bridge et al., 2017). TNRC6A recruits the
initiation inhibitor elF4E2 to the elF4E binding site and prevents elFAE binding and
therefore the pre-initiation complex cannot be assembled (Chen and Gao, 2017).
Translation efficiency can also be influenced during the stage of elongation due to
differences in decoding rates between codons and the incorporation rates of particular
amino acids (Joazeiro, 2017). Different codons which encode the same amino acid are
utilised at different frequencies in different organisms and codons which have a higher
bias can often be translated at a faster rate (Chung et al., 2013). Codon specific elongation
rates can be influenced by the availability of tRNAs in a cell and the upregulation of
particular tRNAs can positively regulate the translation rates of mMRNAs containing a

corresponding codon (Gobet and Naef, 2017).

Control of translation efficiency can regulate protein expression in response to
environmental stimuli and contribute to phenotypic changes such as during stress (Gobet
and Naef, 2017). The mammalian target of rapamycin (mTOR) kinase is a regulator of
translation which phosphorylates elF4E binding proteins to allow elF4E to bind initiation
factors required to assemble elF4F and the pre-initiation complex (Morita et al., 2015).
mTOR activity can be induced in response to insulin or growth factors and regulates
mitochondrial activity during the cell cycle by increasing the translational efficiency of
components of the electron transport chain (Morita et al., 2015). The initiation factors
elF20 and elF3 are also involved in regulating the translation response (Chu et al., 2016;
Lee et al., 2015). Phosphorylation of eIF2a is a mechanism which can be utilised by cells
to decrease global translation in times of stress or amino acid deficiency (Chu et al.,
2016). The pre-initiation complex component elF3 can also directly bind specific nRNAs
involved in processes such as the cell cycle and apoptosis which selectively increases or
decreases translation of mMRNAs based on stem-loop structures of its targets (Lee et al.,
2015).

The impact of post-transcriptional control on gene expression means techniques for the

study of active translation are required to bridge the gap in our knowledge between
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transcription and protein synthesis as profiling either mMRNA or protein levels may not be

sufficient to understand protein synthesis in CHO cell cultures on a genome-wide scale.

5.2.3 Polysome Profiling

Polysome profiling is a technique which is commonly used for the study of mRNA
translation (Chasse et al., 2017). Highly translated mRNAs are bound by more than one
ribosome at a given time in a complex known as a polysome while mMRNAs with a low
rate of translation are bound by a single ribosome (a monosome). Polysomes have a
greater molecular mass than monosomes- a property which can be exploited to separate
mRNAs with high and low translation rates. When centrifuged through a sucrose gradient,
polysomes are pulled towards the bottom of the gradient with higher sucrose densities
while monosomes remain near the top in low density sucrose (Arava et al., 2003). The
gradient can then be separated into sucrose fractions which contain monosomes and
polysomes respectively and represent mRNAs with low and high translation rates. mMRNA
can be released from the sucrose fractions and techniques such as g°PCR and microarrays
applied to quantify mRNAs in each fraction to identify transcripts with high or low levels
of translation (Chassé et al., 2017; Vyas et al., 2009). Polysome profiling can be applied
to identify increases or decreases in translation efficiency for thousands of genes
(Sampath et al., 2008).

5.2.4 RiboSeq - Sequencing of ribosome-protected mRNA fragments

While polysome profiling can provide an overview of transcripts which are undergoing
high and low levels of translation and enable the detection of differential translation
efficiency, the technique can be enhanced via the application of next generation
sequencing. Sequencing of ribosome-protected mRNA fragments (referred to as
RiboSeq) is a technique which can also be applied to study rates of translation (Ingolia et
al., 2009). The RiboSeq protocol aims to capture fragments of mMRNA which are protected
by a ribosome and therefore undergoing active translation (a ribosome protected footprint
(RPF)) at either the stages of ribosomal initiation, elongation or both (MGlincy and
Ingolia, 2017).

5.2.4.1 Translation inhibitors

To arrest translation and capture ribosomal footprints, inhibitors must first be used.

Several inhibitors have been used to arrest translation which enrich for different types of
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ribosomal footprints depending on the stage of translation which they inhibit (Figure 5.3)
(Tzani et al., 2018). Treatment with antibiotics including lactimidomycin, harringtonine
and puromycin results in the stalling of ribosomes during initiation. Lactimidomycin is
large in size relative to other chemicals used for inhibiting translation and can only enter
the ribosome during initiation when the E site (its binding site) is free from tRNAs (Lee
et al., 2012). Presence of lactimidomycin in the E site therefore blocks translational
elongation from occurring as tRNAs are blocked from shifting from the P site to the E
site. Harringtonine prevents translation proceeding from the initiation phase to elongation
by binding free 60S ribosomal subunits prior to assembly of the 80S ribosome. The exact
mechanism of action for harringtoinines role in inhibiting translation is unknown however
harringtonine is known to bind the A site of ribosomes and hypothesized to block
formation of peptide bonds between the aminoacyl-tRNAs in the A site and P site (Gurel
et al., 2009). Puromycin carries out its translational inhibitory effect by acetylating the 3’
hydroxyl group on the end of a growing peptidyl-tRNA chain in the P site, resulting in
the release of the peptide chain during the early stages of elongation and remaining bound
to the ribosome (Clamer et al., 2017).

RPFs from ribosomes in the elongation phase of translation be captured using chemical
inhibitors such as cycloheximide, emetine, chloramphenicol, anisomycin or by flash
freezing samples to stall translation (Andreev et al., 2017; Tzani et al., 2018).
Cycloheximide works in a similar fashion to lactimidomycin (binding to the E site of the
80S ribosomal subunit), however, cycloheximide is smaller in size and can enter the E
site in the presence of deacylated-tRNA (which would be present during the elongation
phases of translation) (Lee et al., 2012). Emetine also inhibits protein synthesis through
preventing the translocation of the mMRNA through the ribosome (Ozaki, 1998). Emetine
irreversibly carries out this function through an incompletely understood mechanism
which does not rely on binding to the E site (Dang et al., 2011; Graber et al., 2013).
Anisomycin blocks ribosomes in an alternative rotated conformation which results in a
small footprint of 20-22 nucleotides trapped in the ribosome during elongation (Wei and
Qian, 2015) while chloramphenicol inhibits peptidyl transfer similar to harringtonine
(Bougas et al., 2017; Michel and Baranov, 2013).
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Figure 5.3 — Blocking of initiating and elongating ribosomes. Different inhibitors
can be used to block translation in RiboSeq which enables libraries to be enriched
for either initiating or elongating ribosomes. Both lactimidomycin and
cycloheximide block translation by binding and blocking the ribosome E site.
Lactimidomycin (left) is however a larger antibiotic than cycloheximide (right)
which means lactimidomycin can only enter the ribosomal E site in the absence of
a tRNA during initiation. Cycloheximide is smaller and can enter the E site during
elongation with a tRNA present in the E site. Coding region of mRNA transcript
depicted in green.

5.2.4.2 — Purification of RPFs

With translation stalled and mRNA fixed inside ribosomes, cells are lysed and
subsequently treated with RNase | (MGlincy and Ingolia, 2017). Ribosomal protected
fragments (footprints) typically between 28-31 nucleotides in length are protected from
RNase degradation while unbound RNA is digested. Next an RNase inhibitor is added
and then ribosomes are added to a sucrose cushion or size exclusion chromatography
column to separate ribosomes from the lysate. Ribosomes are pelleted using
ultracentrifugation and resuspended in TRIzol. During this step the footprints are released
from the ribosome and a standard RNA-Seq protocol can be followed from this point to
prepare sequencing libraries. Size selection of fragments of the appropriate size can be
achieved by utilising electrophoresis.
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5.2.5 The applications of RiboSeq data

The major advantage of RiboSeq data over other methods which analyse translation such
as polysome profiling is the application of next generation sequencing technology
provides the nucleotide sequence of each RPF captured inside a ribosome (Michel and
Baranov, 2013). RPFs can be mapped to the genome or transcriptome of an organism to
determine the exact location of a transcript which was inside a ribosome at the time of
profiling. Polysome profiling does not provide any information about the locations within
a transcript occupied by a ribosome and it is not possible to differentiate between active
translation of open reading frame coding regions and, for example, ribosomes stalled in
5’UTR regions or non-protein coding transcripts. Failure to distinguish between mRNAs
undergoing active translation and those bound to stalled ribosomes means transcripts
bound but not being translated by ribosomes can be incorrectly interpreted as high
translation efficiency in polysome profiling experiments. Examples of bound RNA which
could be captured as a false positive in polysome fractions include transcripts with stalled
translation such as ribosomes present in stress granules (Kimball et al., 2003) or

ribosomes queued for translation (Yordanova et al., 2018).

A property of RiboSeq reads is that the majority of reads in high quality data should map
to protein coding regions of transcripts (Calviello and Ohler, 2017). Libraries enriched
for translational elongation will align to the entire coding region while those treated with
an initiation blocker have alignments enriched to transcription initiation sites. Many
algorithms have been developed to utilise this property to accurately identify the coding
regions and UTRs of an mRNA transcript. Algorithms which utilise RiboSeq reads to
identify transcription start sites include SPECtre (Chun et al., 2016), ORF-Rater (Fields
et al., 2015) and RiboHMM (Raj et al., 2016). ORF-Rater requires input from both
initiation and elongation RiboSeq libraries as well as untreated libraries in order to
identify open reading frames. In addition to aligning to coding regions, RiboSeq reads
also have a unique property in that they align with triplet periodicity to coding regions —
the majority of reads align in the first open reading frame of the coding sequence when a
transcript is undergoing active translation. Utilisation of these properties of RiboSeq have
revealed unexpected findings of translation which could not have been observed using
polysome profiling (Jackson and Standart, 2015). First — in addition to the canonical

coding region of a transcript, the presence of upstream open reading frames (UORFs)
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which likely play a role in regulating the translation of the main open reading frame by
queuing poised ribosomes for translation upstream of the transcription start site have been
identified (Jackson and Standart, 2015). Second, alternative translation initiation sites
have been identified on transcripts which can increase or decrease the length of a
transcript (Calviello and Ohler, 2017). Finally, utilising the triplet periodicity property of
aligned reads has enabled the identification of out of frame overlapping CDS regions in
a transcript which encode dual coding transcripts (Malone et al.,, 2017). Other
translational ambiguities can be identified from the analysis of RiboSeq data using
software such as RiboTools (Legendre et al., 2015). RiboTools can be used to identify
unexpected levels of ribosomal occupancy such as altered overall levels of a given amino
acid or codon enriched in RPFs between sample conditions which may indicate ribosomal
stalling. Ribotools can also identify stop codon read-through if alignment of RPFs to a
gene extends past the stop codon which result in transcripts encoding proteins with C-

terminal extensions (Loughran et al., 2014).

Application of sequencing technology as opposed to microarray or gPCR for footprint
quantification also provides the same benefits RNA-Seq has over these techniques for
analysis of the transcriptome to the study of the translatome. The throughput of
sequencing technology enables quantification of ribosomal occupancy in all transcripts
in a sample as opposed to the lower throughput of gPCR based polysome profiling which
is used for targeted investigation of a given gene (King and Gerber, 2016). In addition
next generation sequencing is not dependent on pre-defined probes or primers and
therefore it is possible to study translation of novel transcripts. Finally, a more accurate
and informative calculation of translational efficiency of transcripts is possible by pairing
RiboSeq data with matched control RNA-Seq to identify differences in expected levels
of translation given observed expression of mMRNAs for a given gene (Brar and Weissman,
2015; Xiao et al., 2016). A number of algorithms have been developed for identifying
differential translation including Anota (Larsson et al., 2010), Babel (Olshen et al., 2013)
and Xtail (Xiao et al., 2016).
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5.2.6 Previous utilisation of polysome profiling and RiboSeq to study CHO cell
biology

5.2.6.1 Application of Polysome profiling to CHO cells

Polysome profiling has been previously applied to the study of the CHO cell translatome
to study growth (Courtes et al., 2013), the contribution of the mTOR pathway to
translation (Courtes et al., 2014), codon bias (Ang et al., 2016) and recombinant mMRNA
loading (Godfrey et al., 2017). Courtes et al. 2013 applied polysome profiling followed
by microarray analysis to study the translatome for the first time in CHO cells during
different days of culture. 1,079 genes were identified with high translational efficiency of
which 43 were associated with growth and likely contribute to the characteristics of CHO
cell growth in the exponential phase. The authors of this study then went on to investigate
the cause of changes to the translational efficiency of transcripts by studying the role of
the mTOR pathway (Courtes et al., 2014). The mTOR pathway was induced in fed-batch
cultures by increasing nutrient availability and inhibited using rapamycin treatment,
revealing enhanced translational efficiency of recombinant monoclonal antibodies light
and heavy chain in fed-batch conditions. The findings of Courtes et al. were also
incorporated into the first CHO cell multi-omics study to utilise translatomics data to
calculate codon biases in high and low translated transcripts with the aim of optimising
the codon usage in interferon gamma to enhance recombinant protein production (Ang et
al., 2016). Godfrey et al. used polysome profiling to investigate translation of 1gG, finding
increased overall levels of translational efficiency correlated with cell lines displaying the
highest specific growth rate and demonstrated a link between high levels of heavy chain

translation with high product titre (Godfrey et al., 2017).

5.2.6.2 Application of RiboSeq to CHO cells

Despite the promise of the technique to discover more about the production of
recombinant proteins using RiboSeq, few studies have been carried out which have
applied this technique to CHO cells. To date a single example has been reported in the
literature highlighting the potential for the application of RiboSeq to CHO cells to inform
rational engineering of cell lines to increase production of recombinant proteins
(Kallehauge et al., 2017). In that study, samples of CHO cells were taken at two different
culture time points representing exponential (day 3) and stationary growth phase (day 6)
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to observe differences in translation between cells growing rapidly and metabolising

glucose with those that have undergone metabolic shift to consume lactate.

The use of RiboSeq in this study enabled the analysis of the efficiency of recombinant
protein translation, finding it is translated as efficiently as host cell proteins. Although
recombinant protein dominated the occupancy of ribosomes in both time points, the
Neomycin resistance (NeoR) gene sequestered over 5% of the ribosomal capacity. NeoR
was introduced as a resistance marker for selection of host cells which had been
successfully transfected with the recombinant protein and is unnecessary for both cell
survival/growth and recombinant protein production. After identifying unnecessary
translation of this protein the authors used siRNA knock-down of NeoR resulting in
increased cellular growth and product titres attributed to increased ribosomal capacity to
translate mRNA for growth and protein production transcripts (Kallehauge et al., 2017).
Successful application of RiboSeq in this study demonstrates how RiboSeq can uncover
more information about the CHO cell translatome in varied culture conditions to inform

rational cellular engineering.

In this chapter we apply RiboSeq to CHO cells undergoing temperature shift from 37°C
to 31°C with samples generated in parallel to the RNA-Seq data utilised in Chapters 2, 3
and 4. The experimental design and aim of this experiment differs from that of Kallehauge
et al. in that their study focused on differences in ribosomal occupancy between culture
phases. The experiment presented in this chapter aims to identify differential translational
efficiency of genes in temperature shifted CHO cells by utilising matched RNA-Seq
controls. An additional aim is to identify post-transcription gene regulation such as
alternative splicing or miRNA control which contributes to the CHO cell response to mild
hypothermia utilising the sequencing data from the previous chapters which was

generated in parallel.
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5.3 Methods

5.3.1 Library Preparation & Sequencing

RNA for the preparation of RiboSeq and matched control RNA-Seq libraries were
harvested from temperature shifted CHO cells cultured using the strategy described in
Section 2.5. RNA for this RiboSeq experiment was taken in parallel to the RNA used for
RNA-Seq experiments described in Section 2.5 .Harvested RNA samples taken from
biological quadruplicates of temperature shifted and non-temperature shifted CHO cells
were aliquoted into 2 separate fractions for the generation of RiboSeq and matched
control RNA-Seq libraries. RiboSeq libraries were generated using the TruSeq Ribo
Profile kit (Illumina Inc.) and RNA-Seq libraries generated using the TruSeq RNA
Library Prep Kit v2 (Illumina Inc.). Ribosomal RNA was depleted prior to sequencing
using the Ribo-Zero Gold rRNA Removal Kit (Illumina Inc.). lllumina HiSeq2500
instruments were configured to sequence libraries to a minimum depth of 30 million
single end reads for 75 cycles. RiboSeq sample preparation was carried out by Dr Paul

Kelly in Dublin City University.

5.3.2 Quality assessment & Preprocessing

FastQC (Andrews, 2010) was utilised for the analysis of sequence quality of both the
RiboSeq and matched control RNA-Seq reads. Reads < 28 and >34 nucleotides in length
were removed from the RiboSeq data (Diament and Tuller, 2016). A Bowtie (Langmead
et al., 2009) index was created containing the CHO rRNA sequences in RefSeq. RiboSeq
reads were aligned to this index with parameters configured for the alignment of short
reads —seed length reduced to 23 (from the default of 28) and up to 2 mismatches
permitted in the seed alignment (Ingolia et al., 2009; Lintner et al., 2017). Reads which
could not be aligned (and were therefore non-ribosomal RNA) were written to a FASTA
file by specifying the “--un” parameter. Matched RNA-Seq data for each RiboSeq sample
was preprocessed in the same way as RiboSeq data. The only exception was the removal
of the upper limit on the length filter processing step as mMRNA reads should be above 34
nucleotides in length. Pre-processing of matched RNA-Seq data filtered out reads too

short for accurate alignment and ribosomal contamination prior to further analysis.
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5.3.3 Alignment of reads

Preprocessed reads from Section 5.3.2 were aligned to the CHO-K1 genome (Xu et al.,
2011). The STAR ‘--genomeGenerate’ mode was used to create a genome index utilizing
the splice junctions generated in Chapter 3 from the RNA-Seq data using Stringtie. Splice
junction overhangs were set to 33 nucleotides — one less than the max read length of the
RiboSeq data to allow for optimal mapping. Reads were aligned to this index using STAR
with parameters configured for the optimal mapping of small ~30bp reads. The anchor
multimap reads parameter was increased to 200, the seed search length reduced to 15 and
primary alignments for multimapped reads randomly assigned among multimappers with
the highest alignment score. A second genome index was generated using a splice
junction overhang parameter of 66 (one less than the length of the matched RNA-Seq
data) and matched control RNA-Seq data was aligned without the alterations to the multi-

mapping and seed search length parameters.

5.3.4 Qualitative analysis of RiboSeq read alignments

Qualitative analysis of RiboSeq read alignments can be used to further examine the
quality of the dataset as correctly produced RiboSeq libraries should display
characteristics such as triplet periodicity within open reading frame regions (Michel et
al., 2016). The software RiboTaper (Calviello et al., 2016) was used to create plots for
each read length summarizing the coverage of the first aligned nucleotide around start
codons and stop codons for each gene. The presence of triplet periodicity was analysed
in these plots to determine the lengths of alignments which display the characteristics of
ribosome protected fragments based on the proportion of reads with the first nucleotide

aligned in the first open reading frame.

5.3.5 Differential translation efficiency analysis

Once RPFs and RNA-Seq reads were mapped to the genome, the number of alignments
for each protein coding gene was determined using featureCounts (Liao et al., 2014).
Only primary read alignments were counted for genes based on the Ensembl gene
identifier. Read counts for genes with >1 CPM generated in the previous section were
used as input to DESeq2 using the experimental design ‘~ protocol + condition +
protocol:condition” where protocol represented the sequencing type (RiboSeq or control

RNA-Seq) and condition the experimental condition (37°C or 31°C). The DESeq2
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algorithm (Love et al., 2014) was utilised to identify genes with a >+1.5 fold change in
translational efficiency and < 0.05 BH adjusted P value. The Bioconductor R package
xtail (Xiao et al., 2016) was also applied to identify genes with a >+£1.5 fold change in
translational efficiency and < 0.05 BH adjusted P value to confirm DESeq?2 results.
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. ) 3
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expression with Ensempl
featureCounts annotation
RNA + RPF
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DE
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Figure 5.4 — Overview of RiboSeq analysis pipeline. RiboSeq and matched RNA-
Seq control reads were preprocessed by removing sequence adapters and applying
a read length and rRNA filters. Reads were aligned using STAR to the CHO-K1
genome and quantified against annotated gene features. Triplet periodicity of
aligned reads was examined using RiboTaper and DESeq2 and xtail were used for
identifying differential translational efficiency.
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5.4 Results

5.4.1 Quality Assessment and Alignment of RiboSeq and Control RNA-Seq data
RiboSeq and matched control RNA-Seq data reads were pre-processed to remove any
potential contamination of non-ribosomal protected reads and select only those within the
expected size range for RPFs. Application of a length filter and removal of reads mapping
to rRNA resulted in the elimination of an average of 57.5% (48.33-71.1%) (Figure 5.6)
and 18.61% (7.25-28.51%) of the RiboSeq (Figure 5.7) and matched control RNA-Seq
data respectively. Following pre-processing an average of 29.3 million (17.8-35.8 x 10°)
RiboSeq and 46.3 million (33.1-55.8 x 10% RNA-Seq reads remained- 42.45% (28.9-
51.67%) and 81.39% (71.5-92.8%) of the total sequenced reads respectively (See
Appendix 5A for complete QC analysis).
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Figure 5.5 — Pre-processing of RiboSeq data. A length filter and alignment to
rRNA to remove non-ribosomal protected fragments was applied to all samples raw
sequence reads. An average of 42% (28.9-51.67%) of the input reads were retained
after QC.
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Figure 5.6 — Pre-processing of RNA-Seq matched control data. Raw reads were
pre-processed by applying a length filter and aligning to rRNA to remove
contamination and ensure consistency of pre-processing between the RiboSeq and
matched RNA-Seq control data. An average of 81.4% (71.5-92.8%) of input reads
survived these stages of pre-processing.

After initial pre-processing, both RiboSeq and matched RNA-Seq reads were aligned to
the CHO cell genome using annotation generated in Chapter 3. Secondary read
alignments of multi-mapping alignments were discarded resulting in an average of 22.56
million (13.2-28.8 million) RiboSeq (76.86% alignment rate) and 40.7 million (29.18-
50.14 million) RNA-Seq reads (87.85% alignment rate) aligned. The average alignment
length of RiboSeq reads was in the range of the expected ribosomal protected fragment
size — 29.3nt. featureCounts was used to assign aligned reads to annotated protein coding
genes resulting in an average of 14.49 million (7.5-20.3 million) RiboSeq reads assigned
to genes (48.83% of the total, 63.46% of the aligned reads — Figure 5.7). 22.43 million
RNA-Seq reads were assigned to protein coding genes (48.49% of the total, 55.2% of
aligned — Figure 5.8). Full read alignment statistics in Appendix 5A.
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Figure 5.7 — Alignment of RiboSeq data. RiboSeq reads were aligned to the CHO
genome using STAR with parameters configured to allow up to 200 seed search
anchors and to reduce the seed search size to 15 (to allow for short read alignment).

75.57% (73.7-81.9%) of reads were successfully aligned and 43.16% (37.68-
51.54%) assigned to protein coding transcripts.
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Figure 5.8 — Alignment of control RNA-Seq data. RNA-Seq reads were aligned
to the CHO genome using STAR. 85% (78.83-88%) of reads were successfully
aligned and 45.94% (42.4-48.88%) assigned to protein coding transcripts.
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The quality of RiboSeq libraries was analysed by examining the triplet periodicity of read
alignments in the CDS regions of annotated transcripts. Triplet periodicity was visible in
kmers of length 28-31 (Figure 5.9). P value offsets were also calculated using the distance
of read alignments upstream from start codons and identified as the expected 12
nucleotides in kmers of length 28-31 and 13nt for 32-34. The drop-off in coverage
upstream of -12 and downstream of the stop codon at -18 indicates the majority of
RiboSeq reads align to CDS regions.
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Figure 5.9 Triplet periodicity analysis in reads of length 29nt. RiboSeq libraries
were of high quality with triplet periodicity visible in kmers of lengths 28-31. (A)
Shown in green are reads down-sampled to 10% with the first aligned nucleotide in
the first open reading frame indicating the majority of reads of length 29 are in the
first frame. (B) The drop off in coverage before the stop codon indicates RiboSeq
read alignments were enriched for coding sequences.
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5.4.2 Differential translation efficiency with DESeq2

DESeq2 was applied to identify genes with a BH adjusted P value <0.05 and > +1.5 fold
change in translational efficiency - revealing differential translation efficiency in 385
genes (Appendix 5B). The translation efficiency of 142 genes increased following a
reduction in cell culture temperature while 243 decreased (Figure 5.10). The top 10 genes
with increased and decreased translational efficiency induced by temperature shift are
presented in Table 5.1.
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Figure 5.10 Transcriptome-wide translational efficiency. In this plot are the fold
changes between levels of mMRNA in RNA-Seq and ribosomal footprints using
RiboSeq for the 11,434 genes which were detected at a CPM >1. Differential
translational efficiency was identified in 385 genes with statistical significance
(<0.05 BH P value, coloured red and orange). Solid lines represent a £1.5 fold
change in translational efficiency.
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Table 5.1 — Differential translation efficiency identified with DESeq2. Presented in this table
are the 10 genes with the most up and downregulated translational efficiency induced by
temperature shift identified using DESeq2. Full DESeq2 differential translation results in

Appendix 5B.

Increased translation after TS

Gene ID Gene Symbol | Gene Name FC BH Adj. P
ENSCGRG00000005370 Dchs1 ?aChSOUS Cadherin-Related | g7 | 5 9 x 102
ENSCGRG00000014053 Nnat Neuronatin 6.99 3.77 x 10°®
ENSCGRG00000008782 1125 Interleukin 25 5.44 1.11 x 102
ENSCGRG00000010865 | C130050018Rik | Riken cDNA 5.06 2.83 x 102
ENSCGRG00000014447 Apln Apelin 4.68 4.98 x 1072
ENSCGRG00000002033 |  Histih2bl | Histone Cluster 1 H2B 358 | 1.35 x 1022

Family Member L

N(Alpha)-Acetyltransferase 3
ENSCGRG00000019757 Naall 11, NatA Catalytic Subunit 3.34 3.34x10
ENSCGRG00000014337 Arid3b AT-Rich Interaction 329 | 2.91 x 102

Domain 3B
ENSCGRG00000001044 1131ra Interleukin 31 Receptor A 3.13 | 5.01x10%
ENSCGRG00000019323 Histlhle Histone Cluster 1 H1 Family | o5 | 4 75 » 1078

Member E

Decreased translation after TS

Gene ID Gene Symbol | Gene Name FC BH Adj. P
ENSCGRG00000014262 Ebf4 Early B Cell Factor 4 477 | 2.73 x 1002
ENSCGRG00000011397 Wnt4 Wnt Family Member 4 -4.28 | 2.52 x 1072
ENSCGRG00000017996 -4.25 | 1.86 x 1072
ENSCGRG00000002677 Dhfr Dihydrofolate Reductase -4.08 | 4.96 x 10
ENSCGRG00000016690 |  Cedelzs | Coiled-Coil Domain 400 | 4.55x 102

Containing 125

Vascular Endothelial 02
ENSCGRG00000006451 Vegfd Growth Eactor D -3.85 | 1.47 x10
ENSCGRG00000005261 -3.62 | 6.35x 1070
ENSCGRG00000016594 Nr4al Nuclear Receptor Subfamily | 5 47 | 1 40 x 10703

4 Group A Member 1

Ribosomal Protein Lateral 2
ENSCGRG00000019716 Rplpl Stalk Subunit P1 -3.36 | 1.03 x 10-

N(Alpha)-Acetyltransferase | 08
ENSCGRG00000001695 Naal6 16, NatA Auiliary Subunit 3.20 | 495x 10

5.4.3 Differential translation efficiency identified using xtail

In addition to DESeq_2, the xtail algorithm was utilised to identify differential translation
efficiency induced by temperature shift. Differential translation efficiency was identified
in 430 genes -160 upregulated and 270 downregulated. The top ten 10 genes with up and

downregulated translation efficiency are presented in Table 5.2.
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Table 5.2 -— Differential translation efficiency identified with xtail. Presented in this table are
the 10 genes with the most up and downregulated translational efficiency induced by temperature
shift identified by xtail. Full xtail differential translation efficiency results in Appendix 5C.

Increased translation after TS

Gene ID Gene | Gone Name FC | BHAGj.P
Symbol
ENSCGRG00000005370 Dchsl Dachsous cadherin-related 1 7.59 3.55 x 102
ENSCGRG00000014447 Apln apelin 4.60 2.42 x 107
ENSCGRG00000002033 Histone H2B type 1 357 | 4.87 x 107
ENSCGRG00000019757 | Naall ’1\'1(‘3"pha)'acew'”a“ferase 3.35 8.22 x 10
ENSCGRG00000014337 | Arid3b 3AEI rich interactive domain 3.30 2.88 x 1072
ENSCGRG00000001438 | Tex33 | Testis expressed 33 3.22 4.81 %102
ENSCGRG00000005554 3.10 1.05 x 102
ENSCGRG00000019323 | Histlhle | Histone cluster 1, Hle 2.98 4.68 x 102
ENSCGRG00000018540 Nucleoporin SEH1 2.95 9.04 x 103

Zinc finger and SCAN
domain containing 22

Decreased translation after TS
Gene

ENSCGRG00000012285 | Zscan22 2.93 5.45x 10

Gene ID Gene Name FC BH Adj. P
Symbol
ENSCGRG00000009639 | Cspgs | Chondroitin sulfate 419 | 355x10?2
proteoglycan 5
ENSCGRG00000002677 Dhfr Dihydrofolate reductase -4.08 1.53 x 10°%7
ENSCGRG00000006451 |  Vegfd ;gifg‘r”gr endothelial growth | 59 | 1 g6 x 103
ENSCGRG00000005261 365 | 9.47x10*

Nuclear receptor subfamily
4, group A, member 1
ENSCGRG00000019716 60S acidic ribosomal 337 | 210x10%
protein P1

Bone morphogenetic protein
6

N(alpha)-acetyltransferase
16, NatA auxiliary subunit
ENSCGRGO0000004712 Sodium channel and 310 | 785x10°
clathrin linker 1

NLR family, pyrin domain

containing 6

ENSCGRG00000016594 | Nr4al -3.47 4,55 % 10°®

ENSCGRG00000009590 | Bmp6 -3.25 571 x 10

ENSCGRG00000001695 | Naal6 -3.20 2.00 x 10*

ENSCGRG00000007809 | NIrp6 -3.03 4.45 x 102
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5.4.4 Overlap of DESeq2 and xtail differential translation efficiency results

Two approaches were utilised for identifying differential translational efficiency — xtail
and DESeqg2. Translational efficiency fold changes calculated by these two algorithms
were highly correlated with an R? value of 0.998 and P value of 2.2 x 10-16 (Figure 5.11).

| * DESeq
= XTail
Both

xtail TE fold change

DESeq?2 TE fold change

Figure 5.11 — Correlation of translational efficiency fold changes calculated
using DESeq2 and xtail. A Pearson’s correlation test was carried out on the fold
changes of DESeq2 and xtail. Fold changes were consistent between the two
algorithms with an (R? of 0.998 and a P value of 2.2 x 10-16,

Despite high correlation of fold changes, there were differences in the number of genes
identified with statistically significant differential translation efficiency. Differential
translation efficiency identification with DESeq2 revealed 385 genes while 430 were
identified with xtail. A high degree of overlap was found in the genes identified as
differentially translated using these two algorithms — with 351 genes identified using both

algorithms (Figure 5.12).
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34 351 79

Figure 5.12 — Overlap of the genes identified with differential translation
efficiency using DESeq2 and xtail. 91.17% of the genes identified with
differentially translated by DESeq2 were also identified using xtail.

While the results of DESeqg2 and xtail were largely in accordance with each other — 34
genes were identified by DESeq2 and 79 by xtail which were not identified with
differential translation efficiency by the other algorithm. No discernible pattern could be
obtained to explain why this is the case from fold changes alone (Figure 5.12) but for
each of the cases where a gene was identified as differentially expressed in xtail but not
DESeq?2 they were borderline cases and close to the thresholds for significance (Figure
5.13).

20

-1 * DESeq
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Figure 5.13 Volcano Plot of differentially translated genes. In this plot is the
log2 fold changes of translational efficiency induced by temperature shift against
their adjusted p values. In red are genes identified as differentially expressed by
both xtail and DESeq2 while blue and orange points are uniquely identified as
significantly differentially expressed by DESeq2 and xtail respectively.
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In order to reduce false positives further analyses were restricted to the 351 genes
identified with differential translation efficiency by both DESeq2 and xtail (Appendix
5D). The top 10 genes identified by both algorithms are presented in Table 5.3.
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Table 5.3 - The top 10 genes with up and downregulated translation efficiency identified by DESeq2 and xtail. Differential translation efficiency was identified
in 351 genes using both DESeq?2 and xtail. Full differential translation results in Appendix 5D.

GenelD Gene Symbol | Gene Name Fold Change | DESeq2 BH Adj. P | Fold Change | Xtail BH Adj. P
ENSCGRG00000005370 | Dchsl Dachsous Cadherin-Related 1 8.81 2.02 x 102 7.59 3.55 x 102
ENSCGRG00000014447 | Apln Apelin 4.68 4.98 x 102 4.60 2.42 x 1072
ENSCGRG00000002033 | HIST1IH2BL Histone H2B type 1 3.58 1.35 x 102 357 4.87 x 1036
ENSCGRG00000019757 | Naall N(Alpha)-Acetyltransferase 11, NatA Catalytic Subunit 3.34 3.34 x 103 3.35 8.22 x 104
ENSCGRG00000014337 | Arid3b AT-rich interaction domain 3b 3.29 2.91 x 102 3.30 2.88 x 102
ENSCGRG00000019323 | Histlhle Histone Cluster 1 H1 Family Member E 2.08 4.72 x 1038 2.08 4.68 x 1052
ENSCGRG00000012285 | Zscan22 Zinc Finger And SCAN Domain Containing 22 2.05 2.15 x 102 293 5.45 x 103
ENSCGRG00000002164 | Tdg Thymine-DNA glycosylase 281 1.45 x 102 2.81 1.33 x 103
ENSCGRG00000008928 | Smpd2 Sphingomyelin phosphodiesterase 2 2.80 3.25 x 102 2.82 1.28 x 102
ENSCGRG00000002900 | Art3 ADP-Ribosyltransferase 3 277 1.89 x 102 281 2.18 x 102
ENSCGRG00000002677 | Dhfr Dihydrofolate reductase -4.08 4.96 x 1097 -4.08 1.53 x 1097
ENSCGRG00000006451 | Vegfd Vascular Endothelial Growth Factor D -3.85 1.47 x 1072 -3.91 1.86 x 103
ENSCGRG00000005261 -3.62 6.35 x 104 -3.65 9.47 x 10
ENSCGRG00000016594 | Nr4al Nuclear Receptor Subfamily 4 Group A -3.47 1.40 x 103 -3.47 455 % 103
ENSCGRG00000019716 | Rplpl 60S acidic ribosomal protein P1 -3.36 1.03 x 1032 -3.37 2.10 x 1030
ENSCGRG00000001695 | Naal6 N(Alpha)-Acetyltransferase 16, NatA Auxiliary Subunit -3.20 4.95 x 108 -3.20 2.00 x 104
ENSCGRG00000004712 | Scltl Sodium Channel And Clathrin Linker 1 -3.18 0.34 x 10* -3.10 7.85 x 103
ENSCGRG00000009505 -3.02 5.10 x 10° -3.02 6.40 x 10
ENSCGRG00000000054 -2.96 1.40 x 10 -2.96 7.94 x 108
ENSCGRG00000016892 | Moxd1 Monooxygenase DBH like 1 -2.69 1.22 x 1072 -2.70 9.97 x 104
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DAVID was used for gene ontology analysis on the 351 genes identified as differentially
translated by both DESeq2 and xtail. 19 GO categories were identified as enriched with
a BH adjusted P value of < 0.05 (Table 5.4). Full DAVID results are presented in
Appendix 5E.

Table 5.4 — Enriched gene ontologies in differentially translated genes. Presented in this table
are the enriched GO categories in differentially translated genes sorted by their adjusted P value.

ID Term Count | % | BHadj. P
o000 | e o T oo | © | 2 | 261x10"
G0:0034645 | cellular macromolecule biosynthetic process 107 35 | 1.11 x 102
G0:0071357 | cellular response to type | interferon 3 | 1.48 x10?
G0:0060337 | type I interferon signaling pathway 1.48 x 102
G0:0034340 | response to type | interferon 1.64 x 102
GO0:0072331 | signal transduction by p53 class mediator 12 2.44 x 107
G0:0006355 | regulation of transcription, DNA-templated 79 26 | 6.14 x 102
G0:0051171 | regulation of nitrogen compound metabolic process 92 31 | 5.96 x 102
G0:1903506 | regulation of nucleic acid-templated transcription 79 26 | 5.68 x 102
G0:0006974 | cellular response to DNA damage stimulus 27 9 5.54 x 107
GO0:0051252 | regulation of RNA metabolic process 81 27 | 5.34 x 102
G0:2001141 | regulation of RNA biosynthetic process 79 26 | 4.95x 10?2
GO0:0097659 | nucleic acid-templated transcription 81 27 | 4.84 x 102
G0:0033554 | cellular response to stress 46 15 | 4.55x107?
G0:0007049 | cell cycle 44 15 | 4.54 x107?
GO-0006357 ;r)erglflr:gttleorn of transcription from RNA polymerase Il 47 16 | 4.39 x 102
GO0:0006351 | transcription, DNA-templated 78 26 | 4.14 x 102
G0:0010468 | regulation of gene expression 90 30 | 4.29x10?
GO:0019219 :ﬁggs;iﬁg I;)):Or:;écs,leobase—containing compound 86 29 | 4.21 x 102

The fold changes of genes with differential translation efficiency with roles in growth or
mitochondrial activity are presented in Figure 5.14. Read alignments to the Dhfr and
Histlhle genes which are among the most significantly differentially translated are

presented in Figure 5.15 and 5.16.
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Figure 5.14 — Read counts of genes with differential translation efficiency.
Presented in this plot are library size normalised log2 read counts for RiboSeq data
and matched RNA-Seq controls. For each of these genes the RPF counts are
significantly different in each condition while the RNA-Seq counts either do not
change or are changed in the opposite direction.
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Figure 5.15 — Alignment of RiboSeq & matched control RNA-Seq to Dhfr. The Dhfr gene is the gene with the most significant
downregulation of translation efficiency in temperature shift. In this plot tracks are overlaid to show the differences in read alignment between
the NTS and TS conditions. Translation is decreased in temperature shifted cells (RPF tracks) however mRNA levels are increased (RNA
tracks). TS samples shown in blue, NTS in red. Only exons 1-3 are depicted for clarity.
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Figure 5.16 — Alignment of RiboSeq & matched control RNA-Seq to Histhle. Histhle is among the genes with the most significantly
upregulated translation efficiency. In this single exon gene the mRNA levels are significantly increased in non-temperature shifted cells (RNA
tracks) while translation is higher in temperature shifted cells (RPF tracks). TS samples shown in blue, NTS in red.
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5.4.5 Comparison of differentially translated genes to those previously reported as

differentially translated in rapidly proliferating cells

Genes identified as differentially translated using both DESeq2 and xtail were compared to a

previous report which utilised polysome profiling to identify genes associated with rapid

proliferation in CHO cells (Courtes et al., 2013). Of the differentially translated genes in

Courtes et al. 8 were identified as differentially translated in this experiment (Table 5.5).

Table 5.5 - Differentially translated genes which were differentially translated in rapidly
proliferating genes. The 657 differentially translated genes in (Courtes et al., 2013) were compared
those differentially translated in temperature shifted CHO cells revealing the 8 genes in this table which
were common between the datasets. Intensity and TE refer to the values observed in Courtes et al. while
DESeq2 FC and DESeq2 P value are those observed in this experiment.

Gene . Courtes et | DESeq2 | DESeq2 | Temperature
ID Gene Name Intensity TE al. result FC P Value | shift result
Dph3 Dyphthamu?e 2954 0.38 Translation 246 0.0028 Translation
Biosynthesis 3 down up
E2f1 E2F Transcription 1795 0.25 Translation 18 2.15_'5x Translation
Factor 1 down 10 up
SWI/SNF Related,
Matrix
Associated, Actin
Smarcel Dependent 4793 157 Translation 19 0.0065 Translation
Regulator Of up up
Chromatin,
Subfamily E,
Member 1
SplA/Ryanodine
Receptor Domain Translation 7.12 x Translation
Spsh2 And SOCS Box 3735 1.67 up 1.78 10 up
Containing 2
CTD Nuclear Translation Translation
Ctdnepl | Envelope 2984 0.58 -1.55 0.026
down down
Phosphatase 1
Human
Immunodeficiency . .
Hivepl | Virus Type | 217 034 | Translation |, , 0.012 | 'anslation
o down down
Enhancer Binding
Protein 1
RNf123 Ring _Flnger 3017 157 Translation 152 0.018 Translation
Protein 123 up down
Tspan17 | Tetraspanin 17 3288 048 | Translation |4 g | 136 ) Translation
down 10 down

5.4.6 Highly translated genes with stable translation unaffected by temperature shift

Genes with a fold change in translation efficiency between conditions less than +0.1 were

isolated revealing 3,653 genes with translation unaffected by temperature shift. Of these, 634
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were highly translated with a translation efficiency log2 fold change within a given condition
greater than 1 and 479 were poorly translated with a >-1log2FC (Appendix 5F). Annotated
genes with a translation efficiency over 10 fold in a condition with a less than £0.1 fold change
between conditions are presented in Table 5.6.
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Table 5.6 — Genes with over 10 fold translation efficiency unaffected by temperature shift. Genes with a less than 0.1 fold change in translation

efficiency and a greater than 10 fold translation efficiency within a condition are presented in this table.

Gene ID gfsii%an S;C/Brir;)eol Gene Name NTléSCTE TIS:(-I:- E FC P adj
ENSCGRG00000018026 375 Myadm | Myeloid associated differentiation marker 46.37 43.36 -1.07 0.84
ENSCGRG00000016583 1550 Hmgn5 | High mobility group nucleosome binding domain 5 38.08 35.57 -1.07 0.87
ENSCGRG00000012106 2879 Fus FUS RNA hinding protein 37.43 36.11 -1.04 0.88
ENSCGRG00000019525 55 Ddal DET1 and DDB1 associated 1 23.17 22.1 -1.05 0.89
ENSCGRG00000020028 2912 Histlh2bg | Histone H2B type 1 21.77 22.35 1.03 0.89
ENSCGRG00000015025 156 Tfap2a | Transcription factor AP-2, alpha 20.9 20.73 -1.01 0.98
ENSCGRG00000011089 944 Sf3a2 Splicing factor 3a subunit 2 16.29 15.26 -1.07 0.75
ENSCGRG00000012583 220 Ndrgl N-myc downstream regulated 1 14.38 14.33 -1 0.99
ENSCGRG00000002209 650 Acsf2 Acyl-CoA synthetase family member 2 13.34 13.28 -1 0.99
ENSCGRG00000012849 79 Creb5 CAMP responsive element binding protein 5 13 13.9 1.07 0.93
ENSCGRG00000010208 283 Prrx1 Paired related homeobox 1 11.37 10.81 -1.05 0.84
ENSCGRG00000015567 457 Crtcl CREB regulated transcription coactivator 1 10.84 11.18 1.03 0.9

ENSCGRG00000008147 3971 Lpl Lipoprotein lipase 10.5 10.48 -1 0.99
ENSCGRG00000002549 434 Terf2 Telomeric repeat binding factor 2 10.43 9.75 -1.07 0.77
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5.4.7 Differential translation efficiency in alternatively spliced genes

Of the 351 genes with differential translation efficiency, 99 were identified as

alternatively spliced in Chapter 3 (Appendix G). Gene ontology analysis revealed 50

enriched GO terms among these genes including the G1/S phase transition checkpoint,

regulation of cell cycle arrest and cellular response to stress (Table 5.7, Appendix H).

Table 5.7 — GO terms enriched in alternatively spliced and differentially translated genes In
Chapter 3 temperature shift induced alternative splicing was identified in 1,274 genes. Differential
translation efficiency was observed in 99 of these genes. DAVID was used for gene ontology
analysis on these 99 genes revealing the GO terms presented in this table as the top 10 enriched

biological processes.

_G1 DNA damage_checkpoint

Term Count Enrli:cc;:%ent BH. Adj. P
GO0:0000077~DNA_damage_checkpoint 9 12.98 8.24 x 10
GO0:0031570~DNA _integrity_checkpoint 9 12.16 6.78 x 10
GO:0006974~cellular_response_to DNA_damage_stimulus 17 4.50 4.63 x 10
G0:0044773~mitotic. DNA_damage_checkpoint 7 14.94 3.45x10°
GO0:0044774~mitotic DNA_integrity_checkpoint 7 13.96 4,08 x 10’
G0:0000075~cell_cycle_checkpoint 9 8.39 3.58 x 107
G0:0071156~regulation_of cell_cycle_arrest 7 13.84 3.07 x 10
fc())/écl)gjczr?elc?,kps;ignntaI_transductlon_lnvolved_m_mltotlc_celI 6 20.33 269 x 10
ii)d.;gq(;éi(jihzlcgknpa;i_;:ansductlon_lnvolved_m_mltotlc_DN 6 20.33 269 x 10
G0:1902400~intracellular_signal_transduction_involved_in 6 20.33 269 x 10

Alternatively spliced genes with differential translation efficiency include the BTG Anti-

proliferation Factor 2 gene Btg2 which has role in regulation of the cell cycle (GO

:0000075). The translation efficiency of the Btg2 gene was upregulated 1.66 fold with a

BH adjusted P value of 1.59 x 10 (Figure 5.17).
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Figure 5.17 Alternative splicing induced differential translation efficiency of Btg2. (A) The translation efficiency of the Btg2 gene was
upregulated 1.66 fold in temperature shifted cells (higher coverage in RPF tracks). NTS samples represented in red, TS in blue. (B) Btg2 was
identified as alternatively spliced, with decreased intron retention in TS samples. (C) The intron retention event alters the open reading frame
of the transcript, resulting in a truncated and altered amino acid sequence (The canonical sequence is labelled with the transcript ID
ENSCGR0000008563).
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5.4.8 miRNA targeting of genes with differential translation efficiency

The process described in Section 4.3.5 to identify miRNA targets was repeated on genes
with differential translation efficiency revealing 254 miRNA target predictions of
differentially expressed miRNAs on 136 genes with differential translation efficiency
(Appendix 51). Cases of miRNAs differentially expressed in the opposite direction to the
translation efficiency of their predicted target gene were found in 88 genes (Figure 5.18).

197 genes were identified with differential translation efficiency which were not a target

of miRNAs or identified as alternatively spliced in Chapter 3 (Appendix J).
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Figure 5.18 — Differential miRNA expression may be responsible for the
differential translation efficiency of 25% of genes. miRNA targets were predicted
on 88 genes with differential translation efficiency in the opposite direction to the
differential expression of the miRNA. miR-192-5p was found to target the most
genes, with 18 predicted targets downregulated.

miR-192-5p (1.91 FC) was found to target the most genes (18) with differential
expression in the opposite direction — including dihydropholate reductase (Dhfr) which
was the gene with the largest decrease in translational efficiency (-4.08 FC). Differentially
translated genes with roles in translation, the cell cycle and apoptosis targeted by miRNAs

differentially expressed in the opposite direction are presented in Table 5.8.
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Table 5.8 — Differentially expressed miRNAs predicted to target genes with anti-correlated differential translation efficiency. Anti-correlated miRNA
expression was able to explain 88 of the 351 cases of differential translation efficiency identified. Presented in this table are genes identified with a role in translation,
apoptosis or regulation of the cell cycle which had differential translation efficiency and a predicted anti-correlated miRNA target (Full table in Appendix 5I).

Gene ID Gene Symbol | Gene Name TEFC | BHadj.P miRBase ID mMiRNA miRNA FC
. . MIMAT0003283 | miR-615-3p -1.39
ENSCGRG00000015542 Gdf11 Growth Differentiation Factor 11 169 | 3.22x10°% -
MIMAT0000441 miR-9-5p -1.56
MIMAT0000232 | miR-199a-3p -1.32
ENSCGRG00000014709 Ddit4 DNA Damage Inducible Transcript 4 1.60 | 1.65x10° | MIMAT0000087 | miR-30a-5p -1.33
MIMATO0003283 | miR-615-3p -1.39
ENSCGRG00000000784 Eif2s2 Eukaryotic Translation Initiation Factor 2 Subunit Beta | 1.77 | 8.41 x 10° | MIMAT0000727 | miR-374a-5p -1.52
ENSCGRG00000012487 Eif4g3 Eukaryotic Translation Initiation Factor 4 Gamma 3 -1.77 | 6.10 x 10% | MIMATO0000278 | miR-221-3p 1.40
ENSCGRG00000005818 Apoptl Apoptogenic 1, Mitochondrial -2.00 | 7.30 x 107 | MIMATO0000255 | miR-34a-5p 3.33
ENSCGRG00000016368 Sh3glbl SH3 Domain Containing GRB2 Like, Endophilin B1 -1.63 | 1.03 x 10* | MIMAT0000252 miR-7-5p 3.01
ENSCGRG00000013456 Src SRC Proto-Oncogene, Non-Receptor Tyrosine Kinase -1.58 | 1.66 x 10 | MIMAT0000255 | miR-34a-5p 3.33

5.4.9 Differential translation efficiency in genes uncorrelated at the gene and protein levels

Of the 153 genes identified in Chapter 2 as uncorrelated at the gene and protein level, 3 were identified as differentially translated (Table 5.9). Each of
these genes have protein fold changes in the opposite direction to what is expected given the gene fold changes even when translational efficiency is
accounted for. In addition to these genes, the Ribosomal protein S12 (Rps12) gene was detected in proteomics (-1.13 FC, 0.18 P value), identified in
gene expression data at a 1.09 FC (0.01 P value) and had downregulated translational efficiency (-1.8 FC, 4.08 x 1022).
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Table 5.9 — Gene, translation efficiency and protein fold changes of genes identified as differentially translated and uncorrelated at the gene and protein
levels. Presented in this table are gene level fold changes identified using DESeq?2 to analyse RNA-Seq data, translation efficiency calculated using DESeg?2 to analyse
RiboSeq data and protein level fold changes calculated using an ANOVA test on LC-MS/MS data.

Gene ID Gene Symbol | Gene Name Gene FC | BHAdj.P | TEFC | TEBH Adj. P | Protein FC | P Value

ENSCGRG00000002677 Dhfr Dihydrofolate reductase -1.11 1.43x102 | -4.08 4.96 x 107 1.36 3.09 x 10
ENSCGRG00000013906 Rplp0 Ribosomal protein lateral stalk subunit PO 1.22 1.09x108 | -1.84 2.17 x 101° 1.40 2.28 x 107
ENSCGRG00000016980 Eif3j Eukaryotic Translation Initiation Factor 3 Subunit J 1.15 549x10% | 1.66 1.61 x 10* -1.57 8.54 x 103
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5.5 Discussion

In this Chapter an exciting, revolutionary technique to monitor how cells control the
production of proteins through regulation of translation was utilized to understand the
discrepancies between gene and protein expression. While differences in translation were
identified through this experiment, there were data analysis challenges which had to first
be overcome. A major quality issue occurring during RiboSeq library generation is the
contamination of samples by incomplete degradation of ribosomal RNA (Chung et al.,
2015). Contamination levels were reduced before library preparation by performing size
exclusion - excising bands on a gel corresponding to the 28-31nt size ranges on a ladder
and by treating RNA libraries with Ribo-Zero Gold (Bazzini et al., 2014).

To remove contamination during bioinformatics analysis stringent filters were applied to
remove potential non-RPF derived reads and reduce false positives (Diament and Tuller,
2016). Reads above 34nt and below 28nt in length were removed to preserve only
sequences falling into the expected range for RPFs resulting in the loss of 38.9% of the
data. In addition, a further 18.6% of RPF reads were removed by alignment to rRNA
sequences. rRNA accounts of >90% of the RNA in a cell and RiboZero Kits are not 100%
effective and therefore it is expected for rRNA derived reads to be present at some level
even after measures are taken to reduce contamination. A 20% level of rRNA is a typical
level of contamination in RiboSeq data sets which have used RiboZero approaches to
deplete rRNA (Chung et al., 2015). While a loss of 57.5% of sequencing reads due to
removal of rRNA and length filtering represents a large portion of RiboSeq data, samples
were sequenced to a sufficient depth that an average of 29.3 million high quality reads
remained after pre-processing. RiboSeq experiments have previously been performed
with considerably lower read depth, for example, 4.67 million non-quality controlled
reads per sample were used in the first RiboSeq experiment (SRA accession SRP000637)
(Ingolia et al., 2009). Consistent with the data obtained in this study, more recent
experiments which have applied RiboSeq to mammalian cell lines had 30 million RPFs

remaining after quality pre-processing (Calviello et al., 2016).

When aligned to the CHO-K1 genome, 56% of reads uniquely mapped which is
considerably higher than the low levels (10-20%) of uniquely mapped reads often
observed in RiboSeq experiments (Gonzalez et al., 2014; Wang et al., 2016). A further
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19.3% of reads mapped to multiple locations in the genome which arise due to ambiguous
alignment of short reads. A single primary alignment was randomly selected to distribute
these reads evenly among potential genome loci. Reads were assigned to genes annotated
in the Ensembl annotation resulting in 11,433 genes with sufficient read depth (over
1CPM) for differential translation analysis. The R Bioconductor packages DESeg2 and
xtail were selected to identify differential translation efficiency using RiboSeq and
matched RNA-Seq control data as these algorithms have been shown to outperform other
software in sensitivity and specificity when using simulated datasets (Oertlin et al., 2018).
A Wald test was utilised using DESeq2 (Love et al., 2014) while a joint probability matrix
was used in xtail (Xiao et al., 2016) to identify differential translation efficiency. Despite
differences in the statistical methodology used in these software packages differential
translation efficiency results were highly correlated (99.98 R?). To increase the stringency
of differential translation efficiency results, only those genes called as such with statistical

significance in both these algorithms were carried forward for further investigation.

Differential translation analysis revealed 351 genes with altered translation efficiency
induced by temperature shift — 129 upregulated and 222 downregulated. Gene ontology
enrichment analysis of differentially translated genes reveals that the most significantly
enriched GO categories include “cell cycle” and “cellular response to stress”. Previous
studies have investigated the temperature shift response at the level of the transcriptome
and reported decreased global transcription (Du et al., 2015), and differential expression
of energy metabolism, apoptosis and cell cycle genes (Bedoya-Lopez et al., 2016).
Differential translation efficiency results therefore show not only are cell cycle genes
regulated at the level of transcription but also undergo differential translation induced by
temperature shift.

Differentially translated genes which may contribute to the decreased growth rate
observed in CHO cells cultured at a reduced temperature include Cdk1llb, Cdkn2c,
Fbxw7, Gdfll, and Btg2. Cyclin dependant kinase 11b (Cdkl1lb, -1.72 FC in TE) is
expressed in the G2 phase of growth and regulates duplication of the centrosome during
mitosis through recruitment of the proteins Centrosomal protein 192 (Cepl192) and
Serine/threonine-protein kinase (Plk4) to the centrosome (Franck et al., 2011). Decreased

Cdk11b translation suggests less cells are undergoing mitosis and may contribute to the
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reduced growth rates observed in temperature shifted cells. For the cell cycle to progress
past the G1 phase Ccnd1 must form a complex with the kinases Cdk4 or Cdk6 (Mende et
al., 2015). Translation efficiency of the Cyclin dependent kinase inhibitor 2C (Cdkn2c),
an inhibitor of Cdk4 and Cdkeé (Jalili et al., 2012), increased 1.98 fold in response to mild
hypothermia. In addition to alterations to Cyclin D activity, differential translation may
also impact the activity of Cyclin E — also required for the G1/S phase transition of the
cell cycle (Hwang and Clurman, 2005). Expression of the F-box and WD repeat domain
containing 7 (Fbxw7) gene results in ubiquitination and degradation of Cyclin E to
prevent cell cycle progression (lbusuki et al., 2011). Fbxw7 translation efficiency
increased 2.66 fold in temperature shifted cells which would result in increased Fbhxw7
protein expression and degradation of Cyclin E, contributing to the halting of the cell

cycle.

Suppression of MiIRNA mediated translation repression due to downregulation of
miRNAs may also impact the growth rate of CHO cells cultured at a decreased
temperature. The downregulated miRNAs miR-615-3p (-1.39 FC) and miR-9-5p (-1.56
FC) were predicted to target the Growth differentiation factor 11 (Gdf11) gene which had
an increased translation efficiency of 1.69 in temperature shifted cells. Gdf11 is a negative
regulator of the cell cycle that induces expression of the Cyclin D and E inhibitor Cdknlb
(Ray et al., 2009; Shi and Liu, 2011; Xu et al., 1999). The DNA damage inducible
transcript 4 (Ddit4) gene had a 1.6 fold increase in translation efficiency and was
predicted as a target of 3 downregulated miRNAs - miR-199a-3p (-1.32 FC), miR-30a-
5p (-1.33) and miR-615-3p (-1.39 FC). Recent emerging evidence has identified the
mechanism of p53 action to halt the cell cycle (Janic et al., 2018), revealing p53 driven
cell arrest is induced through the Ddit4 gene. Decreased expression of the miRNAs miR-
199a-3p, miR-30a-5p, miR-615-3p and miR-9-5p may therefore contribute to the
decreased growth rate induced by mild hypothermia through increased translation of their

target genes with roles in the cell cycle such as Gdf11 and Ddit4.

The BTG anti-proliferation factor 2 (Btg2) gene has a 1.66 fold change of translation
efficiency and was identified with differential transcript usage in Chapter 3. A transcript
that does not contain an intron retention event in this single intronic gene was found to be

upregulated 5.46 fold in temperature shifted cells. Retention of this intron results in an
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insertion to the coding sequence of the transcript which causes a truncated protein with a
premature stop codon. As the transcript containing the interrupted open reading frame is
downregulated -1.2 fold it is expected that translation efficiency of Btg2 would increase.
Btg2 inhibits proliferation in the G1 phase through downregulation of Cyclin E genes
(Ccnel & Ccne2) - which were observed in Chapter 2 with -1.71 and -2.51 fold changes
respectively (Boiko et al., 2006). Btg2 was also identified as a target of miR-9 (-1.56 FC)
and the increased translation efficiency of this gene may be a result of both differential

transcript usage and decreased miRNA mediated repression.

Differential translation efficiency was also observed in genes which may impact the
metabolic efficiency of CHO cells. Mitochondrial Ribosomal Protein L54 (Mrpl54)
encodes the large 39S subunit of the mitochondrial ribosome required for translation of
mitochondrial proteins and is required for efficient oxidative metabolism and general
mitochondrial functionality (Andreux et al., 2012). While Mrpl54 was not identified as
differentially expressed at the gene level (-1.17 FC) a 1.57 fold increase in translational
efficiency was observed. The Translocase of inner mitochondrial membrane 8A
(Timm8a) gene encodes a chaperone responsible for transporting proteins through the
inner mitochondrial membrane (Kulawiak et al., 2013). Timm overexpression results in
increased mitochondrial function and energy metabolism due to an increase in solute
carrier trafficking across the inner mitochondrial membrane (Lin etal., 2017). The Solute
Carrier Family 25 Members 12 and 13 (Slc25a12 and Slc25al13) are transported by
Timma8a (Roesch, 2004) and have roles in mitochondrial DNA replication (Favre et al.,
2010), to transport substrates of the TCA cycle (Wongkittichote et al., 2013), and glucose
metabolism (Contreras et al., 2016). Slc25al2 overexpression has been previously
reported to be involved in metabolic switching to lactate consumption in CHO cells
(Zagari et al., 2013). The Timm8a gene had a 1.69 fold increase of translation efficiency
induced by temperature shift but gene level expression was unchanged (-1.07 FC).
Timm8a was predicted as a target of miR-30a-5p (-1.33 FC) and Mrpl54 as a target of
miR-615-3p (-1.39 FC) and therefore the increased translation of Timm8a and Mrpl54
may be due to decreased miRNA mediated repression. Increased translation of Timm8a
and Mrpl54 may contribute to the switch in metabolism observed in temperature shifted
CHO cells by enhancing translation of mitochondria proteins and their transport thereby

increasing the cells capacity to carry out OXPHOS.
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miRNA target prediction was carried out on differentially translated genes revealing 110
target predictions on 88 genes between differentially expressed miRNAs and genes with
differential translation efficiency in the opposite direction. The differences in translation
efficiency of these 88 genes is likely due to these miRNA interactions through miRNA
mediated translational repression by inhibiting assembly of translation initiation factors
(Gebert and MacRae, 2018). Translation initiation factors were among the genes
predicted as targets of miRNAs — with upregulated translation efficiency identified in the
Eukaryotic translation initiation factor 2 subunit 2 (Eif2s2) (1.77 FC) and downregulated
translation in the Eukaryotic translation initiation factor 4 gamma 3 (Eif4g3) gene (-1.77
FC). Eif2s2 is the subunit of Eif2 which binds GTP required for Eif2 to initiate translation
(Liao et al., 2014) while Eif4g3 is a component of the Eif4f complex required for cap-
dependant translation initiation (Watson et al., 2014). Eif2s2 was predicted as a target of
miR-374-5p (downregulated with a -1.52 FC) and Eif4g3 was identified as a target of
miR-221-3p (upregulated with a 1.4 FC). Alterations to the translation efficiency of these
genes may impact global translation which has been shown to be decreased in CHO cells
cultured at a reduced temperature (Al-Fageeh and Smales, 2009). In addition to
translation initiation factors, miRNA mediated regulation of translation efficiency was
identified in regulators of apoptosis. The Apoptogenic 1, Mitochondrial (Apoptl) gene
was identified with decreased translation efficiency (-2 FC) and predicted as a target of
the upregulated miR-34a-5p (3.33 FC). Apoptl is able to release cytochrome C from
mitochondria into the cytosol and induce apoptosis (Yasuda et al., 2006). The Endophilin-
B1 (Sh3glbl) (-1.63 FC TE) was identified as a target of miR-7-5p (3.01 FC). Sh3glbl is
also an inducer of apoptosis which causes release of cytochrome C through activation of
the BCL2 associated x apoptosis regulator (Bax) protein (Takahashi et al., 2005).
Decreased translation efficiency of Apoptl and Sh3glbl mediated by miRNA
upregulation may result in delayed apoptosis. Temperature shift in CHO cells results in
increased viability and elongated culture duration due to delayed apoptosis (Kumar et al.,

2008) which may be a result of differential translation of these genes.

Also identified as a target of miRNA mediated translation repression was the
Dihydrofolate reductase gene (Dhfr). The translation efficiency of the Dhfr gene was the
most significantly decreased with a -4.08 fold change and was identified as a target of

miR-192-5p (1.91 FC). Dhfr is used as a selection marker in CHO cell engineering and is
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present in cells at a high copy number due to amplification of the Dhfr gene alongside the
transfected product sequence (VVoronina et al., 2016). Expression of Dhfr at a high level
is no longer required in cells in production culture as methotrexate treatment to inhibit
Dhfr activity is only used during the cell line development phases of CHO cell culture. A
previous experiment in CHO cells applied RiboSeq and identified unnecessary translation
in remnants of selection markers sequestered ribosomes and reduced productivity
(Kallehauge et al., 2017). Reduced translation efficiency of Dhfr in temperature shifted
CHO cells may therefore increase productivity by freeing ribosomal capacity for
translation of recombinant proteins. Further reduction of Dhfr translation using siRNA

knockdown or increasing miR-192-5p expression may result in increases to productivity.

Surprisingly, the Dhfr gene was downregulated at the gene level (-1.11 FC) and had
decreased translation efficiency, but was identified as upregulated at the protein level with
a 1.36 FC. Unexpected fold changes were also identified in the Eukaryotic translation
initiation factor 3 subunit J (Eif3J) which had a 1.15 FC at the gene level, a 1.66 FC
increase in translation efficiency but a -1.57 decrease in protein levels. Temperature shift
may have induced a halting to the production of these proteins however the proteins have
not yet degraded to match relative levels of transcription and translation (Liu et al., 2016).
Differences in gene and protein levels may then be due to differences in the half-life of
mRNAs and proteins (Liu et al., 2016). In addition, 197 genes were identified with
differential translation efficiency which were not a target of miRNAs or identified as
alternatively spliced in Chapter 3 including the Cdk11b and Fbxw7 genes discussed for
their roles in regulation of the cell cycle. Other mechanisms of post-transcriptional control
likely contribute to the regulation of gene expression in addition to alternative splicing
and miRNA activity in temperature shifted CHO cells. Potential mechanisms through
which this may occur include selective regulation of the translation of individual genes
by IncRNAs (Dimartino et al., 2018; Zucchelli et al., 2015), translation activators (Roilo
et al., 2018) or translation inhibitors (Lyabin and Ovchinnikov, 2016).

The cold shock response in mammalian cells has previously been reported to be regulated
by Cirbp and Rbm3 (Masterton and Smales, 2014), which have upregulated expression in
response to temperature shift as shown in Chapter 2. Hypothesised roles of Cirbp and

Rbm3 include maintaining the stability of their mRNA targets, inhibiting miRNA
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activity, inhibiting apoptosis pathways and acting as a regulator of translation (Masterton
and Smales, 2014). The role of Cirbp in translation is thought to be mediated by binding
the 3’UTR of its mRNA targets and directly interacting with Eif4g (Yang et al., 2010),
therefore resulting in increased transcription of its protein targets via assembly of the pre-
initiation complex. Recently emerging evidence has shown Cirbp binding to the p27
5’UTR enhances its translation either through releasing p27 mRNA from being
sequestered in stress granules or by directly promoting its translation, resulting in
increased p27 protein which inhibits the cell cycle (Roilo et al., 2018).

There has been one previous report of the analysis of a CHO cell growth related
phenotype using methodology to profile the translatome published in the literature
(Courtes et al., 2013). Courtes et al. identified 657 genes with uncoupled mMRNA levels
and translation rates throughout the exponential growth phase of culture including 5 key
growth genes which were highlighted as highly translated — Utp6, Pcna, Hnrnpc, Vcp and
Mcmb5. The 5 highlighted growth genes were not identified as differentially translated in
this experiment which suggests alternative mechanisms are responsible for regulating the
cell cycle during exponential growth phase and in response to mild hypothermia at the
level of the translatome. While none of these 5 genes were identified as differentially
translated between temperature shifted and non-temperature shifted cells the Mcm5 gene

was found to be stably translated regardless of the condition in this experiment.

Of the 657 genes identified with uncoupled MRNA and translation rates in Courtes et al.
4 genes were found to have increased translation in temperature shifted cells (Dph3, E2f1,
Smarcel and Spsb2) and 4 with decreased translational efficiency (Ctdnepl, Hivepl,
Rnf123 and Tspanl7). The Diphthamide biosynthesis 3 (Dph3) gene is required for
diphthamide biosynthesis — a posttranslational modification required for Eef2 activity in
translation elongation and impacts the efficiency of protein synthesis in CHO cells (Liu
et al., 2012). Dph3 was identified as poorly translated in CHO cells in the exponential
growth phase by Courtes et al. but was differentially translated in this experiment with
upregulated translation efficiency after temperature shift. Increased translation of Dph3
may further increase a cells capacity to synthesise proteins and affect the rates of
recombinant protein production in temperature shifted cells. In addition the E2F

transcription factor 1 (E2f1) gene (a master regulator of the cell cycle in the G1/S phase
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transition (Caldon and Musgrove, 2010) which was identified as downregulated at the
gene level in Chapter 2) also had increased translation efficiency after temperature shift
but decreased translation efficiency in Courtes et al.. Increased translation of E2f1 in
temperature shifted cells which have a halted cell cycle and decreased translation
efficiency of E2f1 in CHO cells in the exponential growth phase is unexpected and
suggests E2f1 alone is not sufficient to regulate the cell cycle in CHO cells. E2f activity
is dependent on forming a heterodimer with transcription factor Dp-1 (Tfdpl) (Zaragoza
et al., 2010) which was observed as undergoing temperature shift induced alternative
splicing in Chapter 3 (ENSCGRG00000002395) with 2 retained intron events. Tfdpl was
however not identified as differentially expressed or translated in this experiment and the
intron retention events do not interrupt the encoded amino acid sequence and therefore
the role of E2f1 in the CHO cell cycle requires further investigation. The SWI/SNF
related, matrix associated, actin dependent regulator of chromatin, subfamily E, member
1 (Smarcel) gene was identified with high translation efficiency in exponentially growing
CHO cells (Courtes et al., 2013) and had upregulated translation efficiency in temperature
shifted CHO cells. Smarcel encodes a chromatin remodelling complex which is often
overexpressed in cancer cell lines (Yamaguchi et al., 2015) and regulates the G1 phase of
growth. As with E2f1, enhanced translation of Smarcel is unexpected in CHO cells with
a halted cell cycle and inhibiting the translation of Smarcel mRNA may have the potential

to enhance the temperature shift phenotype.

The CTD nuclear envelope phosphatase 1 (Ctdnepl) gene was poorly translated in
Courtes et al. and differentially translated in temperature shifted CHO cells with
downregulated expression. The Lipin 1 and Lipin 2 phosphatases which convert
phosphatidic acid to diacylglycerol are regulated by Ctdnepl (Han et al., 2012) and have
roles in the cell cycle (Jiang et al., 2015), fatty acid and energy metabolism (Zhang and
Reue, 2017) and mitochondrial fission (Frohman, 2015). Downregulation of Ctdnepl
may reduce a cells capacity to both proliferate in temperature shifted cells and also reduce
rates of mitochondrial respiration in cells in the exponential growth phase. Engineering
CHO cells to upregulate or downregulate Ctdnep1 transcription and translation may result
in enhanced cell lines with altered energy metabolism and growth rates. Finally, the Ring
finger protein 123 (Rnf123) gene was identified as efficiently translated by Courtes et al.
but decreased in translational efficiency after temperature shift in this experiment. Rnf123
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is a ubiquitin ligase which regulates the degradation of p27X'** (encoded by Cdkn1b) in
the G1 phase (Kamura et al., 2004) to prevent inhibition of cyclins and cyclin dependant
kinases which progress the cell cycle. As Rnfl23 has been previously shown to be
efficiently translated in rapidly proliferating CHO cells and Rnf123 is differentially
translated in temperature shifted CHO cells it likely plays a role in regulating the cell

cycle and may be a viable target for cellular engineering enhanced CHO cells.

Genes identified with high translational efficiency in Courtes et al. were utilised in a
subsequent multi-omics investigation to identify codon bias in efficiently translated genes
(Ang et al., 2016). Codon bias was identified in CHO cells between genes with high and
low transcript or protein expression or translation efficiency utilising codon context to
establish a reference codon bias and used in optimisation of the human IFNy sequence. It
may be possible to utilise the findings of this experiment to enhance translation of
recombinant protein products by optimising codons to reflect those in genes identified as
most efficiently translated in both temperature shifted and non-temperature shifted
samples. Doing such may ensure recombinant product is stably translated at a high rate
throughout the duration of culture both before and after temperature shift. Translation
efficiency fold changes within a given condition as high as 46.37 fold were observed,
with the Myeloid associated differentiation marker (Myadm) gene the most efficiently
translated. Further investigation into the properties of these highly translated genes may
reveal findings useful for engineering recombinant products in the biopharmaceutical

industry which are highly translated throughout the duration of a culture.

Recent evidence has shown the ribosome itself can be heterogeneous as opposed to an
unchangeable inflexible structure (Genuth and Barna, 2018) and not all ribosomal
proteins are present in every ribosome within a cell (Shi et al., 2017). Ribosomal
heterogeneity can be tissue specific (Kearse et al., 2011) and ribosomes with particular
ribosomal proteins incorporated into their structure may have higher affinity for the
translation of specific MRNASs such as those containing IRES elements (Shi et al., 2017).
RNA-Seq has been utilised to profile the heterogeneity of ribosome component
expression in different tissues (Guimaraes and Zavolan, 2016; Gupta and Warner, 2014)
revealing widespread differential expression and heterogeneity, however, this has not

been studied using proteomics or at the level of individual ribosome complexes (Genuth

212



and Barna, 2018). Differential translation was identified in the Ribosomal protein lateral
stalk subunit PO (Rplp0) which was downregulated with a -1.84 FC in TE, not
differentially expressed at the gene level (1.22 FC) but upregulated at the protein level
(1.4 FC). Rplp proteins have been shown to exhibit tissue specific expression and
knockout leads to cell cycle arrest through dysregulation of cyclins, p21, p27 and p53
(Perucho et al., 2014). Rplp0 has been shown to be overexpressed in replicating cells
(Artero-Castro et al., 2011) and therefore decreased translational efficiency of Rplp0 in
mild hypothermia conditions may result in ribosomal heterogeneity - with ribosomes less
efficient at translating mRNAs encoding cell cycle progression proteins and therefore

contribute to cell cycle arrest.

Through the translatomics experiment detailed throughout this Chapter, gene targets for
engineering enhanced producer CHO cell lines were identified. The Cdkn2c, Fbxw7,
Gdf11 and Btg2 genes which negatively regulate the cell cycle (Boiko et al., 2006; Ibusuki
et al., 2011; Jalili et al., 2012; Shi and Liu, 2011) were all identified with enhanced
translation efficiency in temperature shifted CHO cells. Further enhancing the expression
and translation of these genes may result in increased productivity through halting the cell
cycle and resulting in an elongated stationary phase of culture in which cells are most
productive (Moore et al., 1997). In addition, inhibiting the expression and translation of
the Apoptl and Sh3glb1 genes may result in a suppression of apoptosis (Takahashi et al.,
2005; Yasuda et al., 2006) to increase culture duration and therefore increase recombinant
protein yields. Finally, capacity for OXPHOS may be enhanced through increasing
expression and translation of Timm8a and Mrpl54 (Andreux et al., 2012; Lin et al., 2017;
Zagari et al., 2013) thereby increasing the resources available for recombinant protein
production and decreasing lactate production to increase yields.
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5.6 Conclusion

Integration of multi-omics datasets in this Chapter has revealed measurements of gene
expression using RNA-Seq or proteomics in isolation are not sufficient for understanding
the complex regulation of gene expression in CHO cells. Differential translation
efficiency was identified in key apoptosis, cell cycle and energy metabolism genes which
may contribute to the observed reduction in growth rate and metabolic switching in cells
cultured at a decreased temperature. The genes identified in this chapter with differential
translational efficiency may serve as potential targets for genetic engineering enhanced
producer cell lines. Further diminishing the expression of apoptosis activators such as
Apotl or enhancing the expression of cell cycle progression inhibitors such as Btg2 may
be able to further extend the viability of CHO cells for increased batch culture yields.
While our knowledge of the CHO cell response to temperature shift at the level of
translation was enhanced through this analysis, further studies are required to understand
the translational regulation of the 198 differentially translated genes which were not
predicted as targets of differentially expressed miRNAs or undergoing alternative

splicing.
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Chapter 6

Summary & Future Work
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6.1 Summary

6.1.1 Significance of this dataset

The dataset generated and analysed throughout this thesis is of high significance for enhancing
our understanding of CHO cells for the purposes of biopharmaceutical manufacturing. As
discussed in Section 1.7.1, temperature shift is widely applied throughout the
biopharmaceutical industry as a means of increasing culture duration and productivity to
produce more recombinant proteins however the biological mechanisms behind this phenotype
are not fully understood. The dataset in this experiment represents the largest multi-omics study
carried out to date in CHO cells with gene expression, translation, protein expression and post-
transcriptional regulation captured in parallel in addition to metabolic profiling. Application of
these techniques in parallel has for the first time enabled a global study from alterations to gene
expression from the level of the mMRNA up to the protein and enhanced our understanding of
the levels of alternative splicing, miRNA activity and differential translation efficiency. In
addition to being the most comprehensive study in terms of the number of ‘omics techniques
applied in parallel, each of the individual datasets produced are of high quality and sequencing
depth. The RNA-Seq and small RNA-Seq datasets produced are of the highest sequencing
depth carried out to date in published literature on CHO cells which allowed for the
characterisation of previously unannotated genes and therefore have applications beyond
improving our understanding of temperature shift. One major finding of this experiment is the
level of post-transcriptional activity which occurs in CHO cells resulting in a lack of correlation
between mRNA and protein levels. In particular, alternative splice isoforms in genes such as
Slirp and Dnm1l illustrate how although the overall expression of a gene may not change, the
expressed transcript isoforms may be altered in a way which affects activity of their protein
product by interrupting protein domains. The widespread alternative splicing identified in
temperature shift also suggests there may be an additional layer of heterogeneity in production
CHO cell cultures which should be monitored. The findings of this thesis using this dataset
suggests a multi-omics approach is utilised in CHO cell ‘omics experiments going forward as

a single level of omics is not enough to provide an overview of gene expression alterations.
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6.1.2 Novel contributions

Through the work described in this thesis a number of novel contributions have been made to
enhancing our understanding of CHO cell biology. Contributions to the field include improving
our characterisation of the transcriptomic landscape of CHO cells and improving the annotation
of the CHO cell genome, generating a pipeline to analyse multi-omics datasets, carrying out
the first multi-omics analysis to reveal the scale of alternative splicing, miRNA activity and
impact on differential translation in parallel. Utilising extensive literature searching, expression
patterns in genes which have not been previously attributed to temperature shift induced altered
energy metabolism and regulation of the cell cycle were identified, as were cases of alternative
splicing altering protein domains which likely impact activity and miRNA targeting in CHO
cells. Finally, a panel of high priority targets for genome engineering were selected which have
the potential to enhance productivity in CHO cells by reinforcing the beneficial effects of the
temperature shift phenotype. Each of these novel contributions are summarised further

throughout this section.

6.1.2.1 Progress towards improving the assembly and annotation of the Chinese hamster

genome

At the onset of the work carried out in this thesis in 2014 there were 3 Chinese hamster genome
sequences which were each at an early stage of their assembly and annotation (Brinkrolf et al.,
2013; Lewis et al., 2013; Xu et al., 2011). While attempts were made to identify transcripts
present in these genomes (Becker et al., 2011; Rupp et al., 2014) the annotation for these
genomes remained at an early stage of completeness throughout this research. August 2017
saw the release of Ensembl version 90 which included annotation for the Chinese hamster
(Zerbino et al., 2018). Release of the Ensembl genome annotation of the CHO cell genome (Xu
etal., 2011) served as a major landmark in the progress of CHO cell bioinformatics resources
bringing curated genome annotation, stable gene identifiers, and enabling usage of Biomart
and conversion between identifiers of orthologous species genes and CHO cells (Durinck et
al., 2009). The ability to query Biomart to retrieve information on genes throughout this thesis
was an invaluable resource for the integration of multi-omics databases. While this genome
annotation bought useful functionality, annotation progress in terms of annotated genes is still

at an early stage. 30,673 gene loci and 34,472 transcripts are annotated in the latest version of
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the CHO cell genome in Ensembl (release 93). The mouse however has 51,086 gene loci and
136,630 transcripts annotated in Ensembl. The discrepancy between the number of gene and
transcript annotations of these two closely related rodent species suggests a large amount of
transcripts are unannotated in the CHO cell genome, particular alternative transcript isoforms.
In Chapter 3 RNA-Seq reads from non-temperature shifted and temperature shifted CHO cell
cultures were assembled into novel transcripts using the Ensembl genome annotation as a
guide. The dataset utilised represents the most deeply sequenced RNA-Seq libraries produced
from CHO cells to date — enabling the annotation of 10,019 novel gene loci,27,687 novel
transcripts and 251 previously uncharacterised miRNAs. The improved genome annotation

produced in this experiment could serve as a valuable resource for future ‘omics research in

CHO cells.

6.1.2.2 A pipeline for multi-omics analysis of CHO cells

In order to carry out experiments detailed in this thesis the vast library of bioinformatics
software needed to be tested, optimised and configured for use with CHO cell data. Software
for the quality control, assembly of transcripts, identification of differential gene expression,
differential isoform usage, differential exon usage, identification of novel miRNAs and
miRNA:MRNA target interactions, and analysis of RiboSeq data was tested throughout this
research project. Chinese hamster genome sequences were also benchmarked to find the
genome which provides the most biologically informative results. The code used to replicate
this analysis can be found in Appendix 6. The pipeline can be readily adapted for use in other
experiments or by other lab groups. The pipeline used in this experiment is summarised in
Figure 6.1.
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6.1.2.3 ldentification of correlations among omics levels

Little correlation was observed between fold changes at the gene, protein and translational
efficiency levels in temperature shifted and non-temperature shifted cells (R? values of 0.0038,
3.66 x 10°and 0.028 for gene vs protein, gene vs TE and protein vs TE respectively). A lack
of correlation between these fold changes is expected due to the influence of post-
transcriptional regulation as is captured in the RiboSeq and small RNA-Seq experiments.
Despite the lack of correlation, trends in the multi-omics data were observed which have

contributed to furthering our understanding of the temperature shift phenotype in CHO cells.

Cyclin dependant kinase inhibitors were observed to be differentially regulated at the gene,
transcript isoform, miRNA and translation level throughout this experiment. The Cdknla gene,
an inhibitor of the cell cycle which regulates Cyclin E activity to prevent activation of Cdk2
and progression from the G1 to the S phase of the cell cycle (Bertoli et al., 2013; Caldon et al.,
2009), was identified as one of the most significantly upregulated genes in temperature shift.
Alternative splicing may contribute to the regulation of CdknZla through the Ybx3 gene which
enhances the mRNA stability of Cdknla (Nie et al., 2012) which was not identified as
differentially expressed, but was found to be alternatively spliced in Chapter 3. In addition the
miRNAs miR-290-5p and miR-295 were observed as expressed for the first time in CHO cells
which are known to regulate Cdknla expression (Wang et al., 2008). The downregulated miR-
9 targets the transcription factor Foxol which also regulates expression of Cdknla and Cdknlb
(Coomans de Brachene and Demoulin, 2016; Xie et al., 2012). Cdknlb expression is also
regulated by Gdfll which was observed to be differentially translated with increased
efficiency, as were the Cdkn2c and Fbxw7 genes — all of which inhibit cyclin activity (Ibusuki
etal., 2011; Jalili et al., 2012; Ray et al., 2009; Shi and Liu, 2011). Inhibition of cyclin activity
is therefore likely the major mechanism through which temperature shift induces a halting of
the cell cycle in the G1 phase where cells are the most productive (Moore et al., 1997) and is
orchestrated through alterations to gene expression, mRNA processing and post-transcriptional
regulation. In addition the Cdknla gene has been predicted to be bound by Cirbp in previous
experiments (Morf et al., 2012) and therefore the CHO cell temperature shift induced halting
of the cell cycle may be in part due to Cirbp expression however overexpression of Cirbp alone

has been shown to be insufficient to result in a halting of the cell cycle (Tan et al., 2008).
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Differential expression of regulators of a switch from a Warburg metabolism to OXPHOS were
also prevalent in the output of all the ‘omics experiments in this thesis. Literature review of
genes identified as differentially expressed or undergoing post-transcriptional regulation
identified genes which may impact metabolism and contribute to the switch from Warburg
metabolism to use of OXPHOS in temperature shifted CHO cells. The lactate dehydrogenase
genes Ldha, Ldhc and Ldhal6b were identified as upregulated at the gene level in Chapter 2
while Ldhd was identified as downregulated. In addition Ldha and Ldhal6b were identified as
alternatively spliced in Chapter 3 and Ldha was found to be upregulated at the protein level.
Alterations to the expression patterns of lactate dehydrogenases has been shown to result in
reduced levels of anaerobic glycolysis previously (Li et al., 2016) and may therefore contribute
to the change in metabolism observed in temperature shifted CHO cells. Pkfm, a rate limiting
enzyme involved in the regulation of glycolysis (Tang et al., 2012) was observed as
downregulated at the gene level and alternatively spliced. The Pdk3 and Pparg genes also
regulate glycolysis rates by controlling the conversion of pyruvate to acetyl-Coa to fuel the
TCA cycle (Lecarpentier et al., 2017; Lu et al., 2008) and were both identified as alternatively
spliced in Chapter 3. Pdk3 and Pkfm have been previously shown to regulate the switch from
a Warburg metabolism to OXPHOS in other species (Kluza et al., 2012; Tang et al., 2012) —
as have the Prkab2 and Prkagl subunits of Ampk (Adams et al., 2004; Salazar-Roa and
Malumbres, 2017) which were differentially expressed at the gene level. In addition the Cd44
gene, which has also been shown to regulate the Warburg metabolism (Chen et al., 2018) was
found to be upregulated at the gene but not the protein level and to undergo complex alternative
splicing. Metabolic switch inducing miRNAs were also found to be differentially expressed
including miR-199a (el Azzouzi et al., 2013; Zhang et al., 2015) and the Pkia gene was found
to be downregulated and a target of the upregulated miR-103a, miR-7, miR-34a and miR-221
genes which has also been shown to result in switching to primary use of OXPHOS (Xing et
al., 2017). In order to integrate the findings of each experiment in this thesis and illustrate how
differential gene, protein, splicing, translation and miRNA targeting impacts energy
metabolism in temperature shift, results were projected onto the RECON1 Glycolysis and TCA
metabolic pathway (King et al., 2015) using gene identifiers assigned to each reaction in the
ICHOV1 model (Hefzi et al., 2016) (Figure 6.2).
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In summary these findings illustrate for the first time in CHO cells not only does
differential expression play a role in regulating metabolic switching and the cell cycle
during temperature shift, but also post-transcriptional regulation. The findings of this
thesis also suggests Cyclin dependant kinase inhibitors play a central role in regulating
the cell cycle during temperature shift in CHO cells and have identified many potential
regulators of metabolic switching from a Warburg metabolism to primary use of
OXPHOS.

6.1.2.4 Multiomics integration enhances our understanding of temperature shift in
CHO cells

Temperature shift results in widespread differential splicing in CHO cells

In Chapter 3 the transcriptome was surveyed for the presence of alternative splicing and
differential transcript usage between temperature shifted and non-temperature shifted
CHO cells. Widespread alternative splicing was identified in 1,789 genes including those
with roles in the cell cycle, apoptosis and energy metabolism. Overlap of differential gene
expression results from Chapter 2 with differential transcript expression results in Chapter
3 revealed a striking amount of alternative splicing in genes which were not identified as
differentially expressed at the gene level. Identification of alternative splicing in these
1,492 genes illustrates the potential for missed information in RNA-Seq analyses
performed at the gene level and the usage of an isoform level approach for RNA-Seq
experiments performed in the future is recommended. Application of gPCR was utilised
to confirm the presence of alternative splicing in assembled transcripts, validating
temperature shifted induced alternative splicing for the first time in CHO cells and
revealing alternative splicing in the Slirp and Srfbp3 genes is conserved across CHO cell
lineages. In addition, cases of splicing altering protein domains were identified such as in
the Slirp, Dnm1l and Ybx3 genes as well as the first case observed in an animal species

of splicing in the 3°’UTR altering miRNA binding sites.

Multi-omics integration of CHO cell data reveals extensive post-transcriptional
regulation of genes controlling the G1/S phase transition of the cell cycle

Temperature shift has previously been shown to result in stalling of the cell cycle in the
G1 phase of the cell cycle in CHO cells (Underhill and Smales, 2007). A 24% reduction
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in growth rate was observed between cells shifted from 37°C to 31°C with no change in
cellular viability which suggests a decrease in proliferation rate. Increased viability and
productivity in temperature shifted CHO cells has been previously attributed to an
elongated G1 phase (Moore et al., 1997) however the molecular mechanisms
underpinning this phenotype are not fully understood. Multi-omics integration of RNA-
Seq, RiboSeq, small RNA-Seq and LC-MS/MS data revealed temperature shift induced
widespread changes to the transcription and translation of genes controlling the G1/S
phase. The interactions of differentially expressed genes regulating the cell cycle

identified throughout this thesis are summarised in Figure 6.3.
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Multi-omics integration of CHO cell data reveals regulation of glycolysis and
oxidative phosphorylation genes in the temperature shift response

CHO cells in the exponential growth phase exhibit a Warburg type metabolism in which
glycolysis is the primary source of ATP generation despite being less efficient than
oxidative phosphorylation in terms of ATP produced per glucose molecule and generating
lactate as a by-product which accumulates in culture media and is toxic to cells
(Buchsteiner et al., 2018). Temperature shift has been shown to reverse Warburg
metabolism and CHO cells undergoing cold shock stop producing lactate and using
glycolysis as the primary fuel source (Fogolin et al., 2004; Young, 2013). A reduction in
lactate and ammonia levels in temperature shifted samples as well as increased levels of
glucose remaining in media suggest this is the case in the temperature shift model used
for multi-omics analysis throughout this thesis. Integration of multi-omics datasets was
utilised to investigate the cause of this metabolic shift in CHO cells revealing regulation
of gene expression at the transcription and translation level which may impact rates of
glycolysis, lactate consumption and mitochondrial activity. Interactions of differentially
expressed and translationally regulated genes are presented in Figure 6.4.
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6.1.2.5 - Selection of a panel of key engineering targets

Through the multi-omic investigation carried out as described in this thesis, a panel of

high priority gene targets has been selected which may result in enhanced producer cell

lines with enhanced productivity and culture longevity. Table 6.1 presents this panel of

gene targets, why they were selected and suggests methodology which could be utilised

to test if engineering these genes results in enhanced producer cell lines.

Table 6.1 — Engineering targets identified through multi-omics characterisation of the
temperature shift response. Presented in this table are engineering targets which have not
previously been utilised for engineering enhanced CHO cells in the literature and are selected as
high priority targets for engineering due to their identification as differentially regulated in this
experiment and their known functions in other species.

Gene Reason Method
Highest upregulated protein, known to be Overexpression of Rbm3 may enhance
involved in temperature shift response and productivity. Can be achieved by
Rbm3 s . , . - .
regulates splicing and translation but hasn’t transfecting cells with an expression
been utilised as an engineering target. vector such as pcDNA3.1(+).
Induce overexpression of Cdknla ina
Highly upregulated cell cycle inhibitor. May be | temperature sensitive expression vector
Cdknla | regulated by Cirbp and therefore may regulate to induce further overexpression during
cold induced halting of cell cycle. temperature shift (Such as Thaisuchat
2011).
Highly upregulated in temperature shift. Induce overexpression of Ldhc in
Ldhc . o .
Regulates lactate production. temperature sensitive expression vector.
. . Design siRNA in temperature sensitive
Pfkm Downregulated in temperature shift. Induces expression vector to knockdown Pfkm
Warburg metabolism. . .
during temperature shift.
. . Design siRNA in temperature sensitive
Prkagl Downregulated n temperature shift. Induces expression vector to knockdown Prkagl
Warburg metabolism. - .
during temperature shift.
. . . Utilise CRISPR-Cas9 to knockout
Most spliced gene, differentially expressed at endogenous Cd44 gene and introduce
Cd44 gene but not protein level. Regulates .
i . cDNA of full length spliced Cd44
proliferation and glucose uptake. .
transcript.
Cold shock protein which regulates
Ybx3 transcription and translation of cell cycle genes. | Overexpress cDNA of Ybx3 isoforms
Was identified as alternatively spliced but not both with and without exon 7.
DE at gene level.
One of the most S|gn|f|cqntly_ spllced genes. Overexpress cDNA of full length
Regulator of mitochondrial fission which may : oy
Dnmil . . Dnm1l in temperature sensitive
impact cells capacity to carry out OXPHOS. romoter containing exoression vector
Not identified as DE at gene level. P gexp '
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Dnm1l partner which was also not identified as
DE at gene level. Splicing may regulate rates of

Overexpress cDNA of isoform

Mt mitochondrial fission and therefore contribute gog(t:?flrcl 2?( eéf;r;igr:r:/;irtr;?erature
to switch from Warburg to OXPHOS. P P '
Alternatively spliced to increase proportion of
transcripts with interupted amino acid sequence. | Design siRNA to knock down Ppargl
Ppargl May result in increased Pdk2 activity to result and express in temperature sensitive
in increased fuel for OXPHOS and less lactate expression vector.
production.
MiR- Identified for the first time in CHO cells. Overexpress MiR-290a-5p in
Regulates the cell cycle and supresses - .
290a-5p : temperature sensitive expression vector
apoptosis.
. Identified for the first time in CHO cells. . .
miR- Regulates the cell cycle and supresses Overexpress miR-295-5p in temperature
295-5p : sensitive expression vector
apoptosis.
. Downregulated in temperature shift. Induces _Overexpress mlR-9_sponge/ dec_oy RNA
miR-9 . . in temperature specific expression
proliferation. ! .
vector to downregulate miR-9 activity.
Express miR-199a sponge/decoy RNA
miR- Downregulated in temperature shift. Inducer of | in temperature shift specific expression
199a Warburg metabolism. vector to downregulate miR-199a
activity.
MiR- Upregulated in temperature shift. Regulates Overexpress miR-103a-5p in
switch from Warburg metabolism to OXPHOS | temperature shift specific expression
103a-5p S
and inhibits the cell cycle. vector.
Increased translation efficiency in temperature Overexpress Cdkn2c in temperature
Cdkn2c . - e .
shift. Halts the cell cycle. shift specific expression vector.
Increased translation efficiency in temperature Overexpress Foxw7 in temperature shift
Fbxw7 . . A
shift. Halts the cell cycle. specific expression vector.
Overexpress Gdf11 or knockdown of
Increased translation efficiency in temperature miR-615-3p/miR-9 using miR sponge in
Gdf11 X . o X
shift. Halts the cell cycle. temperature shift specific expression
vector.
Overexpress Btg2 in temperature shift
specific expression vector, utilise
Bta2 Increased translation efficiency in temperature isoform specific sSiRNA to knockdown
g shift. Halts the cell cycle. transcript isoform with intron retention,
or knockdown miR-9 in temperature
shift specific expression vector.
Apontl Increased translation efficiency in temperature Knockout Apoptl with CRISPR-Cas9 or
hop shift. Supressor of apoptosis. upregulate miR-34a-5p.
Increased translation efficiency in temperature Knockout Sh3glbl with CRISPR-Cas9
Sh3glbl X : .
shift. Supressor of apoptosis. or upregulate miR-7-5p.
Timmsa Increased translation efficiency in temperature Overexpress Timm8a or knockdown
shift. May increase capacity for OXPHOS. miR-30a-5p.
Mrpl54 Increased translation efficiency in temperature Overexpress Mrpl54 or knockdown

shift. May increase capacity for OXPHOS.

MiR-615-3p.
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6.1.3 Challenges of multi-omics integration

6.1.3.1 Challenges and potential improvements to this experiment

One of the biggest challenges when carrying out bioinformatics analyses is the lack of
established analysis pipelines and the overwhelming amount of software, thresholds and
parameters which can be selected from to carry out analyses. The problem of having
undefined pipelines as well as the large amounts of data which must be stored, processed
and analysed are compounded when a multi-omics experiment is carried out due to the
need to handle each data type in a different way. Multi-omics software capable of
handling multiple datatypes have been developed which utilise machine learning
approaches to predict phenotypic effects based on multiple layers of genomics and
transcriptomics measurements (Huang et al., 2017) however these algorithms are focused
on Human cancer genetics and do not have support for Chinese hamster ovary cells. Our
current understanding of CHO cell molecular biology was also a challenge which had to
be overcome as we lack a complete understanding of ncRNAs, a comprehensively
annotated genome reference and the phenotypic effects of alternative splice variants. As
we understand these levels of CHO cell gene expression in the future in greater detail, it
may be possible to move towards a complete systems understanding of CHO cells and

predict phenotypic outcome based on ‘omics experiments to optimise production cultures.

Integration of multiple-omics techniques has begun to be applied to CHO cells and have
discovered a lack of correlation between mRNA expression and proteomics (Clarke et al.,
2012; Orellana et al., 2015) and to utilise transcriptomics, proteomics and metabolomics
to build a genome scale metabolic model (Hefzi et al., 2016). Existing multi-omics
integration tools are however not currently capable of integrating the different
measurements taken in this experiment and estimating phenotypic outcome or enabling a
statistical analysis of these data types — in particular, the effects of alternative splicing,
mMiRNA targeting and differential translation efficiency. Due to this limitation, pipelines
had to be developed to analyse each dataset in isolation and the results of each experiment
integrated post-processing. Such an approach has also been utilised in the only other CHO
cell multi-omics experiment in which translatomics measurements were incorporated
(Ang et al., 2016).
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While this was the most comprehensive experiment carried out to date in terms of the
number of ‘omics techniques applied in parallel to CHO cells, there are gaps in this
experiment which could be filled if repeated again to gain a more complete overview of
CHO cells undergoing temperature shift. For example, ChiP-Seq or Methyl-Seq
(Feichtinger et al., 2016) could be applied to further our understanding of chromatin state
changes and transcription factor activity, phosphoproteomics could enhance our
understanding of how the transcriptomics and translatomics alterations observed are
carried forward in terms of protein activity (Henry et al., 2017), glycomics analysis could
reveal any alterations to product quality (Zhang et al.,, 2016) and metabolomics
approaches would enable observation of alterations to energy production and cellular
metabolism (Hefzi et al., 2016). Expanding this experiment to multiple time points after
temperature shift would also provide a greater understanding of how the alterations to
miRNA expression and alternative splicing affect translation and protein levels over time
(Hsu etal., 2017). Finally, the metabolic profile of the culture media is not comprehensive
and expanding this culture profile to contain additional measurements such as amino acid
concentrations could provide greater understanding of how amino acid availability has

impacted differential translation.

The techniques used in this experiment to generate multi-omics datasets each have
different levels of coverage and a dynamic range at which it is possible to detect changes
in expression. For example, just 350 proteins were detected at a level of confidence with
2 peptides while 12,291 genes were detected as expressed in RNA-Seq. Integrations with
the proteomics dataset were therefore limited to the common genes identified between
the techniques. If a proteomics instrument providing a higher coverage was utilised such
as a modern Orbitrap Fusion Lumo Tribrid Mass Spectrometer (ThermoFisher Scientific),
it may have been possible to identify more cases of gene and protein expression which
did not overlap and therefore indicating the presence of post-transcriptional regulation.
Different thresholds for differential expression also had to be set due to the differences in
dynamic range and accuracy of the techniques, such as the 1.5 fold change in differential
gene expression and translation, and the 1.2 fold change used for differential protein

expression.
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6.1.3.2 miRNA targeting, alternative splicing and differential translation efficiency do
not fully explain the lack of correlation between gene and protein levels of expression

Of the 153 genes identified in Chapter 2 as undergoing post-transcriptional regulation of
gene expression, 66 were identified as alternative spliced in Chapter 3, with anti-
correlated miRNA expression in Chapter 4 or differentially translated in the previous
section. The 87 genes with non-correlated gene and protein level measurements which
could not be explained using the techniques applied throughout this thesis are presented
in Appendix 5J. Among these genes are those with roles in splicing, transcription,
translation, energy metabolism, the cell cycle and proteasomal degradation (Table 6.2).

Table 6.2 — Uncorrelated differential gene and protein expression in genes with no
alternative splicing, targets of differentially expressed miRNAs or differential translation
efficiency. Of the 153 genes with uncorrelated gene and protein expression identified in Chapter
2, 87 were not identified as alternatively spliced, as targets of DE miRNAs. Genes with a role in
splicing, transcription, translation, energy metabolism, the cell cycle and proteasomal degradation
are presented in this table.

Gene
Gene Gen BH Protei | Protein
Gene ID name Gene name e FC | Adj]. nFC P value
P
Succinate
ENSCGRG00000003468 | Sdha | dehydrogenase 1.09 71%%: 1.22 11%80;
complex, subunit A
Elongation Factor Tu 433 x 799 x
ENSCGRG00000003825 | Eftud2 | GTP Binding Domain -1.12 iO'O“ 1.28 io_og
Containing 2
Serine and Arginine 1.04 x 1.05 x
ENSCGRG00000005590 | Srsfl Rich Splicing Factor 1 -1.35 1013 1.20 1002
Proteasome 26S 4.01 x 1.27 x
ENSCGRG00000007210 | Psmd4 Subunit, Non-ATPase 4 1.23 102 1.46 1003
. Eukaryotic Translation 5.29 x 5.21 x
ENSCGRG00000006662 | Eif5a Initiation Factor 5A 1.28 101t 1.33 1003
Eukaryotic Translation 550 x 155 x
ENSCGRG00000008227 | Eeflal | Elongation Factor 1 1.15 i0'°5 1.35 iO'OZ
Alpha 1l
ATP Synthase F1 3.82 x 2.32 x 10
ENSCGRG00000009521 | Atp5cl Subunit Gamma 1.02 1001 1.33 02
Proteasome Subunit 4.86 x 3.84 x
ENSCGRG00000012678 | Psmbl Beta 1 1.14 10°% 1.28 1093
ENSCGRG00000014336 | Pa2g4 ;g)l'l'fera“on'ASSOC'ated 1.16 41%‘19" 1.28 Gié?%x

The number of genes uncorrelated at the protein and gene levels which were identified as
differentially translated was considerably lower than expected — with just 3 genes
identified. If the 87 unexplained genes were undergoing post-transcriptional control of

gene regulation by mRNA degradation or alteration of translation efficiency due to
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translation activators and suppressors then these genes should have been identified as
differentially translated using RiboSeq. Technical reasons aside, the only mechanisms
through which this could occur is due to differences in the turnover of mRNAs and
proteins. The average half-life of an mRNA in a mammalian cell is approximately 7 hours
(Sharova et al., 2009) while the average half-life of protein is 43 hours (Toyama and
Hetzer, 2013). The disconnect between gene and protein measurements may therefore be
in part due to the time it takes for levels of protein to mirror changes to gene expression
(Haider and Pal, 2013). In addition, proteins are also differentially degraded post-
translation by the ubiquitin-proteasome pathway (Zheng and Shabek, 2017) and
autophagy (Dikic, 2017). Components of the proteasome were among the genes which
were not correlated at the gene and protein level which could not be explained by
alternative splicing, miRNA targeting or differential translation including Proteasome
subunit beta 1 (Psmbl) and Proteasome 26S Subunit, Non-ATPase 4 (Psmd4). Both of
these genes were not differentially expressed but were upregulated at the protein level
with a 1.28 fold and 1.46 fold change respectively.
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6.2 Future Work

6.2.1 Validation of differential gene expression and translation

Differential gene expression was identified in regulators of the cell cycle, apoptosis and
metabolic switching. Validation was carried out for a selection of genes undergoing
alternative splicing in Chapter 3 however no validation has been performed on results of
Chapter 2, 4 and 5. It would be interesting to measure the change in gene expression
induced by temperature shift in regulators of the cell cycle including Ccnel, Ccne2,

Mcm2, Lsm11, E2f1 and Cdknla using an alternative technique such as gPCR.

In Chapter 4 251 previously unannotated miRNA loci were identified in the CHO cell
genome. 119 of these have not been previously reported in any other species and therefore
require validation. As this was the first analysis of differential translation in CHO cells
using RiboSeq and the first to study the temperature shift response on a global scale it
would be interesting to confirm results using an alternative technique such as polysome

profiling.
6.2.2 Validation of miRNA targets

In Chapter 4 miRNA target prediction was used to identified anti-correlated expression
of genes and miRNAs for 491 gene:miRNA pairs and in Chapter 5 88 genes with
differential translation were identified with anti-correlated differential mIRNA
expression. It would be interesting to validate these targets by knocking down or
upregulating miRNAs predicted to be differentially expressed and measuring the
expression of its predicted targets using qPCR. Knockdown of miRNAs could be
achieved using antimiRs, miRNA sponges or genetic knockout while upregulation could
be achieved by transiently transfecting cells with a synthetic miRNA mimic (Stenvang et
al., 2012).

6.2.3 Engineering of CHO cells with enhanced phenotypes using panel of gene

targets

Before proceeding with attempting to genetically engineer enhanced phenotypes using
the panel of genes presented in Table 6.1, the temperature shift induced expression of

these targets should first be validated utilising alternative methodologies. g°PCR could be

234



utilised to confirm the overexpression of Rbm3, Cdknla, Ldhc, and miR-103a-5p,
downregulation of Pfkm, Prkagl, miR-9 and miR-199a as well as the expression of miR-
290a-5p and miR-295-5p (Lin et al., 2015). gPCR could also be utilised to confirm the
expression of specific transcript isoforms of Cd44, Ybx3, Dnmll, Mff and Ppargl by
designing primers crossing exon:exon junctions specific to a given transcript isoform as
was carried out in Chapter 3 to validate alternative splicing in CHO cells (Section 3.3.4).
To confirm protein level quantifications of Robm3 and Cd44 achieved using LC MS/MS,
Western blotting (Meleady et al., 2008) or Multiple Reaction Monitoring (Albrecht et al.,
2018) could be applied as alternative methods of assessing differential expression of these
proteins in temperature shifted cells. Finally, differential translation of Cdkn2c, Fbxw7,
Gdfl1, Btg2, Apoptl, Sh3glbl, Timm8a and Mrpl54 in temperature shifted CHO cells
could be confirmed by utilising polysome profiling (Courtes et al., 2013).

In order to engineer cell lines which may produce improved recombinant protein yields
utilising the engineering targets identified throughout this thesis, varied techniques will
need to be implemented depending on the expression pattern required. Genes such as
Rbm3, Timm8a, and Mrpl54 could be overexpressed constitutively by transfecting cells
with the gene of interest in a cytomegalovirus promoter containing expression vector such
as pcDNA3.1(+) (Invitrogen) as was utilised for overexpressing Cirbp (Tan et al., 2008).
In addition, supressing the translation of Apoptl and Sh3glbl could be achieved by
overexpressing miR-34a-5p and miR-7-5p in a constitutive expression vector to reduce
apoptosis. Alternatively these apoptosis inducing genes could be knocked out utilising
CRISPR/Cas9 with guide RNAs designed to disrupt the open reading frame of Apotl or
Sh3glbl (Ronda et al., 2014). The other engineering targets however will require more
complex engineering strategies to drive their expression during only the stationary phase
of biphasic culture as their overexpression would diminish a cells ability to proliferate
quickly during the exponential growth phase. In order to achieve this the genes will need
to be expressed in an inducible expression vector such as utilising a tetracycline (Zhao et
al., 2012), or cumate (Poulain et al., 2017) inducible promoter and treating cells with
tetracycline or cumate once optimal cell density has been reached. Alternatively an
expression vector could be constructed containing the temperature sensitive S100a6
promoter to induce expression only under mild hypothermia conditions (Thaisuchat et al.,

2011). Utilising one of these expression systems, Cdknla, Ldhc, miR-290a-5p, miR-295-
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5p, miR-103a-5p, Cdkn2c, Fbxw7, Gdf11 and Btg2 gene expression could be induced at
the onset of the stationary phase to have their anti-proliferation, anti-apoptosis and
metabolic switching effects without impacting proliferation and metabolism in the

exponential phase.

Inducible expression vectors can also be utilised to selectively knock down gene
expression during the stationary phase by designing inducible expression vectors
containing siRNAs to target the gene of interest (Valdés-Bango Curell and Barron, 2018).
The Ppargl, Pfkm and Prkagl genes could be knocked down using this approach to
induce a switch in metabolism at the stationary phase and reduce lactate production
further. A similar approach can be utilised to knock down the activity of miRNAs by
expressing mMiRNA sponge decoy vectors containing target sites for a given miRNA to
sequester endogenous miRNAs and prevent them from acting on their targets (Sanchez et
al., 2014). Induced expression of miRNA sponges at the stationary phase could be utilised
to sequester miR-9 and miR-199a to prevent proliferation and induce a switch from a
Warburg metabolism to OXPHOS respectively. As targets of miR-9, this approach could
also result in increased translation of Btg2 and Gdf11 and may also be utilised to sequester
miR-615-3p to enhance Gdf11 translation further.

To utilise the findings of Chapter 3 and engineer CHO cells with isoform specific
expression in the Cd44, Ybx3, Dnm1l and Mff genes a combination of these approaches
will need to be utilised. First, the endogenous gene would need to be knocked out by
utilising CRISPR-Cas9 (Ronda et al., 2014) and then the isoform of interest reverse
transcribed to cDNA which is transfected in an inducible expression vector. Utilising this
approach it would be possible to engineer full length Cd44 and Dnmll to prevent
expression of alternatively spliced isoforms which may impact the cell cycle and energy
metabolism. Alternatively it may be possible to engineer artificial splicing factors to
regulate the splicing of transcript isoforms as has been previously utilised to regulate the
splicing of Bcl-x between the pro and anti-apoptosis isoforms (Wei et al., 2017). Artificial
splice factors have the potential to control the inclusion or exclusion of particular exons
and could be utilised to assess the phenotypic impact of upregulating isoforms of Ybx3

containing exon 7 or Mff containing exon 9.
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6.2.4 Identification of IncRNAs in total RNA

The RNA-Seq data generated and used in Chapters 2 and 3 was produced using rRNA-
depletion rather than polyA-selection and therefore contains total RNA rather than just
MRNA transcripts. In addition to the novel transcript isoforms assembled in Chapter 3, it
would be possible to identify ncRNAs such as IncRNAs. IncCRNASs are non-protein coding
RNAs over 200nt in length which can silence gene expression by inhibiting transcription
or regulate splicing by binding pre-mRNAs and blocking the splicing machinery (Yoon
et al., 2013). Software packages are available for the identification of INcRNAs in RNA-
Seq data such as UCIncR (Sun et al., 2017).

A class of INcRNAs which has been discovered to be biologically functional in mammals
relatively recently but have yet to be characterised in CHO cells is circRNAs (Barrett and
Salzman, 2016). circRNAs are generated during the removal of introns from an mMRNA
transcript in back-splicing events to generate a circularised transcript with a splice donor
and acceptor site bound. circRNAs may function as miRNA sponges and sequester
miRNAs to regulate miRNA activity of their mMRNA targets (Toit, 2013). Algorithms such
as CIRI can be utilised to detect circRNA expression in RNA-Seq data (Gao et al., 2015).
Identification of this class of INCRNAs would be particularly interesting as the circRNA
bioprocessing gene ILF3 was identified as undergoing alternative splicing in Chapter 3
and therefore circRNA expression may be involved in the temperature shift response (Lin
and Chen, 2018).

6.2.5 Identification of other classes of ncRNAs in small RNA-Seq data

Chapter 4 focused on the identification, differential expression and target prediction of
miRNAs however other forms of small RNA can be detected in RNA-Seq data.
piwiRNAs are small RNAs which repress the transcription of transposable elements in
the genome to prevent replication and insertion of transposable elements which can result
in mutations (Ishizu et al., 2012). piwiRNAs have also been shown to regulate gene
expression in mMRNAs post-transcriptionally using similar mechanisms to miRNAs
(Watanabe and Lin, 2014) and may therefore contribute to the lack of correlation between
observed mRNA and protein levels in temperature shifted CHO cells. Software such as
ShortStack can be utilised to identify piwiRNAs and other small RNAs such as
endogenous siRNAs in RNA-Seq datasets (Axtell, 2013Db).
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6.2.6 Identification of differential translation control in RiboSeq data

In Chapter 5 we identified differential translation efficiency of mRNAs. miRNA
interactions were identified which explains the differential translation efficiency of 88
genes. Alternative splicing may contribute to the post-transcriptional regulation of a
further 66 of the differentially translated genes however splicing or miRNA targeting was
not found in 197 of the identified genes undergoing temperature shift induced differential
translation. Other mechanisms must therefore be impacting the translation of these genes.
Translational ambiguities can be identified in RiboSeq data such as ribosomal stall sites
and stop codon read through using software such as RiboTools (Legendre et al., 2015)
and RiboProfiling (Popa et al., 2016). Small open reading frames (SMORFs) can also be
identified in RiboSeq data which are small peptides which have been observed to have
roles in apoptosis and metabolism (Saghatelian and Couso, 2015). smORFs can be present
upstream of translation start sites of protein coding ORFs in mRNAs and can regulate
translation of the mRNA by preventing ribosome assembly or inducing stalling
(Saghatelian and Couso, 2015). sSmORFs can be identified by applying algorithms such
as UORF-seqr (Spealman et al., 2018).

6.2.7 Investigation of the impact of alternative splicing in the 3’ UTR on miRNA
targeting

In Chapter 4 alternative splicing was identified in the 3’UTR of 43 genes with anti-
correlated miRNA targets. Inthe Hnrnpa2b1 gene the miRNA binding site of miR-
103a-3p was predicted to be within a skipped exon which was spliced out at a higher
rate in temperature shifted cells and therefore a higher percentage of the expressed
transcripts would not be translationally repressed. The impact of the alternative splicing
in the other 42 genes may also affect miRNA targeting as one of the properties effecting
the efficiency of miRNA regulation is the proximity of a binding site to the stop codon
(Agarwal et al., 2015). Alternative splicing in the 3’UTR may alter the distance between
the target site and the stop codon and therefore impact miRNA activity. Investigation of
the impact of 3’UTR splicing on miRNA targeting efficiency could be investigated by
expressing individual alternatively spliced isoforms in cells alongside a predicted miRNA
target and measuring the resulting translation efficiency.
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Appendix
This thesis is accompanied by 6 appendices: 1 text appendix following this section, 4

multi-sheet excel workbooks and 4 text files containing bash computer code.

List of Appendices
1 - Benchmarking of quality control and alignment algorithms and selection of optimal

reference genome (text following this section).
2 — Chapter 2 Supplementary results (Appendix2.xIsx)

A) Cell culture density, viability and metabolic measurements
B) Read quality & alignment statistics

C) Differentially expressed genes

D) CHO Pathways of interest

E) GO analysis of differentially expressed genes

F) Differentially expressed proteins

G) GO analysis of differentially expressed proteins
3 — Chapter 3 Supplementary results (Appendix3.xIsx)

A) Differential isoform expression with stringtie

B) Gene ontology analysis of genes with differential isoform usage

C) Differential isoform usage in genes in biologically relevant pathways

D) Differential isoforms not DE at gene level

E) Differential isoform usage in genes in biologically relevant pathways which
were not identified as DE at the gene level

F) Isoform switching
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G) Differential exon usage with RMATS — Skipped exons, alternative splice
sites and retained introns

H) Differential exon usage with RMATS — Mutually exclusive exons

I) Differential exon usage in genes not identified as DE at gene level - Skipped
exons, alternative splice sites and retained introns

J) Differential exon usage in genes not identified as DE at gene level -
Mutually exclusive exons

K) Differential exon usage in genes in biologically relevant pathways not ID at
gene level

L) Interpro protein domains in skipped exon genes

M) Differential splicing of genes which were not correlated at the gene and
protein level

N) gPCR primers

O) gPCR results

4 — Chapter 4 Supplementary results (Appendix4.xlsx)

A) Read pre-processing and alignment statistics

B) mirDeep2 Results

C) Significant novel miRDeep2 Results

D) Differential expression analysis on miRDeep2 Results

E) miRNA Targets on differentially expressed genes

F) Gene ontology analysis of miRNA interactions between differentially
expressed genes and miRNAs

G) Differentially expressed genes targeted by 3 of more miRNAs with anti-

correlated expression
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H) miRNA Targets on differentially spliced genes

I) Gene ontology analysis of miRNA interactions on spliced genes

J) Genes differentially spliced in the 3'UTR with miRNA targets

K) Target prediction on differentially expressed proteins

L) Gene ontology analysis of miRNA interactions on differentially expressed
proteins

M) miRNA target predictions on genes with uncorrelated expression between

the gene and protein levels

5 — Chapter 5 & 6 Supplementary results (Appendix5.xIsx)

A) Quality control, preprocessing and alignment statistics

B) DESeq2 differential translation

C) xtail differential translation

D) Differentially translated genes identified in both DESeg2 and xtail

E) Gene ontology analysis on differentially translated genes identified in both
xtail and DESeq2

F) Stable translated genes with high and low translation efficiency

G) Differentially spliced and translated genes

H) Gene ontology analysis on spliced and differentially translated genes

I) Differentially translated genes identified as targets of miRNAs

J) TE genes which cannot be explained by miRNA regulation or alternative
splicing

K) Genes uncorrelated at the gene and protein level which are not spliced,

targeted by miRNAs or differentially translated

283



6) Code to reproduce analysis

A) Chapter 2 Code (Appendix6A-Chapter2Code.txt)
B) Chapter 3 Code (Appendix6B-Chapter3Code.txt)
C) Chapter 4 Code (Appendix6C-Chapter4Code.txt)

D) Chapter 5 Code (Appendix6D-Chapter5Code.txt)
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Al - Benchmarking of quality control and alignment algorithms and selection of

optimal reference genome

Al.1 Selection of optimal alignment algorithm

To identify the optimal alignment algorithm for aligning CHO cell RNA-Seq data, the
datasets published in (Lewis et al., 2013; Rupp et al., 2014) and reads simulated with Flux
simulator (Griebel et al., 2012) were aligned to the Chinese hamster genome (Lewis et
al., 2013) using 4 alignment algorithms. Default alignment parameters were used across
these experiments, with the exception of allowing for paired-end read input and
multithreaded execution on 32 CPUs to minimise runtime. The alignment algorithm with
the highest overall alignment percentage was CRAC, with 89.15%. This was followed by
HISAT2 with 88.81% of reads aligned. The fastest alignment algorithm was STAR,
completing alignments with an average speed of 3.1 minutes. This was followed by
HISAT2 with 4.8 minutes. The Tophat2 and CRAC algorithms took considerably longer
to complete alignments with runtimes of 102 minutes and 141 minutes respectively. Data

presented in Table Al.

Table Al — Benchmark analysis of alignment algorithms. 4 RNA-Seq alignment algorithms
were selected for benchmarking analysis. STAR was the fastest algorithm in this test and CRAC
aligned the most reads. HISAT2 however had the best balance between speed and sensitivity.

Tophat?2 HISAT2 STAR CRAC

Aligned | Time | Aligned | Time | Aligned | Time | Aligned | Time
Lewisetal. | 61.9% | 69m | 65.37% | 1m | 64.97% | 2m 72.45% | 51m
Rupp et al. 77.4% | 134m | 80.42% | 8m | 78.53% | 3m 85.36% | 122m
Simulation1 | 95.8% | 97m | 97.04% | 5m | 96.53% | 6m 95.08% | 219m
Simulation 2 96% 103m | 97.23% | 5m | 96.71% | 3m 95.34% | 86m
Simulation3 | 96.2% | 110m | 95.68% | 5m | 95.09% | 2m 93.74% | 184m
Simulation4 | 95.9% | 102m | 97.13% | 5m | 94.08% | 3m 92.92% | 186m
Average 87.20% | 102m | 88.81% | 4.8m | 87.65% | 3.16m | 89.15% | 141m

To determine the optimal alignment algorithm for aligning pre-processed reads to the
Chinese hamster genome, a benchmarking study was used to identify the percentages of
read alignment and runtime of alignment algorithms. Publically available Chinese
hamster and CHO RNA-Seq data (Lewis et al., 2013; Rupp et al., 2014) was used
alongside simulated reads generated using Flux simulator (Griebel et al., 2012) from
transcript coding regions of the Chinese hamster genome using annotation available from

UCSC. As these reads are derived from the genome, they should in theory align with or
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close to an alignment rate of 100%, however reads have been simulated to contain an
error profile typical of RNA-Seq reads sequenced using lllumina instruments such as
decreasing read quality in the 3’ end and PCR and reverse transcription biases (Conesa et
al., 2016). All aligners performed similarly in terms of the amounts of reads aligned with
a range of 87.2%-89.15% read alignment. The CRAC alignment algorithm was the most
successful in aligning the maximal amount of reads, with 89.15%, followed by HISAT2
with 88.81%. The fastest alignment algorithm was STAR, with a runtime of just 3.1
minutes, followed by HISAT2 in 4.8 minutes. The Tophat2 and CRAC aligners were
considerably slower, with runtimes of 102 minutes and 141 minutes respectively. The
most memory efficient algorithm is HISAT2, requiring 4GB of RAM to hold a
mammalian genome index (Kim et al., 2015a). Tophat2 has similar memory requirements
of 5.4Gb (Kim et al.,, 2013). STAR and CRAC have considerably higher memory
requirements however of 28GB for STAR (Dobin et al., 2013) and over 40Gb for CRAC,
increasing with the number of reads to be aligned (Philippe et al., 2013). With the best
balance between read alignment rates, runtime and the lowest RAM requirement, HISAT2
will be used as the alignment algorithm for future experiments and incorporated into

analyses pipelines.

Al.2 Benchmarking of the available Chinese hamster genomes

Since the release of the first CHO genome in 2011, sequenced from the ancestral CHO-
K1 cell line (Xu et al. 2011), additional genome sequences have since been assembled
from various cell lines and the Chinese hamster organism itself. No comprehensive
assessment of these genomes has yet taken place and it is unclear which of these genome
sequences is most appropriate for use as a reference sequence for RNA-Seq and RIBO-
Seq experiments. Furthermore, each of these genome sequences have existing reference
annotation which have not been assessed and it is unclear which would best serve as a
reference to guide and annotate genome-guided transcriptome assembly and differential
gene expression experiments. In order to answer these questions, in this section we
perform a comparative analysis of these genomes and identify which is most appropriate

for use for differential gene and transcript expression experiments.
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Al1.2.1 Chinese hamster and CHO cell line genome sequences

For this analysis we selected available Chinese hamster and CHO cell line genome
sequences which have accompanying reference. The 5 selected genome sequences were
considered as they are each at a draft reference stage and sequenced to a high enough
coverage for accurate assembly. The selected genomes include CriGril (Xu et al. 2011)
— the first assembled CHO genome which was annotated by NCBI RefSeq in 2014,
C_griseus_v1.0 (Lewis et al. 2013) — the parental Chinese hamster genome also annotated
by NCBI RefSeq in 2014, CHOK1GS - the Horizon CHOK1GS cell line assembled and
annotated by Ensembl in 2017, CriGril — the Ensembl 2017 reannotation of CriGril, and
PICR — the PacBio Chinese hamster genome corrected with Illumina reads annotated
using the Maker pipeline (Cantarel et al., 2008).

A1.2.2 Assembly quality of the CHO and Chinese hamster genomes

An initial assessment of the genome assembly quality was carried out using the BBtools
stats function (Joint Genome Institute). The results of this analysis are summarised in
Table A2.

Table A2—- Genome assembly statistics. 5 reference genomes of the Chinese hamster or CHO
cell lines were assessed using BBtools to analyse the quality of their assembly and completeness

Genome Scaffolds | Contigs l(?’l\jlsé)s N50 L50 N9 | N% | Gap%
CriGril
(NCBI) 109,151 265,786 | 2,399 | 547 1,147,233 3061 | 3.4 3.403
C_griseus
vi.0 (NCBI) 52,710 218,862 | 2,360 | 450 1,558,295 1558 | 2.49 2.492
CHOKIGS 8,265 71509 | 2358 | 12 | 62,039,716 | 42 | 145 | 1452
(Ensembl)
CriGril

109,152 265,787 2,399 547 1,147,233 3061 3.4 3.403
(Ensembl)
PICR 1,830 4,878 2,368 33 19,581,774 122 0.12 0.121

These statistics show the largest genome is CriGril. The 2 versions of CriGril differ by
a single scaffold — the inclusion of the mitochondrial genome in the Ensembl version
which is not present in the NCBI version. Although this genome is the largest in terms of
bases, it is also the most fragmented genome and is comprised of considerably more
scaffolds and contigs than the other assemblies and therefore the worst performing in
terms of N50 and L50. It is possible that the increase in genome size comes from

duplicated regions of the assembly or the higher percentage of N bases in this assembly
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and therefore the size of the genome in terms of bases is not the most important
consideration when selecting a sequence to use as reference. The best assembled genome
in terms of scaffolds and contigs is PICR which is made up of 1,830 scaffolds as a result
of the advantage of using long read sequencing technology. Although CHOK1GS
contains more scaffolds than the PICR assembly, CHOK1GS is also relatively well
assembled and made up of 8,265 scaffolds. CHOK1GS contains the longest scaffolds
with an L50 of 62,039,716 bases, resulting in 50% of the entire genome sequence being
contained in just 12 scaffolds (N50) and 90% in 42 scaffolds (N90). CHOK1GS
outperforms PICR in this regard which has N50 and N90 of 33 and 122 respectively. The
C_griseus_v1.0 genome is neither the best or worst genome in any of the categories tested
but has the advantage of being a genome sequence of the Chinese hamster itself rather
than of a given CHO cell line. C_griseus_v1.0 may therefore be the most appropriate
universal CHO reference due to the nature of CHO cell lines diverging from each other

due to mutations in culture conditions and genetic modifications.
Al1.2.3 Annotation of the CHO and Chinese hamster genomes

The annotations of the Chinese hamster genomes are each at different levels of
completeness. The methodology used to annotate these genomes also vary. NCBI
genomes use the NCBI Eukaryotic Genomic Annotation Pipeline which uses the Splign
alignment algorithm to align transcripts and proteins in the RefSeq and Genbank
databases in addition to RNA-Seq reads from the Sequence Read Archive (Kapustin et
al., 2008). Genes are also predicted using Gnomon and other ncRNAs using tRNAscan-
SE and cmsearch. The Ensembl gene annotation system uses a similar process with
additional, more stringent assessment and filtering of target transcripts (Aken et al.,
2016). The PICR genome was annotated using the MAKER pipeline (Campbell et al.,
2014) which uses a variety of BLAST searches and Gene finders to annotate predicted

genes. Table A3 contains the annotation statistics of each reference sequence.
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Table A3 — Annotation available for Chinese hamster and CHO genomes. Transcriptome
annotation is available for each of the 5 presented genomes. The annotations are at varying stages
of completeness. CriGril(NCBI) has the most genes and transcripts annotated.

Genome GTF/ Genes Transcripts NcRNAs Gene Non-

GFF3 Names redundant
gene names

CriGril(NCBI) GFF3 28,978 35,628 5,738 15,695 14,149

C_griseus_v1.0 GFF3 28,446 33,465 5,725 15,979 14,116

(NCBI)

CHOK1GS GTF 25,072 32,575 4,248 20,020 16,722

(Ensembl)

CriGril (Ensembl) GTF 26,668 34,472 7,487 18,340 15,067

PICR GFF3 24,686 24,948 N/A N/A N/A

The CriGril (NCBI) genome has the most gene loci, transcripts and exons annotated and
the CriGril (Ensembl) genome has the most ncRNAs annotated. The CHOK1GS
(Ensembl) annotation has the highest rate of alternative splice variants annotated, with an
average of 1.299 transcripts per gene locus. The PICR assembly has the fewest with 1.01
transcripts per gene locus. The CHOK1GS (Ensembl) assembly also has the most genes
assigned a gene name and the most non-redundant gene names (excluding NCBI ‘LOC’
genes and Ensembl ‘Rik’ IDs as these are unknown transcripts). The PICR genome is not
yet at a stage in its annotation at which it contains ncRNA/protein coding assignment or
gene name annotation. Although the Ensembl genome annotations have less genes
annotated than the NCBI genomes, they are of higher quality in that they have higher
amounts of genes assigned annotation, more alternatively spliced transcripts and being in
the GTF format means they have CDS and UTR regions annotated in the transcripts. An
additional benefit of the Ensembl annotations is the use of stable Ensembl gene identifiers

which can be used in other software packages such as Biomart.

Al.2.4 Use of genome annotation for differential gene expression experiments

The genomes tested in this section will be used in differential gene expression
experiments and it is therefore important to test their performance using differential
expression software to see which reference provides the most informative results. To test
the different genome annotations, RNA-Seq reads were aligned to each genome using
HISAT2 and featureCounts was used to assign aligned reads to annotated gene features.
DESeq2 was then used to identify genes differentially expressed at a threshold of >+1.5
fold change and <0.05 adjusted P-value. Both the number of genes up and downregulated
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and the number of genes assigned gene symbol annotation were recorded for each

genome.

Table A4 — Differentially expressed genes in reference annotation of 5 available genomes.
Each of the 5 genomes in this table were used as reference in a differential gene expression
analysis using temperature shifted CHO data. Genes were considered significantly differentially
expressed if they had >+1.5 fold change and <0.05 P value. The number of total differentially
expressed genes and only those with gene annotation are reported.

Genome Upregulated Downregulated Upregulated Downregulated
Annotated Annotated

CriGril(NCBI) 1,177 1,209 747 834

C_griseus_v1.0 1,186 1,219 745 837

(NCBI)

CHOK1GS 850 955 726 781

(Ensembl)

CriGril (Ensembl) 938 1,017 629 691

PICR 877 941 0 0

A1.2.5 Use of genome sequences for genome guided transcript assembly

In Chapter 3 we detail the analysis of alternative splicing in CHO cells undergoing
temperature shift. In this experiment we first assemble novel transcripts using genome
guided assembly and therefore it is important to consider which genome has the greatest
potential for use as a reference for assembling novel transcripts. Assembling transcripts
using no reference annotation to guide assembly will provide data on which genome is

the most complete as prior annotated genes will not confound analysis.

290



Table A5 - De novo genome-guided assembly results. Reads aligned to the 5 available genome
sequences were assembled using Stringtie without the use of existing genome annotation as a
guide. Transcripts were clustered using CD-Hit-EST to identify unique transcripts and remove
the potential of paralogues and duplicated genome regions confounding analysis.

Genome Gene Loci Transcripts Exons Clustered
Transcripts

CriGril(NCBI) 26,261 33,202 209,449 27,759

C_griseus_v1.0 23,936 31,446 212,608 26,154

(NCBI)

CHOK1GS 20,744 27,284 206,757 22,548

(Ensembl)

CriGril (Ensembl) 25,924 32,761 207,872 27,428

PICR 19,518 26,212 209,960 21,640

This experiment show the most complete genome is the CriGril (NCBI) reference
sequence as the most gene loci and transcripts are assembled when it is used. The Chinese
hamster C_griseus_v1.0 genome however has the most exons assembled. The results
from this experiment do not account for duplicated regions of the genome (both
paralogous genes and those resulting due to assembly errors) which cause reads to map
in multiple gene loci resulting in duplicated transcripts. To overcome this limitation, the
assembled transcripts from these experiments were converted into the FASTA format
using gtf to_fasta and clustered using CD-Hit-EST. Parameters were selected to cluster
transcripts of over 0.90 sequence and length identity. Clustering of transcripts revealed
the CriGril genome enables the assembly of the most unique transcripts, followed by the
Chinese hamster C_griseus_v1.0. As the CHOK1GS and PICR genomes have
considerably less transcripts assembled, these are not appropriate for use in our alternative

splicing experiment which will rely on the assembly of novel transcripts.

Al1.2.6 Differential expression using the de novo annotation generated using Stringtie

In Chapter 2 and Chapter 3 we will be performing differential gene expression and
differential transcript expression analyses and therefore the identification of the optimal
genome for use in these experiments is required. Stringtie will be used to assemble novel
transcripts using the existing reference as a guide. However, in this section we perform
differential expression analysis using DESeg2 and ballgown on de-novo annotation
generated in the previous section using Stringtie to assess the potential of each genome
prior to using the existing annotation as a guide. The results of this experiment are

presented in Table A6. The CriGril genome had both the most genes and transcripts
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identified as differentially expressed. The genes assembled in this experiment do not
however have any gene symbol annotation or functionality assigned to them and therefore
little biological inference could be attained from these results.

Table A6 — The use of the de novo transcriptome assemblies for differential gene and
transcript expression. Stringtie was used to assemble transcripts on each genome which were
used as reference in DESeq2 and ballgown differential expression experiments. Differentially
expressed genes with >+1.5 fold change and <0.05 P value are reported.

Genome DESeq2 DESeq2 Ballgown Ballgown
Upregulated Downregulated Upregulated Downregulated

CriGril(NCBI) 1,874 3,192 858 1,038

C_griseus_v1.0 1,802 3,038 707 830

(NCBI)

CHOK1GS 1,475 2,699 512 707

(Ensembl)

CriGril 1,830 3,137 783 972

(Ensembl)

PICR 1,417 2,599 602 808

A1.2.7 Which genome annotation is most improved by transcriptome assembly?

The RNA-Seq data generated in our experiment is from temperature shifted CHO cells
lines which have not previously been studied using a high sequencing depth and therefore
present an opportunity to identify novel transcripts which were previously
uncharacterised in previous releases of the genome annotations. In Table 2.6 we presented
an overview of the current stage of genome annotation however the genome sequences
are also not at equivalent stages of completeness so this experiment will reveal which of
the genome sequences have the potential to be the best annotated using our data. We
investigate this by performing transcriptome assembly on each of the genomes using their
existing reference as a guide then using gffcompare to identify the number of novel
transcripts and gene loci (Table A7 & A8). Results of this experiment revealed the
CriGril Ensembl genome had the most potential to be improved by assembly, however,
the CriGril NCBI genome had the most transcripts and genes annotated both before and
after assembly and is therefore a good candidate reference genome for use in further

experiments.
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Table A7 - Transcripts present in gene annotation before and after assembly with Stringtie.
All of the genomes were annotated with over 20,000 novel transcripts. The Ensembl CriGril was
most improved by assembly, however the NCBI CriGril contained the most annotated transcript
both before and after assembly.

Average
Genome Annota_ted Nove] Total transcript
transcripts transcripts I

ength
CriGril (NCBI) 45,821 24,404 70,225 2,444
C_griseus v1.0 (NCBI) 43,576 23,357 66,933 2,417
CHOKZ1GS (Ensembl) 32,555 22,472 55,027 2,314
CriGril (Ensembl) 34,439 27,702 62,141 2,270
PICR 24,948 24,753 49,701 2,314

Table A8 - Gene loci annotated before and after assembly with Stringtie. Each of the genomes
annotations were considerably improved by assembly with over 9000 novel genes annotated per
sample. The CriGril ensembl genome was most improved by the assembly process but the
CriGril NCBI genome contained the most gene loci annotated before and after assembly.

Genome Annotated genes | Novel genes | Total
CriGril (NCBI) 28,835 13,627 42,462
C_griseus_v1.0 (NCBI) 28,270 11,459 39,729
CHOK1GS (Ensembl) 24,922 10,076 34,998
CriGril (Ensembl) 26,266 14,436 40,702
PICR 24,792 9,032 33,824

Al1.2.8 Assessment of genomes best for the use in differential transcript expression

experiments post transcriptome assembly?

To ensure the genome with the most assembled gene also provides the most informative
view of differential transcript expression, ballgown was used to identify differentially
expressed transcripts using each of the Stringtie assemblies using both existing reference
annotation and novel transcripts. The number of differentially expressed transcript
isoforms and the number of genes with differentially expressed transcripts were recorded
(Table A9). The number of annotated genes with significant differential transcript
expression which were not identified as differentially expressed at the gene level using
DESeq2 were also recorded, as were the genes with both an up and down regulated
transcript isoform but no overall gene expression change. Use of the CriGril (NCBI)
genome resulted in the identification of the most differentially expressed transcript

isoforms.
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Table A9 — The use of ballgown to identify differential transcript expression in assembled
gene annotations. Differentially expressed transcripts with >+1.5 fold change and <0.05 P value
are reported in this table for each of the 5 tested genomes. The number of genes which contained
a differentially expressed transcript are also reported. The ‘isoform only’ columns contain the
number of genes identified with differential transcript expression with ballgown but no
differential gene expression with DESeq2. Some of the genes with isoform only differential
expression had both an up and down regulated transcript isoform — reported as the number of
genes with isoform switching. The CriGril (NCBI) genome had the most differentially expressed
transcripts in all categories.

Isoform
Genome Isoforms Isoforms Genes | Genes Isoform Only Isoform
Up Down Up Down | Only Up Down Switching
CriGril
(NCBI) 1,611 1,734 1,095 1,003 553 388 77
C_griseus
v1.0 1,348 1,389 926 884 442 341 46
(NCBI)
CHOKI1 GS 669 809 377 536 160 166 10
(Ensembl)
CriGril 1,191 1,309 589 | 646 301 240 27
(Ensembl)
PICR 633 754 407 585 144 142 9

Al1.2.9 Genome selection

The aim of this section was to identify the Chinese hamster/CHO genome out of those
with available reference annotation which would be the most informative to use
throughout experiments in this thesis. In order to benchmark the genomes, basic
annotation and assembly statistics were assessed and each of the genomes were used in
differential gene and transcript expression experiments, with and without the use of the
available reference genome. The CriGril genome was identified as the most complete
and has the highest numbers of existing gene and transcript annotations. Use of the
CriGril genome enabled the identification of the most genes and transcripts in assembly
experiments, with and without use of reference annotation, and the identification of the
most significantly differentially expressed genes and transcripts. The CriGril genome is
therefore the optimal choice of reference for differential gene and transcript experiments
in later sections of this thesis. The ENSEMBL version of the genome annotation will
however be used rather than the NCBI annotation due the more biologically informative

view of the transcriptome it provides. ENSEMBL annotations contain annotations of 5’

294



and 3° UTRs of transcripts, stable gene identifiers and enables identification of

orthologous genes and protein domains through the usage of Biomart.
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