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tranSCriPtS ANNOTATEA. .........uuiiiiiiiiiii it e e 289

Table A4 i Differentiall y expressed genes in reference annotation of 5 available
genomesEach 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 &pressed if they ha® .5 fold change an@0.05 P value.

The number of total differentially expressed genes and only those with gene annotation
=T (=3 (=] 010 ] (= o ISP 290

Table A57 De novo genomeyuided assembly resultsReads aligned to the 5 available
genome sequences were assembled u&inggtie without the use of existing genome
annotation as a guide. Transcripts were clustered @hylit-EST to identify unique
transcripts and remove the potential of paralogues and duplicated genome regions
CONfOUNING ANAIYSIS.....ooiiiiiii e e e e e e e e e e 291

Table A61 The use of the de novo transcriptome assemblies for differential gene

and transcript expression Stringtiewas used to assemble transcripts on egciome

which were used as reference IDESeq2 and ballgown differential expression
experiments. Differentially expressed genes Withl.5 fold change an@0.05 P value

oL (=] 010 (=0 FE PP PU PP PP PP SRPRRPTTR 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 impra¥dy assembly, however the NCBI CriGril contained

the most annotated transcript both before and after assembly........................ 293

Table A8 - Gene loci annotated before and after assembly witBtringtie. 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
XVii



assembly mrcess but the CriGril NCBI genome contained the most gene loci annotated
before and after assembly............oooeeiiin 293

Table A9 1 The use ofballgown to identify differential transcript expression in
assembled gene annotationBifferentially expressed transcripts withfll.5 fold change
and.05 P value are reported in this table for each of the 5 tested genomes. The number
of genes which contaidea differentially expressed transcript are also reported. The
0i soform onlyd columns contain the number
expression witlballgownbut no differential gene expression wiliESeq2 Some of the

genes with isofom only differential expression had both an up and down regulated
transcript isoforni reported as the number of genes with isoform switching. The CriGril
(NCBI) genome had the most differentially expressed transcripts in all catego?ies.
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Figures

Figure 1.1 20 years of biopharmaceutical sales growthThe sales revenue of
biopharmaceutical productes 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.......................... 2

Figure 1.27 The classes of biopharmaceuticals approved since 198Ristrated in this

figure are the proportions of biopharmaceutical product classes approved forsimarget

1982 as of 2013. mAbs and hormones are the most abundant type of biopharmaceutical
approved. Data from (Walsh, 20L4)..........uuumiiiiiiiiii e 4

Figure 1.37 The prevalence of expression systems for production of recombinant
therapeutic proteins. lllustrated in this figure is the percentage of approved
biopharmaceutical products for host cell type. The most popular expression systems are
mammalian cefl, making up 55% of the totalof which 35% comes from CHO cells.
Non-CHO cell mammalian cell lines include hybridomas, baby hamster kidney (BHK21),
mouse Sp2/Onouse C127 cells, and mouse NSO cells. Human cell lines include human
embryonic kidney (HEK)HT-108-0 and PER.C6 celi®umont et al., 2016)............ 5

Figure 1.47 Origin of major CHO cell lineages.The major CHO cell lineagessed for

the production of recombinant therapeutic proteins are all derived from the same parental
clonal colony. The CHO colony became proline dependant and wadodad in many
laboratories around the world to create the 3 major lineages of CHO setlsiuthe
biopharmaceutical industry, CHO DG44, CHQ and CHO S........cccooooveieeeeenneee. 10

Figure 1.57 Stages of an RNASeq differential expression aalysis 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 therd uee identify
significant fold changes of genes between conditians............c.cooeeevceeeviiceeeennn. 35

Figure 1.6- Experimental design for parallel multi-omicsstudy 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 ttirHomics profiling. (B) Different

omics techniques are applied (yellow boxes) to profile factors contributing to, and

measure, gene expression at the mRNA and protein levels..........ccccccvvvieeeeen... 48
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Figure 1.7 Multi-omics dataset integrationShown 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 R34 data and isoform level
differential expression compared to gene and prd¢wel 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 wali on alternatively spliced transcripts and
differentially translated gENES............uuviiiiii i rrrer e 50

Figure 2.17 Cell density of temperature shifted and noremperature 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-temperature shifted (37°C, red)
sanples. A 24% decrease in cell density was observed after 24hrs of temperature shift
which took place during the 4B2hr culture period...........cccceeeeeiiieiiceceeceeee e 62

Figure 2.21 Metabolite concentrations in temperature shifted and nostemperature

shifted cell culture media.Reducing cell culture temperature resulted in the decrease in
lactate and ammonium in media while glutamine, glucose and pH levelsasadre
Metabolites with a statistically significant difference in P value calculated by T test are
denoted With @n aSteriSK........coovie i 62

Figure 2.37 Average read quality distribution for untrimmed and trimmed reads.

FastQC was used to summarise therpad 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................cooevieeeeeeeen. 64

Figure 2.41 Average per nucleotide sequence quality across the lehgf reads.The
presented boxplots show the sequence quality of all samples (A) before and (B) after
trimming. The 56 ends of reads were of p
>Q30. Sequence quality decreases along the length of the reaslsnbproved slightly

after trimming. Boxes represent thé 3 quartiles of read quality and whiskers show the
10% and 9090 INTEIVALS.........ccoeiiiiiiiiii ettt e e e e e e e e eenas 64

Figure 2.517 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 representec
in red, reads aligned to CHO cell rRNA sequences are in orange (ndé)yvisdads
aligned to the Chinese hamster mitochondria in purple, reads aligned to th& CHO
CriGri_1.0 genome in blue and reads assigned to annotated gene features in the Ensembl

genome anNOLALION N QIEEM.......uuuiiiiiiiiiiiii e eeeeee ettt e e e e e 66



Figure 2.6 Principal component analysis plot of read counts assigned to gene€A

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 nofiemperature shifted in red.............ccooo e iiirieeeii e 66

Figure 2.77 Genome alignment of reads to th&€irbp gene.The cold inducible RNA
binding protein was upregulated in the temperature shift condition (blue tracks) with a
2.3 fOld ChaNQE IN EXPIrESSION......cii ittt ieee bbb e e e e e eees e e e e e e eeeaeeas 69

Figure 2.87 Genome alignment of reads to thé-os gene.The Fos gene was highly
expressed in netemperature shifted samples (red tracks) however temperature shift
induced &10 folddownregulation Of @XPreSSION...........uueeiiiiiiiiiiieeeeieeeeeee e ee 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 witl pass ofStringtieandballgown

was used to identify transcript level differential expression @ith.5 fold change and
(.05 BenjaminiHochberg 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 ar@.05 adjusted P value. GO terms of interest and protein domains
were identified in genes with alternative splicing usimmaR@and the Interpro database.

Figure 3.27Assembled and reference genome annotation statisticBhe number of

genes in the Ensembl reference genome annotation (red) and the assembled annotation
generated usingtringtie (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...............oiiiiiiiiccci e 90

Figure 3.31 Alignment to the Atm gene.The Ensembl annotation for tAémgene 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 uSitriqngtie .............. 91

Figure 3.4 Differential transcript usage in theYbx3gene.TheYbx3gene was identified

as differentially expressed at the transcript level but not the gene level. (A) The mean
coverage of noitemperatureshifted 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 skipsass 3 and 7 (red boxes in A and B respectively). The amino
XXi



acid sequence encoded by exon 3 ofYhe3transcript is part of a cold shock DNA
binding domainYbx3is transcribed from the sense strand and therefore exon 1 is on the
left of this plot (ENSCGRE0000L0L6148)..........cuuviriiiiiiriiieieeeierirrreerrerrreeeaeeeeeseans 96

Figure 3.571 Isoform Switching in the Acpl gene. The Acpl gene had both an
upregulated and downregulated isoforfiound differentially expressed. (A) Nen
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 Anp13.

is transcribed from the sense stranthefgenome and therefore exons are numbered from
= 1 (o T o o | PR 98

Figure 3.61 Isoform switching in transcripts with mutually exclusive exons in the

Acpl gene. Temperature shift resulted in isoform switching in #hepl 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 3.71 Differential exon usage gents identified by rMATSs. 3,158 splicing events

were identified with a0 §l0% difference in inclusion level between conditions and a
M.05 adjusted P value. A3SS= Alternative
Site, MXE = Mutually Exclusive ExonsRl = Retained Introns, SE = Skipped Exons.

Figure 3.8 Temperature shift induced skipping of exon 2 in theSlirp gene.
Temperature shift induced exon skipping in Blgp gene. Sashimi plots display the
number of reads which align across exon:exon junctions. In theéenguerature shift
condition (red) the exon 1 and 2 junctions as well as the exon 2 and 3 junctionghad 0
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 oottt ettt et e ettt e et e e e e e e e e e e e e s ammme e e e e e eeeeeeeanas 103

Figure 3.9 - The complex splicing of theCd44 gene. 8 transcript isoforms were
identified for the Cd44gene.Transcript 5, representing full leng@id44 was identified

as upregulated in reducedlwre temperature. Alternative splice isoformsCaf44vary

due to differential incorporation of exonsl6 (region highlighted by red bars). The
spliced regions translated amino acid sequence does not contain any domains annotated
in the Pfam or PROSITHatabases which would be affected by differential transcript
usage (Ensembl transcript ENSCGRTO0000004981.1).......cccevvviviiiiiiceeieeeeeenns 104
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Figure 3.1071 Skipped exon in the GTPase domain encoding region @&nm1l. One

of the largest changes in exon inclusion levels between temperature shifted and non
temperature shifted cells occurred in iemllgene. (A) Inclusion of exon 3 IDnm1l

is significantly higherin the 32C condition with an inclusion rate of 0.76 while an
inclusion rate of 0.21 was observed in fiemperature shifted cells. (B) The location of
this skipped exon event in the assembled transcrigdnofll (C)The translated protein
sequence obnmll with the region of the sequence affected by this alternative splicing
event shown by the red bars (Ensembl transcript ENSCGRT00000022493.1)105

Figure 3.117 gPCR validation of temperature shift induced alternative splicing.
gPCR was carried out on genes identified as alternatively spliced with pri@sgned

to cross exon junction#\ctB (A) and GusB (B) were used as housekeeping genes to
normalise CT values. P values calculated using a two tadestTare illustrated with
asterisks (*€0.05, **=(0.01, ***(0.001). All transcript isoforms predicteds
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 17 gPCR normalised using Actb shows temperature shift induced
alternative splicing is conserved across cell line lineagef?CR was performed on the
16-F, K1 and DP12 CHO cell lines. The Srbpl_31 and Sltpisoforms were validated

to be upregulated across the 3 cell lines with statistical significance................ 109

Figure 3.13 - gPCR normalised using Gusb shows temperature shift induced
alternative splicing is conserved across cell line lineagef?CR was performed on the
16-F, K1 and DP12 CHO cell lines. The Sc5d_31, Srbpl_ 31 and Slirp_31 isoforms were
validated tdbe upregulated across the 3 cell lines with statistical significance..110

Figure 4.17 Small RNA-Seq Read Preprocessing.Reads wee 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 th25liucleotide range (green). An
average of 38.4% of reads passedpessing (blIU€)..........oooevvviiiiiiiicceeeee. 135

Figure 4.21 Sequence length distribution.A large peak is present in the -23
nucleotide range of trimmed readse size of te majority of miRNAs annotated in CHO
cells annotated IN MIRBASE.........u it eceeercciee e e e e e e e rnee e e e e e e e e eeeeeeennne 136

Figure 4.37 Detection of miRNAs withmiRDeep2.1,507 miRNAs were assembled of
which 1,280 were novel. 251 of these have a miRDeep2 €idreand are likely true
positive miRNA candidates (Score 10 indicated by red ling)..........ccccceeveeevieenn. 137
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Figure 4.41 Predicted hairpin structure and coverage of novel_miR_2422Presented

in this figure is a novel miRNA with the highestRDeepzZcore which has no annotated
orthologue in any species in miRBaskhe secondary structure (top) is typical of a

mi RNA, with consistent base pairing in t
forming a hairpin. The majority of reads aligning to this hairpin cover the mature
sequence region (bottom, red). Figureagated usingniRDeep2.............cccevveeeee 138

Figure 4.5 Predicted hairpin structure and coverage of novel_mir_482Presented in

this figure is the novel miRNA novel_mir_482, orthologous to amiR-7388c. The

mature sequence is highly expressed relative to the Star sequence as can be seen by the
peak in the coverage ColoUred red..........ooooiiiiiiiiiiccce e 139

Figure 4.61 Predicted structure of novel_miR_ 5944Novel_miR_5944 is orthologous

to miR_335, a miRNA highly cited in the literature and previously reported spéd&ies.

Figure 4.77 miRNAs reported in mammalian species used as input tmiRDeep2.
mMiRNAs reported in miRBase are colourén green. Chinese hamster miRNAs
assembled in this chapter are coloured orange (those with mammalian orthologues) and
red (NOVEl MIRNAS)......oiieeeee e e e e e ere e e e e e e e e e e e e e e e eeesannnes 141

Figure 4.87 Read alignment statisticsPreprocessed 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 detectedniRiDgep?2........... 142

Figure 4.97 Predicted targets for differentially expressed miRNAsTarget prediction

using multiMiR identified 1,248 miRNA:RNA interactions between differentially
expressed mi RNAS iasn do ngietnteesd. férmoimm t he st ar
axis for clarity. Differentially expressed genes downregulated in response to mild
hypothermia are coloured red and upregulate@g@nturquoise.......................... 145

Figure 4.10 1 Alternative splicing alters miRNA targeting of miR-103-3p on
Hnrnpa2bl. An interaction betweemiR-1033p andHnrnpa2blwas identified using

the approach outlined in Section 4.3Hmrnpa2blwas not identified as differentially
expressed in Chapter 2 but was identified as undergoing alternative splicing in Chapter 3.
(A) The predicted target sitef aniR-103-3p on Hnrnpa2blis conserved among
mammalian specig@garwal et al., 2015)B) A skipped exon event is identified in the
306UTR of the transcript which results in

cultured at a reduced temperat(®@e65 percent spliced in) than ntemperature shifted
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cells (0.83 PSI). (C) The target site for miR3-3p is conserved in CHO cells and present

IN the SKIPPEA EXOMN.... ..ttt e e e e e e e e e ammne s 151
Figure 5.17 Translation Initiation. (A) The preinitiation complex is assembled on
small ribosomal subunits in the cytoplasm by binding of the initiation factors elF3, elFla,
elF1 and elF5. (B) Methylacy{RNA-GTP-elF2 is incorporated into the P site, assisted
by the interaction of elF2 aredF5. (C) The prenitiation complex is then recruited to the
56 of an mRNA with el F4F assembl ed. ( D)
is hydrolysed to GDP. (E) GTP hydrolysis signals for the release of initiation factors elF3,
elF1, elFla, elF5 ahelF2 which releases the 40S subunit from elF4F to scan the mRNA
until the MethylacyitRNA base pairs to a start codon in the P site. (F) The 60S ribosomal
subunit can then form a complex with the

omitted flom initiation factors (green) for clarity. Adapted frqiWatson et al., 2014)

Figure 5.2 Translation Elongation. (A) Once tte ribosome is assembled and a
methylacytrna is present in the P site, aminoafyNA-GTP-eEF1 is recruited to the A

site. (B) GTP bound to eEF1 is hydrolysed. (C) el&IP leaves the aminoaeRNA
enabling a peptide bond to form between the amino addei 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. THe A site is then free for this process to be
repeated until a stop codon is present i
(green) for clarity. Adapted frofWatson et al., 2014).........cvvveieiiiiiiiiiiiccnnneenn. 168

Figure 5.37 Blocking of initiating and elongating ribosomesDifferent 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
theribosomal 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 gre@N.........oooeviiiiiiiiiiiice e 173

Figure 5.47 Overview of RiboSeq analysis pipelineRiboSeq and matched RN3eq

control reads were preprocessed by removing sequence adapters and applying a read
length and rRNA filtersReads were aligned usir@TrARto the CHOK1 genome and

quantified against annotated gene features. Triplet periodicity of aligned reads was
XXV



examined usindriboTaperand DESeqg2andxtail were used for identifying differential
transBtional effiCIENCY...... oo e 180
Figure 5.57 Pre-processing of RiboSeq dataA length filter and alignment to rRNA to
remove norribosomalprotected fragments was applied to all samples raw sequence
reads. An average of 42% (2&9.67%) of the input reads were retained after. Q81
Figure 5.61 Pre-processing of RNASeq matched control dataRaw reads were pre
processed by applying a length filter and aligning to rRNA to remove contamination and
ensure consistency of ppeocessing between the RiboSeq and matched\-B
control data. An average of 81.4% (795.8%) of input reads survived these stages of
O]z o] (o ToT =TT oo PP PP PP PP 182
Figure 5.71 Alignment of RiboSeq data.RiboSeq reads were aligned to the CHO
genome using@TARwith 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
819%) of reads were successfully aligned and 43.16% (&16881%) assigned to
Protein COAING traNSCIIPLS.....uuuiiiiiiiiiiiiiii ettt e e 183
Figure 5.87 Alignment of control RNA-Seq data.RNA-Seq reads were aligned to the
CHO genome usin@TAR 85% (78.8388%) of reads were successfully aligned and
45.94% (42.448.88%) assigned to protein coding tranSCripts..............evvveeeeeeeens 183
Figure 5.9 Triplet periodicity analysis in reads of length 29ntRiboSeq libraries were

of high quality with triplet periodicity visible in kmers of lengths-28. (A) Shown in
green are reads dowsampled 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 alignmeats we
enriched for COdiNG SEQUENCES............oovvviiiiiiiemme e 184
Figure 5.10 Transcriptomewide translational efficiency. In this plot are the fold
changes between levels of mRNA in RN&qg 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 signifiea(0.05 BH P value,
coloured red and orange). Solid lines represeatl® fold change in translational

BT I CIEINCY e ——— e 185
Figure 5.117 Correlation of translational efficiency fold changes calculated using
DESeg2and xtal. A Pear sonés correlation test was
DESeg2andxtail. Fold changes were consistent between the two algorithms witifan (R
of 0.998and a P value of 2.2 100, ..o 188



Figure 5.121 Overlap of the genes identified with differential translation efficiency

using DESeq2and xtail. 91.17% of the genes identified with differentially translated by
DESeq2vere also identified usSingfail. ............oooooiiiiiiiiiimeen e 189

Figure 5.13 Volcano Plot of differentially translated genesdn 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 bytadtand DESeq2

while blue and orange points are uniquely identified as significantly differentially
expressed bipPESeqg2andxtail reSPECHIVElYu.........uvururiiiiiiiii e, 189

Figure 5.141 Read counts of genes with differential translation efficiencyPresented

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 afieandly different in

each condition while the RN&Seq counts either do not change or are changed in the
(o] o] o015 (=0 1= Tox 1o o 1P 193

Figure 5.151 Alignment of RiboSeq & matched control RNASeq toDhfr. 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 readesiignm
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 exons3 are depicted for Clarity...........cccccvvvviiiiiieeennnne. 194

Figure 5.161 Alignment of RiboSeq & matched control RNASeq toHisthle.Histhle

is among the genes with the most significantly upregulated tremmskfticiency. In this

single exon gene the mRNA levels are significantly increased wtamperature shifted

cells (RNA tracks) while translation is higher in temperature shifted cells (RPF tracks).
TS samples shown in blue, NTS inred............oooooiiiiiiiieee e, 195

Figure 5.17 Alternative splicing induced differential translation efficiency ofBtg2.

(A) The translation efficiency of thBtg2gene was upgulated 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 glthhe 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)...........cccccevvviiimnnneninenens 200

Figure 5.18i Differential miRNA expression may be responsible for the differential
translation efficiency of 25% of genesmiRNA targets were predicted on §8nes with

differential translation efficiency in the opposite direction to the differential expression
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of the miRNA. miR192-5p was found to target the most genes, with 18 predicted targets
AOWNIEQUIALEM. ... ..o eennn s 201

Figure 6.117 Multi -omics pipeline used to analyse CHO cell$n this thesis 3 NGS
datasets were analysed to find differential gene, transcript and miRNA expression as well
asisoform switching, differential translation and predicted miRNA targets.......219

Figure 6.27 Regulation of the central glycolysis ad TCA pathways in CHO cells

during temperature shift. Presented in this figure is the glycolysis and TCA cycle
pathway with genes differentially expressed or 4fstscriptionally regulated
illustrated. Genes are coloured as depicted in the legend foypef regulation they

are affected by, and denoted with symbols if affected by multiple types of regulation.
Pathway image generated usiREECON1 Glycolysis and TCA metabolic model on
Escher(King et al., 2018).........uuiiiiiiiii e eene e e 222

Figure 6.31 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 o
transcripts are coloured green and downregulated red. Genes with upregulated translation
are coloured blue and downregulated translation orange-difenentially expressed
genes are coloured black and pathways/biological processes.pink................. 225

Figure 6.4- Multi -omics analysis of energy metabolism genes in temperature shifted
CHO cells. Integration of RNASeq, small RNASeq, protemics, 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 orctiptss are coloured green and
downregulated red. Isoform switching is coloured purple. Genes with upregulated
translation are coloured blue. Ndifferentially expressed genes are coloured black and
pathways/biological proCesSes PINK.......ccceviiiieeeiiiiiieeeeeee 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 fietd 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 @eeyg our understanding of thefluence of
posttranscriptional gene expression control.

In this thesis, a unique high resolution multiomics dataset comprised of RNA expression
data as welasribosome footprint profiling (RiboSeq) and proteomics was used to study
global transcriptionabnd 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
posttranscriptional control of gene expression was determined utilising RiboSeq,
revealing a significant number of proteins undergoing differential translation. Finally,
nornrmiRNA-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 gee 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 mapidly expanded@nd as of 2014 there are 166
products on the markéivalsh, 2014)Theincrease in th@umber of different products
availablehas been paired witlapid growth in the profits from the sale of these products.
Annual sales have increased over 20 fold in a 20 year pémoad 1994 to 2014with
revenuesfrom biopharmaceutical products totalling $7.7 billion and $162 hillio
respectively Figure 1.} (Lawrence, 2005Walsh, 2014) Growth of this industry is
projected to increase at a compounding rate of 10% each yatir 2020 projections
estimated at $278 billio(Persistence Market Research, 2015)
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Figure 1.1i 20 years of biopharmaceutical sales growt 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 fr@mwrence,
2005;Walsh, 2006, 2010a, 2014pata 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
biopharmaeutical drugs with 6 out of 10 of the highest grossing products a mAb (Table

1.1)(Walsh, 2014)



Table 1.17 The top 10 selling biopharmaceutical products in 2013f the top 10 bestelling
biopharmaceutical products on the market in 2013, 7 were producedammaatian cell line (6
of which were produced in CHO cell@)alsh, 2014)

Product Sales o
Name Host (Billion$) Class Indication Company
Autoimmune diseases
i ncluding Ci
. CHO Monoclonal ulcerative colitis, : .
Humira cells 11 antibody psoriasis, AbbVie & Eisai
ankylosingspondylitis,
and arthritis
Autoimmune diseases Amaen. Pfizer
CHO Fusion including ankylosing gen, '
Enbrel 8.76 ; = o Takeda
cells Protein spondylitis, psoriasis and .
e Pharmaceuticals
arthritis
Autoimmunediseases
Remicade Sp2/0 8.37 Monaclonal including Ci ‘Iiﬂgf:s'uhéliiLﬁkTinabe
cells ' antibody ulcerative colitis,
L . Pharma
psoriasis, and arthritis
. Insulin . ,
Lantus E. coli 7.95 analogue Diabetes Sanofi
Lymphomas, leukaemia,
Rituxan CHO 7.91 Mo_noclonal transplantejection, BiogenIDEC, 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 mostabundantlass of biopharmaceuticptoductsapproved for markeis mAbs
accounting for 22% of the total number of approvals (Figure 1.2). Market trends show
approvals omAbsto be increasing, witmAbs accounting fo80% of the drugs approved

for market betwee@010-2014(Walsh, 2014)
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Figure 1.27 The classes of biopharmaceuticals approved since 198ustrated

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 frqiwalsh, 2014)

Although mAbs are crucial for thigeatment of many life threatening or debilitating
diseases, they are among the most expensive drugs in the Wweladnost expensive
mADb, eculizumakl(sold with the product name Solirigjoss over $400,000 per patient

per year and the average cost of tihyg 10 selling biologics is approximately $200,000
(Shaughnessy, 201Hiigh drug prices are lgely contributedto by costy 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 rfvalieg

et al., 2018) Further contributing to the price of biopharmaceuticals is the cost of
developing production pipelines for new prodtictise cost of this stage of manufacturing
could bedecreased if this process is optimised by using more efficient expression hosts

with rapid growth and productivity.

1.27 Host cell lines for biopharmaceutical production

Severalhost organisms are used for the production of recombinant therapeigas
andvary in theirbiologicalcomplexiy from simple prokaryotic organisms to mammalian

cell lines. Different classes of biopharmaceuticals require diffedtegtes of post
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translational modificatio(PTM) to produce a safe and active produetr example,
disulphide bondsnay be requiredor protein stability or glycosylatioto aid protein

folding and immunoglobulin G (IgG) antibody binding affin{ffyaéron and Nimmerjahn,

2014; Walsh, 2010bY he selection ofraappropriate host organism is therefore important

to ensure the safety and functionality of the prodBatbas and Lorence, 2004)he best

host is typicallythe 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 anddue large amounts of recombinant protein
product(Balbas and Lorence, 2004Figure 1.3 contains a breakdown of the organisms

used to produce approved biotherapeutics.

Figure 1.3 7 The prevalence of expression systemdor production of
recombinant therapeutic proteins. Illlustrated 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 theitad&lwhich

35% comes from CHO cells. No&HO cell mammalian cell lines include
hybridomas, baby hamster kidney (BHK21), mouse Sp2ibuse C127 cells, and
mouse NSO cells. Human cell lines include human embryonic kidney (HEK}, HT
1080 and PER.C6 celléDumont et al., 2016)



1.2.1- Production of recombinant therapeutics in bacterial cells

In the past bcterial 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 devebped genome editing techniques which allow the efficient expression of
recombinant protein®Balbas and Lorence, 20048scherichia colis a popular choicefo

host expression system for recombinant therapeutics due to doubling times of 20 minutes
andthehigh cell densies that can be achiev@dosano and Ceccarelli, 201&) colicell

lines are used for the production of 19% of all recombinant therapeutic priMéatsh,
2014)including insulin, glucagon and parathyroid hormones for the treatment of diabetes,
hypoglycaenia and osteoporosis, as well as interferons for treatment of cancer, hepatitis,
genital warts, leukemia and multiple sclerq8iaeshen et al., 2015)wo other bacterial
organisms are used for the production of recombinant protéibgp cholerafor the
production of the cholera vaccine (Dukoral) @wrdetella pertussifor the diphtheria,

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

The use ofyeast cellsfor the production of recombinant proteihas anumber of
advantagesver bacterial cells. Yeast cells are eukaryotic and thereforedngaaelles

which provide an environment for recombinant proteins to correctly foldcamgroduce
proteins with postranslational modifications such as removal of signal peptides,
formation of disulphide bonds, acylation and simple glycosylatibiielsen, 2013)
Although single celled eukaryotic yeast cells are incapablproducing 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, 201 7Mhe budding yeastaccharomyces cerevisiasghe

most widely used yeast cell line for the production of biopharmaceu(i€ais et al.,
2015b) Biological therapeutics produced in yeiasiude the hepatitis Bwrface antigen,
human papillomavirus vaccine, as well as human serum albumin for the treatment of liver
diseasgNielsen, 2013)Althoudh 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 asammalianglycosylationand therefore a&ell line

derived from a higher eukgoteis oftenselected for manufacturir@@valsh, 2010h)The
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correct glycosylation of peptides mAbsis required for the ppductto be safe, stable
andefficacious(Zheng et al., 2011bWithout the correct glycosylation pattern stability
can be impacted with the mAb being more susceptible to unfolding, proteolytic cleavage

and aggregatiofZheng 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 ad 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 approvafor humans(Laere et al., 2016)The majority of these vaccines are
produced in the tobacco plaNicotiana tobacumThe use of plant expression systems
enables lower production costs as plants can be grown in grow abdimessite of disease
outbreak wherever requiremistead ofin bioreactorswhich need large production
facilities, growth media and pensive equipmerfiVaheed et al., 2016 additionless
downstream procefg is required as products can be administered analhe form of

an edible planinstead of purified and injected intravenoudaniell et al., 2009)Plants

also @nnot be affected by many diseases which affect mammals and can process proteins
requiring postranslational modifications including disulphide bonds and glycosylation

if targeted to the endoplasmic reticulum with a signal pegbamiell et al., 2009)

Although plantbased vaccines have yet to be approved for human use, plants have been
used to produce recombinant therapeutic proteihe first recombinant therapeutic
protein produced in plant was approved in 2016the recombinant glucocerebrosidase
enzyme (market name Eleyso) produced gaaotroot cell line. Eleyso is usddr the
treatment of a lysosomal storage disorder called Gaucher d{teasend Ko, 2017and

is efficiently targeted to macrophaggse cell type affected in Gaucher diseaded to

an immune responge the plardike terminal mannoseglycosylation(Walsh, 2014)
Perhaps the most notable utilisation tdris as biopharmaceutical factories in recent
years is for the productioof Zmapp, a product containing 3 mAbs targeting the Ebola
surface protein to tredtaemorrhagic fever which is produced in the tobacco species

Nicotiana benthamianéBudzianowski, 2015)



1.2.4- Production of recombinant therapeutics in insect cell lines

Three recombinant proteins are produced in insect cell lines: a vademauman
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 produced9rcélfs (Walsh, 2014) The use of
insect cellgprovidesseveral production advantagasch aggrowth inserum and protein

free media containing high concentrations of amino acids and glutmsect cells can
utilise amino acids as an energy source and produce less metabpladhgts such as
lactate, which they are also highly tolerant to compared to mammaliar{flkeil®mou

et al., 2003) Finally, insect cells can be used for thedurction of gene therapies in
baculovirus expression vectg@irenne et al., 2013)Baculoviruses can be engineered

to habour large gene inserts and enter mammalian icellvoto deliver gene therapies
while being unable to replicate in mammalian cells and without triggering an immune
responsdAirenne et al., 2013)Baculovirus based gene therapies have not been used in
clinical trials but preclinical 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 productiocomplex
recombinanproteinsncluding baby hamster kidney (BHK) cells, tin@use 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 lotgrm fermentationsandcan bemaintainedor

up to 6 months in perfusion cultewr@.e. antinenophilic factor VIl manufacturéWurm,

2004). NSO cell lines areerived from murine myeloma cellsa cancer of white blood

cells which naturally secretes antibodies and are not part of a tissue and therefore can be
cultivated in suspension without adapti@iWurm, 2004) NSO cells are used for the
production of Arzerra and Soliris, mAksdministeredfor the treatment of chronic
lymphocytic leukemia and atypical haemolytic uremic syndro(igert, 2014)

respectively SP2/0 cells are mouse hybridoma cells produced from the foisgospleen



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 psoriasi@Geigert, 2014)

Human cell lines such as HEK cells are used for the manufacture of 4% of
biopharmaceuticalg§Walsh, 2014) Human cell lines are typically used to produce
complex glycoproteinsvhich require etensive postranslational modification such as
rEVIIIFc (trade name Alprolix) used to treat haemophiliallaalonde and Durocher,
2017) rFVIlIFc 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
rEVII treatment- increasing the halife of the protein and preventing tolerance to
treatment(Krishnamoorthy et al., 2016)FVIIIFc 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 Rboman cell linegKannicht et al., 2013)
1.3- Chinese hamster ovary cells

1.3.17 The Chinese hamster ovary cell lineage

The Chinese hamster ovargHO) cell line was derived fronthe ovary tissueof an
outbred Chinese hamster in 198¥urm, 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 fibrobKi&e culture. The parental CHO cell line grew quickly
and healthily as an adherent culturdoetal bovine serum (FBS) containing medrad

was distributed to many labs. The original dele wasproline synthesis deficierand
referred to as CHO/Prg((Kao and Puck, 1968Threemajor lineages of CHO cell lines
were derived from CHO/Prg(cells, CHOGK1, CHO DG44 and CHES (Lewis et al.,
2013) All CHO cell lines used for the production of redaimant proteins are derived

from one of these 3 lineages (Figure 1.4).
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Figure 1.41 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 clonalolony. 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, géHiCand CHO

S.

CHO-K1 cells have been adapted to grwserum free media (CHO SF) and the first
recombinant product synthesised in CHO cells used a host derived fronrKCld€lls,

the DXB11 cell lingWurm, 2013) DXB11 cell lines wereqoduced by irradiating CHO

K1 cells with gamma radiation to induce mutations, causing the dual knockout of the
dihydrofolate reductas®bfr) gene. Théhfr gene is completely deleted in one genomic
loci of DXB11 cells and contains a missense mutatiohenother which enables the use

of the DHFR expression system in CHO cellglls deficient inDhfr expression cannot
reduce dihydrofolic acid to tetrahydrofolic acid, a requirement for the synthesis of purine
nucleic acid precursors, glycine and thymidarel therefore require their addition as
media supplements to graWrlaub and Chasin, 198@phfr deficiency can be exploited

by transfectinghfr deficient CHO cells with an expression vector containingthe

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



transfectionghrough cells capable of growth in nucleosifftee media (and therefore
expressing theDhfr gene) (Kingston et al., 2001) An inhibitor of Dhfr activity
(methotrexate) is then added to the culture in increasing concentrations over a period
which maylast months to obtain cell lines which have amplified D gene and the

gene of interest to levels of up to 1000 copies pefkeibston et al., 2001)t is posdble

for DXB11 cells to regaihfr functionality by recovering from the missense mutation
and therefore the DG44 cell line was produbgcdcompletely deleting botbBhfr alleles

from CHO/Prof) cells(Urlaub et al., 1983)

CHO-S cells were the first cell line derived from CHRPo() capable of growth in
suspension culturehich enables scale up of cultures to high cell densities as cells are
not limited to an adherent monolayer where density is limited by surfacéameat al.,
2012a; Wurm, 2013 ollectively the lineages of CHO cells are used for the production
of 35.5% of the total approved biopharmaceutical products including 6 of the top-0 best
selling productgWalsh, 2014)

1.3.27 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 csltuaekey adaptation which enabled
the industry to move from limited adherent culture scalitoed tank reactorsf up to
25,000 L(Kelley, 2009) CHO cell lines have also been adapti@ growth in serum free
mediawhich does not contain FBSa nutrient source mammalian cell lines have been
historically dependant ofwwurm, 2013) Serum free CHO cell lines havedpereported

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 confentst al.,

2010) The presence of FBS in media is a risk factor for contamination by viruses,
mycoplasmaor prions such as the cause bbvine spongiform encephalopathy
(commonly known agémad cove disease a risk factor for contracting the human prion
disease Creutzfeldlakob diseag€Schroder et al., 2004; Wurm, 2018HO cells have
been adapted to protein free media formulations by omitting the protein compahents o
serumfree media solutions and weaning cells off proteins such as in8diréder 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 pramucultures to quickly
reach the maximum viable cell densibtyice a culture has been seedAdtypical
proliferating mammalian cell such as HEK cells double approximately every 24 hours
(Cervera et al., 2011however, CHO cells in exponential growth phase can divide as
quickly as every 14 houf$itton and Srienc, 2008Ylaximum viable cell densities have
improvedover the last 30 yearscreasing the number of CHO cells in culture actively
producing product. Cell densities of<21(° viable @lls/ml were typical in thd98 0 6 s
(Wurm, 2004)and these have imgvedtenfoldto over 2x 10’ viable cells/mi(Huang et

al., 2010) Perfusion cultures can be utilised to increase density further and densities of
over 1x 10° have been reported with comparable levels of productivity teb&tch
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, @umar et al., 2007)
Advances to gene amplification, expression and secretion systems in CH®Oalls
resulted in over a 10 fold increase in cell specific productivity from 10pg/cell/day in the
1 9 8 QWusn, 2004)to over 100pg/cell/day in todays optimised cell lif@abuchi,
2013) Final product titres have also increased from 50mg/L in 198@&m, 2004)to

over 10g/L today which can be attributed to a combination of improved cell specific
productivity, increased maximum viable cell densities, in@@asulture durations,

optimised feeding strategies and downstream product purifiog@ionet al., 2012h)

Manipulation of culture phase with temperature shift: CHO cells in industrial
batchfed-batch cultures have 3 distinct phageshe exponential growth phase, the
stationary phase and the deathg@{®an et al., 2017 Exponential growth occurs from

the onset of culture seeding when nutrients are abundant asdapédlly divide to a high

cell density while primarily consuming glucose as an energy resource using glycolysis
and producing lactate as a-pyoduct(Pan et al., 2017Puring 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 (OXPBIOS) t

12



produce energfPan et al., 2017When nutrients are depleted or metaboligobyducts

such as ammonia reach int@ble 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 exponentiagrowth phase to stationary phase when cell density has reached the
maximum viable level by altering culture conditiqiwvgurm, 2004) A temperature shift

is often applied to industrial cell cultures from°’@%o 30-33°C which induces a shift in
metabolism and growth ratéBemperature shift alsenhancesongevityof batd culture
(Vergara et al., 20149nd can result imcreasingthe viability of cells from 1 week to

over 3 weekgWurm, 2004)

Posttranslational modification: Not only are CHCcells capable of producing protein

in large quantitiesCHO cellsare also capable of producing more complex proteins than
bacteria or yeast cells such as those requiring mammaliantraoskational
modifications. Examples of these proteins include mAlsgpecific antibodieandfusion
proteins which require extensive pasinslational modifications such as glycosylation to
function correctly(Jefferis, 2009)The correct glycosylation of recombinant proteins is
important to aid in the correct folding of proteirstdrget cell surface receptopsevent
aggregationmaintain biological activity, stabilize protejmaaximise theiin-vivo half-

life andprevent degradation in the bo@valsh, 2010h)Mammalian cell lines such as
CHO cells produce glycosylation patterns compatible with and active in humans with the
exception of Nglycolylneuraminic acid (Neu5Gc), a terminal residue on marama

linked glycans which is not produced by humans due to a deletion@MA&i gene(lrie

et al., 1998) Recombinant glycoprotein therapeutics containing Neugggcillicit an
immune response in humans and it has been suggested that this modilcatitthbe
avoidedin biotherapeutic§Ghaderi et al., 2010, 2012FHO cells express less Neu5Gc
modifications than other nemuman 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 carate 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 lipaset al., 2011)Viral
contamination isa concern to patient health as viruses could be present in product
produced by infected cell lines abd 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 NectiiHveC and herpes virus entry mediator receptors
responsible for herpes sinepl virus entry which makes them an attractive host for
producing recombinant protei{Xu et al., 2011)162 of 388 known human genes related

to viral infection are deleted or not expressed in the CHO gefdmet 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(dmet al., 2011)

1.4 7 Trends in the use of CHO cells for the industrial production of
biopharmaceutical products

1.4.17 The drive to produce molecules in a predictably cheaper way

Despite the large growth of biopharmaceaitisales over the past 20 yearsyjumber of
challenges facdhe biopharmaceutical industryfhe largest challenge is mounting
pressure from government organisations, regulatory agencies, insurance companies and
the publicto increase acceds biopharmaceutical therapeutics. The average cost of
treating a patient witla chemically synthesizedrdg is $2 per day in the United States,

but over $45er dayfor a recombinant therapeutic prot€¢ifalsh, 2014)Recently high

cost medicines such as Orkambi for the treatment of cystic fibrosis have been rejected by
the UKs National Health Service and Irelaiistional Centre for Pharmacoeconomics
due to its price of 0160,000 per patient

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 complenesedi
however the complexity of recombinant proteins is ever increastmgmples of
increased complexity include antibedyug conjugates and bispecific antibodies.
Designer antibodies are able to deliver drugs to specific cells or tissues or abletto targ
multiple cell types respectivelBeck et al., 2010)With the eveiincreasing complexity

of recombinant therapeutic proteins, efforts must be made to decrease the costs associated
with develging and producing biopharmaceuticalene 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 waffective 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 sts by making bioprocessing facilities more flexible and to use
single use bioreacto(slernandez, 2015)n the past the biopharmaceutical industry has
focused on the production of blockbuster drugs which are used byearniangber of
people affected by a disease and therefore require continuous production in large
guantities. Dedicated production facilities are therefore typically built for a single product
to meet the demands of these molecules required. The industiyesdrabeginning 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 bioreatiacgiuemart et al., 2016\

major advantage of using a flexible facility is the ability to manufacture recombinant
proteins to the current demand rather than attosmdil facility producing in excess if
demand drops. The flexibility of these modular facilities is largely enabled by the
utilisation of singleuse disposable plastic bag bioreactors which can reach 2000L in
volume andacilities using singlaise reactorsan meet the yields afaditionalstainless

steel bioreactor facilities if used in parallelacquemart et al., 20165ingle use
bioreactors also offer the advantage of requiring no cleaning therefore meaning there is
less production downtime betweeatthes, 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 phaction of recombinant therapeutics which are required in
smaller quantities such as for personalised medicine applications and treatment of orphan
diseasegSharma et al., 2010PDptimisation of the cell line vectors themselves is still
however of vital importance to increase the amount of product which can be produced
usng single use technologies as well as to reduce the amount of time required for cell

line development phases of production.
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1.4.27 Biosimilars

Many of the first recombinant therapeutic proteins produced have now lost the protection
for exclusive ownerspiand 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 mAbswere approved for market in Europe in 20t8de namesemsimaand
inflectra, biosimilardor the mAbinfliximab) (Walsh, 2014pand launched in 2015 when
infliximabés patent protection expired. Inflectra was also recently approved as the first
biosimilar mAb forthe 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 produateaning supplying
sufficient evidence to show the products itikgn 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 defrequency (Walsh, 2010a)The biosimilar market is growing
steadily and $33 billion of biologics have lost patent protedi@alsh, 2014) As more

mMADbs lbse patent protection in the coming years, there will be a market focus on
producing biosimilars for these products and it is impottaaitthe 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 conce(Brinks, 2013)

1.437 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 pleseet| t
line developmentto acquire optimal production phenotypes idaborious andtime
consuming taking as long as-68 months to develop a high production stable cell line
(Kuystermans and ARubeai, 2015) Cell line developmenprocessescan screen
thousands o$ub-cloned cell linesand current strategies often incorporaial and error
approaches such as random mutagerfeisnved by selectionof beneficial traits to
develop candidate sub clones optimised to grow quickiytglacell density and produce
high qualityrecombinant protein at a large quantituystermans and ARubeai, 2015)
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By increasing our understanding of the molecular pathways which contributes®e t
beneficial phenotypes it may be possible to predict growth rate and cell specific
productivity of cell lines using nexgeneration sequencir{Glarke et al., 201) 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 aggregatite Fourn et al., 2D4), engineer glycosylatio(Chenu

et al., 2003; Walsh, 2010bnd enhance CHO cell viral resistariErines et al., 2012)

When expressed at high levels, some difficult to express recombinant proteins such as
| gGb6s may f orgonegates ingide eefistin maay hast 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 specificproductivity of mAbs in CHO cells without protein
aggregation (Le Fourn et al., 2014)The Cmah gene encoding the enzyme which
catalyses nomuman Neu5Gc glycosylation has beknocked downusing RNA
interference to causedldegradation cdEmahmRNA and reduce the immunogenicity of
recombinant product&Chenu et al., 2003Dther glycoengineering strategies have been
used in CHO cells to produce glycosylation patterns which affect the activity of mAbs,
for example the knockd of the Fut8 gene prevents fucosylation of amino acids and
increases the activity of the antibody 100 f@Malsh, 2010h)CHO cells have also been
engineered to gain resistance to the ebolavirus, removing potential viral contamination of
products produced in CHO ce(ldaines et al., 2012Engineering of cell lines resistant

to ebolavirus were generated by mutational screening to knock duptigene, which
encodes a membrane protein required for ebolavirus édaines et al., 2012)The
examples of genetic modifications presented illustrate the potential of engineering to
enhance production cell lines for enhanced prodifgtand 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 mokcular 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 seqsareze availablg¢Ernst et al.,

2006; Yee et al., 2008Jsing mouse microarrays these studies were however able to
investigate the CHO cell response to heat sligckst et al., 2006and 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 gMENible et

al., 2011) Expressed sequence tag (EST) sequencing expdsnvehich were used to
generate cDNA libraries (collections of the sequences of reverse transcribed mRNAS)
using Sanger sequencing, enabled the creation of CHO cell specific micrgiieayte

et al., 2011)The WyeHarster2a microarray was generated through combination of CHO
cell sequences in public databswséth proprietary sequences from Wyeth (acquired by
Pfizer) to create a microarray consisting of 3,714 sequences. Although limited to
approximately 20% of the prinh 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 understanddapotentially improve cell line development strategies at a
molecular leve(Doolan et al., 2008)he power of transcriptomic analysis of CHO cells
during cell line development were further demonstrated utilising the WyeHamster2a
microarray to predict celpecific productivity using transcriptomics measurements of
287 genegClarke et al., 2011Biopharmaceutical industry interest in the application of
6omics techniqgues has <continued, wi t h
generation of the WyeHaneBa microarray containing probes to profile 19,809
sequenceqClarke et al., 2012)Progress towards undesting the production of
biotherapeutics in CHO cells at a molecular level has accelerated since the publication of
the CHO cell and Chinese hamster genome sequé¢Bde&rolf et al., 2013; Lewis et

al., 2013; Xu et al., 2011)
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1.5- The CHO genome

1.5.17 Chinese hamster genome sequencing projects

Through a combination of the effort®fn an intercontinental collaboration of scientists

the CHO cell line genome was sequenced and published in @l &t al., 2011)
Sequencing of the CHO cell genome had been made possible due to advances to next
generation sequencing (Ng&&chnology 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 understandaigCHO 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 originalkQH@ll

line isolated in culture. Sequencing was carried ounnguan Illlumina 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 CH®(1 cell line genome assuming a genonmee of 2.6Gb. Using the
SOAPdenovassembler, the reads with a short insert size (<500bp) were assembled using
this De Brujingraph based approach to generate long cofitigs al., 2010. Read pairs

with the largest insegizes were then aligned to these contigs and readq@aiordance

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 CHK cells in 2011, the genonsequence 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 result@&7million contigs
(Hammond et al., 2011)The lack of sufficient coverage of this genome means
sequencing errors are likely to have been incorporatedhrg sequence and the genome

is in an extremely fragmented stage which makes the use of this genome inappropriate as

a reference sequence.

19



Although the publication of the CH®1 cell line genome was a significant step in
generating the genome sequenicéhe Chinese hamster, CHO cell lines have been shown

to haveunstablegenomes which argusceptible to chromosomal translocations and loss
(Wurm, 2013) The potential for lost or reanged 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 line¢Borth, 2014; Lews et al., 2013)In response to thike genome of

the parental Chinese hamster strain from which the CHO lineage was derived as well as
a further 6 CHO cell linebave been sequencethich were simultaneously published in
2013 by 2 group&Brinkrolf et al., 2013; Lewis et al. 043). 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-KHEeIl line
genome, generating 24Gb genome by assembling 347.5Gb of data sequenced on an
lllumina HiSeq 2000 usingOAPdenovoThe Lewis et al. Chinese hamstgenome
consists of 286,619 scaffolds ranging in size from-2(P4,132 nucleotides in size, of
which 6,356 are over 2kn length and ;D91 scaffolds contain 90% of the genofbewis

et al., 2013 The latter group utilised methodology in which the genomic sequence was
first sorted into chromosomes bsize separatn with flow cytomety. Library
preparations were carried out for each individual chromosome separately prior to
sequencing on an lllumina Genome Analyzer IIx. The genome assembly software
ALLPATHSLG was used to assemble the ~200Gb of raw sequence data into a 2.33Gb
genomem 28,764 scaffolds ranging in size from 880,658,418 nucleotidgBrinkrolf

et al., 2013; Gnerre et al., 2011)

In addition to the Chinese hamster genome, the Lewis groupeis@ncethe genomes

of six CHO cell lineg C0101 (a recombinant protein producing suspension cell line), a
CHO protein free suspension cell line, adherent &iOcells, CHQS cells, CHD-

K1/SF serum free adherent cells, and DG#r- mutant suspension cells. More recently,

the CHO DXB11 (DUKX) cell line was sequenced using an lllumina HiSeq 2000 in order
to study copy number variations and SNPs between CHO cell lines and the parental
Chinese hamstgKaas et al., 2015None of these CHO cell line genomes were however

made publicly avitgable 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 corm¢ai thar?.4Gb of sequence data
assembled into thousands of contigs. Than€$e hamster genome is predicted to have a
genome size of 2.8Gb and therefe®0OMb 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 generati@ywencing from Pacific Biosciences is
underway to improve the genonfBorth, 2014) In 2017 the genome sequence of the
Horizon Discovery CHEK1GS cell line was released by Enserg®rbino et al., 2018)

The Ensembl assembly of the Horizon cell line is assembled to a greater standard in terms
of the number of ammosome scaffolds of which there are 8,B6%ever this genome
sequence contains 50mb less genomic data than the Xu et altKCH@®nome The

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

Table 1.27 The genomic sequences of thehinese hamsterTo 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 CHR1GS genome while the most complete in terms of genome
length is the originaCHO-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
O6NAOG.

: Genome
Cell Line Scaffolds length (Mb) Reference
CHO-K1 109,152 2,399.79 | (Xuetal., 201}
C. griseus 17A/IGY 28,749 2,332.77 | (Brinkrolf et al., 2013
C. griseus 52,710 2,360.13 | (Lewis et al., 2013
C0101 (antibody
producing CHGS N/A N/A (Lewis et al., 2018
derived)
CHO Protein free :
(ECACC 85051005) N/A N/A (Lewis et al., 2018
CHO-s cGMP banked :
(A1136401) N/A N/A (Lewis et al., 2018
CHO-K1/SF (EXACC :
93061607) N/A N/A (Lewis et al., 2018
DG44 cGMP banked .
(A1097101) N/A N/A (Lewis et al., 2018
CHO DXB11 N/A N/A (Kaas et al., 2015
CHO SEAP 3,570,000 N/A (Hammond et al., 2a)
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 specigalgorithms for the detection of conserved domains such as
HMMER (Eddy, 2011)and byaligning sequenced mRNA transcripts to the gendrhe

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 CHEX1 cell proteincoding genewvere assigned an annotated function
based on their homology to human, mouse and rat transcbptpite these published
findings, the annotation for the CHKL cell line genomewas not made publicly
available to the community in any format other than raw sequence(kadsal., 2011)

Raw sequence reads were later submitted to the NCBI assembly and anngpetioe pi
RefSeq where 28,978 genes &aj628transcriptsvere predicted (Ref$e2018).

The release of the Chinese hamster genome in 2013 was annotated with 24,044 genes
using a variety of methods fate novogene annotatiofi AUGUSTUS, gensca&
glimmerHMM along with an accompanying Trinity RN8eq transcriptome assembly

82% of genes were functionally annotated using homology based approaches to proteins
in databases such as Swia®mt(Lewis et al., 2018 Submissiorf this sequence to NCBI
RefSeq RefSeq assembly accession GCA_0004193@B.18 for annotation resulted in

28,446 gene predictiongncoding 33,465transcriptsby 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
datdbase containing 65,561 transcripts from 17,598 g@Rsp et al., 2014)Annotation

for this genome has since been deposited in NCBI RefSeq, miogt&il,779 genes (of
which 14,576 are unique) and 29,144 prot¢RaiSeq018).

The Horizon CHEK1GS genomeassemblywasreleased by EnsemigZerbino et al.,

2018) as a full Ensembl genome build with genes annotated with standardised gene
accession identifiers which can be readily convertesrtbologous species in the
Ensembl database?5,072 genes and 32,575 transcripts are present ikrteembl
Horizon CHGK1GSgenome annotatioand are available in the GTF annotation format
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Ensembl also reannotated the original GKDgenome assemb(Xu et al., 2011)sing
publicly available sequence data in the Europeaniddtide Archive(Zerbino et al.,
2018) The Ensembl reannotation of the CHQ assembly contains 26,668 genes and
34,472 transcripté more than the Horizon CH®1GS annotationWhile the Ensembl
release has less annotations than the NCBI annotation of theKZH§&nome the
Ensembl version has ore uniquely annotated genes and the advantage of use in the
Ensembl Biomart tool to find orthologous gen€ke genome annotations presented in

this section are summarised in Table 1.3.

Table 1.3- The annotations of the Chinese hamster and CHO genomélesented 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. TheK2BS genome
however has the most uniquely annotated genes. The CgdlRFI@R genomes do not have gene
biotype or gene name/identifier information and therefore incomplete information is denoted N/A.
Gene | Unigque

Genome Genes| Transcripts | Exons | ncRNAs Names| Genes
CriGri1(NCBI) 28,978 35,628 425,408| 5,738 | 15,695| 14,149
C_griseus_v1.0 (NCB| 28,446 33,465 390,848| 5,725 | 15,979| 14,116

Cgrl.0 (Sorted 21,779| 29,144 | 327,934 N/A N/A N/A
chromosomes, NCBI)

CHOK1GS (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 | 185,043| 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
scaffoldshowever the Chinese hamster has 12 pairshobmosomes, indicating the
assembly is fragmented with a large number of géips gaps in the assembly sequence

are a result of limitations of second generation sequencing technologies which are unable
to efficiently sequence heterochromatin, repeatingyosatellites, transposable elements

and duplicated regions of a genome. The large number of scaffiglsgght how the
Chinese hamster genomes are currently in a relatively early draft stage and work must be
done to achieve a reference genome standdruid 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 achi#évis (Pendleton et al., 2015)
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Although there ar®& CHO cell line/Chinese hamsigenomewith their own annotation
available, none of these annotati@mntain as many genes as are annotétedodel
organisms such abke mouseandrat, or that of the human genome. For examible
human genome annotation is currently annotated wit8g@e 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, witls0,474annotated transctip in the human genome (of
which 113620 are mRNA transcripts) and0&,126transcripts (8,203 mRNA) in the
mouse, compared tal818 transcripts (34,82 mMRNA) in the Chinese hamster (NCBI
Genome databas2018. Assuming an approximately equal number aingcripts
encoded in the knese hamstandthe mousegenomegwhich are both rodentsphese
figures suggest the annotation for the Chinese hamsstezomplete A large percentage

of the unannotated features in CHO cells are likelpeIncRNAs, an aga of research
which has not been extensively studied in CHO cells to date, as th&'g, At6of this

RNA species confirmed in the human genome an@815in the mouse while just,974

are annotated in CHO cell linéghe genome annotation statisticsgaeted in this section

are summarised in Table 1.4.

Table 1.47 Comparison of NCBI reference genome annotations of Human, Mouse and
Chinese hamster.The genome sequence$ the most well studied mammalian organisms
(human and mouse) have considerably nmtoaescripts annotated than the Chinese hamster.
Annotation information from NCBI Genome database (2018).

Genome Proteins/mRNAs | ncRNAs | Genes| Pseudogenes INCRNAs
?';;:;56 109) 113,620 46,854 | 59,644| 16,152 | 27,119
I(\l/lazl:::se 106) 76,203 31,023 | 46,062| 9,575 21,616
g‘;?:;:ehforgite 34,97 6,406 | 28,438 4,071 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 rtaeecorrect 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 celbge®. Findings from this
study showed that CH®1 cells hae 297 of the 300 known glycosylation genes in its
genome, suggesting that glycoproteins produced in CHO cells will be of high Xality

et al., 2011)However, the authors also showed that only half of these genes are expressed
in CHO-K1 cells during exponential growthThe unexpressed genes included
sulfotransferases, fucosyltransferases anehcétylgalactosamine transferases. A
particulaty noteworthy finding of this study is that although present in the genome, the
Mgat3 gene is not expressed in the CHQ 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

humanisednonoclonal antibodies and glycoproteins.

Viral susceptibility: An advantageous trait of using the CHQ 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 bumans taking the therapeutics produced by it. By utilising
homologybased 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 furtdlr 158 genes of the 384 identified viral susceptibility genes
were not expressed in the CHQ 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 virusor entry)(Xu et al., 2011)The sequence of these genes revealed

to beexpressed 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 apoptegiesults 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 upregulatiaygagttisis
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genes and knocking dowout preapoptosis genes, it should be possible to control cell

death to increase the maximum duration of cell culfuesvis et al., 2018

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

phenotypes such as rapid proliferat{@arron et al., 2011

Prediction of genome editing targetsThe genome sequence of CHO cells has enabled
site-specific genome editing using CRISRFRAS9 technology, allowing the identification

of target sites for guide RNAs to mutate a target locus. A database containing
approximately 2 million CRISPR targets with2v7,533 CHO cell genes has been
publishedRonda et al., 2004
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1.6- RNA-Seq
Section 1.6 presents a review of the available methodologies for analysiS&iNdata.
Sections of this literature review are in part adapted from the work published in the

following review paper and protocol book chapter:

1. AiTowards next daogyrBiotnformatics Getliddsdoe RNA
Seq based expr es sMomger, Cp Kebtlyf R.,|Gallagher, C(, 2 0 1 £
Clynes, M., Barron, N., Clarke, CBiotechnol. J. 7: pp.95066 doi
10.1002/biot.201500107

2. AA Bioinformati cs Ponpf€HO QekDifferential Gehee | d
Expression from RNAS e ¢ Dat a Monger2 C.,1Mojheramgari, K.,
McSharry, J., Barron, N., Clarke, QMethods Mol. Biol1603: pp.169186 doi:
10.1007/9781-493969722_11

1.6.17 Introduction to RNA -Seq

The highthroughput sequencing of transcripts, or RNs&q, isan analytical technique
while appliesnext generation sequencing (Section 1.6.502nablethe 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 differees 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 RISA&q offers additional advantages which arise
because RNASeq is not relianbn the binding of transcripts top pdefined probesets
(discussed in 1.6.5).

In order to explain the methodology presented in subsequent sections sor8egNA
specific terminology need to be defined. The sequence of an individual transcript is
obtainedas 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. Sequencingsynthesis describes the process of exploiting DNA

replication during sequencing methodology.

The RNASeq protocol begins by first enrichifiNA 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.§Zhap et

al., 2014b) Adapter sequences such as sample barcodes and sequencing primer binding
sites are ligated to the cDNAs and libraries are amplified by (FéRse and Sooknanan,
2012) Next generation sequencing is then used to sequence RNA lib{&eeton
1622y esul ting i n as man ya dapsdsdmpl@dComasaletlali, on s
2016) A crucial step in RNASeq data analysis is determining the expression levels of
each expressed transcript in a sampslindance measurements are achieveligging

reads to a reference genome or transcriptome sequence to determine the genomic loci
from which the transcript was derivéslection 1.6.3.2)Engstrom et al., 2013Thedepth

of reads aligned tagene or transcrips then used to estimate the expression abundance
(Section 1.6.3.3and can be compared to the expression levels of transcripts in other
samples to identify differential expressi@ection 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 presemof alternatively spliced transcripts between sami@eabherr

et al.,, 2011; Trapnell et al., 2013) a ribosomal depletion strategy was used to enrich
RNA samples rather than a polyA selection during sequence library prepératialso
possibleto identify the expression of ncCRNA spec{€siedlander et al., 2012RNA-Seq
methodology including the preparatioh sequencing libraries, sequencing instruments

and software for analysis of RN8eq data is discussed in detail in the following sections.

1.627 RNA-Seq Methodology

1.62.1 Sample preparation

RNA is typically extracted from cells with phernchloroformreagents such as TRIzol
(Life Technologies) or a silica gel column (Qiagen). Débhtaminatiorcan 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 (€ista et al.,

2010) which would take up too much of the availalieoughout of thesequencing
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instrument rRNA can be removed by either elitly depleting rRNA with a kit such as
llluminas RibeZero rRNA removal kit or by selecting mRNAs by their polyA tail using
oligo-dT beads such as the TruSeq RNA Library Prep Kit V2 (lllumina). rRNA removal
has the benefit of retaining ncRNA species sasimiRNAs and IncRNAs, however if

only protein coding mRNAs are being arsslgt 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) andRNA integrity and size distribution can be examined using electrophoresis

methods such am a Bioanalyzer 210hstrument(Agilent).

Purified RNA is prepared for sequencing by fragmenting RNAs to an appropriate size
using either nebulization, sonicatiorr @nzymatic digestion(Linnarsson, 2010)
Fragment length distributiocan be reassessed using electrophoresis methodology after
which an optional size selection stage can take place to enrich libraries for RNA
fragments of a given siz@ library preparation kit aathen be used to add sequencing
primers and indices to RNA fragments, such as a TruSeq Stranded Total RNA kit
(Numina) for sequencing on lllumina instrumen®NA-Seq strategiesanutilise paired

end sequencing protocolhich provides a sequencingdea f r om bot h t he
of each RNA fragment sequenced. When using paretisequencing a stranded library
preparation kit such as the TruSeq Stranded Total RNA kit retains information on whether
areadinareadparomes fr om t hien byiacorporating @UJPsdnithe e c t
second sequenced straficevin et al., 201Q) Stranded sequencingrovides higher
accuracyin downstream analyses stages when processing, readsculaty when

carrying out assembly or studying INCRNA

1.6.5.2 Next Generation Sequencifiggcchnologies

Sequencing was first developed in 1975 by Frederick S§8gager and Coulson, 1975)
using a process which has besamed Sanger sequencing. Sanger sequencing utilises
PCR to replicate a fragment of DNA in the presence of dideoxynucleotides (ddNTPSs)
which block the further incorporation of nucleotides in subsequent rounds of PCR if
incorporated into an elongating chaimucleotidegHeather and Chain, 201@8sDNA
synthesis is utilised in this reaction the process can be referred to seqtmncing
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 deokyleuc

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)ythentide sequence

can be O6readd by t he ofHedteer and Chairh 2006jhe o f
process of Sanger sequencing has been refm#dmated and scaled up by the use of
sequencing machines capable of simultaneously providing the nucleotide sequence of
millions of input DNA or cDNA fagmentsi known as massively parallel or next
generation sequencinlj is this increase in sequencing throughput which enables the use
of RNA-Seqi where one sequence read is representative of one RNA molecule within
the samplavhich can be quantified dninterpreted 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 déweadf pyrophosphates released from replicating
DNA when dNTP is incorporated into the replicating strand which leads to the commonly
used name to describe this sequencing techiiigysosequencin@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 coedismverer of the structure of DNAjWheeler et al., 2008)The
pyrosequencingroces®egins witHigation of cDNA to a micronsized streptavidin bead
followed by utilisation ofemulsion PCR to amplify each cDNA into millions of clonal
copies on each bead (with one unique cDNA per b@zabhberg and Leamon, 2008)

Once amplification is completeesbads which do not contain any cDNA are filtered out
and emulsion PCRIlois cleaned from bead3he remaining bads are loaded onto a
PicoTitre plate containing 1million 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 ontoRtweTitre plate packing each welthe
sequencing reaction thepegins 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 DNAngaieplicated it is incorporated into the

elongating chain. Pyrophosphate released is used as a substrate by the enzyme ATP
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sul furylase to convert adenosine 506 phosj|
as a substrate by the enzyme luciferase lvbanverts 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 laatide. 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 cgithe 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 3rtes 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 sagence capacity per run of 1 million due to the limitation of wells

on a PicoTitre plate4d54 sequencinglso suffers from being unable to accurately
determine the amount of nucleotides in long homopolymer regions. In 2015, Roche
announced the phashuoyit o this technology due to it no longer being competitive with

other sequencing instruments.

lon Torrent Sequencing

Released in 2010, the lon Torrent sequencing instrumentsutiise sequencing by
synthesisand a processimilar to that of 454 sequencinBather than using optics to
detect visible light emitted from phosphate reactidhs,lon Torrentsystemutilises
semiconductors to detect hydrogen ions released during replication of DNA (Rothberg et
al., 2011). Library preparation is also similar tal4thd uses emulsion PCR to amplify
each cDNA fragment on beads which are loaded onto an lon Sequencinig £bipp
containing millions of sensor wells each fitting a single bead with amplified DNA.
Sequencing begins by sequentially adding the 4 nuckdtiphosphates 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 washedamslaye 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 signalprocessing softwaréRothberg et al., 2011Advantages of this technology
include a fast runtime of less than 4 hours adda@eased 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., 201 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.

SOLID Sequencing

As with 454 and lon Torrent sequencing SOlal3o utilises an emulsion PCR bead

based library amplification step, however, the SOLID system allows for the sequencing
of matepaired libraries. Matp ai r | i brari es are <circul ari
ends of a cDNA by the ligation of an inserft 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 syn®®@si® sequencing uses

the ligation and measurement of fluorescemdlbelled probes to determine sequence
(Shendure et al2005) The set of fluorescent probes are 16 distinct probes of degenerate
8-mer oligos which can bind a specifia®r of DNA. The 16 probes are labelled with 4

fluorophores which allow for a éhased encoding of sequence.

A separate sequencing reactioocurs for each bead on the glass slide initiated by a
uni ver sal sequencing primer annealing to
begins by the ligation of a single fluorescent probe binding the template sequence. The
fluorescent label is extaid and its emission spectra recorded before being cledized o
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 cyclebave finished to read the full length, the extended sequence is denatured to
reset the template and a new universal sequence primer is added which biidsrto n

the adapter sequence. The entire sequencing reaction is repeated until 5 rounds of
sequencig by ligation have occurred, each with a furthelr offset, meaning each base

is read twice. The ebased encoding system is then used to determine the full length

sequence (Breu, 20100he latest SOLID system, the 5500xl, is able to sequence up to
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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-peitdibraries.

lllumina Sequencing

The Solexa sequencing technology, later commercialized by and hencefertied to

as lllumina sequencing, is a sequencing technology released in 2008 (Bentley et al.,
2008). lllumina sequencing incorporates principles of both sequehgisgnthesis and
SOLID sequencing, utilising fluorescently labelled dideoxynucleotidmitators to
sequence strands of DNA during their synthe$is. prepare a genomic library for
lllumina sequencing, DNA is first fragmented and sequencing adapters, indices and
primers are ligated to both ends of the fragments. The library is then washed ac
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 ftmN. Through grocess known as
bridgeamplification, the single fragment of DNA is replicatedyemeratelonal clustes

of identical fragments.

Dideoxynucleotides with a distinct fluorescent tag are washed across theelleand a

single nucleotide is incorporatedto 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 @@amera and tris(2arboxyethyl)phosphine
(TCEP) is used to cleave the fluorescent
for subsequent rounds of sequencing. The process is repeated until the desired read length
has been achieved, adding andjusncing one nucleotide per cycle. For paeed
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 lllumina sequencing instrumentgailable offer varied sequencing
throughpus and readengths and are each tailored towards different applications. The
lllumina MiSeq outputs up to 25 million paireshd reads at a redeingth of 300bp, the
NextSeq 500 outputs up to 400million pakeadreads at 150bp and the Illumina HiSeq
4000 can sequence up to 5 billion paiedl 250bp reads in a single run. Multiple

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

human genom@llumina 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
advanages 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 flowchip, compatible with colourspace
Pairedend/Mate-paired reads,
reads Short reads
Variety of options for Shorter reads than 454,

. throughput and read length, .

lllumina . Expensive for small scale
Pairedend reads, sequencing experiments
High reads/sequencing run g 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

1.63 - Software for the processing of RNASeq data

After sequencing has been completiedtruments 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. S¢agof a typical RNASeq analysis are summarized in

Figure 15. Software for each stage of analysis is summarised in this section.
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Figure 1.57 Stages of an RNASeq 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.

1.63.1 Quality Control

Prior to the computational analysis dRBIA-Segexperimentt is vital to ensure raw data

is of high quality There are several sources of error which can occur in NGS aadds

arise from library preparation or sequencing itsetiasing is a phenomenon which results

in base quality decreasing in the 306 of
chemistry causing some of the nucleotides in a sequencing cluster failing tmnaterp

into the elongating nucleotide chain incorporating too many nucleotides in a single
sequencing cyclé@-uller et al., 2009)Phasing causes reads in a cluster to become out of
sync with each other and causesaanumulative effect on the confidence of a base call

i 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 itllumina sequencing overlapping and therefore the -Joafiing
software cannot confidently distinguish between two nucleot{eslergerber and
Dessimoz, 2011)Base calling software assigns a quality score to each nucleotide based
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on the confidace of the base call which can be analysed before processingsRt8ata

to ensure high quality.

FastQCis a user friendly piece of software which summarises raw sequence data quality
metrics into easily interpretable pld&ndrews, 2010Q)If any quality issues are detected

in FastQQ it is best practice to pgroces 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 RNASeq data including théastxtoolkit, Trimmomaticand cutadapt
(Bolger et al., 2014; Hannon Lab; Martin, 201EastXtrims all reads in a sample to a
user defined threshold (either a specifi e
all nucleotides below a quality threshold from both ends). The approach usadtixys

naive and results in the unnecessary loss of information as all reads are trimmed by the
same amountTrimmomaticapplies a sliding window approach in which each resad i
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
cutadaptandTrimmomaticare capable of removing adapter sequences, quality tngimi

and length filtering to remove short reads in a single command.

1.63.2 Alignment

Following quality preprocessing, analysis can begin by aligning reads to a reference
genome. RNASeq reads derived from mature mRNAS contain exan junctions due

to the removal of introns from praRNA transcripts and therefore alignment algorithms
neeal to consider splicing when aligning RN&eq reads to a genome sequedm et

al., 2013) Gapped alignment algorithms have been designed specifically for the purpose
of aligning RNASeq reads includinjjopHat2, STAR, CRA& HISAT2(Dobin et al.,

2013; Kim et al., 2013, 2015a; Philippe et al., 2013)

TheTophat2alignment process begins by first aligning reads to the reference genome in
endend mode (maning large gaps due to introns are not consid€kad) et al., 2013)
usingBowtie2as the alignment engirfeangmead and Salzberg, 201BRuring this first

stage of alignmenbnly 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 excexon junction) are then split into shorter segmentstae 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.

STARIis considerably faster at aligning reads to a genome Tiogaat2,however, the

genome index required to uSd ARon a mammalian genome is >30Gb and therefore a
computer with a large amount of RAM is requi(&bbin et al., 2013)The large index

size enables the usage of AMaxi mal Mappa
i dentify the |l ocation in the genome matct
perfectly matching a read. Genortazations 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 anéeratively 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.

CRACis an RNASeq alignment algorithm capable of predicting sequencing errors,
mutations and chinmie splice junctiongPhilippe et al., 2013)CRACapplies 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 tigical
mammalian genome). A unique property of tbRACaligner 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
appoximation 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 mutatioras such
insertions, deletions or SNVs. Kmers of a read which overlapbyikcleotides in their
alignment position are used to determine the genome alignment location and identify
mutations and splice€CRACIis not as fast aSTARand 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 rea@lsim et al., 2015a)HGFM indexing
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uses a whole genome index to seed alignmentsegiarr 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 boundarlekSAT2 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.

1.63.3 Feature quantification

Once reads have been aligned to @&neice genome, they must then be assigned to
annotated gene features in order to calculate expression abundance. Expression
guantification algorithms can be categorised into in two main categotiesse which

use gene level counting and those which tesestript isoform deconvolution. Gene level
counting is the simplest approach which is applied by algorithms sudhSesgcounts

and featureCountgAnders et al., 2014; Liao et al., 2014ene counting algorithms
simply assign aligned reads to genes based on features present in an annotation file which
overlap their ajned 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 pragrams such a€ufflinks and Stringtie (Pertea et al., 2015; Trapnell et al., 2010)
attemptto estimate the expression of each individual transcript isoform expressed from a
gene locus. Isoform deconvolution uses coverage of-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 transcri

lengths and library size.

1.63.4 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
areoftenused asnput to DGE softwarandnormalised before a statistical test is applied.
Examples of the most widely utilised DGE software packages inBl&$eg2andedgeR

(Love et al., 2014; Robinson et al., 2018pth DESeg2and edgeRemploy similar

38



processes to identify differentially expressed genes and typically output concordant

results but differ in their methods of nornsalion used.

DESeqg2applies a normadation to gene counts by calculating the geometric nfiean

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 nosmtiie read counts of eagkne, outputting

counts which have been nornsalil 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 nosa@din. Fiting 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, 2010kdgeRutilises a trimmed means of M values (TMM)
normalsation in which library size scaling factors are calculated using the means of all
but the most highly and lowly expresseehgs, such as removal of thé&&® and 95

100% of the data. TMM normahtion achieves the same aimBESeq2normalsation

and prevents outlying genes with extremely high expression abundances over influencing
the normalsation. A Poisson exact test is thapplied to identify differential expressed

genes among conditiofRobinson et al., 2010)
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1.64 - The advantages of RNASeq over microarray

With over 2 decades of published research, microarray technology is the most widely
utilised method of measuringlobalgene expressiochangegSchena et al., 1995The

use of microarrays has the advantages of robust established statistical analysis methods
and relatively low cost, however the use of RSAg as a method of measuring the

transcriptome brigs many advantages

No prior sequence data required to measure gene expressidRNA-Seq readsan be
assemblednto full length transcript@llowing the creaton of de novotranscriptomes

which can then be used as a reference for aligning reads and detgrtineir abundance
(Robertson et al., 201WVhile this process is enhanced by the availability of a reference
genome on which to initiallplign reads, this is by no means requi(@dapnell et al.,

2010) Microarrays however rely on homology based binding of transcripts to-seibe

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 rangeNot only can RNASeq identify novel transcripts,

the sensitivity of the measurement of low abundance transcripts has also been
demonstrated to be superiwhen compared to microarray technology with the number

of reads sequencetthe only limiting factor(Zhao et al., 2014a)The degction of
fluorescent intensity of microarray probes limits the dynamic range at whicbHaltges

can be determined, as background levels of signal prevent the accurate measurement of
low abundance transcripend signal saturation affects the most highly abundant of
transcriptsln RNA-Seqga separate nucleotide sequence is generated for each transcript
in a sequence library which anélised asthe exact counts of transcrigtsa gene rather

than an estimation of pression based on fluorescent intensity and theréefseno such

limitation.

Differential expression at any levelThe 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
40



differential exon usageithout prior knowledge of transcript isoforms expreggettiers

et al., 2012bTrapnell 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
technoloy, Experiments have shown that differential gene expression fold changes from
RNA-Seq experiments are more consistent with gPCR results than microarrays (93%
concordance for RN&eq, 75% for microarrayyVang et al., 2014)

1.65 - Challenges in applying RNASeq to study CHO cell biology

While RNA-Seq is a powerful technique which has many advantages over techniques
such as micrarrays there are a number of challenges which must be overcome during
data analysis in order to obtain biologically informative restitst, the selection of an
appropriate reference genome and annotation is unclear5Wi#it genomegach with

their own annotation files publicly availableéhere needs to be a consensus on which
genome and annotation is masitable 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 alignmenfl_e et al., 2015)The study was however not comprehenawée authors

failed to include K available genomes and transcriptomes availatlehe 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 attilised in any published resear(erbino ¢ al., 2018)

Secondthere is an overwhelming number of tools for the analysis of BRédata, each

of which come with the option to modify parameters and data assumptions which must
be configured and optimised to correctly analyse a dat&@etn etal. published a
pipeline for analysing CHO cell RN&eq data, however this study includes software
specifically configured for studies with low replicates alogs not include any software

for pre-processing, aligning or quantifying RN®eq datdChen et al., 20154 pipeline
developed tperform RNASeq analyses in CHO cells which incorporates all stages of
analysis from prgrocessing to differential expression during the work carried out in this

thesis has been publish@donger et al., 2017)
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Finally, RNA-Seq experiments produce a large amaftiata 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 fioichvanalysis pipelines

are selected may make the analysis of RBEY data more uséiendly for biologists

who are not skilled in informatics. Distribution of computing power using elmasgd
technologies could also help overcome the challenge of gtand analysing data.

1.6671 The progress of RNASeq in CHO cells

The publication of the Chinese hamster gen@@Bmmkrolf et al., 2013; Lewis et al., 2013;

Xu et al., 2011)has enabled the use of RNgeq to study CHO cells using genome
alignment RNASeq strategies and this technology has begun to be used to study the CHO
cell transcripome and identify expression patterns associated with industrially beneficial
phenotypes(FominaYadlin et al., 2015; Konitzer et al., 2019n this section the
challenges and progress of applying RSB&q to CHO cells are discussed.

Despite the challenges associatethwierforming an RNASeq analysis in CHO cell

lines, a handful of research groups have published studies utilising the technology. The
first experiment to apply RN/&eq analysis to CHO cells was published in 2010, a year
before the publication of a refer@ genome, and therefore usd® novoassembly to
overlapRNA-Seq reads into full length transcrigBirzele et al., 2010)In this study an
lllumina Genome Analyzer Nvas used to sequence 36bp sirghel reads which were
assembled using tlie novashort read assemblgelvetto assemble RNASeq reads into
contigs without prior sequence knowledg@erbino and Birney, 2008 he authors also

used ayuidedapproachn whichalignment taannotated mouse transcriptas used prior

to assemblyBy using thisknowledgebased 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 thahortread sequencing technology RNse(q 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 experimerdettneabl

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 generate@HO cellreference transcriptome as well as mouse transcuging

Bowtie and differential expression calculated ustB§GEBetaBinLangmead et al.,

2009; Véncio et al., @4). The effect of butyrate treatmenesulted in differential
expression ofl,785 genes of which 1,037 were upregulated and 748 downregulated.
While successful in assembling RNA transcripts and performing a differential gene
expression analysis (thegults 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 annotatemd therefore relied on homology to mouse

transcripts to infer biogical information

Along with the publication of the CHO cell line genome in 2011, Xu et al. published the
first RNA-Seq studyutilising a genomeguided RNASeq approacliXu et al., 2011)
RNA-Seq reads were sequenced using an lllumina Genome Analyzer |l in-patted
mode, aligned to the reference genome with the splice algnenent algorithnTophat

and assembled into transcripts w@bfflinks(Trapnell et al., 2009, 201.024,282 genes

and 29,291 transcripts weffeund to beexpressed in CH®&1 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 genam&hich an Illumina HiSeq 2000 was used to
sequence paireend reads which were assembled into 98,116 transcript contigs with
Trinity and aligned to the reference gere(@rabherr 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(B6&Ker et al.,

2011; Rupp et al., 2014)The first attempt used the raw RN3eq data published by
Birzele et al. as well adata acquired from their oweell linesfollowing heat and cold

shock on a 454 GS FLX sequencing instrument. Fd&§ data was assembled into
28,995 tanscript contigs which were deposited in NCBI Genbank with accession
numbers JP037157P066151. Resulting transcript contigs were however largely
unannotated, not easily searchable and not available in a format for use as genomic
annotation in an RN/AegexperimentA second transcriptome assembly and genome

annotation was published by this research grdgiliging a variety of assembly strategies,
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including Cufflinks, Trinityand Velvet(Oase$ and reference genome guided assembly

with the CHOK1 cell line genome to assemble 65,561 transcripts from 17,598 genes in
the O6GFF for mat 6 whSeqgdplicccaware aigament slgodthns gs R N
splice junction annotation https://gendbe.cetac.unibielefeld.de/cho.html The
availability of the reference genomes and transcriptome annotation by these studies have
enabled RNASeq studies investigating a variety of transcript patterns including codon
optimisation(Chung et al., 2013)effects of copper on lactate metaboligriuk et al.,

2014) single nucleotide varian{¥ishwanathan et al., 2@), glycoprofiles(Konitzer et

al., 2015)and temperature shifBedoyalopez et al., 2016)
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1.7 Motivation, Design and Aims

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

As outlined in section 1.4.1, a challenge facing the biopharmaceutical induseydrive

to produce recombinant therapeutics in a predictably cheaper way. One procass utili
to achieve higher yields and therefore lower production costs in the biopharmaceutical
industry is the exposure of mammalizell cultures to mild hypotheria conditions after

a critical mass of cells have accumulated towards the end of the exponential growth phase
termed nAt e mpgkemaaetalr 2007)Réports of dhe effects of temperature
shift on recombinant antibody production show impubiies of 25 fold (Oguchi et al.,

2006; Tan et al., 200&)ue to this process however the molecular biology underpinning
the improvements to productivity have yet to be fully elucidé€@guchi et al., 2006)

The phenotypic effects of temperature shift incldeéayed apoptosis (and therefore a
longer culture time during which cells are producing recombinant protésesioya

Lopez et al., 2016)enhanced cell sp#ic productivity (Vergara et al., 2014 halting

of cell cycle in the GO/G1 phagkloore et al., 1997)an increase to recombinant mRNA
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 pleee time of the cell cycle

at which cells have the highest cell volurfMartinez et al., 2015)Additionally the
drawback of reducing growth rates i s over
(Tan et al., 2008yvhere cultures are initially inoculated at 37°C (a condition at which
cells can rapidly proliferate) before reduction of temperature to betwegé°’ZgFarrell

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 temperatyfian et al., 2008)Overexpression dtirbp

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-8 fold increased reported for temperature shift and therefore other
genes ad processes likely contribute to the increase in produciiViy et al., 2008)
Studies have shown rates of global translation are impacted by temperature shift due to a
decrease iranslation elongation factor expressi@uaik et al., 2006)and translation
initiation factor activity at temperatures below 32%Masterton et al.,, 2010)
Additionally, temperature reduction has shown to increase mRNAslelue to enhanced
MRNA stability(Masterton et al., 201@yhich may be due t€irbp activity (Xia et al.,
2012) miRNA expression also plays a role in the temperature shift response with
mMiRNAs includng miR-21 and miR24 which inhibit growth shown to be upregulated
(Gammell et al., 200Avhich 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¥here glucose is inefficiently metabolised into lactate
rather than pyruvate (the fuel for the TCA cycle and oxidative phosphorylation) despite
the presence of oxygen (aerobic glycoly¢ls)casale and Cantley, 20114 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 bionaisgrowing cells(Locasale and Cantley,
2011; Perem et al., 2018)Continued usage of a Warburg type metabolism is however
undesirable during the stationary growth phase for two reasons: first, theupuald

acidic lactate and ammonium4pyoducts of glycolysis are toxic to CHO cells and can
inhibit growth and induce cell deatfiPereira et al., 2018xand 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, 201Ihe inefficient utilisation of gluzse
primarily in glycolysis rather than as fuel for oxidative phosphorylation is unwarranted
as it produces approximately 20 fold less ATP per glufoseasale and Cantley, 2011)
Switching the metabolism of CHO cells from a Warburg type mdétabao lactate
consumption at the exponential growth to stationary phase transition is therefore

advantageous and this can be induced by temperatur@\$aiftnez et al., 2015)

46



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 idelteev

aim of producing cell lines with improved productivity. The potential benefits of
engineering a temperature sHike phenotype with increased productivity has been
demonstrated previously such as reports of upregul&irigp expression(Tan et al.,

2008) the use of miK¥ to regulate proliferatio(Barron et al., 20113nd recently a report

of reducing the Warburg phenotype by inhibiting inhibitors of the pyruvate
dehydrogenase complex which converts pyruvate into aCetfl fuel for the TCA cycle
(Buchsteiner et al.,, 2018As previous studies have demonstrated a role of- post
transcriptional mechanisms contributitegthe temperature shift response, a ruftics
approach needs to be applied to profile regulation of gene expression at the levels of

transcription and translation.

1.7.21 Experimental Design

In order to assess petsanslational control occurring irmperature shifted CHO cells

the experiment detailed throughout this thesis applies 4ot techniques to capture
gene expression at levels ranging from the transcription of mMRNA from a gene to the
translated protein. 8 biological replicates of antibpdyducing 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 nmdinics 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 expressibthe mRNA and protein level do not
correlate (Chapter 2). Previous studies have shown a lack of correlation between mRNA
and protein levels in CHO cell€larke et al., 2012; Courtes et aD13)and it is therefore
expected this will be the case in this study. The following chapters then aim to elucidate
the levels at which posgtanscriptional control occurs in temperature shifted CHO cells,
beginning with the role of alternative splicingilising RNA-Seq data (Chapter 3), the

role of miRNAs using small RN/Aeq (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 t&fr a further 24hrs cells are harvested for multiics
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 integratingdatasets whichiepresent different levels of gene expressmmplex
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 theoverall levels of mMRNA transcribed from a given gene. Alternative
splicing resulting in altered 36UTRs may
is assessed in Chapter 4. Production of spliced isoforms with codons more efficiently
translated mayesult 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 @340 cel
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 Chaptargenes
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 measuremenifiedentChapter 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 interactionshef multtomics datasets assessed

throughout this thesis are summarised in Figure 1.7.
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A Changes in isoform expression
which were not identified at the Changes in protein expression
Alternatively spliced transcripts

gene level
identified using RNA-Seq

/ AN

Changes to miRNA targeting Changes to translational efficiency
B Predict targets among differentially Predict targets among differentially
expressed genes expressed proteins

Differentially expressed miRNAs

/ AN

Predict targets among alternatively Predict targets among differentially
spliced genes translated proteins

Figure 1.7 Multi-omics dataset integration Shown in this figure are the
comparisons which will be made between datasets in this experim@yt.
Alternatively splical transcripts can be investigated in high throughput R8ig

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) Differetially 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 datasetgwakent 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. Samglimases will be overcome by harvesting cells for each
6omics experiment simultaneously and sto
preparation and sequencing. Second, batch effects due to sample storage, shipping and
sequencing platform amongetiNGS 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-&¥gAand
Proteomics methodologies) means it may b#cdlt 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. Finallethdi f f er ent o6éomics techn
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

1 To review thesoftware available for the analysis of RNs&(q data and identify
software best suited for CHO cell RN®&eq analysis.

1 To assess the available Chinese hamster genomic data and annotation to determine
the optimal reference sequence for use in RB&Y analysis
To evaluate the optimal parameters for software to process HRidAdata.

1 To apply NGS to CHO cells to improve our biological understanding of the
transcriptome patterns associated vathindustrially relevant reduction in cell
culture temperature

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

1 Toperform global identification dadlternative splicing afranscriptsn CHO cells
for the first time.

1 To integrate RNASeq data with proteomics data tcemdify correlation of
expression levels between mRNAs, ncRNAs and proteins.

1 To apply a ribosomal sequencing techniqu@Seq) to study transcripts being
actively translated and combine this data with mRNA, ncRNA and protein
expression data to study CH@lls undergoing a temperature shift at a systems
level.

1 To characterise novel MRNA 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

53



2.1Introduction

A reduction in cell culture temperature is widely used throughout the biopharmaceutical
industry to increase culture longevity and production yields in CHO Ce&llsnmer et

al., 2006) In response to temperature shift, CHO cell growth is arrested while maintaining
or increasing recombinant protein productivitgumar et al., 2007) Although the
biological mechanismsdriving improved product titres achieved in response to
temperature shift have not yet been fully characterised, a humber of mechanisms are
known to contribute to enhanced bioprocess performance. Reduced glucose and oxygen
consumption, redwx lactate and ammonia production, delayed apoptosis and increased
levels of recombinant mMRNA via increased transcription or mRNA stability have all been
observed during mild hypotherm{&umar et al., 2007)By further characterising the

CHO cell reponse to reduced culture temperature at a molecular level, it may be possible
to identify targets for engineering cell lines with enhanced producti@ioyth, 2014;

Laux, 2014; Wright and Estes, 201 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 expressioihkey genes.

To date, a number of studies have been carried out to understand the effect of mild
hypothermic conditions on CHO cell behaviqumar et al., 2007) The f i r st
study to profile CHO cells cultured at a reduced temperatureegtifisass 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 frofRRBE
gels and measured using maggctrometry 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 dovwegulated Kumar et al., 2008)Cold induced expression of
proteins with roles in grothi, glycoprotein quality, metabolic sh{Baik et al., 2006and
translationKumar et al., 2008)as 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 UniPr&B database for the Chinesenster 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 limiedodreliance on
microarrayswith predefinedprobesets to profile transcript expression. For example,
probesets to profile expression of 1,655 and 4,643 genes were present on the rat and
mouse microarrays utilised in pioneering CHO temperature shifoari@y experiments

(Baik et al., 2006and 6,822 genes on a CHO cell specific cDNA library microdiYag

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 hypothefBdk 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 underddlagterton 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 chaper we apply RNASegand LC MS/MS proteomiced 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 toprofile gene expression at high resolution on a global level which can serve
as a baseline to compare measurements fr
RNA-Seq and proteomics have not been utilised in parallel previously to study mild
hypothernia in CHO cells and application of this technigue may shed light on the
contribution of postranscriptional control of gene expression regulating the temperature

shift response.
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2.2 Materials and Methods

2.2.1Cell Culture & experimental design

A recombnant antibody producing CH®1 cell line wasgrown in20ml of SerumFree
Media (ThermoFisher Scientific) idZ50mlshaker flasks at 37°@ultures were seeded

at a density of 2 x P@ells/ml in 8biological replicatesSample identifiers were assigned

to each culture, summarised Table 2.1.The temperature of 4 of tH& cultures was
reducedrom 37°C to 31°CGafter48hrsandall samplesveregrownfor a further 24hrs.

Cell density and viability was measured in 24hr intervals throughout the duration of the
cultureusing a Guava easyCyte 5HT instrument (Merck). After 72 hours from seeding
1ml aliquots of cells were collected for RN®eq and stored for use in further
experiments. Cell culture was carried out by Dr. Paul Kelly in NICB, Dublin City
University.

Table 2.17 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 throughsuthtdpter.

Sample Identifier Condition Culture configuration
NTS 1 Nontemperature shifted | 37°C for 72hrs

NTS 2 Nontemperature shifted | 37°C for 72hrs

NTS 3 Nontemperature shifted | 37°C for 72hrs

NTS 4 Nontemperature 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

Samplesof cells were harvested 72hrs pestedingfrom each cultureand TRIzol
(ThermoFisher Scientific) used to extract RNA. Ribo Zero Gold (lllumina Inc.) was used
to deplete rRNA and TruSeq Stranded Total RNA Library Prep Kit (Illumina Inc.) used

to generag sequencing librarie®NA 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 (lllumina Inc.)

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

2.2.3Quality assessment and prgrocessing of raw sequence data

FastQCwas used to assess quality of raw sequence(datirews, 201Q)The number

of reads, per nucleotide sequence quality, GC content, sequence length distribution,
presence of overrepresented sequences and adapter content was examined for each
sampl e. The Il lumina wuniversal sequence
remove adapters usingutadapt(Martin, 2011) Nucleotides with a sequencgiality

below Q10 were trimmed from each end of the reads. Reads below 20 nucleotides in
length post trimming were filtere&astQCanalysis was repeated to analyse read quality

post trimming.

2.2.4 Alignment of pre-processed reads to the CHEX1 genome

HISAT2(Kimetal.,,2015avas used to align r ekKldenonteo t h
(ENSEMBL genome build accessidBCA _000223135)1(Xu et al., 2011) Alignment
parameters were sdtortwaraldi ¢grn riam dtehde nbdordeev d
second strand dUTP marking library preparation method was correctly aeddontTo

allow for compatibility with Stringtie (Pertea et al., 2015) t-{¢ a6 (downst
transcriptome assemblparameter 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 chrnosome position and indexed ustBgmtoolgLi et al., 2009)

2.2.5Feature quantification

Aligned reads were assigned to existing genome annotation f@HRe cell genome
available on the ENSEMBL FTP site ftp://ftp.ensembl.org/pub/releag8/gtf/

cricetulus_griseus_crigri/Cricetulus_griseus_crigri.CriGri_1.0.93.9tf.tgatureCounts
from theSubReagbackaggLiao et al., 2014yvas used to assign the readgenes based
on annotateexon features witlthe parametesds 2 6 -p &on stranded and paired

counting.
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2.2.6Gene level DE analysis

Output fromfeatureCountsvas parsed to create a gene count table for import into R
Prior to differential expressiomnalysis, counts were filtered to remove genes with an
average CPM dpunts per million mapped reads) less thanPtincipal component
analysis (PCA) was carried out using #ectoMineRR package on count data after the
removal of low abundance genes. DieSeqgBioconductor packagg.ove et al., 2014)

was utilised to analysdifferential gene expressioifhose gnes with a BH adjusted p
value of less thar(.05 andfold changeO §.5 were designated as differentially
expressedGenes identified as differentially expressed were used as input for gene
ontology analysis usindPAVID to identify enriched GO terms with a Benjamini
Hochberg (BH) adjusted P value of O 0.05.

2.2.7 Metabolic profiling

Growth media taken from aliquots of cells groas describeth section2.2.1 for each

of the 8 cultures was utilised for metabolic profiliitxpended media from each sample

was centrifuged to pellet cells and debris and 1méwplernatantwas harvested for
analysis on a Bioprofile FLEX instrument (Nova Biomedical). The autonatatysers
AChemi stry and utdisedto ivbadline lewels of matabolites including
glucose, lactate, glutamine, glutamate, ammonium, sodiurasgiatn and calcium as

well as pH levels. A Students-t€st was applied to identify temperature induced

di fferences in metabol it e.Metabolis profilng was n wi

carried out by Dr. loanna Tzani in NIBRT.

2.2.8 Proteomics analysis

A lysis buffer containingM urea, 2M Thiourea, 4% CHAPS and 30mM TatgpH 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.

Prokin concentration was measured prior to ldhbes liquid chromatographsnass

spectrometry (LEMS/MS) using a Quick Start Bradford protein assay kit {Bid). 10

ng from each sample was prepared for trypsin digest by reduction using 50mM

ammonium bicarbaate (SigmaAldrich). 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 anéurther enzymatic digestion of proteins was carried out

by adding Trypsin Gold (Promega) at a ratio of 1:20 to each sampléeuohting
overnight at 37°C. Trifuoroacetic acid (Sigr&drich) was added to stop the enzymatic

digestion reaction.

LC-MS/MS aralysis was carried out on an Ultimate 300nanoLC instrument coupled with
a LTQ Orbitrap XL mass spectrometer (Thermo Fisher Scientifint).db each digested
sample was loaded onto C18 PepMap trap columnsrB0@ x 5 mm, 5vm patrticle

size, 100 A pore size; Thermo Fisher Scientific) which were desalted for 5 minutes at a
flow rate of 25ni/min in 0.1% TFA and 2% Acetonitrile (Sign#ddrich). The trap
column was switched eline with an analytical C18 PepMap column (@ id x 500

mm, 3nm particle, and 100 A pore size; Thermo Fisher Scientific). A binary gradient of
2 solvents was used to elute peptideslvent A (2% ACN and 0.1% formic acid (Sigma
Aldrich) in LC-MS grade water (Sigmaldrich) and 0% 25% solvent B (80% ACNral

0.08% formic acid in L&MS grade water) for 160 min and 25%0% 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 4AB00 m/z range with a resolution of 30,000 at m/z 4@D an
lock mass set to 445.120025 u. Collisioduced 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 isolatiaow

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

Mass spectra were processed ustnggenesis Qsoftware Non-linear dynamicswith

the run with the most peptide ions selected as the reference run. Any drift inoretenti
time between replicate samples was normalised for by aligning peak intensities to the
reference run. A MASCOT file was exported from Progenesis and imporirdteome
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 Bi@uarick et al.,

2009) Protens 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 O0O40, SEQUESOhRs XCor

respectively, cysteine carbasoimethylation 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 antengrerature shifted
samples. Thr eRhwdldse ofa a0. D.f0&l d change
peptides were applied to identify proteins considered differentially expressed. Proteomics
analysis including sample preparation andMS/MS were carried out by Orla Coleman

and Michael Henry in NCB, Dublin City University.
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2.3 Results

2.3.1Cell culture

A 24.12% decrease in cell densitgs reported itemperatureshifted cells compared to
nontemperatureshifted cells at 72hrs which had an average ®% 10° cells/ml and 26

x 1P cells/mlrespectively (Tabl®.2, Figure 21). No change in viability was observed

in temperature shifted samples, with an average of 97% viable cells in both coratitions
each time pointMetabolic shift was observed after temperature shift, with lower levels
of lactate in the media of temperature shifted cells and higher glugodecating 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 frint873rC

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

Culture Day .1 Day .2 Day 3 Day_l Day_Z _Day_3

D Density Density Density | Viability | Viability | Viability
(cells/ml) | (cells/ml) | (cells/ml) (%) (%) (%)

NTS 1 | 5.29 x 105| 1.06 x 106| 2.13 x 106] 96.4 97 97.6
NTS 2 | 5.53 x 105| 1.01 x 106| 2.10 x 106 96.2 96 97.3
NTS_ 3 | 5.55 x 105| 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 |5.44x105 1.01 x106| 1.61 x 106] 96.3 97.5 96.9
TS 2 | 5.37 x 105| 9.80 x 105| 1.66 x 106 96.6 96.1 96.9
TS 3 | 5.39 x105/ 9.50 x 105| 1.54 x 106] 97.4 96.7 96.5
TS 4 | 5.34 x105| 9.57 x 105| 1.45 x 106] 97.8 96 95.5

61




3e+06
|

= 37C
= 31C

2e+06
|
e

cells/ml
1e+06
| |
e

T T
24 48 72

hours of culture

Figure 2.17 Cell density of temperature shifted and nontemperature shifted

CHO cells. Shown in this figure is the average cell densities of samples measured
in 24hr intervals fotemperature shifted (3C, blue) and nostemperature shifted
(37°C, red) samples. A 24% decrease in cell density was observed after 24hrs of
temperature shift which took place during the-43hr culture period.
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Figure 2.2 T 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 significaffeddnce in P
value calculated by T test are denoted with an asterisk.
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Following confirmation of the typical behaviour of CHO caflisluced bya reduction
bioreactor temperature (i.e. a decrease in growth rate and a switch from lactate production
to consurption) RNA from cells at 72hrs was subjected to next generation sequencing.

2.3.2Quality Control and Pre-processing

All 8 samples were successfully sequenceartonimum sequencing depth of 50 million
readpairs per samplavith an averageof 69.7 million read pairs (50-80 million)
acquired for each samp(€able2.3). Reads were of high quality with an average Phred
score of Q33n all samplegFigure2.3). 99.9% of readm all samplesurvived trimming

which successfully removed adapters and low quality nucleotides from the ends of reads,
resulting in an increase in overall quality to Q34 (Fig2rd. The quality of reads

diminishedat he 36 ends of r e a dm®adsgerseratedsby ltlupnipa c a |

sequencing technol ogi es, and the awer age

improved by trimming (Figur@.4). An average GC of 48%as observed in reads. Prior
to trimming all reads were of length 150bp and ranged #061150bp post trimming with
the majority of reads above 145bp.

Table 2.37 Sequence read quality summary statisticsThe quality of sequence reads was
inspected usingrastQC Reads were of overall high quality and samples were sequenced to a
high depth (350 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 1 Average read quality distribution for untrimmed and trimmed

reads. FastQC was used to summarise the-pead 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 reads33Qn trimmed reads is visible.
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Figure 2.47 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

tri

mmi ng. The 508 e nhighseagdience qualdyswithve r e

all reads >Q30. Sequence quality decreases along the length of the reads but is
improved slightly after trimming. Boxes represent th&-3¢ quartiles of read
quality and whiskers show the 10% and 90% intervals.
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2.3.3Alignment of RNA-Seq reads to the CHCzell genome

The optimal alignment algorithm and genome assembly to use for analysis throughout
this thesis were assessed using publically available CHO cell-&¢Adatasets and
computationally simulated reads (Appendix 1). Timedings of these experiments
revealedHISAT2provided 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 ENS&#dvHBon of the

genome annotation provides the most biological information on the genome.

An average of 8.46% (82.9386.1®6) of reads were aligned to the CHQ cell
CriGri_1.0genome usingdISAT2(Figure 2.5, Appendix 2B Alignments to CHCzell

rRNA ard mitochondrial sequences were used to evaluate contamination levels and the
efficiencyof 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% (0.871.34%) respectivelyAppendix 2B. The read mappingto known
genome featusannotated by Ensembere determined usirfgatureCountgLiao et al.,

2014) An average of 54.1% of reads were assigned to annotated gene features (51.57
56%, Figure 2.5, Appendix 2BRead ounts 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 2.57 Alignment statistics. An average of 84.46% of reads were aligned to
the genome an®4.1% assigned to annotated gene features. Unaligned reads are
represented in red, reads aligned to CHO cell rRNA sequences are in orange (nhot
visible), reads aligned to the Chinese hamster mitochondria in purple, reads aligned
to the CHGK1 CriGri_1.0 gemme 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 IICM.
first 2 principle components are plotted in this figure. Temperature shifted samples
are plotted in blue and netemperature shifted in red.
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2.3.4 Differential gene expression with DESeq2

DESeqg2vas used to identify differentially expressed genesgus$ia counts generated in
Section2.5.34as i npuwt.5Atolad Ochange anlg953gend&H p
were identified as differentially expressed. Of these differentially expressed ¥ghes

were upregulated and (L6 were downregulated at 81CApgendix 2C, Table 2.4)
Alignments of reads to highly upregulated and downregulated genes are illustrated in
Figures 2.7 and 2.8. 330 categories were identified as enriched with a BH adjusted p
val ue Appefdix QETable2.5).
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Table 2.47 Top 10 significantly up and downregulated geneSContained in this table are the most significantly differentially expressed genes which had an

annotated gene symbol. baseMean refethe DESeq2 normalised expression.

Gene ID Gene Symbol Gene Name Base Mean FC BH P Value
ENSCGRG00000005663 Nphp1 Nephrocystin 1 3,760 2.84 7.05 x 1002
ENSCGRG00000008084 Lgals3bp Galectin 3 Binding Protein 4,148 3.23 2.55 x 1?73
ENSCGRG00000014728 Tmem123 TransmembranBrotein 123 3,287 3.52 8.13 x 1?"°
ENSCGRG00000012454 Scn2a Sodium VoltageGated Channel Alpha Subunit 2 2,374 3.37 8.66 x 1038
ENSCGRG00000013654 Tmem63b Transmembrane Protein 63B 3,521 4.20 1.10 x 167
ENSCGRG00000010485 Epha2 EPH Reeptor A2 4,241 2.66 1.35 x 162
ENSCGRGO00000011491 Zmat3 Zinc Finger MatrinType 3 2,773 3.07 3.02 x 16712
ENSCGRG00000008014 Dzipl DAZ Interacting Zinc Finger Protein 1 2,093 3.52 4,57 x 107%°
ENSCGRG00000007833 Fam198b Family With Sequence Simifiy 198 Member B 2,668 2.57 1.90 x 162%4
ENSCGRG00000018207 Tax1bp3 Tax1 Binding Protein 3 1,777 2.90 9.42 x 1670
ENSCGRG00000012297 Clspn Claspin 2,772 -3.21 1.56 x 1077
ENSCGRGO00000019090 Hist2h2bb HistoneCluster 2 H2B Family Member B 14,730 -4.99 6.45 x 16757
ENSCGRG00000015009 Hist1h3f Histone Cluster 1 H3 Family Member F 3,037 -5.62 2.49 x 10754
ENSCGRG00000015066 Kntcl Kinetochore Associated 1 4,932 -3.25 1.44 x 107
ENSCGRG00000010342 Cdca7 Cell Division Cycle Associated 7 3,150 -2.51 2.09 x 16%%°
ENSCGRG00000012764 Fanci FA Complementation Group | 2,803 -2.72 9.09 x 173!
ENSCGRGO00000017959 Kif14 Kinesin Family Member 14 4,973 -2.25 1.69 x 16?%?
ENSCGRG00000003462 Cdc45 Cell Division Cycle45 1,602 -2.95 2.28 x 1671°
ENSCGRG0000003449 Mcm7 Minichromosome Maintenance Complex Component 7 5,854 -2.67 1.58 x 16715
ENSCGRG00000014843 Pold1l DNA Polymerase Delta 1, Catalytic Subunit 2,921 -3.03 2.87 x 1G7%°
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Figure 2.717 Genome alignment of reads to theCirbp gene.The cold inducible
RNA binding protein was upregulated in the temperature shift condition (blue
tracks) with a 2.3 fold change in expression.
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Figure 2.87 Genome alignment of reads to thé&osgene.TheFosgene was highly
expressed in notemperature shifted samples (red tracks) however temperature
shift induced &10 fold downregulation of expression.
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Table 2.57 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\pppendix 2E.

Term ID Term Count % .FOld BH P value
Enrichment

G0:0006260 | DNA replication 67 4 5.13 3.75 x 1677

G0:0006281 | DNA repair 68 4.1 3.43 2.06 x 106

G0:0051301 | cell division 85 5.1 2.88 4.97 x 106

GO:0000722 | felomere maintenance 23 1.4 8.53 5.87 x 104
via recombination

GO:0006270 | DNA replication 22 | 13 8.16 1.08 x 102
initiation

G0:0007067 | mitotic nuclear division 63 3.8 3.01 2.12 x 1012

GO:0000731 | DNA synthesis involved |, | 4 7.46 1.09 x 101
in DNA repair

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

GO:0000082 | CL/S transition of mitotiq 55 | 5 4 4.07 4.48 x10%0
cell cycle

GO:0006974 | Cellularresponse to DNA - 5, | 54 2.97 8.19 x 101
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 oésk 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, mRNA stability,

gene expression and protein transgdable 2.6, Appendix 2G).
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Table 2.67 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 usbWVID. Full table inAppendix 2G.

Term ID Term Count % .FOld BH P value
Enrichment

posttranscriptional

G0:0010608| regulation of gene 22 14.97 5.79 5.06 x 10
expression

G0:0046907| intracellular transport 37 25.17 2.88 9.01 x 16
organonitrogen

G0:1901566| compound biosynthetid 34 23.13 3.07 7.06 x 1¢#
process

. carboxylic acid

G0:0019752 metabolic process 24 16.33 3.61 1.17 x 16

G0:0043436| 2X03cid metabolic 24 | 1633 3.59 1.04 x 10'
process

GO:0006082| ©r9anic acid metabolic g 17.01 3.42 1.03 x 16
process
macromolecular

G0:0043933| complex subunit 44 29.93 2.22 1.12 x 16
organization

GO:004348g| "egulation of mMRNA 11 7.48 9.43 9.82 x 16°
stability

GO:0043487| régulation of RNA 11 7.48 8.99 1.35 x 10°
stability

G0:0010033| ESPonseo organic 47 31.97 2.07 1.91 x 16
substance

Just 27 of the genes identified as differentially expressed at the protein level were
identified with differential expression in the same direction in RB&Y data. 93 of the
upregulated proteins and 51 dfiet downregulated proteins were not detected as
differentially expressed at the gene level usbigSeq2.5 upregulated genes and 8
downregulated genes did not have corresponding differential expression at the protein
level. 4 genes were identified with antrrelated 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 antcorrelated protein expression.4 genes
were identified with antcorrelated expression between the gene and protein level with at least a
O fl.5 fold change atthe gene level &l 1 . 2 f ol d chanlge at the pro

Gene Protein .
Gene Gene name EC Gene P FC Protein P
Lmnbl | Lamin B1 -1.88 4.41% 107 1.71 2.9 x 107
Cdkl | Cyclin-dependant kinase 1 -1.9 2.91 x 1016 1.21 1.4 x 107
Hnmpc | Heterogeneous Nuclear 1.66 | 1.29% 1010 126 | 35x10°
Ribonucleoprotein C
H2afj ?ZA Histone Family Member 4 8.3 x 10/ 1.35 5.5 x 10°
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2.4 Discussion

The experimental design of this study utilisEHO K1 cells cultured irbiological
quadruplicates for two conditioiisghose grown at 3T and cells temperature shifted to

31°C. The effects oflecreased culture temperatdoe 24hrsis sufficient to have a
phenotypiceffect on CHOcell growth rate without biag lethal. We observed 24%
reduction in cell density 72hrs pesteding in tempetare shifted cells compared toose

without temperature shifith nosignificantchange in viabilityi indicating a decreased

rate of growth and replication rather than apoptosis is responsible for the decreased cell
density In addition to a decreasedogvth 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 typeetabolism 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 productivityBuchsteiner et al., 201.8RNA-Seqdata obtained through this
experiment is of high sequence qualityith low levels of mitochondrial and ribosomal

RNA contamination and adapter sequences successfully removed dufrprggessing.
Principal component analysis on gene count data reveafetation 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 represerdh&aeh other.

Temperature shift resulted in widespread gene expression clamj@953 genes were
identified as differentially expresseWidespread expression changes in response to
temperature shift have been previously reported and therefore tlis expected
observation(BedoyalLopez et al.,, 2016 Consistent with Bedoyadpez et al.we
identified differentially expressed genessociated with dd shock, apptosis, cell cycle

and metabolismas differentially expressed 24 hours after temperatufe Differentially
expressed genes were enriched for gene ontology terms including DNA replication, cell
division, G1/S transition of mitotic cell cyeland 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 haveen observed to pause at the G1 stage of the cell cycle
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(Underhill and Smales, 20Q7hcreased viability and productivity of CHO cells has been
linked to spending an increased amount of time en@G4 phase at which cells are the
largest and therefore have a higher capacity for producing prokotwse et al., 1997)
Although the proportions of cells in each phase of the cell cycle and productivity were
not measum, 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 mildypothermia in CHO cells have revealed upregulation of cold
shock genes including cold inducible RNA binding protéirl{p) and RNA binding

motif protein 3 Rbm3 (BedoyalLdpez et al., 2016)Cirbp is a welstudied 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 tcCirbp expression in CHO cells cultured at 37°C, recombinant protein yields
were found to increase by 40%lative to cell culture strategies incorporating a
temperature shift to 32°(an et al., 2008)T'he mechanism through which Cirbp impacts
productivity is not yet fully understood howar there is evidence to suggest Cirbp acts
as an RNA chaperone during cold shock which binds mRNAs to regulate their expression
posttranscriptionally (Zhu et al., 2016) Cirbp has been shown to associate with
ribosomes as well as the untranslated regioiits tfrget MRNAs 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 mMRNAs(Morf et al., 2012; Zhu et al., 2018 this studyCirbp was identified
among the most significantly differentially expressed géngsregulated with a 2.3 fold
change and a P value 76 x 1088 Although Rbm3is not as well studied a3irbp in

CHO cellsthe two genes are highly similar in terms of their protein structure, molecular
function and cold specific upregulati¢zdhu et al., 2016)Rbm3also regulates splicing

and translation of its targets through association with the spliceosomib@same(Zhu

et al.,, 2016) however Rbm3 also regulates the expression of temperature specific
miRNAs (Wong et al., 2016) potentially through a role in miRNA biogenegkilotte

et al., 2011)Rbm3was also among the most significantly upregulated genes with a 2.99

fold change in expression and 1.56 x'P value. In additiorRbm3was the most
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upregulated protein detected using-MS/MS with a 1.99 fold change and 5.7 x°F
value. Upregulation ofirbp andRbma3is further evidence of a role of both these genes
in the CHO cell response to mild hypothermia and is consistent with peeRNASeq
experiments on temperature shifted CHO c@edoyalopez et al., 2016) instilling

confidence in this dataset.

In this experiment a 24% in Iteensity 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
RNGl/ S transition of mitotic cell cycl eo
enriched GO terms (1.8 10%° P value).The 35differentially express genes annotated

with this process include cell division cycle ®dc6, cell division cycle 7 dc?), cell

division cycle 45 Cdc49, cyclin D1(Ccnd1l) cyclin E1 Ccne), cyclin E2 Ccned and

cyclin dependant kinase inhibitor 1@dkn13. Each of these cell cycle regulating genes
weredownregulated in response to temperature shift with the exceptieakoflawhich

is among the most highly upregulated genes (4.47 fold change and 7.6#R valug
andCcnd1(1.52 fold change, 5.65 x $8P 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 ki @dE®K?2)
(Teixeira et al., 2016)The mammalian #ype cyclinsCcneland Ccne2were both
downregulated in temperature shifted CHO cells witiL.@1 and-2.51 fold change
respectively 2.21 x 1022 and4.59 x 10*’ P values). Ccnel/C@kinhibition, either by
knockdown or expressing inhibitors, has been shown to result in lengthened G1 phase in
mouse embryaic stem cellgLi et al., 2012) The downregulation ofcnelandCcne2

in CHO cells has been previously studied and found to be regulated by expressen of th
Nfatl transcription factor to control the G1/S phase trangfieixeira et al., 2016)The

Nfatcl gene was not identified as differentially expressed is $kudy 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 expresgi@cneland Ccne2

(Caldon and Musgrove, 201)e E2f1 andE2f2 genes were downregulated in response
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to mild hypothermia with a2.05 and-2.18 fold change respectiveli2fl and E2f2
expression is supressed Bgndlwhich 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 (24 protein expressed from telknla
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 expressiGdkrilahas been shown have a larger
impact on the cell cycle than increased Cyclin E eggionCaldon et al., 2009Cdknla

is among the most significantly overexpressed genes in temperature shifted cells with a
4.43 fold change. Most interestingb2l expression may be directly regulated during
tenperature shift by Cirbp activityMorf et al., 2012) CLIP-Seq (Crosdinking and
Immunoprecipitation sequencing) experiments have shown Cirbp GutikislamRNA

i n t he (Mdrbet &, T2R12) The reduced growth rate we observe in terajure
shifted CHO cells may therefore be a direct resulfiobp 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 concentrationgamperature shifted cultures and a decrease in lactate
levels. A hallmark of CHO cell energy metabolism in the exponential growth phase is a
AWar burgo type phenotype in which cell s i
primary source of ATP ahproduce lactate as a toxic metaboliegogduct(Buchsteiner

et al., 2018) Temperature shift can reverse the Warburg phenotype and switches cells to
consuming lactate and utilising OXPHOS as the primary source of energy metabolism
increased glucose and decreased lactate lavalse media suggests the cells in this
experi ment have under g o ({Bechstdineri e al.fi 20&88) a b o |
Differential expression was observed in genes which may contribute to this change in
metabolism including lactate dehydrogenase gdhest al., 2016)and drivers of
glycolysis(SalazatRoa and Malumbres, 201 7)he lactate dehydrogenasel@tic 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 Geltgtirogenase
gened_dha Ldhal6bwere upregulated (2.13 & 2.52 fold) abhdhdwas downregulated

(-1.82 fold). Lactate dehydrogenases catalyse the reversible conversion between lactate
and pyruvate (used to fuel the TCA cycle and OXPHOSjerations to &ctate

dehydrogenase gene expression resalteduced levels of anaeiolglycolysis(Li et
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al., 2016)and therefore differential expression of thegnes is likely the major
mechanism through which increased lactate consumption occurs. The
phosphofructokinase genffkn) is a rate limiting enzyme in the glycolysis pathway
which commits fructose to use in glycolysis tgtalysing conversioto fructoe 1,6
biphosphatgTang et al., 2012)Upregulaion of Pfkmhas shown to induce anaerobic
respiration and the accumulation of lactate while miRNA knockdowrflohresults in
decreased lactate production and therefor@tkmgene is likely a regulator of metabolic
switching (Tang et al.,, 2012)Pfkm was downregulated1.5 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 monophosutistated
protein kinase (Ampk) which phosphorylates and activagshosofructo2-
kinase/fructose,6-biphosphatase 8Pfkfb3) during mitotic arresfDoménech et al.,
2015) The Ampk subunit geneBrkab2 and Prkagl were icentified as differentially
expressed with a 1.59 anl 78 fold change respectively. Prkagl isdhe s u &f Anmpk t
which senses energy levels through binding of AMP which changes the structure of Ampk
and activates the catalytic domain to phosphoryltk#h® (Adams et al., 2004Reduced
expression oPrkaglmay therefore reduce Ampk activity and prevent Pfkfb3 activity

from inducing anaerobic glycolys{SalazatRoa and Malumbres, 2017)

Gene expression profiling using high resolution RE&q to study the response to
reduced temperature during CHO cell cultures has improved our undergtasfd
alteration energy metabolism induced by temperature shift. Metabolic switch regulating
genes including?tkm 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 RNo®eqg were confidently observed as expedss
proteomics (340 of the 12,291 genes identified in RB&% > 1CPM) a lack of overlap
between differentially expressed genes and proteins was apparent. Fold changes of 45%
(153) of proteins detected by EKAS/MS did not correlate with values from diféetial

gene expression experiments indicating a high degree otrpastriptional regulation

of gene expression contributes to the response to mild hypothermia.
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The cell surface Igcoprotein @44 (Cd44 is a transmembrane receptor which is
activated by raltiple different ligands to induce cell signalling for pathways with roles

in cell proliferation, adhesion and apoptosis protediicimen et al., 2018)Cd44 can also
activate the hypoxia induci b(Chendta.c2018r 10
and increase glucose uptakiasto et al., 2014) inducing a Warburg metabolic
phenotypeCd44was identified as upregulated wia 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 levelings LC-MS/MS (1.18 fold change)

indicating postranscriptional regulation contro@d44expression.

In this Chapter a number of potential targets for engineering enhanced CHO cells have
been identified. Th&Rbm3gene was identified as one of the most highly upregulated
genes and was the most upregulated protein in temperature shifted CHR lwelBis

known to play a role in cold shock and acts in tander@itbp, which shars similar

protein structurgZhu et al., 20@). Cirbp has been utilised previously as a genetic
engineering target in CHO cells for enhancing producti@ign et al., 2008)however
Rbma3has yet to be utilised as such. OwgmressingRbm3may also result in enhanced
productivity through regulating the splicing and translation of cold specific mMRRIAs

et al., 2016)which results in elongated stationary phase of culture and therefore yield.
The Cdknlagene which regulates theltcycle through cyclin inhibitioffCaldon et al.,
2009)was identified as one of the most upregulated genes in temperature shift. As a target
of Cirbp (Morf et al., 2012and a master regulator of cellcle progression at the G1/S
phase(Caldon et al., 2009Yhe Ckdnlagene may be one of the main regulators of the
temperature shift phenotype which results in a halting of the cell cycle. Inducing
overexpressionf Cdknlaonce 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 viéBoityet al.,

2010) One of the most highly downregulated genes in temperature shifted cells was the
lactate dehydrogenatdhd Knockout or knockdown didhdmay further reduce lactate
production and further increase cellular viability due to decreased media acidification. In
addition, thePfkmandPrkaglgenes which induce a Warburg metabol{SalazarRoa
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and Malumbres, 2017; Tang et al., 2002)e identiied 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 energgikbility 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 engineeritaygets.

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 discoveringléggee of post
translational regulation which occurs, this methodology is limited when it comes to
discovering the mechanisms through which goatscriptional regulation is occurring.

A reliance on mass spectrometry proteomics also means this expesufiers 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 temperathié induced post
transcriptional regulation of gene expression may be contributed to by alternative splicing
(Wanget al., 2015)In addition the lack of correlation between mRNA and protein levels
indicates regulation of translation efficiency contributesiéoteémperature shift response
through mechanisms such as miRNA acti{iBatalanotto et al., 2016Profiling gene
expression through microarray or RNgeq and measurements of the proteome through
mass spectrometry alone are insufficientrfife the mechanism of pestanscriptional
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 cqlete 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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25 Conclusion

In conclusion, preseed 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 Rb&4 data and utilised to identify
significant dfferential 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 culturé 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 andPrkaglregulationlinked 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 protexkpression levels indicates a high degree of-post
transcriptional control of gene expression is responsible for regulating the temperature
shift response in CHO cells. Further-depth analysis of this dataset using other
algorithms may have the potenttal undercover more transcription patterns associated
with the CHO differential expression response such as alternative splicing and the role of
NcRNAs. A hypothesised role @irbp and Rbma3 activity in the temperature shift
response is the regulation oflisjmg. 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
correlatedto protein abundance. In this chapter the roles of alternative splicing and
differential transcript usage are explored using the F9¢4 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 podtanscriptional 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 duringi&A processing
(Wanget 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 introngBerget et al., 1977)Technology to profile splicing has
significantly progressed since this time to improve throughput and information gained.
EST sequencing wassed to generate large libraries of cDNAs which were used in early
bioinformatics analyses to cluster mMRNAs according to their genomic logMimirek

et al., 2001) Metaanalysis of EST libraries enabled the identification of over 6,200
alternative splicing events in a single experim@nbodrek et al., 2001as well as 667
tissuespecific isoforms(Xu et al., 2002) The scale at which splicing occurs in
mammalian genomes was however not realised until the application of deef&iNA
globally profile the transcriptomewith over 95% of multiexonic genes expressing at
least 2 transcript isofms(Pan et al., 2008Alternative splicing increases the complexity

of the mammalian trangptome enabling, for example, the expression of over 90,000
diverse proteins from ~20,000 protein coding genes in Hurfiditsen and Graveley,
2010) The most extreme reported case of alternative splicing is irDthsophila
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., 2000Alternative splicing is also known to occur in CHO cells, with
as many as 10 transcripbferms documented for a single gene in the Ensembl genome
annotation Gstm1 Ensembl IDENSCGRG00000000476

Splicing of premRNAs expressed from mukixonic genes is catalysed by the
spliceosome, one of the largest macromolecules in eukaryotic cells, which consists of 5
non-proteincoding RNAs (SnRNPs, small nuclear ribonucleo proteins) and >150 proteins
(Cieply and Carstens, 2015)he spliceosome assembtas premRNA by the binding
ofsnRNPs to the 56 splice site and 36 spl
and beginning of neighbouring exons respectively) which bring the exons in close

proximity for removal of the intron). The consensus sequences of the donor andraccepto
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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 spliceossambly (or
conversely the efficiency of splicing can be reduced by the binding of splice factors to
intronic or exonic splicing silencer element€)eply and Carstens, 201%xpression of
splicing factors in a particular tissue, cell type or stage of development therefore allows
for the control of splicing to regulate the domihdranscript isoform in a cell by
regulating the rates of exon skipping, intron inclusion, or use of alternative splice sites
(Grosso et al., 2008Alternative splicing can also be induced in response to stimuli
including temperature changesuch as the skipping of exons 6 and 7 reported in the
U2AF26 splice factor in response to°82cold shock in mouse N2A cells mediated by

the SRSF2 and SRSF7 splice fact@seulner et al., 2017)

Both EST sequencing and microarray profiling temlbgies have been utilised previously

for the study of alternative splicing everfBumgarner, 2013however each of these
techniques have disadvantages compaoe&NA-Seq. EST sequencing provides no
guantification data on the mRNA which means rare isoforms withbmogically
relevant expression levels and incompletely processed mRNAs cannot be distinguished
from highly expressed functional isoforifiee and Roy, 2004Conversely, microarrays

can be utilised to obtain transcript expression data but cannot be used to retrieve the
nucleotide sequence of novel variants and cannot dissingimilar splice variants from

each othefBumgarner, 2013)To distinguish different isoforms from each other using
microarrays it is possible to design prolbageéting every exaexon junction which can
possibly splice together in a given transcript, but for complex genes with many exons this
would be an exhaustive procéBamgarner, 2013Microarrays targeting every possible
exonexon junctioncombinationwould 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 altesitive 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., 2008and 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 amdentification of every transcript expressed in a sample
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when sufficient sequencing depth is utiligBdyant et al., 2012 RNA-Seq reads aligned

to a genome can be quantified on a transcript isoferel using an approach known as

Ai sof orm deconvolutiond in which the abu
unique to a given transcript are used to proportionally distribute reads aligned to regions
shared by multiple transcrip{@rapnell et al., 2010)Novel exon:exon junctions are
utilised to simultaneously discover unannotated transcript isoforms. One challenge of
using RNASeq reads for the assembly of isoforms is the rates of false positives generated
by many of the algoritims which may arise due to incomplete splicing, partially degraded
transcripts or alignment errors and incorporated into novel transcripts erroneously
(Soneson et al., 2015New algorithms such &aStringtie are however improving the
specificity and sensitivity of transcript assemifigertea et al., 2015)Expression
abundances estimated by isoform deconvolution can be used to calculate differential
expression at the whole gene, individuahicript or exon level. Comparing the results

of genes with differentially expressed transcripts with gene level differential expression
resul ts enabl e sisofoimewitchth@inatchamge io the propontions ¢f
the expressed isoforms ofjane without necessarily affecting the overall gene expression
(Vitting-Seerup and Sandelin, 201©Qhanges 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 ofthe Bcl-x gene results in a switch from papoptosis to anti
apoptosis and is often a hallmark of can¢dterdzhanova et al., 2008\Ithough anti
apoptotic functionality and rapid cellular replication are cancer cawisitg 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 studi€eHO cells, however previous
transcriptome sequencing experiments have resulted in a collection of transcript variants
which have been deposited into genome annotation datdBasede et al., 10; Lewis

et al., 2013; Rupp et al., 20140 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 RN&Seq study on temperature shifted CHOsce$ed the transcripts

annotated in the CH®1 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 alternatilieisp or differential transcript
expression was reportéBedoyalopez et al., 2016 0ther RNASeq experiments have

also been performed on CHO c€lhen et al., 2017; Chung et al., 2013; Hsu et al., 2017;
Konitzer et al., 2015; Vishwanathan et @014; Yuk et al., 2014)owever 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 resultgVitting-Seerup and Sandelin, 2017)

In this chapter the RN/&Seq data from Chapter 2 wasamalysed in order to identify
changes in the isoformopulation 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

3.3.1Genomeguided assembly

The ENSEMBL reference genome annotation rele@@déor CriGri_1.0 was used as an
annotation for genome guided assembly \&@thngtie(Pertea et al., 2015fach 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 juncfidne resulting transcripts from each sample
were merged with the ref e6tengte-eneG Tghechann n ot a
to generate a comprehensive GTF file containing both the existing annotation as well as
novel transcripts assembled fromaroRNA-Seq data. Only novel transcripts with a
minimum isoform fraction of 0.1 (i.e. those transcripts deteCiéi¥ of the expression

of the most abundant transcript of a particular gene) and an average coverage of 10 reads

were retained.

3.3.2Differential transcript expression analysis

A second pass @tringtieusing the comprehensive merged annotation GTF file was used

to quantify the expression of each transofifgrtea et al.,, 2015) T-b8é par amet er
used to disable the assembly of new transcripts, only estimating the abundance of
transcripts contained WOt hp anr atsigstciiadntomoat a t
generate tables containing expression values for each trans&tii (fragments per
kilobase of transcript per million mapped reads) normalised expression values for each
transcript were used iballgownto calculate differential transctigxpression between

the temperaturshifted and nostemperatureshifted conditions(Frazee et al., 2015)
Transcripts with a fold change exceed®d..5and a BenjaminHochberg (BH) adjusted

P valueO0.05 were identifd. Gene ontology enrichment analysis was also carried out

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

3.3.3 Characterisation of alternative splicing events

rMATS(Shen et al., 2014yas used to identify and classify alternative splicing events in
genes contained in the Enserdefined annotation as well as novel isofsiiaentified
using thestringtie assemblytMAT Sparameters were configured for input of paired reads
of length 150bp with a fsecondstrand library type. Following completion of rMATSs only

those splicing eventglentified 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

wer e

not

included) .

Skipped

introns andmutually exclusive exon splicing events were considered to be significantly

different if a0 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 usingmats2sashim{Shen et al., 2014Protein domains overlapping skipped
exons were identified using tiomaRtBioconductor R packag®urinck et al., 2009)

to retrieve Intropro protein domainformation and overlapping with the -codinates of

skipped exons using tli@enomicRangeR packagélLawrence et al., 2013An overview

of the bioinformatics pipeline used in this experiment is depict&ture3.1.

Aligned RNA-
Seq reads

A
Transcript
quantification
with Stringtie

>

A
Differential
transcript expression
with ballgown

[

A
Differentially
expressed transcripts
>+1.5 FC &<0.05P

/

Assemble
transcripts
with Stringtie

Merged genome
annotation

Ensembl genome
annotation
A
Novel Stringtie
transcripts merge GTFs

AlignedRNA-
Seq reads

Alternative splicing
identification with

rMATS

A

[

Junction count only
alternative splicing
>+10% PSI & <0.05 P

/

A
Identify GO terms
and protein

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 Stringtieto assemble transcripts which were merged with the reference genome
annotation. Transcript expression was quantified with"apgass ofStringtie and
ballgown was used to identify transcrtigevel differential expression witl®+1.5

fold change andd0.05 BenjaminiHochberg adjusted P value. The merged genome
annotation was used mMMATSsto identify alternative splicing with a 10% difference

in percent spliced in between conditions a@@.05 aljusted P value. GO terms of
interest and protein domains were identified in genes with alternative splicing using
biomaRtand the Interpro database.
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3.3.49PCR validation

CHO 16F cells, CHEX1 cells and CHEDP12cells were cultureth 6 replicate samples

in 20ml of CHO-S-SFM Il media (Thermo Fisher Scientific) in 250ml shaker flasks at
37°C. After 48hrs the temperature of 3 samples was reduced®@ 34hrs 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 junctiompi@nd a given transcript.
PrimerBlast(Ye et al., 2012)vas used to assess primer designs forcsetiplementarity

and specificity. Further specificity checks were carried out using BLAST searches against
the assemblettanscriptomeThe 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. TheActb and Gusbgenes were included in qPCR for normalization and

control purposes.

Total RNA was extracted from cell pellets using Trizol (Invitrogen) and contaminating
DNA degraded using DNase | (Sigma&)Nanodrop 1000 (Thermo Scientific) instrument
was sed to assess the purity and quality of RNA, before cDNA generation using-a High
capacity cDNA Reverse Tmacription Kit (ThermoFisher Scientific). Real Time PCR
was carried out on samplestechnicaltriplicate for eactbiological replicateusing an
AB7500 instrument and Fast SYBR® Green Master Mix (Applied Biosystéyesgjative
controls of mMRNA from each gene with no reverse transcriptase and water controls were
included to monitor contamination by genomic DNA or introduced during sample
preparation. Th€irbp gene was included as an internal control to ensure cultures had
responded to temperature shifit valuesfor each transcript isoform were quantified
using the 2Pt method(Livak and Schmittgen, 200Bnd nomalised usingActb and
Gusb. A two-tailed ttest was used to identify differenceéa dCT values between
conditions with a statistical significance threshold @.05. Cell culture, primer

validation and gPCR was carried out by Dr loanna Tzani in Dublinl@itversity.
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3.4 Results

3.4.1 Genome guided transcriptome assembly

Stringtiewas used to assemble novel transcripts following alignment of-Rébf\reads

to the CHOK1 genome. Assembly resatt 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 andprotein coding sequences.

Figure 3.2 illustrates the number of gsnin both the original Ensembl reference
annotation and the assembled genome annotation bringing the total annotated sequences
to 40,692 gene loci and 62,159 transcripitse increase to the number of genes in the
assembled annotation with 2+ transcrgaforms per gene locus. An example of a novel

annotated transcript region is shown in Figure 3.3.

GTF

Ensembl

- Stringbe

Genes

cII.--_
T

5 @ 8 E] 0 10
Transcripts

Figure 3.27 Assembled and reference genome annotation statisticEhe number

of genes in the Ensembl reference genome annotation (red) and the assembled
annotation generated usirgtringtie (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 3.37Alignment to the Atm gene.The Ensembl annotation for tlhem gene does not represent the full transcript isoform. The annotated
generegion can be seen in the bottom track of this plot with a further nine exons identified $igingtie.
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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 valu€n.05 aml O+1.5 fold change usingallgown 1,105 gene loci had an
upregulated transcript and 1,216 downregulated (Appendix 3A, Table 3.1). A total of
2,288 gene loci werndentified as differentially expressealvalue less than the combined

up and downregulategene 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 trascripts differentially expressed (Table 3.2, Appendix 3B).
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Table 3.17 Most significant differentially expressed transcripts.The top 10 most up and
downregulated transcripts identified kyallgown are presented in this table. Previously
unannotated geseare 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
ENSCGRG0000000983 Corolc | Coronin 1C 4.26 x 10 | 14.26
ENSCGRGO0000001255{ Hapl | Huntingtin Associated Proteih 1.46 x 16 | 8.90

MSTRG.18664.1 N/A N/A 3.37 x 10 | 8.68
ENSCGRG0000000847] Vps35 | Vacuolar Protein Sorting 35 2.61 x 162 | 8.22
ENSCGRG0000001309{ Eda2r | Ectodysplasin A2 Receptor 3.95 x 16 | 8.09
ENSCGRG0000001002!{ Fads6 | Fatty Acid Desaturase 6 1.58 x 1672 | 8.07

ENSCGRGO0000001540] Rgs12 | Regulator Of G Protein Signaling 14 1.32 x 102 7.64
Protein Disulfide Isomerase Family
Member 6

SMG5, Nonsense Mediated MRNA
Decay Factor

MSTRG.14873.1 N/A N/A 4.20 x 10 | 7.27

ENSCGRG0000000188| Dglucy | D-Glutamate Cyclase 3.59 x 162 | 7.08

EGF Containing Fibulin Extracellula)
Matrix Protein 1

ENSCGRG0000001199] Pdia6 3.72x 10" | 7.57

ENSCGRGO0000000511] Smg5 4.60 x 10 | 7.34

ENSCGRG0000001713] Efempl 4.58 x 1072 | -4.09

ENSCGRG0000000167 Pter Phosphotriesterase Related 4.40 x 162 | -4.21
MSTRG.26120.2 N/A N/A 2.48 x 1% | -4.49
Tyrosine 3

Monooxygenase/Tryptophan 5
Monooxygenase Activation Protein
Eta

ENSCGRGO0000000793] Naxd NAD(P)HX Dehydratase 3.14 x 10”? | -5.25

Potassium Voltag&ated Channel
Subfamily D Member 1

Golgi Associated, Gamma Adaptin
ENSCGRG0000001611{ Gga2 Ear Containing, ARF Binding Protei| 1.66 x 1% | -6.20

ENSCGRG0000001320( Ywhah 3.59 x 1072 | -4.99

ENSCGRG0000000928] Kcnd1l 2.80 x 10”2 | -5.50

2
ENSCGRG0000002355 RF00100| N/A 456 x 107 | -7.06
ENSCGRG0000001604| Gphn | Gephyrin 143 x10° | -7.15
ENSCGRG0000000482{ Smox | Spermine Oxidase 8.19 x 1 | -7.21
ENSCGRG0000001500{ Hist1h3f E'Stone Cluster 1 H3 Family Membq o/ . 13 | 917
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Table 3.27 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 signECaterms with a

BH adjusted P valu€D.05 were included in this table.

GO ID Term Count % BH Adj. P
G0:0000278 | mitotic cell cycle 171 13.% 2.14x 10%
G0:0022402 | cell cycle process 210 16.64 2.29x% 10%
G0:1903047 mitotic cell cycle process 161 12.7% 5.42x 10°%1
GO0:0007049 | cell cycle 234 18.54 5.45x% 102°
GO0:0006259 | DNA metabolic process 150 11.9 2.97x 10%°
GO0:0006260 | DNA replication 70 5.5 5.43x 101°
G0:0000280 | nuclear division 104 8.24 1.31x 108
GO0:0044770 | cell cycle phaséransition 100 7.92 1.21x 108
GO0:0051276 | chromosome organization 163 12.2 2.2x10%8
G0:0048285 organelle fission 107 8.48 3.84x 108
GO0:0006261 | DNA-dependent DNA replication 47 3.72 1.06x 10%7
GO:0006974 gSIrIT:JLIJ?JSresponse to DNA damage 125 | 9.90 | 1.03x 10%
GO0:0044772 | mitotic cell cycle phase transition 94 7.45 1.36x 10Y7
GO0:0006281 | DNA repair 93 7.37 3.52x 1016
G0:0007067 mitotic nuclear division 82 6.50 3.43x 106
GO0:0007059 | chromosome segregation 68 5.3 1.16x 10
GO0:0071103 | DNA conformation change 61 4.83 4.61x 10%
G0:1902589 singleorganism organelle organization| 187 14.8 1.74x 10%
GO0:0033554 | cellular response to stress 200 15.8% 2.47x 10%3
G0:0051301 cell division 92 7.29 2.35x 103
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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 D&8gq4Chapter

2). Fom the analysis conducted in this chapter 597 differentially expressed transcripts
transcribed from previously annotated gefpgssent in the Ensembl genome annotation
were not identified as differentially expressed at the gene level (Appendix 3D)f 351 o
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 transcripesYix3

gene whichwasidentified as differentially expressed at the transcript level only. A cold

specific transcript o¥bx3was expressed which does not have an intron retention event.
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Figure 3.4 Differential transcript usage in theYbx3 gene.The Ybx3gene was identified as differentially expressed at the transcript level
but not the gene level. (A) The mean coverage of-temperature shifted transcript isoforms. (B) The mean coverage of temperature shifted
samples. Temperature shift induced expressib 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 enamd&dothyt haex
Ybx3transcript is pat of a cold shock DNAbinding domain.Ybx3is transcribed from the sense strand and therefore exon 1 is on the left of
this plot (ENSCGRG00001016148).
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Table 3.37 Genes with significant differential transcript expression which were not identified as diffeentially expressed at the gene leveRNA-Seq data
analysis usingtringtieandBallgownresulted in the identification of 597 differentially expressed transcripts which were not identified as differentiallseekares
the gene level usinQESeqdn Chater 2. Presented in this table are a selection of 10 differentially expressed transcripts with roles in apoptosis, segxidditive
phosphorylation, response to cold and glucose metabolism GO annotations.

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

ENSCGRG0000001607{ Dnm1l MSTRG.22559.5 0.014 1.63 | GO:0001836 RELEASE OF CYTOCHROME C FROM
MITOCHONDRIA, GO:0043065 POSITIVE REGULATION OF
APOPTOTIC PROCESS

ENSCGRG0000000105( Slc25a33 MSTRG.20029.2 0.01 3.6 G0:0002082 REGULATION OBXIDATIVE PHOSPHORYLATION

ENSCGRG00000007971 Nipsnap2| ENSCGRT0000001112 0.01 -1.56 | GO:0006119 OXIDATIVE PHOSPHORYLATION

ENSCGRG0000000456]  Ybx3 MSTRG.19515.2 0.001 Infinite | GO:0009409 RESPONSE TO COLD, G0O:0043066 NEGATIVE
REGULATION OF APOPTOTIC PROCESS

ENSCGRG0000000376] Pdk3 MSTRG.13664.2 0.011 -1.56 | GO:0010906 REGULATION OF GLUCOSE METABOLIC PROCES

ENSCGRG0000001010{ Rnpsl | ENSCGRT0000001952¢ 0.039 1.61 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG0000000230{ Ddx20 MSTRG.21486.1 0.0073 -1.55 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG0000001708]  Atm MSTRG.17450.1 0.047 -1.54 | GO:0043065 POSITIVE REGULATION OF APOPTOTIC PROCESS

ENSCGRG0000001037] Arnt2 MSTRG.23256.2 0.026 -1.54 | GO:0043066 NEGATIVE REGULATION ORPOPTOTIC PROCESS

ENSCGRG0000001753{ 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 fietidenti

as differentially expressed at the gene level, indicating the presence of isoform switching
(Appendix 3F, Table 3.4). An example of isoform switching inAbplgene is depicted

in Figures 3.5 and 3.6.
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Figure 3.571 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 isofautmich skips exon 2

and 3.Acplis transcribed from the sense strand of the genome and therefore exons
are numbered from left to right.
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Figure 3.61 Isoform switching in transcripts with mutually exclusive exons in

the Acpl gene. Temperature shift resulted in isoform switching in thepl 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.
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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 dijffesgaréabed
in both the up and downregulated fold change directions. A selection of genes undifigogajorm 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 1@
ENSCGRG0000000052| Eps8 Ep'derg‘ihﬁgﬁugzﬁa"éF;eceptor 169% | 1.34 41'3%,; MSTRG.7794.1 21 3.40 x 107
MSTRG.7794.5 -2.11 3.70 x 1@
. . N o 1.16 x | ENSCGRT0000000128] 26.89 3.35 x 1

ENSCGRG0000000096( Siahl Siah E3 Ubiquitin Protein Ligase 1| 1,391 1.43 16
10 MSTRG.16790.1 -3.17 6.00 x 1¢°
MSTRG.7372.2 2.27 218 x 1@
ENSCGRG0000000371| Gatd3a | Camine Amidotransferase Like | ) o0) | ) 49 | 798 MSTRG.7372.6 216 1.72 % 10

Class 1 Domain Containing 3A 10
MSTRG.7372.1 -1.68 9.35 x 1¢°
i MSTRG.10246.1 161.8 4.60 x 16°
ENSCGRG0000000511| Smgs | o> Nonsense Mediated MRNA) 5 )5 | 1 g7 | 194

Decay Factor 10 ENSCGRT0000000714% -2.21 5.78 x 16°
Golgi Associated, Gamma Adaptin E 2.47 x | ENSCGRT0000000889]  10.27 2.80 x 167
ENSCGRG0000000639)  Ggal Containing, ARF Binding Protein 1 963 1.2 108 MSTRG.19185.1 -1.67 4.25 x 167
. 6.69 x MSTRG.1243.1 7.87 3.29 x 1¢

ENSCGRGO0000000650f Cers6 Ceramide Synthase 6 1,049 1.23 5
10 ENSCGRTO0000000903f -2.37 341 x 1@
N 4.29 x MSTRG.21216.1 1.5% 1.89 x 16

ENSCGRGO0000000933{ Ubginl Ubiquilin 1 7,013 -1.14 A
10° ENSCGRT0000001303] -1.78 2.38 x 1
. 1.87 x MSTRG.8383.2 2.53 8.15 x 1

ENSCGRG00000012301 Acpl Acid Phosphatase 1 3,571 1.14 s
10 ENSCGRT00000017167 -1.61 4.81 x 1@
ENSCGRGO0000001303{ Bud23 2,438 -1.33 MSTRG.7804.1 6.9 8.22 x 1¢*
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BUD23, RRNA Methyltransferase An

1.45 x

g -

Ribosome Maturation Factor 107 ENSCGRT0000001819¢ 1.57 1.36 x 1%
in Li i MSTRG.14637.1 3.35 3.41 x 1@

ENSCGRG0000001320l  Haus? HAUS Augmin Like Complex Subuni 2027 1 8.561><
7 10 ENSCGRT00000018414 -1.78 8.27 x 1¢°
‘ Golgi Associated, Gamma Adaptin E 7.72 % MSTRG.23841.2 48.51 5.85 x 10
ENSCGRG0000001611)  Gga2 Containing, ARF Binding Protein 2 1301 144 101° MSTRG.23841.1 -73.34 1.66 x 16°
i MSTRG.13065.1 2.14 4.26 x 1%

ENSCGRG0000001670| Aldheay | ‘ldefvde Dehydrogenase 6 Family , 5,5 |, 5 1.07
Member Al 10 ENSCGRT00000023387 -3.93 3.29 x 1
Thyroid H R o 6.04 ENSCGRT0000002402¢ 1.56 1.49 x 17

X
ENSCGRG0000001716{ Trip12 o remen”, eceptanteractor | ;4950 | 1.12 1os MSTRG.20560.7 1.68 1.32 x 167
MSTRG.20560.4 -4.59 473 x 16
i in Bindi i MSTRG.3798.2 1.86 491 x 1%

ENSCGRG0000001766|  Cib2 Calcium And Integrin Binding Family 451 117 8.053><
Member 2 10 ENSCGRT00000024694 -1.93 2.85 x 1
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3.4.41dentification and classification of splicing events

3,158 differential exon usage events were identified with an adjusted p val0B 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 f@%6hif7

splicing events.

453 SE

252 RI
1949 A5
- A3SS

Figure 3.71 Differential exon usage events identified by rMATs.3,158 splicing

events were identified with & M0% difference in inclusion level between
conditonsand@0 . 05 adj usted P value. A3B855S=Alte
Al ternative 56 Splice Site, MXE = Mutually
SE = Skipped Exons.

2,467 of the differential splicing events identified occurred in genes which were not
identified as differentially expressed at the gene levelpéhgpix 31 & 3J). An exon
skipping event was identified in tH&lirp 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. Transergd the Slirp gene are

depicted in Figure 3.8.
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Figure 3.8 Temperature shift induced skipping of exon 2 in theSlirp gene.
Temperature shift induced exon skipping in t&Brp gene. Sashimi plots display

the number of reads which align across exon:epuncttions. In the nostemperature

shift condition (red) the exon 1 and 2 junctions as well as the exon 2 and 3 junctions
had over 1800 reads aligning, more than twice the 864 which align to the 1:3
junction. In temperature shift (bluéhe exon 1:3 junctins have higher support than

the 1:2 and 2:3 junctions.

The gene with the most differentially expressed splicing eventOdd4 8 transcript
isoforms forCd44were present in thEnsembl genome annotation and no new isoforms
were assembled however exdi&5 were extensively spliced withskipped exon and

11 mutually exclusive exon events identified (Figu®.3.

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

encoded amino acid sespce (Figure 3.10).
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Figure 3.9- The complex splicing of theCd44gene.8 transcript isoforms were identified for tf@&d44 gene. Transcript 5, representing full

length Cd44, was identified as upregulated in reduced culture temperature. Alternative splice isofor@d4dfvary due to differential
incorporation of exons-45 (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 3.107 Skipped exon in the GTPase domain encoding region dinm1l. One of the largest changes in exon inclusion levels between
temperature shifted and naemperature shifted cells occurred in thamllgene. (A) Incusion of exon 3 irDnm1llis significantly higher in

the 31°C condition with an inclusion rate of 0.76 while an inclusion rate of 0.21 was observed itengrerature shifted cells. (B) The location
of this skipped exon event in the assembled transcripBnafill. (C)The translated protein sequencelofmllwith 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 gens 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 witlerdiitial transcript
expression or alternative splicing usiballgownor Rmats 25 genes were identified as
differentially regulated at the transcript isoform level (Appendix 3M). 2 of these genes
(Eps8andOgdh had both up and downregulated transcripts. THé4 gene is among
these geneswhich 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
arepresented in Table 3.5.
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Table 3.51 Differential transcript usage and alternative splicing in genes which did not have differential gene and protein expressicorielated. In Chapter

2 153 genes were identified which were considered differentially exprasskee gene level with@L.5 fold change but did not haveda.2 fold change in protein
expression or vice versa. Differential expression of transcript isoforms of these genes is presented in the DE tramsenpiticdhe fold change in parentheses.
Individual differential splicing events identified usindATsar e i n t he ADE Splicing Eventso column where n

splice event occurred. Full table in Appendix 3M.
Gene Gene | Protei DE
Gene ID Symbol Gene Name EC n EC DE Transcripts SE%g:r;ng
. MSTRG.7794.1 (2.1)
ENSCGRG00000000521 | Eps8 gﬁ't?setgg' fro""th Factor Receptor Pathway | 4 3, | 1 35 | MSTRG.7794.2 (4.78) SE, MXE
MSTRG.7794.5@.11)
ENSCGRG00000001864 Enol | Enolase 1 1.14 1.2 SE
ENSCGRGO00000003592 | Cd44 | Cell Surface Glycoprotein CD44 2.07 1.19 | ENSCGRT00000004981 (4.64) M>S<E((81)1)
ENSCGRGO00000009833 | Srsf5 | Serine And Arginine Rich Splicing Factor 5 -1.09 | 1.34 | MSTRG.4290.3 (1.59) RI
ENSCGRG00000014628 | Eeflg | EUk@votc Transiatioflongation Factord 1 93 | 1 47 SE
ENSCGRG00000016658 Eif5 Eukaryotic Translation Initiation Factor 5 1.48 1.33 | ENSCGRT00000023320 (1.52)
ENSCGRG00000016747 Cdkl | Cyclin Dependent Kinase 1 -1.9 1.21 | ENSCGRT000000234471.93)
ENSCGRT00000024856 (61.52) SE(2)
ENSCGRGO00000017777 | Ogdh | Oxoglutarate Dehydrogenase -1.66 | -1.19 | ENSCGRT00000024854 (14.58) MXE
MSTRG.12544.2-8.7)
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3.4.5 gPCR Validationof temperature shift induced alternative splicing

The Acpl, Sc5d Slirp and Srfbpl genes were selected for validation using gPCR.
Alternative splicingdetected in the RN/Aeq datavas validated it least one transcript
isoform from eachof these genesThe Acpl transcript isoform downregulated in
temperature shift was natdnd to be differentially expressed when cycle threshold (CT)
values were normalised using eitihertb or Gud. The Sc5d Slirp andSrfbpltranscripts
downregulated in response to reduced culture temperatures were only identified as
significantly differentally expressed when eithActbor Gusbwas used to normalise CT
values. All transcript isoforms of these genes predicted as downregulated in mild
hypothermia were validated using qPCR with statistical significance afid5afold
change when normalised with eitifetbor Gusb(Figure 3.11¢p C Value measurements

for each biological replicate in Appendix 40). In order to identify if these splicing events
occur in CHO cell lines besides CHIBF, gPCR was also carried out 6RIO-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 7 gPCR validation of temperature shift induced alternative
splicing. qPCR was carried out on genes identified as alternatively spliced with
primers designed to cross exon junctiomsctB (A) and GusB (B) were used as
housekeeping genes to normalise CT values. P values calculated using a two tailed
T-test are illustrateavith asterisks (*£0.05, **=00.01, ***(00.001). 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 3.127 qPCR normalised usingActb shows temperature shift induced alternative splicing is conserved across cell line lineages.

gPCR was performed on the -F§ K1 and DP12 CHO cell lines. The Srbpl_31 and Slirp_31 isoforms were validated to be upre gulates
the 3 cell lines with statistical significance.
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Figure 3.13- gPCR normalised usingGusbshows temperature shift induced alternative splicing is conserved across cell line lineages.
gPCR was performed on the-F§ K1 and DP12 CHO cell lines. TH&c5d_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 RNo&(q data is the ability to discoverved
transcripts and genes with transcriptome assembly algorithms. The utilisafongtie

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 identifi@chparison 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 RISAq transcriptswhich may be theesult of partially
processed prenRNAs, partially degraded mRNA or transcripts with too low expression
level to be biologically relevan(Soneson et al., 2016)n the Ensembl reference
annotation there are 5,330 genes with more than one transcript isoform reported while
10,238 multitranscriptencoding genes were identified passembly 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. Emchment analysis of differentigl 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 differenealtyessed at

the gene level with a 2.07 fold change. UpregulationCd#4 was unexpected as
expression ofCd44 drives phenotypic responses opposite to those observed such as
cellular proliferation(Chen et al., 2018nd increased glucose uptdkasto et al., 2014)

Cd44 was however not identified as significantly differentially expressed at the protein
level T suggesting the presence of post transcriptional contr@@d#f4 Alternative
splicing was found to be highly prevalentGad44and was identified as the gene with the
most differential splicing events (9 skipped exon and 11 mutually exclusive exon events
identified). 8 transcript isoforms @d44are present in the Ensembl genome annotation
for CHO cells with 19 annotated exons. The first 5 and last 4 exddd4#fare present

in all transcripts however exonsl16 are differentially incorporated int6d44 splice
variants. Alternative splicing i€d44has been reported previously and exofib@&lso
represent a varied splice region in the human, mouse and rat versions of tl{iShgeme
etal.,,2018) T h e i Gdddesofarna€dd4d)does notincorporate any of the variant
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exans(Chen et al., 2018nd is the higést expressed isoform but its expression does not
significantly change in response to reduced culture temperatdr®84 fold change).

Full length Cd44 (containing all variant exons) is however upregulated 4.64 fold in
response to temperature shift. Hpéicing ofCd44may 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 transdripariant. Utilisation ofRmatsto identify specific
differential splicing events i€d44reveals 6 exon skipping events were upregulated in
temperature shift with isoforms containing splices between exon junctions 5:9 or 6:9
particularly prevalent. Exorkgping 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 oiCd44 as only 3peptides were identified which covered 8% of the
Cd44 amino acid sequence. If these peptides aligned to the first 5 or last 4 ekdnd of
rather than the variable region then differential expression may have been missed.
Regulation ofCd44variant expresion has been shown to be regulated by the epithelial
splicing regulatory proteins Esrpl and Esr®arzecha et al., 2009Esrp2 was
identified in Chapter 2 as upregulated in mild hypothermia with afgl@®hange at the

gene level. The cold shock protdRibm3(identified as highly expressed in response to
reduced culture temperature in Chapter 2) has also been shown to r€gdisplicing

and inhibit growth by repressingd44variants containing exs 13:15 and upregulation

of standardCd44 (Zeng et al., 2013put these changes ©d44 expression were not
observed in this data. The complex splicingCa#d4and the potential regulation 6d44
splicing by Rom3in the response to mild hypothermia therefore requires further
investigation. Widespread alterations@d44 splicing may howevecontribute to the
temperature shift response by impacting growth or energy metal{@isen et al., 2018;

Zeng et al., 2013)

Significant differential transcripusagewas 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 ' 4br8 (

is a cold shock domain contaig transcription factor which has been shown to both
positively(Zhang et al., 2017and negativelyLima et al., 2010; Lindquist et al., 2014)
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regulate transcripin of its targetsYbx3 has been found to both positively regulate the
cell cycle through targeting of genes suchCalkl, Ccndland Ccne2(Zhang et al.,
2017a) and negatively by bindingdknlamRNA and enhancing its mRNA stability and
translation(Nie et al., 2012) Alternative splice variants ofbx3have been reported
previously in humans which skip exon &NST00000279550.)1 a 207bp exon
downstream of the cold shock domain, which results in deletion of 69 amino acids from
the protein squencgLindquist and Mertens, 2018 transcript containing the same
exon skipping evenvas assembd and only expressed (on/off) in CHO cells cultured at

a reduced temperature (annotated as exon 7 in Figldu8to usage of an alternative
transcription start site adding a previ
upregulated transcripgoform also contained an exon skipping event in exioa Bagion

of the transcript which partially encodes the estibck nucleieacid binding site.
Upregulation of this shorter transcript isoform may therefore have decreased efficiency
for binding the pomoters of its target genes and impact the expression of cell cycle
regulators. It is also possible that one of these transcript isoforms s@cpasein with

DNA binding transcription factor functionality while the other encodes a protein which

carriesout Ybx6s mMRNA binding (translation r e

Transcript isoform specific differential expression was also identified in genes with roles
in mitochondrial biogenesis including dynanriifdike (Dnm1) (Vanstone et al., 2016)
mitochondrial fission factorMff) (Otera et al., 2010)nner mitochondrial membrane
peptidasesubunit 1 (Immpll) (Burri et al., 2005)Dnm1llis among the genes with the
most significant differential splicing everitsvith a skipped exon event occurring in exon

3 of the longest transcript isoform. In n@mperature shiftedells 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 celBnm1llregulates mitochondrial fission by recruiting to
the mitochondrial membrane and oligomerising torf@ ring around the mitochondria
(Kraus and Ryan, 2017YJpon activation by hyalysis of GTP Dnm1l changes shape,
shrinking the ring twdold and constricting the mitochondria to result in fissjgnaus

and Ryan, 2017)Alternative splicing oDnm1llhas been previously studied in mouse
embryonic fibroblasts where expression of an isoform including exon 3 (which we
identified as upregulated) was found to regultlecreased fission activi{$track et al.,

2013) When the nucleotide sequencédaimllis translated, exon 3 encodes a section of
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the Dnmll GTPase binding domain. The assembly of Dnm1l around the mitochondrial
membrae and GTPase activity is regulated by the fission factor(Kttius and Ryan,
2017. Mff was also observed to undergo extensive splicing in response to temperature
shift, with 5 differentially expressed skipped egand 2 mutually exclusive exon events.
Splice variants oMff have been reported previougucommun et al., 201%ut none
containing the most significant alternative splicing event identifiedfinin this study.
Incorporation of the assembled exon 9Miff 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 isfetkon and
therefore the effect of upregulating an isoforrMéf containing exon 9 on mitochondrial
fissionactivity is unclear. The differential splicing ®nhmZ1landMff, which were both
unidentified as differentially expressed at the gene level, rtiay the efficiency of
mitochondrial fission in temperature shift which may have implications in apoptosis
(Kraus and Ryan, 2018nd cell cycle progressidialazaiRoa and Malumbres, 2017,
Strack et al., 2013Mitochondrial 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 tranisih of the cell cycle where Dnm1l is upregulated and activated to
induce fissionSalazatRoa and Malumbre2017)

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 mitddabactivity or
energy metabolism includ8RA stemloop interacting RNAbinding protein (Slirp)
(Lagouge et al., 2015Pyruvate dehydrogenase lipoamide kinase isozynReli&3) and
peroxisomeproliferator activated receptorgamma(Pparg) (Wenz et al., 2011)Slirp
impacts mitochondrial protein synthesis by binding mitochondrial RNAs and
chaperoning them to the mitochondrial ribosdBaughman et al., 2009; Lagouge et al.,
2015) Slirp is an important regulator of OXPHOS as it maintains mitochondrial
localisation of transcripts encoding OXPHOS subunits ({Baman et al., 2009).
Prevalence of an exon skipping eveint exon 2 was upregulateth response to
temperature shift, resulting in a higher proportion of smaller transcripts which have an
alternate open reading fr@mAn RNA recognition motif classified by Interpro is present

i n t he 5 0 Slirpgranscophandttie sequreerce 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 maytarget different RNAs which could affect the rates of translation of
OXPHOS componentLonfirmation of the existence and upregulation of transcripts
skipping exon 3 was achieved using gP€RBk3is a kinase which regulates the activity

of the pyruvate deydrogenase complex which carries out the conversion of pyruvate to
acetylCoai linking glycolysis to the TCA cycle and OXPHO&u et al.,, 2008)
Overexpression oPdk3in cancercells inhibits mitochondrial respiration and lactate
production while suppression Bfik3results in a switch from a Warburg type metabolism

to primary use of OXPHO&KIuza et al., 2012; Lu et al., 2008} transcript isoform of
Pdk3was identified as downregulated with1a55 fold change which skips exons 8 and

971 sections of the transcript annotated with the histidine kihlaseATPase domain

using Pfam (Ensembl gene ENSCGRGO00000003763Transcripts variants which skip
exons 9 ad 10 or 10 and 11 have been previously identified but the effects of splicing in
this region ofPdk3 has not yet been studied. TRparg gene was also identified as
undergoing splicing but was not identified as differentially expressed at the gene level.
Ppargis a regulator of pyruvate kinases and decreased Pparg is associated with increased
pyruvate kinase activity and therefore decreased pyruvate dehydrogenase activity and
mitochondrial respiratiotfLecarpentier et al., 2017Previously unannotated transcript
isoforms were assembled for tRparg genein which an exon skipping event and 2
mutually exclusive exon events were identifiedll 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 actigity
negatively affected by expression of this alternative isoform. Analysisalbfown
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 increastdg3activity to reverse the Warburg metéibm

I converting more pyruvate into acetybA 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 celis.order to validate the occurrence of temperature
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shift induced splicing gPCR ag applied to transcript isoforms of genes which had
splicing events predicted as both up and downregulatedlirpeAcpl Sc5dandSrfbpl

genes were selected for validation as it was possible to design primers uniquely targeting
specific transcript iSorms. At least one of the transcript isoforms for each of these genes
were validated to be differentially expressed by gPCR. qPCR on thekdHDd CHO

DP12 cell lines was also applied and found temperature shift induced splicing to be
consistent acrossHD lineages with upregulated transcript isoforms of tB&rp and

Srfbplgenes validated across all three lineages.

Utilisation of high depth RNASeq 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 alternatsicevariantswereidentified in gens such as

Cd44 which have not previously been characterised in CHO cells but are conserved
among other mammalian speci{€hen et al., 2018)Splicing events were observed in
genes regulating mitochondrial biogenesis and a switch from a Warburg phenotype of
energy metabolism toase of OXPHOS includinpnm1l Mff, Pdk3andPrkagl. 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 methd of analysing RNASeq data). The presence of pwanscriptional
regulation of gene expression was suspected due to utilisation of paralleBBiNANd
proteomics profiling in Chapter 2 which revealgeheswith differential expression at

either the gener 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 biopharmaceutical€d4+

gene wasdentified as undergoing complex splicing and regulates proliferation and
glucose uptakéChenet al., 2018; Pasto et al., 201&d44could be engineered to only
express the full length isoform and supress expression of alternative splice (@eaqts

et al., 2013) potentially through knocking out the endogenous gene and inserting the
cDNA of spliced, full lengthCd44 into the genome. Alternatively splicing could be
regulated through further increasing expression of the splice reguizdggor Rbm3

which were observed as upregulated in Chapter 2 and have been shown to Gefjidate

splicing(Warzecha et al., 2009; Zeng et al., 20@B)ch may impact growth and energy
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metabolism. Th&Ix3gene 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
thatgenetic 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 isofornYbk3characterised in

the temperature shift condition, the Ybx3 proteins transcription factor activity may be
comprised resulting in decreased expression of cell cycle promoting tafdletsg et

al., 2017a)and mainaining Cdknla binding activitfNie et al., 202) to halt the cell

cycle. TheDnmll 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; Sala#@oa and Malumbres, 201 A)tilisation of Dnmlland

Mff as engineering targets may yield CHO cells with enhanced productivity due to altered
metabolism and longevity. Finally, splicing was identified inRparg 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., 20L7piminishingPpargactivity may be a useful tool for regulating

the Warburg metabolism in CHO cells to increase energy avéyafol 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 &t as a mechanism to regulate gene expressioftnanscriptionally. Modifications

to the 56 or 36 ends of a transcript as
binding sites present in transcrigkdan et al., 2018pproduce transcripts isoforms with
premature stop codons which are degraded byseose mediated decay (NMD) before
being translatedNickless et al., 20179r result in the inclusion of internal ribosomal
entry sites (IRES) containing sequemnedth enhanced translatig@ghou et al., 2014a)

Cold specific induction of Cirbp transcript isoforms containing IRES sites have been
hypothesised as a potential maotsm through which mammalian cell lines respond to
temperaturgAl-Fageeh and Smales, Z)00f 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
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these genes may contributete posttranscriptional regulation through altering miRNA
targeting, NMD or enhanced translation. In the following chapter the role of miRNAs in

posttranscriptional control of gene expression in the temperature shift response is
investigated.
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3.6 Condusion

We have demonstrated the benefits of using Next Generation Sequencing to produce
RNA-Seq libraries of high depth @HO cells as well as the benefits of using a transcript

or exon level analysis over the gene level approach utilised in the majoRIYA-Seq
experiments. Through the assembly of RS&q 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 wdl a®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 geneh whie 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
includingYbx3 Dnm1l PpargandPdk3 Splicing was alsalentified in genes which did

not have correlated differential expression between the gene and protein level including
Cd44
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Chapter 4

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

following temperature shift
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4.1 Summary

Comparison of RNASeq data and mass spectrometry based proteomics conducted in
Chapter 2 indicated the presence of goetscriptional control of &amslation plays a role

in the CHO cell response to temperature reduction. In Chapter-Bastriptional gene
regulation was identified in the form of alternative splicing in 16.3% of genes which did
not have correlated differential gene and proteirresgon- suggesting splicing is not

the predominant mechanism responsible for jrastscriptional regulation of gene
expression in temperature shifted CHO cells. In this chapter the expression of miRNAs
in temperature shifted CHO cells are profiled usntall 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.
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4.2 Introduction
4.2.1 Small RNAs

Small RNAs are a clags non-protein codingRNAs between 18 angd00 nucleotides in
length whichtypically play a role in regulating gene expressibmough RNA:RNA
interactions(Kaikkonen et al., 2011; Nguyest al., 2016) The major classes of small
RNAs include microRNAs (miRNA), Piwtinteracting RNA (piRNA), small interfering
RNA (siRNA) (Axtell, 2013a) small nucleolar RNAs (snoRNAMatera et al., 2007)
tRNA-derived small RNAs (tsRNAjLee et al., 2009)and small nuclear RNAs (SnRNA)
(Valadkhan and Gunawardane, 2Q18)iRNAs, piRNAs, sRNAs and siRNAs are
capable of guiding nucleases to MRNAS to control gene expressiemgyustriptionally
(Felekkis et al., 2010; Martaz et al., 2017; Shen et al., 20180RNAs 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 RNAs by recruiting proteins to
form snoRNP complexes to direct methylation and pseudouridine modifications to RNAs

such as ribosomal RNfachellerie et al., 2002)

mMiRNAs and siRNAs are of particular interest for use as tools for bioengineering as the
can be used to manipulate gene expres@tetekkis et al., 2010; Valdéango Curell

and Barron, 2018Both miRNAs and siRNAs utilise the RNpathway to carry out their
silencing activity and are of similar length however these molecules differ in their
function and biogenes{tam et al., 2015sxiRNAsact as a defence mechanism to protect
cells fran infection of viruses with double stranded RN@sRNA) genomesIn the
antiviral sSiRNA pathway viral dsRNA is recognised and processed by the Dicer protein
into a 23124nt RNA duplex which is loaded into the RNAduced silencing complex
(RISC). One of thetrands is degraded leaving a single strand of siRNA which is used to
target the RISC to RNA with perfect sequence complementarity to the siRNA for
degradatiorfFelekkis et al., 2010niRNAsareconverselyenerated from endogenously
expressed RNAs which form a hairpin structure containing a douafelsal RNA region
duetothe selE ompl i ment ary of t he RNAsobteegptie nc e
miRNA (Ding and Voinnet, 2007)PrimiRNAs are expressed from the genome and
processé in the nucleus by the Drosha protein to form a 70nt hairpin before being
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exported into the cytoplasm by Exportintheve they are then bound by Dic&icer

cleaves the hairpin loop region leaving2% nucleotide®f dsRNA, a single strand of

which (themature miRNA) is loaded into the RISC complnddirects suppression of

gene expressioft-elekkis et al., 2010miRNA mediated regulation of gene expression

can be a result afither degraation of target mMRNA transcripts through endonucleolytic
cleavage or translation suppressidiam et al., 2015)miRNA mediated degradation
however rarely occur$ only when near perfect Wats@rick base paing occurs

bet ween a mi RNA and a target mRNA. mi RNAS
(36UTR) of a target transcri pt 1 aprdpdrty onl y
which enables a single miRNA to regulate the expression of hundredssziripés(Lam

et al., 2015)The region of a mature miRNA transcript which regulates target recognition

is known as the seed region and ranges frofntdf the mature miRNA transcript. Base
pairing between theeed region and a transcript alone is however not sufficient to
determine miRNA activity as other characteristics contribute including thermodynamics,
the secondary structure of theRNA:mRNA duplex and the location in the mRNA at

which the target site ears(MartinezSanchez and Murphy, 2018&iven the complexity

of MIRNA:mMRNA interactionsas well at the laborious nature of experientiafilidating

direct targetsa range of bioinformatics approaches have been developadentdy and

predict the roleof miRNAs in silica

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

4.2.2.1 Identifying miRNAs from axt generation sequencing

miRDeepwas the first algorithm released for the prediction of mMiRNAs from NGS data
sets(Friedlander et al., 2008miRDeeputilises aligned reads from small RN&eq
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 alignedad coverage from small RN3eq. 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 precursogéenerated 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 pdicted secondary RNA structure. The properties of miRNA biogenesis
are then exploited to find likely miRNAs utilising the alignment positions of small RNA
Segreads to genomic miRNA precursor loci. When-pniRs are processed by dicer the
nucleotides areleaved 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 @me miRNAs and the loop region is degrad@&do and Lu, 2010)
Therefore it is expected for the majority of miRNA reads in a small F9¢4 data set to

map wholly within one ofttese 3 regions while reads derived from-nuRNAs 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 mursor fit this model of mMiRNA biogenesis to identify both
known and novel miRNAgFriedlander et al., 2008)The miRDeepalgorithm was
improved and rereleased asRDeep2wvhich has updated methods for identifying and
scoring potential precursofBriedlander et al., 2012Precursors 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 potentiatpiR is extrated from the genome twice. The
excised premiR 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 subseqoeants of repetition of this process are
applied until less than 50,000 candidates are prediBteagitieis then used to align reads

to the predicted precursor, only accepting perfect alignmentsRad-oldis used to
predict the secondary structure of #endidate preniRs. Candidate miRs are scored
using the same method asRDeepwith the exception of only using sense alignments
and precursors with >60% of the mature miRNAs nucleotidesyirsed in the predicted
premiR secondary structurériedlander et al., 2012)The mapper and quantifier
modules ofmiRDeepcan be used for aligning reads to a geacand quantifying the
expression of detected miRNASs respectively. mhRDeegools have also been adapted

into themiRDeep*package which has a graphical user interface and altensiRigeep
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algorithm during the stages for precursor generation by exignutedicted mature
mMiRNAs 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 offsgin et al., 2013)miRDeep is available on the
mirTools2.0web serve(Wu et al., 2013)

miRanalyze(Hackenberg et al., 2009, 201%)a pipeline for the detection and analysis

of miRNAs from sequencing data available both as an onlineseeler (now integrated

into the sRNA workbencliMohorianu et al., 201})and a downloadable standalone
package which can be configured to be applied to any organismmiR&nalyzer
pipeline first aligns sequence data to known miRNAwmiRBaseand then to Refseq and
RFam to remove known miRNAs, mRNA transcripts and-oating RNAs. Unaligned

reads are mapped to the genome for novel miRNA detection. First, overlapping aligned
reads are clustered and the positions of the most upstreanoandtbam 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 nuddsdior 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 premiRNA (of which at least 11 must be in timature miRNA) and to ensure read
clusters do not overl ap the boundar-ies I
mMiRNA candidates are selected based on the number-afsefflementary binding sites,

the free energy of the predicted secondary structbeenumber of reads in alignment
clusters, and the asymmetry of bulbs in the secondary stretackenberg et al., 2011)

Other algorithms are available for the prediction of miRNAs from Rb&Y datasts
however their use has become obsolete due to becoming unsupported or their accuracy
superseded by more recent software includitBeNA(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 suErA&RIO (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 classeShortsackis one such algorithm which has been shown
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to accurately predi miRNAs, piRNAs and siRNAgAxtell, 2013b) Shortstackapplies

a similar approach to the miRNA prediction algorithms described above, but does so in a
modified way to account for nemiRNA small RNAs. To identify potential small RNAs,

reads are aliggd 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 theéPiwi or Argonaute proteins during processing. Regions which overlap after
this extension are clustered together and are separated intalelivexd and notlicer

derived sequences based on their length. Secondary structural analysis is performed on
uniquedicerderived 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 baspair bindings between potential mature and star miRNAs. Precursors
matdiing the criteria for miRNAs are annotated and quantiffedell, 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 miRINRNA target pairgRiffo-

Campos et al., 2016)he first algorithm created fadentifying miRNA targets was
TargetScar{Lewis et al., 2003)TargetScanelies both on bageairing of the miRNA to

UTR regions of mRNAs 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 (bases8Pof a given mature miRNA anbase pairing is extended in

each direction until a mismatch occurs. Thebasei r i ng of a secti on
any mismatches is then optimised by predicting the secondary structure of the mRNA and
assessing the binding of the miRNA to the targed aid 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 mmanand ranks for orthologous
mMiRNA:MRNA pairs are compared to find conserved miRNA targets. The current version
of TargetScanuses 14 features of mMIRNMRNA interactions to predict sites which

likely have biological functiofAgarwal et al., 2015)Features of mMRNA targets include

the proximity of the target site to the path of the ribosome (how close it is to the translatio
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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-saieidg between the miRNA

and its predicted target. ThEargetScanwebsite also hosts a database ofdmted
mMiRNA interactions.

Alternatives toTargetScannclude theDIANA-microT webserver(Paraskevopoulou et

al., 2013)andMiRanda(Enright et al., 2004; John et al., 200%heMiRandaalgorithm

utilises a similar method tdargetScari applying alignment omiRNAs to mRNA
sequences to identify targets followed by calculation of free energy and identification of
evolutionary conservation. During the alignment stdjRandaapplies an algorithm

similar to SmithWaterman adapted to score based on complementatiter than
homology. Further rules are applied to account for what was known about the properties
of mIRNA targeting at the time of developmergrohibiting mismatches at positions 2

4, a maximum of 5 mismatches between positiori®,3at least 1 misnieh 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 mRNA:miRNA interaction while hybridized

is predicted using thé&/ienna package and the minimum free energgiculated.
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 areptettiin the first

11 nucleotides of the target site to account for seed region bittbhg et al., 2004)
DIANA-microT (Paraskevopoulou et al., 201i@8gntifies miRNA recognition sites with a
match of at | east 7 consecutive base pair
of a miRNA(Maragkakis et al., 2009) | f t 4seed r8gin) 6f a mIRNA sequence

also matches a target site then a mismatch is allonvéte 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 eachimpat miRNA and generated to have

the same number of predicted target sites. Scores of mock sequences are usedffas a cut
for identifying false positive interactions predicted for input miRNAs. THANA-

microT algorithm is only available as a web sergenfigured to identify miRNA targets
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in human, mous&;. eleganandD. melanogasterAn updated release BAANA-microT
enables identification of miIRNA target sites in CDS regi{fharaskevopoulou &fl.,
2013)

4.2.3Small RNAs in CHO cells

4.2.3.1 Identification of CHO cell miRNAs

miRNAs were first identified in CHO cells by the cloning of 2R - discovered using

array based methodology to profile miRNAs conserved between humans, mice and rats
(Gammell et al., 2007)Since the publicationf this study the potential of miRNAs for
engineering desirable phenotypes in production CHO cells has begun to be explored
(ValdésBango Curell and Barron, 2018peveral miRNAs have been investigated
including mmumiR-446h5p which has been shown to improve apoptosis resistance and
productivity when knocked dowfDruz et al., 2013)miR-557, miR1287 and miRL7

which improve productivity when upregulatethdhav et al.,@1.4; Strotbek et al., 201,3)
improving expression of difficult to express proteins through -BBR expression
(Fischer et al., 2017and the role of miR3 in metabolic switching to oxidative
phosphorylation in CHO cellKelly 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 oD@B,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 RB&y in

one study(Johnson et al., 201Bnd 387 in anothel(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)sing conservation of miRNAs 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 releasesifre 22) there are 351 unique
matureCHO cellmiRNAs with sufficient evidence of expression to be included in the
database (Table 4.{Griffiths-Jones et al., 2006)
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Table 4.17 Annotated miRNAs in miRBase for human, mouse rat and Chinese hamster.
The Chinese hamster has considerably leBRNAs 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 CHEklls

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 CH(Beeilsn et al., 2011)
Using crossspecies arrays as many as 350 miRNAs could be detected and quantified in
a single experiment which enabled detection of differentially expressexs geich as
miR-7 and 9 other miRNAs in response to temperature (@aftron et al., 2011 )Arrays

have also been applied to identify differentially expressed getidscells with varied
productivity levels(Harreither et al., 2@®), culture staggGammell et al., 2007and
growth rateg¢Klanert et al., 201&evealing 127, 26 and 12 miRNAs associated with each
phenotype respectively. Next generation uswing has also been utilised to study
MiRNA expression patternslllumina sequencing of small RNAs was used to identify
the expression of 387 miRNAs in 6 biotechnologically relevant CHO cell (ihaskl et

al., 2011) In this study 18 miRNAs were found to be differentially egsed between
serumdependant and serufree 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 mMRNA targets
and have the capacity to regulate biobadjprocesses by targeting many genes in a given
pathway simultaneouskyPritchard et al., 2012)-or example, an miRNA can be capable

of controlling the process of cellular difeartiation during embryonic development
(AlvarezGarcia and Miska, 200®)r control cellular growth and apoptog&hao et al.,

2015) Gene silencing can be achievedipyegulating 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 orsheak (Weber and Fussenegger,
2007; Yang and Paschen, 2008)

MIiRNA expression can also be downregulated by gene knockout or knockdown
approaches to increase thenstation of their target mRNAs. Depletion of miRNA
expression can be achieved by the expression of miRNA sponges or (Bmaks et al.,
2012; Gentner and Naldini, 2012niRNA sponges are engineered RNA sequences
which contain multiple copies of a given miRNA binding site which results in its target
MIiRNA becoming sequésred and unable to target its intended mR{&entner and
Naldini, 2012) A recently discovered role of INcCRNAs is that they may act as endogenous
MiRNA decoys to sequester niRs and fine tune gene express{@anks et al., 2012)

For example the IncRNA linMD1 sequesters mi®33 and miRL35 to regulate
expression of the Myocygpecifc enhancer factdvief2cduring muscle differentiation
(Cesana et al., 2011Endogenous miRNAs could also serve as engineeaimygts by
using gene editing techniques such as CRIBRRI to edit their genetic sequence
(Aquino-Jarquin, 2017)Such gene editing techniques have been used to disrupt the
functionalityof specific miRNAs and promote apoptosis in ovarian cancer(teks 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., 2011has been utilised as @ol for engineering enhanced
productivity in CHO cells. When transfected with exogenous copies of thmipr&
precursor which are processed and result in upregulated matufé, o@Rular growth

rate was reduced and individual cell productivity incee8arron et al., 2011)miR-7
contributes to the cell cycle arrest in the G1 phase in temperature shifted CHO cells which
results in enhanckyields through increasinipelength of thestationary phase of culture
where cells are more producti¢@anchez et al., 201Further examples of CHO miRNA
engineeing include upregulation of MH&83 and miR30 to enhance recombinant protein
production(Emmerling et al., 2016; Fischer et al., 2Q1%pregulation of miRL7 to
increase proliferatio@@adhav et al., 2012nd dual expression of mis57 and miR1287

to enhance product yield via improved cell density and specific productivity respectively
(Strotbek et al., 2013)The mouse miRI66h5p induces apoptosis by inhibiting the
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expression of arpoptotic genes and therefore miBR6h was used as a candidate for
knockdown by antmiR expression(Druz et al., 2013) Inhibition of miR446h5p
resulted in a 53.8% increase in viable cells compared to sftiaad cells in apoptotic
conditions through the upregulation of aagioptotic genes such Bsl2I2 and delay of

Caspase activatiafruz et al., 2013)

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

Identification of miIRNA expressiongtterns associated with reduced temperature has
been studied previously using human, mouse and rat array f¢d@snell et al., 2007)
However this study, and all previously mentioned experiments which utilised
microarrays, were limited to previously characterised miRNAs which are conserved
betweerspecies. 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 (Gaiffiths-

Jones et al., 2006 An opportunity therefa 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 CHOscellwhich 71 novel miRNA
sequences were identifiéDiendorfer et al., 2015)No study to date has yet applied deep
Next Generation Sequencing to small RNAs expressed in temperature shifted CHO cells
and theredre 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
phenoty@s such as apoptosis resistance, enhanced growth rates or increased productivity
(Muller 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 miRNAsas total RNASeq, proteomics and RiboSeq experiments can be

integrated to identify potential MRNA targets of miRNA regulation.

In this chapter small RN&eq is applied to survey the miRNA landscape of CHO cells
cultured at a reduced temperature. Thesatiilon of deep sequencing enables the potential
to identify novel miRNA transcripts and accurately quantify differential expression of
MiRNASs induced by mild hypothermia. By predicting miRNA:mRNA target interactions
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it may be possible to elucidate padsinscriptional 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 pafairom the CHO cell cultures
descried in Section 2.2.1. Libraries were generated using the TruSeq Small RNA Library
Preparation Kit (lllumina Inc.). RNA was sequenced on an lIllumina NextSeq 500
instrument, multiplexed across the 4 lanes on the flowarellconfigured 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 Preprocessing of small RNA data

Adapter sequences were trimmed usmgadapt (Martin, 2011) using theadapter
segudGGAATTETCGE® a s e c cutatlapvas sised totfim 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 miRNAsstQC(Andrews, 2010jvas

used to assess the quality of samplesnsuring a peak was present betweer238
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 miRNAs

miRDeepZFriedlander et al., 201®as utilised to identify ovel miRNAs from the pre
processed data. RN8eq reads were first aligned to the CHO cell genome and alignments
output in the ARF format for use in the manRDeepzalgorithm. Previously annotated
Chinese hamster miRNAs miRBasewereprovided as inputtmiRDeepzas well as the
mature miRNA sequences for mammalian organisms with over 500 annotated miRNAs.

miRNAs with amiRDeepzxcore > 10Qvere accepted as candidate novel miRNAs.

4.3.4 Differential expression of miRNAs

Bowtie(Langmead et al., 2009)as used to &n reads to the Ensembl CHCL genome

(Xu et al., 2011; Zerbino et al., 2018)th parameters set tisallow 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

miRDeep2vas used as input to count the number of aligned reads to genomic loci with
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Bedtools multicoQuinlan and Hall, 2010 DESeq2was used to identify differential
expression in MiIRNAs with a minimum of 10 aligned read counts and considered
differentially expressed if the miRNA had a minimum fold chang&.2 andBenjamini

Hochberg adjusted p value ©f0.05between conditions

4.35 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. ThmmaRtBioconductor Rpackage was used to
convert CHO cell Ensembl GenelDs to orthologous human Ensembl Gefiaibhsck

et al., 2009) ThemultiMiR Bioconductor R packag®u et al., 2014yvas used to retrieve
MiRNA:MRNA interactions bgveen differentially expressed genes and miRNAs. All
interactions in databases with experimentally validated targets (miRgetadset al.,

2009) miRTarBase(Chou et al., 2018pand TarBas (Vergoulis et al., 2012)and
evolutionarily conserved targets (miRan(etel et al., 2008)PITA (Kertesz et al.,
2007) TargetScafAgarwal et al., 2015)were retrieved. In addition the top 20% scoring

in silico predicted miIRNA:mRNA interactions in databases without evolutionary
conservation support were included (miRanda, PITA, TargetScan, DIANA microT
(Paraskevopoulou et al., 201BIMMo (Gaidatzis et aJ 2007) MicroCosm(Giriffiths-
Joneset al., 2006)miRDB (Wang, 2008and PicTafAnders 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 geleesified 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 preprocessing

Libraries were sequenced to an average of 55.4 million reads per sample (rar@g%14.7
million). Adapter and gality trimming resulted in the removal of an average of 4.4
million reads per sample (3.6/3 million, 7.9%)Figure 41). An average of 28.7 million
reads 22.3-35.4 million,53.7%) per sample were discarded during length filtering due to
falling outsice the 1725 nucleotide range (Figure2). After this stringent prgrocessing

an average of 21.3 million reads remained per sample (24.@29 million, 38.4%]jo be

used in assembly of miRNAs and differential expression analyses (Tables of full pre
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Figure 4.17 Small RNA-Seq Read Preprocessing.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 th&5lucleotide range
(green). An average of 38.4% of reads passedgyoeessing (blue).
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Figure 4.21 Sequence length distribution.A large peak is present in the 2B
nucleotide range of trimmed readgshe size of the majority of miRNAs annotated
in CHO cells annotated in miRBase.

4.4.2Detection and assembly of miRNAs withmiRDeep2

70% of the preprocessed reads were aligned t€H@-K1 genomeand utilisedfor the
miRDeep2discovery procesKnown Chinese hamster miRNAs and those from other
mammalian specie.g. human, mouse, rat) miRBase were provided as input and
resuledin the detection of 1,507 candidate miRNAs of whigB80 were novel to the
Chinese hamster (Appendix 4B). 251 of these novel candidate miRNAs had a miRDeep2
scoreQL0which has drue positive ratef 85+ 2% associated with it which is calculated

by randomly permuting read alignments to potential precsiras aligned to other
potential precursors in the same position to check the hypothesis that the miRNA is
derived fromdicerprocessingFigure 43, Appendix 4C). 169 of the 251 candidates have

a significantrandfold p value and no hits to the rfam databafurther evidence they are
likely miRNAs as they form a secondary structure consistent with known miRNAs and

do not contain noroding RNA sequence elements such as tRNAs or rRNAs
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Figure 4.37 Detection of miRNAs withmiRDeep2.1,507 miRNAs were assembled

of which 1,280 were novel. 251 of these have a miRDeep2 sObbeand are likely

true positive miRNA candidates (Score 10 indicated by red line).

For 119 of the miRNAs with a sco@10 there are no reported miRNAs with orthologous
seed sequences in miRBase for the mammalian organisms used as mprD&ep2

The highest scoring of these novel miRNAs which has a significant Randfold P value,
has amiRDeep2 score of 24,514 higher han well studied miRNAs such as miR34a
(21,547), miR30&bp (10,228) and mif (2,316)and therefore this may present a true
positive miRNA which is uniquely expressed in CHO cellse coverage andgdicted

hairpin structure of ovel_miR_24,227 is depialen Figure 4.
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Figure 4.4 1 Predicted hairpin structure and coverage of novel _miR_24227
Presented in this figure is a novel miRNA with the highesRDeep2score which

has no annotatedrthologuein any species in miRBase. The secondary structure

(top ) i s typical of a mi RNA, with consisten
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 inmiRBDeep2vith the
exception of armadillo, opossum and chimpanzee. The highest scoring novel miRNA
with an orthologe is novel _mir_482, orthologous to mdoR-7388c (Figure 4&).
Among the orthologous miRNAs assembled which have previously not been raported
CHO cells are 11 miRNAs which are highly conserved among species and prevalent in
the literature (Table 2). The most cited of these miRNAs is m8&35, presented in
Figure 46.
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Figure 4.6 i Predicted structure of novel_miR_ 5944.Novel_miR_5944 is
orthologous to miR_335, a miRNA highly cited in the literature and previously

repated in 19 species.
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Table 4.27 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 studgbdeported in the literature.

Genomic MiRNA Number of
mMiRNA ID ; Score | presentin | publications
Coordinates ; .
species in Pubmed
. Mouse
miR-207 JHO001133.1_29824 ‘]H001133'1'4_7966 980.7 | Rat 7
- 3..479725:
Dog
. Mouse
MiR-290a5p | JH058547.1_43020 W Oo0A1 41083 gy | Rat 64
' Guinea Pig
. JH000876.1:42793 Mouse
miR-2955p | JHO000876.1_26769 3. 427996 26 Rat 6
. Human
miR-335 | JH000073.1_5944| JH000073.1:29019 5 5 | pouse 255
68..2901530:+
Rat + 16
. Human
miR-3833p | JH001533.1_33225 “HOO1S33.LAA89E o6 5 | pouse 72
8..149031:+
Rat + 24
. Human
miR-4483p JH000200.1_11719 ‘]HOOOGZO'l'lQBOC 135 Mouse 45
49..1030126:+
Rat + 15
. Human
miR-8733p JHO000060.1_4751 ‘]HOOOOGO'L?_ZBZE 180.1 | Mouse 38
0..723352:+
Rat + 14
Human
miR-9395p | JH040064.1_d2766 J1040004.1:201..3 7 7| Macaque 32
- 62:+ Chimp
Orangutan
. JH000489.1:12182 Human
miR-1231 JH000489.1_20324 29 1218294 3125 Mouse 8
Human
. JH000196.1:1407€ .
miR-1294 JH000196.1_11622 00..1407660: 1578.9 | Chimp 6
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 stiuh rabbit and

guinea pig (Figure 4.7).
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Figure 4.77 miRNAs reported in mammalian species used as input tmiRDeep2.
MiRNAs reported in miRBase are coloured in green. Chinese hamster miRNAs
assembled in this chapter are coloured orange (thosemammalian orthologues)
and red (novel miRNAS).

4.4.3 Differential expression of miRNAs

Reads were aligned to the CriGril CHQ genom&Xu et al., 2011; Zerbino et al., 2018)
usingBowtieresulting 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 saf8pl@%, range 6:6

8.9 million) were assigned to annotated miRNAs generatsidg 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% (7.08%6%) of the reads in nedemperature shifted

and 22.38% (21.63923.45%) 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)1After removal of reads aligned to the transcribed spacer
region an average of 13.83 million reads (1118534 million) aligned to the CriGril
CHO-K1 genome with consistent alignment rates betwde61% and77.42%.
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Figure 4.8 1 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 assighed to miRNAs detected using
miRDeep2

30 miRNAs were detected asfdifentially expressed (DE) ataQ.2FC and a Benjamini

NTS_1
NTS_2
NTS_3
NTS_4

Hochberg adjusted P valu® 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 aot previously reported in any
species. miRNAs with & [.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 @O N1 . 5

adjusted

foll@ aoh KN\s. were identified as

P value of O 0.05.
miRDeep2 ID miRDeep2 Score| miRBase miRNA | Orthologous miRBase Seed Base Mea | Fold Change| BH Adj. P
JH001693.1_3417] 5,046 - miR-68953p 600 3.72 1.24 x 163
JHO007589.1_41501 10,990 cgr-miR-34a miR-34a5p 2,399 3.33 2.74 x 1678
JH000282.1_1465¢ 1,35 cgrmiR-7b miR-7-5p 251 3.01 2.49 x 167°
JHO000003.1_357 198 cgr-miR-628 mMiR-6285p 43 2.97 1.04 x 106
JH000315.1_1605¢ 1,325 - btamiR-2292 293 2.13 4.76 x 10
JH000002.1_210 86,845 cgr-miR-2155p miR-192-5p 20,140 1.91 2.32 x 16°°
JH000275.1_1432¢ 2,808 - - 6056 1.74 3.58 x 1¢°
JH000136.1_9442 269,390 cgr-miR-103-5p miR-103a3p 326 1.55 4.47 x 103
JHO000656.1_2379( 44,731 cgr-miR-374-5p mMiR-374a5p 9,793 -1.52 4.35 x 164
JH000344.1_1704{ 2,316 cgr-miR-9 mmumiR-9-5p 240 -1.56 1.90 x 162
JH000263.1_1395¢ 3,112 cgr-miR-671-5p mMiR-671-3p 445 -1.68 6.20 x 1090
JHO00054.1_4298 6,638 cgr-miR-2985p mmumiR-2985p 1,262 -1.86 5.89 x 10'°
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4.4.4 Targetprediction on differentially expressed genes

Differentially expressed miRNAs with @ {.2 fold change which could be assigned a
human miRBase identifier were used as inpuntdtiMiR to identify miRNA targets in
differentially expressed genes identified in Chapter 2 (Section 2.3.4). Criteria to accept
MiRNA:mMRNA interactions were 1) present in a database validated with experimental
evidence or 2) present in the TargetScan databaseapleast 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 i Predicted targets for differentially expressed miRNAs.Target prediction using multiMiR identified 1,248 miRNA:mRNA
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A total of 726 differentially expressed genes were idiadi 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 miR{S&se ontology enrichment
analysis identified 501 enriched GO terms with a BH adjusted P Q@5 (Appendix

4F) with cell cycle, DNA replication and response to stress among the top enriched GO
terms (Table 4.4).

Table 4.47 Top 10 enriched GO terms for differentially expressed genes predicted as targets

of miRNAs. DAVID was used to identify eithed 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 Emii ﬁ'%ent BH Adj. P
GO0:0007049~cell_cycle 192 3.08 4.13 x 100
G0:0022402~cell_cycle_process 170 3.36 2.75 x 10"
G0:0000278~mitotic_cell_cycle 133 3.69 1.40 x 16*7
G0:1903047~mitotic_cell_cycle_process 123 3.71 1.08 x 16*
G0:0006259~DNA_metabolic_process 122 3.29 2.67 x 16%°
GO0:0006260~DNA _replication 63 5.83 5.86 x 16?7
G0:0006974~cellular_response_to DNA_damage_stim{ 101 3.36 2.37 x 164
G0:0051276~chromosome_organization 125 2.84 4,07 x 16¢
G0:0033554~cellular_response_to_stress 152 2.30 9.69 x 16
G0:0000280~nuclear_division 79 3.64 1.24 x 16%°

MiRNA interactions between miRNAs and genes with-aotrelated expression (gene
expression upregulate® 1.5 fold and miRNA dowrO 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 leyenergy metabolism or miRNA

processing are presented in Table 4.5.
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Table 4.51 Differentially expressed genes targeted by miRNAs with differential expression in the opposite directiddifferentially expressed genes with esl
in the cell cycle, energy metabolism or miRNA activity targeted by miRNAs are presented in this table. Full table in Ajgpendix

CHO GenelD Gene Symbol| Gene Name Gene FC| miRBase ID MiRNA miRNA FC
MIMATO0000101 | miR-103a3p 1.55
ENSCGRG0000000618 Ccnel Cyclin E1 -1.72 | MIMAT0000222 | miR-192-5p 1.91
MIMATO0000252 | miR-7-5p 3.01
MIMAT0000101 | miR-103a3p 1.55
ENSCGRGO0000001333 Ago4 Argonaute 4, RISC Catalytic Component -1.92 MIMATO0000255 | miR-34&a5p 3.33
MIMAT0000278 | miR-221-3p 1.40
MIMAT0000101 | miR-103a3p 1.55
) . L MIMAT0000252 | miR-7-5p 3.01
ENSCGRG0000000664 Pkia CAMP-Dependent Protein Kinase Inhibitor Alpha -1.53 -
MIMATO0000255 | miR-34&a5p 3.33
MIMATO0000278 | miR-221-3p 1.40
MIMAT0000087 | miR-30a5p -1.33
ENSCGRG0000000359 Cd44 Cell Surface GlycoproteiGD44 2.07 MIMAT0000232 | miR-199a3p -1.32
MIMATO0000752 | miR-3283p -1.41
MIMAT0000087 | miR-30a5p -1.33
MIMAT0000232 | miR-199a3p -1.32
ENSCGRG0000001416 Cpeb4 Cytoplasmic Polyadenylation Element Binding Proteif 1.70 MIMAT0000271 | miR-214-3p -1.29
MIMATO0000441 | miR-9-5p -1.56
MIMATO0000727 | miR-374a5p -1.52
MIMAT0000087 | miR-30a5p -1.33
ENSCGRG0000001470 Ddit4 DNA Damage Inducible Transcript 4 2.66 MIMAT0000232 | miR-199a3p -1.32
MIMAT0003283 | miR-6153p -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
GO0:0051276~chromosome_organization 197 2.43 2.87 x 16%°
G0:0022402~cell_cycle_process 208 2.24 2.05 x 168
G0:0000278~mitotic_cell_cycle 167 2.52 2.28 x 16°8
G0:0006259~DNA_metabolic_process 169 2.48 4.83 x 10%°
GO0:0007049~cell_cycle 237 2.07 4.89 x 10628
G0:1903047~mitotic_cell_cycle_process 156 2.56 1.98 x 1%
G0:0033554~cellular_response_to_stress 239 1.97 3.23 x 1673
GO0:0006974~cellular_response_to_DNA_damage_stim| 141 2.55 1.25 x 167
G0:0006260~DNA _replication 71 3.57 2.79 x 10'8
GO0:0006281~DNA_repair 99 2.73 3.05 x 10Y

Of the 1,274 alternatively spliced genes targeted by differentially expressed miRNAs 838

were not identified as differentially expressed at the gene level. #i@sé genes were

found to have a

spl i ci ng.Genesemihta rolem the tek

30

cycle, energy metabolism and miRNA processing with predicted miRNA targets and

splicing in the 36UTR
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Table4.7T Al t ernative splicing events in 30UTRs of genes not dnRNAs43gendswad | y
identified which were alternatively spliced i n t hearg8tdotdiff&entialygipressed mRNAS.e
Presented in this table are 6 of these genes which have roles itl tyeleeenergy 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 MiRNA FC
. . JH000452.1 JH000452.1 .
ENSCGRG0000001082)  Atplla ATPase Phospholipid Transporting 114 613497620166 SE 618286618390 0.15 miR-9-5p -1.56
. . JHO00054.1 JHO000054.1 .
ENSCGRG0000000415/ AtpSe ATP Synthase F1 Subunit Epsilon 27209102724092 RI 27197462720912 -0.22 miR-6153p -1.39
‘ Acyl-CoA Synthetase Long Chain JH000154.1 JH000154.1 ) miR-34a5p 3.33
ENSCGRG0000000974  Acsle | iy Member 6 333464374921 | SF | 344303344381 | O3 [R374a5p | 152
‘ : JH001903.1 JH001903.1 .
ENSCGRG0000000166 Cenl Cyclin | 117041122170 SE 121996122227 -0.15 miR-9-5p -1.56
miR-7-5p 3.01
. JH000019.1 JH000019.1 -
ENSCGRG0000001370; Grb2 Growth Factor Receptor Bound Protein 251082299535 RI 206047297830 0.19 miR-34a5p 3.33
miR-378a3p -1.28
JH000116.1 miR-30a5p | -1.33
SE 674149675059 0.19 miR-103a3 155
IR- .
ENSCGRG0000001596] Hnrnpa2bl Hgterogeneous l_\luclear JH000116.1 ! p
Ribonucleoprotein A2/B1 674150675059 JH000116.1 miR-361-5p -1.3
A3SS | 674149675476 0.19 miR-6153p | -1.39
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Al ternative splicing in the 36UTR of tr al
if splicing results in an interrupted miRNA binding site. An example of this occurring

was identified in theHnrnpa2blgene where a skipped exon event results imedsed

i ncorporation of a segment of -1083p(FeUTR c
4.10).
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_ Predicted consequential pairing of target region (top)
d miRNA {bottom

B 221

Hnrnpa2bl NTS IncLevel: 0.83

< 165.8
Position T19-725 of HNRNPAZE1 3 UTR 5 .. .UUUUAGAUCUNUUAGALGCUGEL. . . » 110.5 18
hsa-miR-103a-3p 3' MUNJCEGGA.CALIGUIlJ-!LClé.-!-.Elclﬂ & 55.2
....... STV RPPPPS 13 ) PR 0 F) MRS~ 1 S
Human 3JAGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAAL
Chimp 3AGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAALG
Rhesus 3SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - -UGCUUCUUCAALG
Squirrel SAGAAACACCUUUUUAGAUCUUUUAGALGC - - -UGCUUCUUCAAUG 271 936 Hnrnpa2bl TS IncLevel: 0.65
Mouse 3JAGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAALG:
Rat JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAALG: 5 165.8
Rabbit 3AGAAACACCUUUUUAGAUCUUUUAGAUGE - - -UGCUUCUUCAALG = 110.5
Pig 3AGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAALG £ 5572 7 ‘
Cow 3SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUGCUUCAAUG ! h
Cat 3JAGAAACACCUUUUUAGAUCUUUUAGALGE - - - UGCUUCUUCAALG
Dog 3iAGAAACACCUUUUUAGAUCUUUUAGALGC - - - UGCUUCUUCAALG: 243 . .
Brown bat 3JAGAAACACCUUUUUAGAUCUUUUAGALGE - - -UGCUUCUUCAAUG Genomic coordinate (JH000116.1), "+" strand
Elephant 3AGAAACACCUUUUUAGAUCUUUUAGAUGE - - - CGCUUCUUCAAUG | T —T - T | 1
Opossum SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - -UGCUUCUUCAAUG 673912 674444 7 674836 - 675482 675874 676266
Macaw 3JAGAAACACCUUUUUAGAUCUUUUAGAUGE - - - UGCUUCUUCAAUGH T
Chicken SAGAAACACCUUUUUAGAUCUULUAGAUGE - - -Uecuucuucasua 1 -
Lizard SAGAAACACCUUUUUAGAUCUUUUAGAUGE - - -UGCUUCULCAAUG! Query 1: 2 GAGRARCACCTTTTTAGATCTTTTAGATGCTGCTTCTTCAATGCAAGGARAGGARATARD guery l: 6l
X. tropicalis 3AGA--CACCUGCUUAGAUCUUU-AGAUGCAUCUGCUUCUUCAALGH i i
miR-163-3p/167 11 LI NETERN AEREREN NRERN Y
Con 3AGAAACACCUUUUUAGAUCUUUUAGALGE . . . UGCUUCUUCAALG o '
JHOO00116.1:674817 GAGAAACACCTTTTTAGATCTTTTAGATGCTGCTTCTTCAATGCARGGARAGGAARTAAC JHOO0116.1:674876

Figure 4.10 7 Alternative splicing alters miRNA targeting of miR-103-3p on Hnrnpa2bl. An interaction between miR03-3p ard
Hnrnpa2blwas identified using the approach outlined in Section 4.Bfirnpa2blwas not identified as differentially expressed in Chapter 2
but was identified as undergoing alternative splicing in ChapteiA3.The predicted target site of miR03-3p on Hnrnpa2blis conserved
among mammalian specidagarwal et al., 2015)(B) A skipped exoneventis dent i fi ed i n the 306UTR of the
exon being skipped at a higher rate in cells cultured at a reduced temperature (0.65 percent spliced in)-tbaypeature shifted cells (0.83
PSI). (C) The target site for miRL03-3p is congerved in CHO cells and present in the skipped exon.
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4.46 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), rémgal 39 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 inclutlese related to protein localisation
(Table 4.8).

Table 4.87 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.

Term Count Enrii ?]'S]ent BH Adj. P
GO0:0046907~intracellular_transport 25 3.18 8.54x 10%
G0:1902589~singlerganism_organelle_organization 25 3.15 5.25x% 10%
G0:0008104~protein_localization 31 2.57 5.18x 10%
;3;3;0”04393&macromolecular_complex_subunit_org 31 256 4.36x% 10%
GO0:0034613~cellular_protein_localization 24 3.05 7.33x 10%
GO0:0070727~cellular_macromolecule_localization 24 3.02 7.03x 10%
G0:0045184~establishment_of_protein_localization 27 2.71 7.07x 10%
G0:0044085~cellular_component_biogenesis 33 2.30 8.07x 10%
Sr;)é?]%ﬁ?% establishment_of protein_localization_| 15 457 1.08x 10
G0:0033036~macromolecule_localization 32 2.31 9.75x 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 differentiallyesgul

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 ficmtscriptionally downregulated gene or

2) a downregulated miRNA targets a ptsinscriptionally upregulated gene. By
applying these criteria 64 cases of miRNA regulation were identified in 45 genes which

were rot 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.

153



Table 4.91 miRNA mediated control of gene expression contributes to the lack of correlation between levels of gene and protein expres$icesented in this
table are postranscriptionally upregulated genes targeted by downregulated miRNAs which have eslesgy metabolism, RNA processing and translation.

Gene ID Gene Symbol| Gene Name Gene FC| Protein FC miRBaselD mMiRNA miRNA FC
ENSCGRG0000000075 Acly ATP Citrate Lyase 1.03 1.28 MIMATO0000703 | miR-361-5p -1.30
ENSCGRG0000001467 Aldh2 AldehydeDehydrogenase 2 Family Memb|  1.08 1.22 MIMAT0003283 | miR-6153p -1.39
_ ) MIMAT0000703 | miR-361-5p -1.30
ENSCGRG0000001088 Dsx3x DEAD-Box Helicase 3 XLinked 1.07 1.37 -
MIMATO0000441 miR-9-5p -1.56
ENSCGRG0000001665 Eif5 Eukaryotic Translatiomnitiation Factor 5 1.48 1.33 MIMAT0000441 | miR-9-5p -1.56
MIMATO0000732 | miR-378a3p -1.28
ENSCGRG0000000186 Enol Enolasel 1.14 1.20 -
MIMAT0003283 | miR-615-3p -1.39
ENSCGRG0000001523 Fsan Fatty Acid Synthase 1.05 1.20 MIMAT0003283 | miR-615-3p -1.39
ENSCGRG0000001395 Gotl GlutamicOxaloacetic Transaminase 1 -1.06 1.37 MIMAT0000441 | miR-9-5p -1.56
) MIMATO0000087 | miR-30&a5p -1.33
ENSCGRG0000001482 Hk1 Hexokinase 1 1.15 1.38 -
MIMAT0003283 | miR-6153p -1.39
MIMATO0000087 | miR-30&a5p -1.33
ENSCGRG0000001777 Ogdh OxoglutarateDehydrogenase -1.66 -1.19 -
MIMATO0000703 | miR-361-5p -1.30
ENSCGRG0000000530 Sf3l Splicing Factor 3b Subunit 1 1.19 1.34 MIMAT0003283 | miR-6153p -1.39
ENSCGRG0000001012 Sfpq Splicing Factor Proline And Glutamine Ri¢  1.09 1.37 MIMATO0003283 | miR-6153p -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 ratéClarke et al., 2012 owever this technique has yet to be
utilised using next generation sequencing to sthdyrole of miRNAs in the CHO cell
response to reduced culture temperature. Presented i@hhseris the usage of the
highest sequencing depth to date for profiling small RNAs in CHO-celler 4 times as
deeply sequenced as other miRNA profilingpestments carried out in CHO ce(ldackl

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 mMiRNAs which are expressed at a low enough exprdssrsuch they
would have been missed in previous experiméntaddition 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 4,08@daequenced called
incorrectly). After trimming adapters and barcode sequenid®aries were heavily
enriched for RNAs 223 nucleotides in sizghe same range as the majority of CHO cell
mMiRNAs in miRBasgsuggesting library preparation successfeltyiched for miRNAs.

Read s were aligned to the genome for the identification and quantification of miRNAs
revealing 10% higher alignment rates to the genome irteroperature shifted samples.
Alignment of these unaligned reads to the rRNA sequencesleeMie presence of reads
aligned to the external transcribed spacer sequehah 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 d8ll&8 reads aligned per sample

i indicating the 10% difference in alignment rate was due to increased rRNA derived
reads in temperature shifted samples which were removed during Hpsopessing.

In total 251 miRNAs not currently annotated in miRBas=e identified with scores
exceeding theniRDeepzhresholds for likely miRNAs with a confidence of#884. At

this confidence level a maximum of 86 of these miRNAs are estimated to be false
positives howevemiRDeep2applies a conservative approach evhoverestimates false
positives and therefore the true number of false positives is likely lower than this estimate
(Friedlander et al., 2008%iven the worst casgcenaricof false positives, an estimated

209 true positive miRNAs were identified in this studiycreasing 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 Griffithslones, 2014)Among these candidate miRNAs are 132 which
have seed regions orthologous to miRNAs reportedhiaranammalian species used as
input tomiRDeep2Orthologous miRNAs include miR90a5p, miR335, miR383-3p,
mMiR-4483p, mMiR8733p and mMiR939-5p. Each of these MIRNAs play a role in
inhibiting cellular proliferation and apoptogidan et al., 2018a; Shu et al., 2011; Su et
al., 2018; Zhao et al., 20189nd therefore illustrate the importance of identifying
previously uncharacterised miRNAs in understanding the CHO cell response to

temperature shift.

miR-290a5p is a rodenspecfic mMiRNA which has only been reported in mouse, guinea
pig and rat previously in miRBagRaikari et al., 2017miR-290 is expressed in a cluster

of the miRs290:295 in rodent germ celiswe also identified miR295 for the first time

in CHO cdis through this experiment suggesting rREB0 and miR295 are ceexpressed
during temperature shiffWu 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 expressionGifknla(Wang et al., 2008 miR-290-295
cluster miRNAs also play a role in suppression of &ugip through targeting of caspase
MRNAs(Zheng et al., 2011a)niR-939 has previously only been reported in Simiiformes
of the Primate order in miRBase (humans, chimpanamasigutans and macaques).
Expression of miR939 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 chemesistancéZhang et al., 2017bYhe expression of a novel miR
with the same mature seed as RIBO presents the first evidence of r9B9 expression

in mammalian species outside the simian order.

Differential expression analysis reveaB@imiRNAs differentially expressed in response

to mild hypothermia- 10 upregulated and 20 downregulated. Upregulated miRNAs
include miR7b, miR34a,miR-103, miR215 and miR6285p which have roles in the
regulation of proliferatior{Li et al., 2018; VychytiloveFaltejskova eal., 2017) miR-7
expression has previously been shown to result in decreased growth in CHO cells

(Sanchez et al., 20135 well as increased recombinant protein product(8grron et
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al., 2011) miR-7 has previously been idigfired as downregulated in temperature shifted
CHO cells but when overexpressed transiently results in a halting of the ce(lBawclen

et al., 2011) Conflicting reprts show that both overexpressi(@arron et al., 2011;
Meleady et al., 2012and depletior(Sanchez et al., 2014f miR-7 in CHO cells can
result in increased productivity. The mechanism of /m#&Reffect on cell growth is
through targeting genes such @2 and Psme3which regilate p2#P expression to
control of the G1/S phase transition of the cell cySl@nchez et al., 2013%tudies have
shown miR7 to regulate the expression of thesgene(Lee et al., 2006)a component

of the transcription factor AR which egulates cell proliferation and apoptogieswas
identified as the most downregulated gene in Chapter 2 (Section 2.3.4)-Mil1a FC
which may be a result of miR activity. As conflicting reports have shown both
upregulation and depletion of miRto positively impact productivity in CHO cells, miR

7 expression alone may not be sufficient to mimic the effects of temperature shift on
productivity. miR34a is a master regulator of tumour suppression whose expression is
induced by p53 and regulates pieration and cell survival genes includi@gndland

Cdké6 (Kelly et al., 2015b; Saito et al., 2015; Slabakova et al., 20hR-34a has
previously beenutilised as a target for cellular engineering in CHO cells, with ectopic
overexpression resulting in a halting of the cell cycle and depletion eBdaRncreasing
product yields(Kelly et al., 2015h) mir-34a was not observed as overexpressed in
previous CHO cell temperature shift experime(idarran et al., 2011; Gammell et al.,
2007) however our findings suggest differential expression of this highly expressed
mMiRNA contributes to the CHO cell response to mild hypothermia in conjunction with
miR-7. Upregulation of miR34a and miR7 may contribug to the decreased growth rate
we observed in temperature shifted cells throtegjulationof genes which regulate the
G1/S phase transition includi@kp2 Psme3andCcndl(Sanchez et al., 23; 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. fiR a positive
regulator of proliferation which has been shown to taBet2(Zeng et al., 2018and
Foxol(Liu et al., 2017)Sox2is a transcription factor which regulates differentiatand
growth genes including the epidermal growth factor recéggér(Chou et al., 2013nd
Ccndl(Luo et al, 2018)while the Foxol transcription factor regulates the cell cycle
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through supressing expression@iknla(Xie et al., 2012)and Cdknlb(Coomans de
Brachene and Demoulin, 2016hhibition of miR9 in MCF7 cells has previously been
shown to supress proliferatighiu et al., 2017)xand therefore temperature shift induced
downreguétion of miR9 at a1.56 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. rii®9a is a regutar of metabolic switching
between primary use of a Warbuggpe metabolism to OXPHO@®I| Azzouzi et al., 2013;
Zhanget al., 2015)miR-199a has been shown to target hexokifagdk2), pyruvate
kinaseM2 (Pkm32 (Zhang et al., 2015and peroxisome proliferat@ctivated receptor
delta P p a) (eliAzzouzi et al., 2013Which regulate Warburg metabolism. Knockdown
of miR-199a using miR antagonists results in decreased glucose \((Atekey et al.,
2015)anda shift from glycolysis to increased utilisation of fatty acids and OXPKDS
Azzouzi et al., 2013)miR-199a was identified as downregulated withla82 FC in
tempergéure shifted CHO cells. Downregulation of miR9a has been previously
reported in temperature shifted CHO céBsrron et al., 2011however the phenotypic

effects ofaltering miR199a 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 targetthrough 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 verificgRioao6n 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 arelyypical
highly conserved, particularly in the seed region and their target sites on mRNAs, and
therefore identified MIRNA:mRNA interactions should be transferable between
mammalian speciegFriedman et al., 2009 o reduce false positivemrget predictions

were restricted to differentially expressed genes, miRNAs aotdips as anttorrelated
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 assaiygavactions present ihargetScarand
minimum of one other database were utiliSeatgetScarhas been shown to outperform
other algorithms for the predication of miRNA targets and therefore predicted targets

were limited to only those in tHEargetScardatabas¢Agarwal et al., 2015)

Target predictions were identified in 726 differentially expressed genes (286 uprégulate
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 leastc@aelated
mMiRNA 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 EQchel) was highlighted in Chapter 2 as a
crucial regulator of the cell cycle in the G1/S phgkeivega et al.,, 2015) The
upregulated miRNAs mi, miR-103a and miRL92 (1.55, 1.91 & 3.01 FC respectively)
were identified as targets @fcnel Collectively these miRNAs may contribute teeth
downregulation ofCcnelby miRNA mediated transcript dec@lyvakawa and Tomari,
2015) miR-7 and miR103 have been experimentallylidated as directly targeting the

3 6 U T RCcneliusing luciferase reporter assaysao and Lonnadal, 2010; Zhang et

al., 2014) The cAMRdependent protein kinase inhibitor alpR&i@) gene is an inhibitor

of cAMP-dependent protein kinase A (Pka) which regulates OXPHOS by
phosphorylating mitochondrial proteirfécin-Perez et al., 2009 Downregulation of

Pkia has been shown to result in metabolic switching from a Warburg type metabolism
to OXPHOS in cancer celléXing et al., 2017) The Pkia gene was identified as
downregulated1.53 fold in temperature shifted cells (Section 2.3.4) and predicted as a
target of 4 upregulated miRNAsmiR-103a, miR7, miR-34a and miR221 (1.55, 3.01,

3.33, 1.4 FC respectively). Upregulation of these miRNAsesponse to decreased
culture temperature may contribute to decred®ad 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 bgiporming target predictions on differentially spliced genes. 1,274 genes
were predicted as targets of differentially expressed gerwswhich 838 were not

differentially expressed at the gene level. Alternative splicing has the potential to alter
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mRNAbi nding sites if splicing a(Hdnetcat,s t h
2018b) Of the genes undergoing alternative splicing and predicted as targets of
di fferentially expressed mi RNAMmayakeBtheivwer e
binding efficiency. Genes with roles in the cell cycle and energy metabolism were among
these targets including ATP synthase subepgilon(Atp5¢, acyFCoA synthetase long

chain family member §Acsl6, cyclin | (Ccn) and gowth factorreceptorbound protein

2 (Grb2). Atp5eis a subunit of the ATP producing complex V of the mitochondrial
electron transport chain which carries out OXPH@#&IirtadoeLopez et al., 2015)
Downregulation ofAtp5eis associated with reduced rates of OXPHOS and a Warburg
type metabolism in cancefslurtadoLépez et al., 2015)An intron retention event was
observed as downregulated with0a22 inclusion rate of the alternative splicing event in
temperature shifted cellatp5ewas predicted as a target of the downregulated-6diRR

which was differatially expressed at @.39 FC. The cyclin gen€cni has a role in
promoting progression of the cell cycle through the G2/M pkidagano et al., 2013)

and was identified as alternatively spli
upregulated in temperature shift with a 0.15 increased inclusiorO@atéewas predicted

as a target of the downregulated r8R-1.56 FC)i the targeting efficiencyfamiR-9 on
Ccnimay 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 alteringtfaostcriptionalregulation 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 i n t heHn®@aRbIgene.olhe miRNA& binding site was found to be
conserved in CHO cells at the chromosomal location JH000116.1:678/81376 with

100% sequence identity conserved between mammals, birds and reptiles. A differential
splicing event was observed to overlap tieigion resulting in the exon being skipped at

a higher rate in CHO cells cultured at a reduced temperatu2RSI). Upregulation of

this exon skipping event may resultHimrnpa2blevading postranscriptional silencing

by the upregulated mi®03a (1.5 FC).Hnrnpa2blis an RNA processing protein which

binds RNA containindd6-methyladenosiném®A) modifications to regulate alternative

splicing (Alarcon et al., 20159r mPA modified miRNAs to promote their procesgiby
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recruitment of Dgcr8 and Droslf#/u et al., 2018)m°A modifications are particularly
prevalent in pAMIRNAs and the efficient processing of the majority of miRNAs is
dependent om®A marking by the methyltransferase like 3 (Mettl3) enzyiflarcon et

al., 2015) If Hnrnpa2bl transcripts evade postnscriptional suppression due to
alternative splicing resulting in skipping of the mlR3a binding site themcreased
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 réporte
previously in plant species (where miRNA
coding sequencgPark and Grabau, 2017; Yang et al., 20d@veverthis is the first
reported case of an exon skipping in the

Overlapping differential gene and protein expression results in Section 2.3.5 revealed a
set of 153 genes identified as differentially expressed at dthigrehe protein or gene
level in the same direction suggesting the influence of-fpasscriptional regulation.
MiRNA regulation likely contributes to the pesanscriptional regulation of these genes
as miRNA targeting was able to explain 29.4% o$éheases due to up or downregulated
mMiRNAs predicted to target genes ptsinscriptionally regulated in the opposite
direction. Likely cases of miRNA targeting were identified in genes with roles in energy
metabolism, regulation of splicing and translatitncreased translational efficiency was
identified in regulators of mitochondrial energy metabolism including aldehyde
dehydrogenase Aldh2)(Kang et al., 2016)aspartate aminotransfera§&of1) (Abrego

et al., 2017)and oxoglutarate decarboxylasegdh (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 cancefAdakgo et al.,
2017; Bunik et al., 2016; Kang et al., 2018)dh2was unchanged at the gene (1.08 FC)
but differentially expressed at the protein level (1.22 FC) and is targeted b§1&iR

1.39 FC).Gotl was also unchanged at the gene levkl0Og FC) but upregulated at the
protein level (1.37 FC) and predicted as a target of the downregulatetl @156 FC).
OGDHwas downregulated at the gene lev&l@§6 FC) but did not pass the threshold set
for differential protein expression1(19 FC) anddentified as a target of the miRNAs
mir-30 and miR361 ¢1.33 and-1.3 FC respectively). Decreased ptanscriptional
suppression of these genes due to downregulation of miRNAs targeting them may

161



increase CHO cells capacity to carry out OXPHOS duringd rhypothermia by
producing acetylCoA 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 mMiRNAs expessed in the temperature shift response which may serve
as valuable targets for genetic engineering. -280Ra5p and miR2955p were both
identified for the first time in CHO cells and their expression in other species has been
demonstrated to regulateethell cycle(Wang et al., 2008nd supresapoptosi¢Zheng

et al., 2011a)Iincreasing the expression of m#R0a5p and miR2955p at the onset of

the stationary phase may enhance the effects of temperatura €HfQi cells and further
increase viability and productivity. Similarly, inhibition of m#Rexpression 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 manipulagithe expression of miRNAs such as
miR-199a(el Azzouzi et al., 2013; Zhang et al., 201Bpwnregulation of miRL99a in
temperature shifted CHO cells was first reported in 2(B4drron et al., 2011and
confirmed in this experiment. Finally, expression oRmM03a5p 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 regulatinBkia (Xing et al., 2017)

While miRNA target predictions were able to explain the lack of correlation between gene
and protein levels of expression in enzynme®Ived 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 oéwhfitially 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 techniquest be utilised which are capable

of identifying forms of postranscriptional regulation of gene expression besides miRNA

targeting such as differential translation efficiency.
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4.6 Conclusion

Presented in thi€hapteris an analysis of small RNA sequamg data generated from
CHO cell cultures shifted from 3C to 3TC. 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 experimemabling
characterisation of 251 previously unannotated miRNASRNA 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 alternativelycgaligenes revealed altered miR
103a targeting in thEinrnpa2bldue to a skipped exon event in temperature shifted CHO
cells resulting in the lack of a miRNA binding sitethe first event of its kind to be
reported outside of plant species. Finally, miRtdAgeting was able to explain 29.4% of

the genes undergoing pedsanscriptional regulation of gene expression identified in
Chapter 2. Genes with functions involved in mitochondrial energy metabolism were
identified which had no gene level expression geamduced by temperature shift but
were upregulated at the protein levepotentially due to downregulation of miRNAs
predicted to be their targets. Together these findings enhance our understanding of post
transcriptional control of gene expression iH@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 targetsdifferentially expressed miRNAs.
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Chapter 5

Translational responseassociated 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 pestanscription levels as evidenced mRNA profiling and
protein expressioanalysis It is likely that this phenomenon is due to a comtiamaof

both biological and technical factdrshe role of postranscriptional gene expression, as
well as an incomplete profile of the proteome. In Chapter 4 we examined the potential
role of mMiIRNAs in regulating gene expressamd a number ahiRNAs were identified

as differentially expresseaind found to target antiorrelated mRNAs which were not
differentially expressed at the protein levéB.86 of the genes undergoing post
transcriptional control of gene expression were however not explainedRbiAactivity

or alternative splicingln this Chapter a cutting edgenext generation sequencingethod

called ribosome footprint profiling (RiboSeig)applied

5.2 Introduction

5.2.1 Translation

In order for a transcribed mRNA to be processed into a priemucleotide sequence

must be translatdaly a ribosoméWatson et al., 2014The eukaryotic ribosome is a large
molecular machine consisting of 6 ribosomal RNAs which contrisppeoximatelyhalf

of the mass of a ribosome as well as 80 proteicsiding structural proteins and those

with roles in unwinthg mRNA and signalling(Wilson and Doudna Cate, 2012)
Translation is a carefully orchestrated sequence of events modulated by the sequential
binding of RNAbinding proteins to mRNAs and recruitmentrifiosomalRNAs which

can be split into 3 major phaseitiation, elongation and terminatiomitiation is the
process of assembling initiation factavghint h e 5 6 thelnfRNAotd recruit the
ribosome to the sthcodon to begin translation. The majority of translation events are
initiated by binding of translation initiation factors to tienethylguanylate cap and
poly(A)-tailwhicharemdded to the 506 and 306 ends of
processig of a premRNA. (Chu et al., 2016 MRNAs are prepared for ribosomieding

by the el F4F compl ex which includes el F4l
by the initiation factor elF4E while poly(A) binding proteinABP) binds the poly(A)

tail (Cheng and Gallie, 2013) The 56 and 36 ends of the
binding of elF4G a large scaffolding protein, to elF4E and PABP which results in the
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circularisation of the transcrigChu et al., 2016)eIF4G also contains binding sites for

the helicase elF4A which is recruitadd simulated by elF4B tanwind any secondary

RNA structures i n tstate to allow dcéess irilmosomal acoesso p e
(Andreou et al., 2016; Sokabe and Fraser, 2017)

Two ribosomalsubunits known as the large (60S) and smalb)40bunits assemble into

the functional ribosome complex (80S) capable of translating prdteemajor sites of
translation activity occur in3 cleftswithin the 80S ribosome whiatontain binding sites

for tRNAs - known as the aminoacyl (A), peptidyl (P) and exit (E) sit¥atson et al.,

2014) During translation amino acids are transported to the ribosome by binding of
aminoacytRNAs to the A site by complementarity between codons in mRNAtlaad
anticodons onthe tRNA. While in the cyoplasm the small ribosomal subunit is
assemblednto the 43S preinitiation complex through binding of the ternary complex,
elF1, elF3 and elF%Chu et al., 2016)The ternary complex consists of a methienyl
tRNA, GTP and thenitiation factor elF2 which positions the methioftANA in the P

site of the small subun{Kolitz and Lorsch, 2010)The iniiation factors elF1 and elFla
assist in the assembly of the fn@iation complex by binding the E Site and A site of the
40S subunit and interacting with elF2rexruitmethionyHRNA to the P sitéAitken and
Lorsch, 2012)elF1 however blocks the tRNA from fully entering the P site, keeping the
40S subunit in an open confaation which mRNA can move throug®bayashi 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 prénitiation complex can
then bind mMRNA i n t loeof&dAdRIFStwithret-4Gtdnforin nt e |
the 48S initiation complefChu et al., 2016; Pisareva and Pisarev, 2014)

Once bound to the 56UTR of an theRiRMNAInN he 4
an open conformation form the 56 to the
in the P site which binds to the anticodon of the methitlRRiMA through complementary

base pairindLomakin and Steitz, 2013Yhe base pairing betwedme start codon and
anticodon results in the GTP bound to the tertiary complex to be hydrolysed into GDP,
releasing components of the priiation complex including elF1, elF1A, elF2, elF3 and

elF5, freeing the E and A sites and enabling the tRNA tg &rlter the P site. Binding

of the initiator methionytRNA 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 ribdSidragashet

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

Figure 5.171 Translation Initiation. (A) The preinitiation complex is assembled

on small ribosomal subunits in the cytoplasm by binding of the initiation factors
elF3, elFla, elF1 and elF5. (B) Methylae®NA-GTP-elF2 is incorporated into

the P site, assisted by the interaction of elF2 &iB5. (C) The pranitiation
complex is then recruited to the 506 of an
binding of the complex to mMRNA, GTP is hydrolysed to GDP. (E) GTP hydrolysis
signals for the release of initiation factors elF3, elF1, elFla, elkbedR2which
releaseghe 40S subunit from elF4F to scan the mRNA until the Methyla®NA

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

Translation elongation follows inétion andis the stage of translation during which

amino acids are incorporated into a growing peptide cfidlatson etal., 2014)
Transl|l ation elongation factors (eEF&s) é
elongation by recruiting aminoae$RNAs to be incorporatedLi et al., 2013)
AminoacyHRNASs in the cytoplasm are bound by eEf3&P which upon binding of the

tRNA anticodon to the codon in the A site of the ribosome hydrolyse to GDP. The
aminoacytRNA is then released from eEFRGEDP and a peptide bond can be formed
between the amino acid in the A and P site, releasing it from the {RiN& 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 abdon
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theA siteT a process called tralocation which is driven by the elongation factor eEF2
(Zhou et al., 2014b The formation ofpeptide bond between amino acgdn the P site

and the A sits contribute to the movement of an mRNA through a ribosome as when the
peptide bond is formethe tRNA in the P site becomes deacetylalidte deacetylated
tRNA in the P site thehas a higher affinity for the E site whilst the tRNA in the A site
(still attached to the peptide chairas a higher affinity for the P sifé/atson et al., 2014)
eEF2 undergoes a conformational change when GTP is hydroseiting inaffinity

for the A site, rotating the smalbosomal subunigas it moves towards the A site and
moving the mRNAwith it through the ribosome chanr(@engupta et al., 2008yhe A

site is then free to be bound by another amineeRMA-GTP-eEF1 for the next round

of elongation.

Figure 5.2 Translation Elongation. (A) Once the ribosome is assembled and a
methylacyttrna is present in the P site, aminoatRNA-GTP-eEF1 is recruied to

the A site. (B) GTP bound to eEF1 is hydrolysed. (C) eEH1P leaves the
aminoacyttRNA 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 tathe 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 POsioméetteéedEFrom el ongation factor:
from (Watson et al., 2014)
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Subsequent rounds of elongation occur uihi stop codon(UAA, UAG or UGA) is
reached at thA site. Stop codons are recognised and bound by the tRNA shaped release
factor protein eukaryotic translational termination factor 1 (ETEEver and Green,
2012) ETF1 forms a complex with GFBound eukaryotic translational termination
factor 3 (ETR) 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 ctidaver andGreen,

2012) The release factor bound stop codon blocks further tRNAs entering the A site and
therefoe no aminoacytRNA can accept a peptide bond and the peptide chain is released
(Watson et al., 2014Ribosomal subnits and tRNAs then dissociate from the mRNA
and are recycled for use in further rounds of translation, a process coordinated by

recycling factor§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 before it is degraded,
amplifying the number of proteins in a cell from the number of mMRNA transcripts
expresse@Rodnina, 2016)The rate at which an mRNA is translated into protein (referred

to as translationalffcciency) can be selectively regulated to control gene expression post
transcriptionally to adapt protein expression in response to environmental $Giogit

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 ha&e been reported

for mRNA:protein in bacteria, yeast and mouse samil&ser et al., 2009)Lack of
correlation between mRNA and protein levels has also been obse@elDircells, such

as a studywhich identified 158 differentially expressed proteins with no change in the
MRNA level between fast and slow growing célarke et al., 2012)Another study
which compared rates of translation efficie€¥) to the levels of mMRNA in CHO cells
have shown a lack of correlation of mMRNA and mRNA undergoing translation in 95% of
genegCourtes et al., 2013)

A number of mechanisms contribute to rates of translational efficiermmttathe stages
of translational initiation and elongatidi@obet and Naef, 201L7miRNA mediated
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translational suppression can block translation initiation through the trinucleotide repeat
containing 6A (TNRCG6A) protein which bindee Argonaut component of the RISC
complex and is recruited to target mRN@yidge et al., 2017)TNRCG6A recruits the
initiation inhibitor elF4E2 to the elF4E binding site and prevents elF4E binding and
therefore the praitiation complex cannot be asseleth (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 acidgJoazeiro, 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(Giteing et al., 2013 odon specific elongation
rates can be influenced by the availability of tRNAs in a cell and the upregulation of
paticular tRNAs can positively regulate the translation rates of mMRNAs containing a
corresponding codoftobet and Naef, 2017)

Control of translation efficiency can regulate protein expression in response to
environmental stimuli and contribute to phenotypic changes such as durindGtlbss

and Naef, 2017)The mammalian target of rapamycmTOR) kinaseis a regulator of
translation which phosphorylates elF4E binding proteins to allow elF4E to bind initiation
factors required to assemble elF4F and themptiation complex(Morita et al., 2015)
MTOR activity can be induced in response to insulin or growth factors and regulates
mitochondrial agvity during the cell cycle by increasing the translational efficiency of
components of the electron transport chi@itorita et al., 2015) The initiation factors

e | FahdélF3are also involved in regulating the translation resp¢@be et al., 2016;
Leeetal.,2015Phosphoryl ation of elF2U is a mect
to decease global translation in times of stress or amino acid defici&uy et al.,
2016) The preinitiation complex component elF3 can also directly bind specific mMRNAs
involved in processes such as the cell cycle and apoptbgil selectively increases or
decreases translation of mMRNAs based on $t&m structures of its targefsee et al.,

2015)

The impact of postranscriptional 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 agfiiing either mRNA or protein levels may not be

sufficient to understand protein synthesis in CHO cell cultures on a genmaecale.

5.2.3 Polysome Profiling

Polysome profiling is a technique which is commonly used for the study of mRNA
translation (Chassé et al., 20LMlighly translated mRNAs are bound by more than one
ribosome at a given time in a complex known as a polysome while mRNAs with a low
rate of translation are bourmy a single ribosome (a monosomBplysomes have a
greater molecular mass than monosocmaggroperty which can be exploited to separate
MRNAs with high and low translation rat&ghen centrifuged through a sucrose gradient,
polysomes ar@ulled towards the bottom of the gradient with higher sucrose densities
while monosomes remain near the top in low density su¢fosea et al., 2003)The
gradient can then be separated into sucrose fractions which contain monosomes and
polysorres respectivelgnd represent mMRNAs with low and high translation rabédNA

can be released from the sucrose fractions and techniques such as gPCR and microarrays
applied toquantifymRNAs ineachfraction to identify transcripts with high or low levels

of translation(Chassé et al., 2017; Vyas et al., 200®)lysome profiling can be applied

to identify increases or decreases translation efficiency for thousands of genes
(Sampath et al., 2008)

5.2.4 RiboSeg Sequencing of ribosomerotected mRNA fragments

While polysome profiling can provide an overview of transcripts which are undergoing
high and lov 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 ribosepretected mRNA fragments (referred to as
RiboSeq) is a techniguwhich can also be appliedgtudy rates of translatigingolia et

al., 2009) The RiboSeq protocol aims to capture fragments of MRNA whigbratected

by a ribosome and therefore undergoing active translation (a ribquateetedootprint

(RPF) at either the stages of ribosomal initiation, elongation or Kgt@Glincy and
Ingolia, 2017)

5.2.4.1 Translation inhibitors

To arrest translation and capturdosomal footprints, inhibitors mudirst be used.

Several inhibitors have been used to arrest translation which enrich for different types of
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ribosomal footprintslepending on the stage of translation which they inhibit (Figure 5.3)
(Tzani et al., 2018)Treatment with antibioticecludinglactimidomycin, 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 theske (its bindhg site) is free from tRNA§Lee

et al.,, 2012) Presence of lactimidomycin in the dite therefore blocks translational
elongation from occurring as tRNAs are blocked from shiftnogn the Psite 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 ihiliting translation is unknown however
harringtonine is known to bind the #ite of ribosomes and hypothesized to block
formation of peptide bonds between the aminc#RNAS in the Asite and Rsite (Girel

et al., 2009)Puromycin carries out its translational inhibitory effect by acetylan g t h e
hydroxyl group on the end of a growing peptitlgNA chain in the P site, resulting in

the release of the peptide chain during the early stages of elongation and remaining bound
to the ribosoméClamer 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
freeang samples to stall translatioAndreev et hB, 2017; Tzani et al., 2018)
Cycloheximide works in a sittar fashion to lactimidomycinbjnding to the Esite of the

80S ribosomal subunithowever cycloheximide is smaller in size and can enter the E
site in the presence of deacylat&NA (which would be present during the elongation
phases of translatiorf).ee et al., 2012)Emetine also inhibits protein synthesis through
prewventing the translocation of the mRNA through the ribos@@maki, 1998) Emetine
irreversibly carries out this function through an incompletely understood mechanism
which does not rely on binding to thediie (Dang et al., 2011; Graber et al., 2013)
Anisomycin blocks ribosomes in an alternative rotated conformation which results in a
small footprint of 2622 nucleotides trapped in the ribosome during elong&iei and

Qian, D15) while chloramphenicol inhibits peptidyl transfer similar to harringtonine
(Bougas et al., 2017; Michel and Baranov, 2013)
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Figure 5.31 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 witha tRNA present in the E site. Coding region of mRNA transcript
depicted in green.

5.2.4.21 Purification of RPFs

With translation stalled and mRNA fixed inside ribosomes, cells are lysed and
subsequentlyreated with RNase (MGlincy and Ingolia, 2017)Ribosomalprotected
fragmentg(footprints)typically between 281 nucleotides in length are protected from
RNase degradation while unbound RNA is digesiekt anRNase inhibitor is added
andthenribosomes are akd to a sucrose cushiam 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 andstandad 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.

173



5.2.5 The applications of RiboSeq data

The major advantage of RiboSedalaver 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 rifd4iched 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. Polysomeprofiling does not provide any informatiafout thdocatiors within

a transcripbccupied by aibosomeandit is not possible to differentiate between active
translation of open reading frame coding regions and, for example, ribosomes stalled in
5 0 U Te§lons or nofprotein coding transcripts. Failure to distinguish betwa&NAs
undergoing active translaticeind those bound to stalled ribosonmesanstranscripts
bound but not being translated by ribosongas beincorrectly interpreted as high
translation efficiencyn polysome profiling experimentExamples of bound RNA which
could becapturedas a false positive in polysorfractionsinclude transcripts witktalled
translation such as ribosomes present in stress graiiedall et al., 2003)or

ribosomes queued for translatiPrordanova et al., 2018)

A property of RiboSeq reads is thlé majorityof 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 whileghiesated with

an initiation blockerhave alignments enrichet 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 utiR$eoSeq reads to
identify transcription start sites incluECtre(Chun et al., 2016)ORFRater(Fields

et al., 2015)and RiboHMM (Raj et al., 2016)ORFRater 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 tripletogkrity 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 translatiomicka could not have been observed using
polysome profiling(Jackson and Standart, 2015)rsti in addition to the canonical

coding region of a transcript, the pemce ofupstream 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 stiaat/siteeen
identified (Jackson and Standart, 2015econd, alternative translation initiation sites
have been identified on transcripts which can increase or decrease the length of a
transcript(Calviello and Ohler, 2017Jinally, utilising the triplet periodicity property of
aligned reads has enabled the identification of out of frame overlapping CDS regions in
a transcript whichencode dual codng transcripts(Malone et al.,, 2017) Other
translational ambiguities can be identified frohe tanalysis of RiboSeq data using
software such aRiboTools(Legendre et al., 2015RiboToolscan be used to identify
unexpected levels of ribosomal occupancy such as altered overall levels of a given amino
acid or codorenriched in RPFsetween sample conditions which may indécalbosomal
stalling. Ribotoolscan also identify stop codon rettttough if alignment of RPFs to a

gene extends past the stop codon which result in transcripts encoding proteins with C

terminal extensionfLoughran et al., 2014)

Application of sequencing technology as opposed to microarray or gPCR for footprint
quantification also provides the same benefits RB& has over these techniques for
analysis of the transcriptome to the study of the translatome. The throughput of
sequencing technodly enables quantification oibosomal occupancin 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 géfiag and Gerber, 2016)n addition

next generation sequencing is not dependent ordgfieed probes or primerand
thereforeit is possible to study translatio wovel transcriptsFinally, a more accurate

and informative calculation of translational efficiency of transcripts is possible by pairing
RiboSeq data witmatched controRNA-Seq to identify differences in expected levels

of translation given observedm@ession of MRNAs for a given gefigrar andWeissman,

2015; Xiao et al., 2016)A number of algorithms have been developed for identifying
differential translation includinéginota(Larsson et al., 201pBabel(Olshen et al., 2013)
andXtail (Xiao et al., 2016)

175



5.2.6Previous utilisation of polysome profiling and RiboSeqto 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., 2014fodon biagAng et al., 2016and recombinant mMRNA
loading(Godfrey et al., 2017)Courtes et al2013 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 grih 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 pathwayCourtes et al., 2014The nTOR pathway was induced in f#xhtch
cultures by increasing nutrient availability and inhibited using rapamycin treatment,
revealing enhanced translational efficiency of recombinant monoclonal antibodies light
and heavy chain in fedatch conditions.The findings of Courtes et al. were also
incorporated into the first CHO cell muftimics 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 gammahhance recombinant protein produciang et

al., 2016) Godfrey et al. used polysome profiling to investigate translation of IgG, finding
increased overHlevels of tranktional 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 titf@odfrey et al., 2017)

5.2.62 Application of RiboSeq to CHO cells

Despite thepromise of the techniquéo discover more about the production of
recombinant proteins uginRiboSeq, few studies have been carried out which have
applied this technique to CHO cellBo date a singlexample has beamportedin the
literaturehighlightingthe potential for the application of RiboSeq to CHO cells to inform
rational engineeringof cell lines to increase production of recombinant proteins
(Kallehauge et al., 201.7In thatstudy, samples of CHO cells were taken at two different
culture time points representing exponenfitly 3)and stationary growth phaggay 6)
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to observe differencemm translation between cells growing rapidly and metabolising

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

The useof RiboSeq in this study enabled the analysis of the efficiency of recombinant
protein translation, finding iis translated as efficientlgs hostcell proteins. Although
recombinant protein dominated the occupancy of ribosomes in both time points, the
Neomycin resistancéNeoR gene sequestered over 5% of the ribosaraphcity NeoR

was introduced as a resist® 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 theuthors usedsiRNA knockdown of NeoR resulting in
increased cellular growth and product titres attributed to increased ribosapaalty to
translate mRNAor growth and protein production transcrigisallehauge et al., 2017)
Successful application of RiboSaqthis 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 ff@n 37
to 31°C with samples generated in parallel to the RBEY data utilised in Chapters3
and4. The experimental design and aim of this experiment differs from tiatlehauge

et al in that their study focused on differences in ribosomal occupanceéetoulture
phases. The experiment presented in this chaptertoidentify differential translational
efficiency of genesn temperature shifted CHO cells by utilising matched RS&Y
controls. An additional aim is to identifgosttranscription gene gailation such as
alternative splicing omiRNA controlwhich contributes tthe CHO cellresponséo mild
hypothermiautilising the sequencing data from the previous chapters which was

generated in parallel
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5.3 Methods

5.3.1 Library Preparation & Sequendng

RNA for the preparation of RiboSeq and matched control F3¢4 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 .Harvested RNA samples taken from
biological quadruplicates of temperature shifted andteamperature 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 (lllumina Inc.) and RNASeq libraries generated using the TruSeq RNA
Library Prep Kit v2 (lllumina Ing. Ribosomal RNA was depleted prior to sequencing
using the RibeZero Gold rRNA Removal Kit (lllumina Inc.). Illlumina HiSeq2500
instruments were configured to sequence libraries to a minimum depth of 30 million
single end reads for 75 cycldgiboSeq sample preparation was carried out by Dr Paul

Kelly in Dublin City Univasity.

5.3.2 Quality assessment & Preprocessing

FastQC (Andrews, 201D was utilised forthe analysis of sequence quality of both the
RiboSeq and matched control Rh&eq reads. Reads28and>34 nucleotides in length

were removed fronthe RiboSeqdata(Diament and Tuller, 2016\ Bowtie(Langmead

et al., 2009)ndex was created containing the CIHFRNA sequencem RefSeq. RiboSeq

reads were aligned to this index with parameters configured for the alignment of short
readsi seed length reduced to 23 (frofime default of 28) and up to 2 mismatches
permitted in the seed alignmedihhgolia et al., 2009; Lintner et al., 201’ Reads which

could not be aligned (and were therefore-nbosomal RNA) weravrittento a FASTA
file by splerd fmtaridachad RMASEY data for each RiboSeq sample
waspreprocessed in the same way as RiboSeq data. The only exception was the removal
of the upper limit on the length filter processing step as mRNA reads should be above 34
nucleotides in length. Pygrocessing of matched RN8eq 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 thekGH@nome(Xu et al.,

2011) TheSTARG-genome Gener at ed6 mode was wused to
the splice junctions generated in Chapter 3 flomRNA-Seq data usingtringtie.Splice

junction overhangs were s®t33 nucleotide$ one less than the max read length of the
RiboSeq data to allow for optimal mapping. Reads were aligned to this inde>STgviy

with parameters configured for the optinmaapping 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 geaandex was generated using a splice
junction overhang parameter of 66 (one less than the length of the matche@djNA

data) and matched control RN#eq data was aligned without the alterations to the multi

mapping and seed search length parameters.

5.34 Qualitative analysis of RiboSeq read alignments

Qualitative analysis of RiboSeq read alignments can be used to further examine the
quality of the datasetas correctly producedRiboSeq libraries should display
characteristics such as triplet periodiomithin open reading frame regioiislichel et

al., 2016) The softwareRiboTaper(Calviello et al., 2016yas used to create pldisr

each readdngthsummarizing the coverage of the first aligned nucleotide around start
codons and stop codons for each géree pesence of triplet periodicity wasalysed

in these plots to determine the lengths of alignments which display the characteristics of
ribosomeprotected fragmentsased 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 RN&eq reads were mapptxthe genome, the number of alignments

for each protein coding gene was determinsohg featureCountgLiao et al., 2014)

Only primary read alignmentsvere counted folgenes based on thensemblgene
identifier. Read counts for genes with >1 CPM generated in the previous secten wer
used as input tdESeq2usi ng t he experi ment al desi gt
protocol :conditiond where protocol repr e:
RNA-Seq) and condition the experimental conditi®@r°C or 3¥C). The DESeq2
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algorithm(Love et al., 2014)vas utilised to identifigenes with @ {.5 fold change in
translational efficiency an®0.05 BH adjusted® value. The Bioconductor R package
xtail (Xiao et al., 2016as also applied to identify genes wittddil.5 fold change in
translational efficiency an@0.05 BH adjusted valueto confirmDESeq2results.

RNA-Seq
Control

Analysis of overall
quality with FastQC

I

Trimming with

cutadapt
l -
rRNA removal with CHO cell
bowtie TRNA fasta

Qced
RiboSeq
RNA + RPFs

—— <
Align with CriGri_1.0
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RiboTaper
Quantify

Ensembl
annotation

expression with
featureCounts

RNA + RPF
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DESeq2 & xtail

DE
translation
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Figure 5.47 Overview of RiboSeq analysis pipelineRiboSeq and matched RNA

Seq control reads were preprocessed by removing sequence adapters and applying
a read length and rRNA filterReads were aligned usin§TARto the CHOK1
genome ad quantified against annotated gene features. Triplet periodicity of
aligned reads was examined usiRgboTaperand DESeqg2and xtail were used for

identifying differential translational efficiency.
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5.4 Results

5.4.1 Quality Assessment and Alignment of Rilf®eqgand Control RNA-Seqdata
RiboSeq and matched control RN#eq data reads were geocessed to remove any
potential contamination of nembosomal protected readsd select only those within the
expected size range for RPRpplication of a length fter and removal of reads mapping
to rRNA resulted in the elimination @&n average 057.5%(48.3371.1%)(Figure 56)

and 18.619%(7.2528.51%)of the RiboSeq (Figure 5. Andmatched control RN/ASeq
datarespectively. Followingre-processing an average of 29n8lion (17.8-35.8 x 10)
RiboSeq ad 46.3 million (33.155.8 x 16) RNA-Seq reads remained2.4%b (28.9
51.67%) and 81.39%(71.592.8%) of the total sequenced reads respectively (See
Appendix 5A for complete QC analykis

QC
= Length Filtered
[ | rRNAFﬂtered

NTS 1 NTS 2 NTS 3 NTS 4 TS 1
Sample
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Figure 5.571 Pre-processing of RiboSeq dataA length filter and alignment to
rRNA to remove nofribosomal protected fragments was applied to all samples raw
sequence reads. An average of 42% (2B81967%) of the input reads were retained
after QC.
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Figure 5.6 717 Pre-processing of RNASeq matched control data.Raw reads were
pre-processed by applying a length filter and aligning to rRNA to remove
contamination and ensure consistency of-precessing between the RiboSeq and
matched RNASeq control dea. An average of 81.4% (71-%2.8%) of input reads
survived these stages of ppgocessing.

After initial pre-processing, both RiboSeq and matched RB&Y reads were aligned to
the CHO cell genome using annotation generated in Chapt&e&ndary read
alignmentsof multi-mapping alignments were discardedulting in an average of 22.56
million (13.2-28.8 million) RiboSey (76.86% alignment rate) and 40.7 million (29.18
50.14 million)RNA-Seq reads (B85% alignment ratealigned The average alignment
length of RiboSeq reads was in the range of the expected ribosomal protected fragment
sizel 29.3nt.featureCountsvas used to assign aligned reads to annotated protein coding
genegesulting in an average of 14.49 million (26.3 million) RiboSeq reads agned

to genes (8.83% of the total, 63.46 of the algned read$ Figure 5.7). 22.43 million
RNA-Seq reads were assigned to protein coding ger&4%4 of the total 55.26 of
alignedi Figure 58). Full read alignment statistics in Appendix 5A
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Figure 5.77 Alignment of RiboSeq data.RiboSeq reads were aligned to the CHO
genome usingSTARwith 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% (73.781.9%) of reads were successfully aligned and 43.16% (37.68
51.54%) assigned to protein coding transcripts.
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Figure 5.87 Alignment of control RNA-Seq data.RNA-Seq reads were aligned
to the CHO genome usin@TAR 85% (78.8388%) of reads were successfully
aligned and 45.94% (42-48.88%) assigned to protein coding transcripts.
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The quality of RiboSeq libraries was analysed by examining the triplet periodicity of read
alignments irthe CDS regions of annotated transcripts. Triplet periodicity was visible in
kmers of length 281 (Figure 3). P value offsets were also calculated using the distance
of read alignments upstream from start codons and identified as the expected 12
nucleotids in kmers of length 281 and 13nt for 334. The dropoff in coverage
upstream of-12 and downstream of the stop codonX8 indicates the majority of
RiboSeq reads align to CDS regions.

A Distance 5' - start codons B Distance 5' - stop codons
29 nt reads 29 nt reads
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|

Alignments
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|
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distance (nt) distance (nt)

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. (A)
Shown in green are reads dovgampled to 10% with the first aligned nucleotide in
the first open reading frame indicating the majority of reads of tkerp 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 efficiencywith DESeq2

DESeq2was applied tadentify genes with a BHdjustedP value(.05 andd 11§ fold
changein translational efficiency revealing differential translation efficiency in 385
genes (Appendix 5B). The translation efficiency of Ighes increasefbllowing a
reduction in cell culture temperature whik3lecrease¢Figure 5.0). The top 10 genes

with increased and decreased translational efficiency induced by temperature shift are
presented in Tablg.1.

< 7 * Translation Up
* Translation Down

H —'—‘_,-.'—_—-———-—-—-—-—----
N

RibcSeq log2FC
0
|

RNA-Seq log2FC

Figure 5.10 Transcriptomewide translational efficiency. In this plot are the fold
changes between levels of mMRNA in RN&eqg 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 represetit. & fold
change in translational efficiency.
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Table 5.11 Differential translation efficiency identified with DESeg2. Presented in this table
are the 10 genes with the most up and miegulated translationafficiency induced by

temperature shift identified usinESeq2 Full DESeq2differential translation results in
Appendix 5B.

Increased translation after TS

Gene ID Gene Symbol | Gene Name FC BH Adj. P
ENSCGRG0000000537 Dchsl i’a‘:hsous CadherRelated | ¢ g1 | 5 07 x 17
ENSCGRG0000001405 Nnat Neuronatin 6.99 | 3.77 x 16°
ENSCGRG0000000878 1125 Interleukin 25 544 | 1.11x 1
ENSCGRG0000001086] C130050018RiK Riken cDNA 5.06 | 2.83 x 1¢?
ENSCGRG0000001444 Apln Apelin 4.68 | 4.98 x 1®
ENSCGRG0000000203{  HistLh2bl | Histone Cluster 1 H28 3.58 | 1.35 x 10?2

Family Member L
N(Alpha)-Acetyltransferase

ENSCGRG0000001975 Naall 11, NatA Catalytic Subunit 3.34 | 3.34x 16
ENSCGRG0000001433]  Arid3b AT-Rich Interaction 3.29 | 2.91 x 1@
Domain 3B
ENSCGRG0000000104 1131ra Interleukin 31 Receptor A | 3.13 | 5.01 x 1¢°
ENSCGRG0000001932{  Histihie | Histone Cluster1HL Family , g | 4 75 » 18
Member E
Decreased translation after TS
Gene ID Gene Symbol | Gene Name FC BH Adj. P
ENSCGRG0000001426 Ebf4 Early B Cell Factor 4 477 | 2.73 x 102
ENSCGRG0000001139 Wnt4 wnt Family Member 4 -4.28 | 2.52 x 10P?
ENSCGRGO0000001799 -4.25 | 1.86 x 162
ENSCGRG0000000267 Dhfr Dihydrofolate Reductase | -4.08 | 4.96 x 167
ENSCGRG0000001669(  Ccdc1zs | Coiled-Coil Domain -4.00 | 455 x 162
Containing 125
Vascular Endothelial >
ENSCGRG0000000645 Vegfd Growth Factor D -3.85 | 1.47 x 1&
ENSCGRGO0000000526 -3.62 | 6.35 x 164
ENSCGRG0000001659 Nr4al Nuclear Receptor Subfamil) 5 471 4 40 x 1

4 Group A Member 1
Ribosomal Protein Lateral 20
ENSCGRG0000001971 Rplpl Stalk Subunit P1 -3.36 | 1.03 x 10
N(Alpha)Acetyltransferase

16, NatA Auxiliary Subunit

ENSCGRG0000000169 Naal6 -3.20 | 4.95 x 107

5.4.3 Differential translation efficiency identified usingxtail

In addition toDESeqg2the xtail algorithm was utilised to identify differential translation
efficiency induced by temperature shift. Differential translation efficiency was identified
in 430genes 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-i Differential translation efficiency identified with xtail. Presented in this table are

the 10 gengwith the most up and downregulated translational efficiency induced by temperature
shift identified byxtail. Full xtail differential translation efficiency results in Appendix 5C.
Increased translation after TS

Gene ID Gene | Gene Name FC | BHAdj. P
Symbol
ENSCGRG0000000537( Dchsl | Dachsous cadherrelated 1 7.59 3.55 x 102
ENSCGRG0000001444] Apin | apelin 460 | 2.42x1@
ENSCGRG0000000203 Histone H2B type 1 357 | 4.87 x 16°%
ENSCGRG0000001975] Naall ’;'{a'pha)acety'”a”Sferase 335 | 8.22x10
ENSCGRG0000001433] Arid3b g\g rich interactive domain | 5 55 | 5 gg, 12
ENSCGRGO0000000143] Tex33 | Testis expressed 33 3.22 4.81 x 1@
ENSCGRG0000000555 3.10 | 1.05x 16°
ENSCGRG0000001932{ Histlhle| Histone cluster 1, Hle 2.98 4.68 x 10P2
ENSCGRG0000001854 Nucleoporin SEH1 2.95 9.04 x 16

Zinc finger and SCAN
domain containig 22

Decreased translation after TS
Gene

ENSCGRG0000001228} Zscan22 2.93 5.45 x 16

Gene ID Gene Name FC BH Adj. P
Symbol
ENSCGRG0000000963{ Cspgs | Chondroitinsulfate 419 | 3.55x 1@
proteoglycan 5
ENSCGRGO0000000267| Dhfr Dihydrofolate reductase -4.08 1.53 x 167
ENSCGRG0000000645| Vegfd ]};i‘:’g;"[";“ endothelial growt 3 o1 | 1 gg x 1¢°
ENSCGRG0000000526 365 | 9.47x 10t

Nuclear receptor subfamily
4, group A, member 1
ENSCGRG0000001971 60S acidic ribosomal 337 | 2.10 x 16°
protein P1

Bone morphogenetic protei
6
N(alpha}acetyltransferase
16, NatA auxiliary subunit
ENSCGRG0000000471 Sodium channel and 310 | 7.85x10
clathrin linker 1

NLR family, pyrin domain

containing 6

ENSCGRG00000016591 Nrdal -3.47 4.55 x 16°

ENSCGRG0000000959( Bmp6 -3.25 571 x 16

ENSCGRG0000000169} Naal6 -3.20 2.00 x 1¢*

ENSCGRG0000000780{ NIrp6 -3.03 4.45 x 10
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5.4.4 Overlap ofDESeq2and xtail differential translation efficiency results

Two approaches were utilised for identifying differential translational efficiéndil
and DESeq2 Translational efficiencydid changesalculated bythese two algorithms
were highly correleed with an Rvalue of 0.998 an@ value of 2.2 x 146 (Figure 5.11).

| * DESeq
= XTail
Both

xtail TE fold change

DESeq?2 TE fold change

Figure 5.117 Correlation of translational efficiency fold changes calculated

using DESeg2and xtail. A Pear sonés correlation test \
changes ofDESeq2and xtail. Fold changes were consistent between the two
algorithms with an (Rof 0.998 and a P value of 2:210°°,

Despite high correlation of fold changes, there were differences in the number of genes
identified with statistically significant differer translation efficiency. Differential
translation efficiency identification witbESeq2revealed 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 altfumsi with 351 genes identified using both

algorithms (Figure 5.12).
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34 351 79

Figure 5.12 17 Overlap of the genes identified with differential translation
efficiency using DESeq2 and xtail. 91.17% of the genes identified with
differentially translated bypESeq2were also identified usingtail.

While the results oDESeg2andxtail were largely in accordanceith each othei 34

genes were identified bipESeq2and 79 byxtail which were not identified with
differential translation efficiency by the other algbm. No discernible pattern could be
obtained to explain why this is the cdsem fold changes alon@-igure 5.2) but for

each of the cases where a gene was identified as differentially expregsatbaot not
DESeqg2hey were borderline cases and close to the thresholds for significance (Figure
5.13).

20

-1 * DESeq
XTail
* Both

15

-log10 BH adj. P value
10
|

log2FC TE

Figure 5.13 Volcano Plot of differentially translated genesln 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 DESeq2while blue and orange points are uniquely identified as
significantly differentially expressed bYESeq2and xtail respectively.
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In order to reduce fads positives further analyses were restricted to the 351 genes
identified with differential translation efficiency by bolPESeqg2and 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 HPESeq2and xtail. Differential translation efficiency was identified

in 351 genes using boESeqZandxtail. Full differential translation results in Appendix 5D.

GenelD Gene Symbol| Gene Name Fold Change | DESeg2 BH Adj. P | Fold Change | Xtail BH Adj. P
ENSCGRGO0000000537| Dchsl Dachsous CadherRelated 1 8.81 2.02x 102 7.59 3.55x% 102
ENSCGRG0000001444| Apin Apelin 4.68 4.98x 102 4.60 2.42x 102
ENSCGRGO0000000203{ HIST1H2BL | Histone H2B type 1 3.58 1.35x 1022 3.57 4.87x 1036
ENSCGRGO0000001975| Naall N(Alpha)Acetyltransferase 11, NatA Catalytic Subur 3.34 3.34x% 103 3.35 8.22x 104
ENSCGRG0000001433| Arid3b AT -rich interaction domain 3b 3.29 2.91x 102 3.30 2.88x 102
ENSCGRGO0000001932{ Histlhle Histone Cluster 1 H1 Family Member E 2.98 4.72% 1038 2.98 4.68x% 1052
ENSCGRG0000001228| Zscan22 Zinc Finger And SCAN Domain Containing 22 2.95 2.15%x 102 293 5.45%x 103
ENSCGRG0000000216{ Tdg ThymineDNA glycosylase 2.81 1.45x 102 2.81 1.33x 103
ENSCGRG0000000892| Smpd2 Sphingomyelin phosphodiesterase 2 2.80 3.25x% 102 2.82 1.28x 102
ENSCGRGO0000000290| Art3 ADP-Ribosyltransferase 3 277 1.89% 102 2.81 2.18x 102
ENSCGRG0000000267| Dhfr Dihydrofolate reductase -4.08 4.96x 1067 -4.08 1.53x 109
ENSCGRG0000000645| Vegfd Vascular Endothelial Growth Factor D -3.85 1.47x 102 -3.91 1.86x 103
ENSCGRG0000000526 -3.62 6.35x 104 -3.65 9.47x 104
ENSCGRGO0000001659{ Nrd4al Nuclear Receptor Subfamily 4 Group A -3.47 1.40% 103 -3.47 4.55x 103
ENSCGRG0000001971| Rplp1 60S acidic ribosomal protein P1 -3.36 1.03%x 1032 -3.37 2.10x 1030
ENSCGRGO0000000169{ Naal6 N(Alpha)Acetyltransferase 16, NatA Auxiliary Subur -3.20 4.95x% 108 -3.20 2.00x 10%
ENSCGRGO0000000471| Sclt1 Sodium Channel And Clathrin Linker 1 -3.18 0.34x 10% -3.10 7.85x% 103
ENSCGRG0000000950 -3.02 5.10x 10° -3.02 6.40x 10°
ENSCGRG0000000005 -2.96 1.40x 10* -2.96 7.94x 108
ENSCGRG0000001689| Moxd1 Monooxygenase DBH like 1 -2.69 1.22x 102 -2.70 9.97x 10%
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DAVID was usedor gene ontology analysan the 351 genes identified as differentially
translated by botbESeqgZandxtail. 19 GO categories were identified as enriched with
a BH adjusted P value of < 0.05 (Table 5.4). FDAVID results are presented in
Appendix 5E.

Table 5.41 Enriched gene ontobgies in differentially translated genesPresented in this table
are the enriched GO categories in differentially translated genes sorted by their adjusted P value.

ID Term Count | % | BHadj. P
o002 S e e casn s amepaens | © | 2 | 2a1x10’
G0:0034645| cellular macromolecule biosynthetic process 107 35 | 1.11x 10?2
GO0:0071357| cellular response to type | interferon 9 3 | 1.48x10?
G0:0060337| type | interferon signaling pathway 9 3 1.48x 102
G0:0034340| response to type | interferon 9 3 | 1.64x10?
G0:0072331| signal transduction by p53 class mediator 12 4 | 2.44x 107
G0:0006355| regulation of transcription, DNAemplated 79 26 | 6.14x 10?2
G0:0051171| regulation of nitrogelcompound metabolic process 92 31 | 5.96x 10?2
G0:1903506| regulation of nucleic acitemplated transcription 79 26 | 5.68x 10?2
GO0:0006974| cellular response to DNA damage stimulus 27 9 | 5.54x10?
G0:0051252| regulation of RNA metabolic process 81 27 | 5.34x 10?
G0:2001141] regulation of RNA biosynthetic process 79 26 | 4.95x 10?2
G0:0097659| nucleic acidtemplated transcription 81 27 | 4.84x 10?
G0:0033554| cellular response to stress 46 15 | 4.55x 10?
G0:0007049| cell cycle 44 15 | 4.54x 10?
GO:0006357 L?gumliig)rn of transcription from RNA polymerase Il 47 16 | 4.39x 102
G0:0006351] transcription, DNAtemplated 78 26 | 4.14x 10?
G0:0010468| regulation of gene expression 90 30 | 4.29x 10?2
G0:0019219 ;fgg;‘gﬁg S:Orl"e‘;f:Oba&m”tai”i”g compound 86 | 29 | 4.21x 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 ©htiheand
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 17 Read counts of genes with differential translation efficiency.
Presented in this plot are library size normalised log2 readts for RiboSeq data
and matched RNASeq controls. For each of these genes the RPF counts are
significantly different in each condition while the RN&eq counts either do not
change or are changed in the opposite direction.
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Figure 5.15 171 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 differenagsafiganent between
the NTS and TS conditions. Translation is decreased in temperature shifted cells (RPF tracks) however mRNA levels aeéd ifRN&as
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5.4.5Comparison of differentially translated genes to those previously reported as

differentially translated in rapidly proliferating cells

Genes identified as differentially translated using both DESeg2 and xtail were compared to a
previous report which utilised polysome profiling to identify genes associated with rapid
proliferation in CHO ce#l (Courtes et al., 2013)0f the differentially translated genes in

Courtes et al. 8 were identifleas 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(@ourtes et al., 2013yere compared

those differentially translated in temperature shifted CH@ celealing 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 . Courteset | DESeqg2| DESeq2| Temperature
ID Gene Name I ntensity TE al. result FC P Value | shift result
Dph3 D!phtham|Qe 2954 0.38 Translation 2 46 0.0028 Translation

Biosynthesis 3 down up
E2f1 E2F Transcription 1795 0.25 Translation 1.8 2.155x 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 % Translation
Spsb2 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 Translation Translation
Hivepl | Virus Type | 217 0.34 -1.7 0.012
- down down
Enhancer Binding
Protein 1
RNf123 Ring I_:|nger 3017 157 Translation 152 0.018 Translation
Protein 123 up down
. Translation 1.36 x Translation
Tspanl?7| Tetraspanin 17 3288 0.48 down -1.87 108 down

5.4.6 Highly translatedgenes 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 chanigi@ma given condition
greater than 1 and 479 were poorly translated withléog2FC (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 5.61 Genes with over 10 fold translation efficiency unaffected by temperature shifGenes with a less than 0.1 fold change in translation
efficiency and a greater than 10 fold translation efficiency within a condition are presetiies table.

Gene ID ggsseel\%an Scjr?]rl;ec)I Gene Name NTE’CTE Tig E FC P adj
ENSCGRG0000001802 375 Myadm | Myeloid associated differentiation marker 46.37 43.36 -1.07 0.84
ENSCGRG0000001658 1550 Hmgn5 | High mobility group nucleosome bindimgppmain 5 38.08 35.57 -1.07 0.87
ENSCGRGO0000001210[ 2879 Fus FUS RNA binding protein 37.43 36.11 -1.04 0.88
ENSCGRG0000001952 55 Ddal DET1 and DDB1 associated 1 23.17 221 -1.05 0.89
ENSCGRGO0000002002[ 2912 Hist1h2bg| Histone H2B type 1 21.77 22.35 1.03 0.89
ENSCGRG0000001502 156 Tfap2a | Transcription factor AR, alpha 20.9 20.73 -1.01 0.98
ENSCGRG0000001108 944 Sf3a2 | Splicing factor 3a subunit 2 16.29 15.26 -1.07 0.75
ENSCGRG0000001258 220 Ndrgl N-myc downstream regulated 1 14.38 14.33 -1 0.99
ENSCGRG0000000220 650 Acsf2 Acyl-CoA synthetase family member 2 13.34 13.28 -1 0.99
ENSCGRG0000001284 79 Creb5 | CAMP responsive element binding protein 5 13 13.9 1.07 0.93
ENSCGRG0000001020 283 Prrx1 Paired related homeobox 1 11.37 10.81 -1.05 0.84
ENSCGRG0000001556 457 Crtcl CREB regulated transcription coactivator 1 10.84 11.18 1.03 0.9
ENSCGRG0000000814| 3971 Lpl Lipoprotein lipase 10.5 10.48 -1 0.99
ENSCGRG0000000254 434 Terf2 Telomeric repeat binding factor 2 10.43 9.75 -1.07 0.77
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5.47 Differential translation efficiency in alternatively spliced genes

Of the 351 genes with differential translation efficiency, 99 were identified as
alternatively spliced in Chapter 3 (Append®. Gene ontology analysis revealdg
enriched GO terms among these genes including the G1/S phase transition checkpoint,

regulation of cell cycle arrest and cellular response to stress (T@phppendixH).

Table 571 GO terms enriched in alternatively spliced and differentially trandated genedn
Chapter 3 temperature shift induced alternative splicing was identified in 1,274 genes. Differential
translation efficiency was observed in 99 of these gddA¥.ID was used for gene ontology
analysis on these 99 genes revealing the GO tpresented in this table as the top 10 enriched
biological processes.

Term Count Emii ﬁ'%ent BH. Adj. P
GO:0000077~DNA_damage_checkpoint 9 12.98 8.24 x 10
GO0:0031570~DNA _integrity _checkpoint 9 12.16 6.78 x 10
GO0:0006974~cellular_response_to_ DNA_damage_stim 17 4.50 4.63 x 10

G0:0044773~mitotic_ DNA_damage_checkpoint 7 14.94 3.45 x 16
G0:0044774~mitotic_DNA_integrity_checkpoint 7 13.96 4.08 x 16°
GO0:0000075~cell_cycle_checkpoint 9 8.39 3.58 x 1
7
6

GO0:0071156~regulation_of _cell_cycle_arrest 13.84 3.07 x 1¢

G0:0072413~signal_transduction_involved_in_mitotic_c
_cycle_checkpoint
G0:1902402~signal_transduction_involved_in_mitotic_[
A_damage_checkpoint
G0:1902400~intracellular_signal_transduction_involved]
~G1 DNA damage checkpoint

20.33 2.69 x 16°

6 20.33 2.69 x 16°

6 20.33 2.69 x 16°

Alternatively spliced genes with differential translation efficiemmudethe BTG Antt
proliferation Factor 2 genBtg2 which has role in regulation of the cell cycle (GO
:0000079. The translation efficiency of tH&tg2 gene was upregulated 1.66 fold with a
BH adjusted P value of 1.5910° (Figure 5.17).
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Figure 5.17 Alternative splicing induced differential translation efficiency ofBtg2. (A) The translation efficiency of th8tg2 gene was
upregulated 1.66 fold in temperature shifted cells (higher coverage in RPF tracks). NTS samples represented imreldeT$B) Btg2 was
identified as alternatively spliced, with decreased intron retention in TS samples. (C) The intron retention event adjees tteading frame
of the transcript, resulting in a truncated and altered amino acid sequence (The @hnsexcence is labelled with the transcript ID
ENSCGR0000008563).
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5.48 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
(Appendix5l). 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 whictewet a target

of miRNAs or identified as alternatively spliced in ChaptéABpendixJ).
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Figure 5.18 i Differential miRNA expression may be responsible for the
differential translation efficiency of 25% of genes miRNA targets were predicted
on 88 gers with differential translation efficiency in the opposite direction to the
differential expression of the miRNA. miR92-5p was found to target the most
genes, with 18 predicted targets downregulated.

miR-1925p (1.91 FC) was found to target the most egeril8) with differential
expression in the opposite directibnncluding dihydropholate reductaseh(fr) which
was the gene with the largest decrease in translational efficien@8 £C). Differentially
translated genes with roles in translation, #leaycle and apoptosis targeted by miRNAs

differentially expressed in the opposite direction are presented in T8ble 5.
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Table 58 i Differentially expressed miRNAs predicted to target genes with anttorrelated differential translation efficiency. Anti-correlated miRNA
expression was able to explain 88 of the 351 cases of differential translation efficiency identified. Presented irattegytaise identified with a role in translation,
apoptosis or regulation of the celicle which had differential translation efficiency and a predictedcantelated miRNA target (Full table in Appendi.

Gene ID Gene Symbol| Gene Name TE FC | BH adj. P miRBase ID MiRNA miRNA FC
) . MIMAT0003283 | miR-6153p -1.39
ENSCGRG0000001554 Gdfl1l Growth Differentiation Factor 11 1.69 | 3.22x 16 -
MIMAT0000441 | miR-9-5p -1.56
MIMAT0000232 | miR-199a3p -1.32
ENSCGRG0000001470 Ddit4 DNA Damage Inducible Transcript 4 1.60 | 1.65 x 16° | MIMAT0000087 | miR-30a5p -1.33
MIMAT0003283 | miR-6153p -1.39
ENSCGRG0000000078 Eif2s2 Eukaryotic Translation Initiation Factor 2 Subunit B¢ 1.77 | 8.41 x 16° | MIMAT0000727 | miR-374a5p -1.52
ENSCGRG0000001248 Eif4g3 Eukaryotic Translation Initiation Factor 4 Gamma 3| -1.77 | 6.10 x 1¢° | MIMAT0000278 | miR-221-3p 1.40
ENSCGRG0000000581 Apoptl Apoptogenic 1, Mitochondrial -2.00 | 7.30 x 10 | MIMAT0000255 | miR-34a5p 3.33
ENSCGRG0000001636 Sh3glbl SH3 Domain Containing GRB2 Like, Endophilin B1| -1.63 | 1.03 x 1¢* | MIMAT0000252 | miR-7-5p 3.01
ENSCGRG0000001345 Src SRCProtoOncogene, NoiiReceptor Tyrosine Kinasg -1.58 | 1.66 x 10 | MIMAT0000255 | miR-34a5p 3.33

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

Of the 153 genes identified in Chapter 2 as uncorrelated at tiecagel protein level, 3 were identified as differentially translated (Ta®)leEach of
these genes have protein fold changes in the opposite direction to wRkpedted given the gene fold changes even when translational efficiency is
accounted for.rl addition to these genes, tRé&osomal protein S1Rpsl2)gene was detected in proteomies.13 FC,0.18 P value), identified in

gene expression data at a 1.09 BOIP value) and had downregulated translational efficieric® FC, 4.08< 102?).
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Table 5971 Gene, translation efficiency and protein fold changes of genes identified as differentially translated and uncorrelated aetgene and protein
levels.Presented in this table are gene level fold changes identifiedEBgg2o analyse RNASeq data, translation efficiency calculated ushigseqao analyse
RiboSeq data and protein level fold changes calculated using an ANOVA testMSIMS data.

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

ENSCGRG0000000267 Dhfr Dihydrofolate reductase -1.11 | 1.43x10% | -4.08 4.96x 10%7 1.36 3.09x 10°
ENSCGRG0000001390 Rplp0 Ribosomal protein lateral stalk subunit PO 1.22 1.09x 108 | -1.84 2.17x 10%° 1.40 2.28x 10°
ENSCGRG0000001698 Eif3j Eukaryotic Translation Initiation Factor 3 Subuni  1.15 5.49x10% | 1.66 1.61x 10% -1.57 8.54x 10°
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5.5 Discussion

In this Chapteran exciting, revolutionary technique to monitor how cells control the
production & 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 @\Ang et al.,

2015) Contamination levels were redudeeforelibrary preparatn by performing size
exclusion- excising bands on a gebrcesponding to the 281nt size ranges on a ladder

and by treatig RNA libraries with RibeZero Gold (Bazzin et al., 2014)

To remove contamination during bioinformatics analysis stringent filters were applied to
remove potential neRPF derived reads and reduce false posi{ieésment 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 los8%f@&he

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 aeseme |
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., 2015While a loss of 57.5% of sequencing reads due to
removal of rRNA and length filterg 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 prprocessingRiboSeq experiments have previously been performed
with considerably lower readeg@th, for example, 4.67 million neguality 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 studyrenrecent
experiments which have apgdl RiboSeq to mammalian cell linead30 million RPFs

remaining after quality prprocessingCalviello et al., 2016)

When aligned to the CH®1 genome, 56% of reads uniquely mapped which is
considerably higher than the lowvlds (1620%) of uniquely mapped reads often
observed in RiboSeq experimeri@onzalez et al., 2014; Wang et al., 201&)urther
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19.3% of reads mapped to multiple locations in the gemvalnieh arise due to ambiguous
alignment of short read#\ single primary alignment was randomly selected to distribute
these eads 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 packB§&eqg2and

xtail were selected to identify differential translation efficiency using RiboSeq and
matched RNASeq control data as these algorithms have been shown to outperform other
software in sensitivity and specificity when using simulated daté@et#in et al., 208).

A Wald test was utilised usifdESeqdLove et al., 2014yvhile a joint probability matrix

was used irxtail (Xiao et al., 2016)o identify differential translation efficiency. Despite
differences in the statistical methodology used in these software packages thiferen
translation efficiency results were highly correlated (99.98 P increase the stringency

of differential translation efficiency results, only those genes called as such with statistical

significance in both these algorithms were carried forwardufoher investigation.

Differential translation analysis revealed 351 genes with altered translation efficiency
induced by temperature shiftl29 upregulated and 222 downregula@®éne ontology
enrichmentanalysis of differentially translated genesaalsthatthe most significantly
enriched GO categories include fRrewibus cyc
studies have investigated the temperature shift response at the level of the transcriptome
and reported decreased global transcrip{iom et al., 2015)and differential expression

of energy metabolism, apoptosis and cell cycle gdBesloyal.6pez et al., 2016)
Differential translation efficiency results therefore shoat only are cell cycle genes
regulated at the level of transcription but also undergo differential transiadioced by
temperature shift.

Differentially translated genes which may contribute to the decreased growth rate
observed in CHO cells cultured at a reduced temperature in€dé&lb,Cdkn2c,
Fbxw7, Gdfll andBtg2 Cyclin dependant kinase 116dk11h -1.72 FC in TR is
expressed in the G2 pleasf growth and regulates duplication of the centrosome during
mitosis through recruitment of the proteins Centrosomal protein 192 (Cepl192) and
Serine/threoningrotein kinasé€Plk4) to the centroson(&ranck et al., 2011Pecreased

Cdkl1lbtranslation suggests less cells are undergoing mitosis and may contribute to the
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reducedgrowth rates observed in temperature shifted detisthe cell cycle to progress
past the G1 phase Ccndl must form a complex with the kinases Cdk4 oiMznfide et

al., 2015) Translation efficiency of the Cyclin dependent kinase inhibitor@dki29,

an inhibitor of Cdk4 and Cdk@alili et al., 2012)increased..98 fold in reponse 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, 2003 xpression of the4ox and WD repeat domain
containing 7 Fbxw?) gene results in ubiquitination and degradation of Cyclin E to
prevent cell cycle progressiofibusuki et al., 2011)Fbxw7 translation efficiency
increased 2.66 fold in temperature shifted cells which would resuitreased Foxw7
protein expression andedradation of Cyclin E, contributing to the halting of the cell

cycle.

Suppression of mMIRNA mediated translation repression due to downregulation of
miRNAs may also impact the growth rate of CHO cells cultured at a decreased
temperature. The downregulatedRNAs miR6153p (-1.39 FC) and miF®-5p (-1.56

FC) were predicted to target the Growth differentiation factoGHEY1) gene which had

an increased translation efficiency of 1.69 in temperature shifted cells. Gdf11 is a negative
regulator of the cell ayte that inducesxpression of the Cyclin D and E inhibit©dknlb

(Ray et al., 2009; Shi and Liu, 2011; Xu et al., 199%)e DNA damage inducible
transcript 4 Ddit4) gene had a 1.6 fold increase in translation efficiency and was
predicted as a target of 3 downregulat@@®NAS - miR-199a3p (-1.32 FC), miR30a

5p (1.33) and miR6153p (-1.39 FC).Recent eerging evidence haslentified the
mechanism of p53 action to halt the cell cy@anic et al., 2018yevealing p53 driven

cell arrest is induced throughetbdit4 gene. Decreased expression of the miRNAs-miR
199a3p, miR-30a5p, MiR6153p and miR9-5p 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 suclkd&llandDdit4.

The BTG antiproliferation 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 36 fold in temperature shifted celRetenion of this intron results in an
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insertion to the coding sequence of the transcript wtetises a truncated protein with a
premature stop codon. As the transcript containing the interrupted open reading frame is
downregulatedl.2 fold it is expected that translation efficiencyBtfj2 would increase.

Btg2 inhibits proliferation in the G1 phase through downregulation of Cyclgeies
(Ccnel& Ccnel - whichwereobservedn Chapter 2with -1.71 and-2.51 fold clanges
respectively(Boiko et al., 2006)Btg2was also identified as a target of r®R-1.56 FC)

and theincreased translation efficiency of this gene may be a result of both differential

transcript usage and decreased miRNédiated repression.

Differential translation efficiency was also observed in genes which may impact the
metabolic efficiency of CHO cellsMitochondrial Ribosomal Protein L54M§pl54)
encodes the large 39S subunit of the mitochondrial ribosome requiredrislation of
mitochondrial proteins ant required for efficient oxidative metabolism and general
mitochondrial functionalitfAndreux et al., 2012)While Mrpl54 was not identified as
differentially expressed at the gene levdl.17 FC)a 1.57 fold increase in translational
efficiency was observed. The Translocase of inner mitochondrial membrane 8A
(Timm83 geneencodes a chaperone responsible for transporting proteins through the
inner mitochondrial membran&ulawiak 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 membiaireet al., 2017) The Solute
Carrier Family 25 Members 1a@nd 13 (Slc25a12 and Slc25al13) are transported by
Timm8a(Roesch, 2004and have roles in mitochondrial DNA replicati@ffavre et al.,
2010) to transport substrates of the TCA cy@l¢ongkittichote et g, 2013) and glucose
metabolism(Contreras et al., 2016)SIc25a12 overexpssion has been previously
reported to be involved in metabolic switching to lactate consumption in CHO cells
(Zagari et al., 2013)TheTimm8agene had a 1.69 foldcrease of translation efficiency
induced by temperature shittut genelevel expression was unchanged.(7 FC).
Timm8awas predicted as a target mfR-30a5p (-1.33 FC) and Mrpl54 as a target of
miR-6153p (-1.39 FC) and therefore the increased translatiofimmm8aand Mrpl54
may be due to decreased miRNA mediated repressmgneased translation Gimma8a
andMrpl54 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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mMiRNA 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 efficiecy 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, 2018Jranslation initiation factors were among the genes
predicted as targets of miRNAsvith upregulated trasiation efficiency identified in the
Eukaryotic translation initiation factor 2 subuniti&f@s? (1.77 FC) and downregulated
translation in the Eukaryotic translation initiation factor 4 gamntaifd§3 gene {1.77
FC).Eif2s2is the subunit of Eif2 wich binds GTP required for Eif2 to initiate translation
(Liao et al., 2014Wwhile Eif4g3 is acomponenf the Eif4fcomplex required for cap
dependant translation initiatigiVatson et al., 2014kif2s2was predicted as a target of
miR-3745p (downregulated with &l.52 FC) ancEif4g3 was identified as a target of
miR-221-3p (upregulated with a 1.4 FC). Alterations to the translation efficienceséth
genes may impact global translation which has been shown to be decreased in CHO cells
cultured at a reduced temperatuil-Fageeh and Smales, 2009h addition to
translation initiation factors, miRNA mediated regulation of translation efficiency was
identified in regulators of apoptosis. TApoptogenic 1, MitochondriglApopt]) gene

was identified with decreased translation efficien@/KC) and predicted as a target of

the upregulated mi4a5p (3.33 FC). Apoptl is able to release cytochrome C from
mitochondria into the cytosol and induce apoptfé&suda et al., 2006 heEndophilirt

B1 (Sh3glb) (-1.63 FC TE) was identified as a target of Aif8p (3.01 FC)Sh3glblis

also an inducer of apoptosis which causes release of cytochrome C through activation of
the BCL2 associatedx apoptosis egulator (Bax) protein (Takahashi et al., 2005)
Decreased translation efficiency o&poptl and SHglbl 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 apqpiosiar et al.,

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

Also identified as a target of miRNA mediated translation repyassvas the
Dihydrofolate reductase geniet{fr). The ranslation efficiency of thBhfr gene was the
most significantly decreased with-&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 egljineering and is
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present in cells at a high copy number due to amplification dtifiegene alongside the
transfected product sequern@&ronina et al., 2016)Expression of Dhfr at a high level

is no longer required in cells in production culture as methotrexate treatmehthiio in

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 reducedtiotpdu
(Kallehauge et al., 2017Reduced translation efficiency Bhfr in temperature shifted

CHO cells may therefore increase productivity by freeing ribosomal capacity for
translation of recombinant proteins. Further reductioDlofir translation using SiRNA

knockdown or increasing miR92-5p expression may result in increases to productivity.

Surprisingly, theDhfr gene was downregulated at the gene lexvkelll FC)and had
decreased translation efficiency, but was identified as upregulated at the pralevitle

a 1.36 FC.Unexpected fold changes were also identified in the Eukaryotic translation
initiation factor 3 subunit JEif3J) which had a 1.15 FC at the gene level, a 1.66 FC
increase in translation efficiency butla57 decrease in protein level@mperature 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 trangliaticet al., 2016)
Differences in gene and protein levels may then be due to differences in thee hadlf
MRNAs and proteingLiu et al., 2016) In additon, 197 genes were identified with
differential translation efficiency which were not a target of miRNAs or identified as
alternatively spliced in ChapteriBcluding theCdk11lbandFbxw7genes discussed for
their roles in regulation of the cell cycle.Het mechanisms of pestinscriptional 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 selegtiregulation of the translation of individual genes
by IncRNAs(Dimartino et al., 2018; Zucchelli et al., 201&pnslation activator@Roilo

et al., 2018pr translation inhibitorgLyabin and Ovchinnikov, 2016)

The cold shock respongemammalian cellbas previously been reported to be regulated
by Cirbp andRbm3(Masterton and Smales, 2014hich have upregulated expression
response to tempetae shift as shown in Chapter Rypothesised roles of itbp and
Rbm3 include maintaining the stidiby of their mRNA targets, inhibiting miRNA

209



activity, inhibiting apoptosis pathways and acting as a regulator of trangJslasterton
and Smales, 2014Jhe role ofCirbp in translation is thought to be mediated by binding
the 36UTR of &anddireathyRitefactingavithgEe4g¥sang et al., 2010)
therefore resultig in increased transcription of its protein targets via asseoftiy pre
initiation complex. Recentlyreerging evidence has showrnrlép binding to the p27
50 UTR e nth tamstavos either through releasing27 mRNA from being
sequestered irstressgranules orby directly promotingits translation, resulting in
increase@?27 protein which inhibits the cell cyci&oilo 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., 2013ourtes et al. identified 657 genes with uncoupled mRNA levels
and translation rates throughout the exponential growth phase of culture including 5 key
growth genes which were highlighted as highly translatdtp6, Pcng Hnrnpc Vcpand

Mcm5i The 5 hignlighted 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 d the translatome. While none of these 5 genes were identified as differentially
translated between temperature shifted andtamperature shifted cells tihdcm5gene

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

Of the 657 genes identified with uncoupled mMRNA and translation rates in Courtes et al.
4 genes were found to have increased translation in temperature shifteldmelE2f1,
Smarceland Spsb2 and 4 with decreased translational efficien€ydfepl Hivepl,
Rnfl23and Tspanl]. The Diphthamide biosynthesis Bgh3 gene is required for
diphthamide biosynthesisa posttranslational modification required for Eef2 activity in
translation elongation and impacts the efficiency of protein synthesis in CHQLgells

et al., 2012)Dph3 was idetified 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 incrase 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§2f1) gene (a master regulator of the cell cycle in the G1/S phase
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transition(Caldon and Musgrove, 201@hich was identified as downregulated at the
gene level in Chapter 2) also haxtieased 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 dés 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 factet Difdpl)(Zaragoza

et al.,, 2010)which was observed as undeirgg temperature shift induced alternative
splicing in Chapter 3HNSCGRG0000000239%%vith 2 retained intron event§fdplwas
however not identified as differentially expressed or translated in this experiment and the
intron retention events do not intgptuthe encoded amino acid sequence and therefore
the role ofE2fl in the CHO cell cycle requires further investigation. T3\&I/SNF
related,matrix associatedactin dependentegulatorof chromatin,subfamily E, member

1 (Smarcelpene was identified with high translation efficiency in exponentially growing
CHO cells(Courtes etla 2013)and had upregulated translation efficiency in temperature
shifted CHO cellsSmarcelencodes a chromatin remodelling complex which is often
overexpressed in cancer cell lir@amaguchi et al., 201%nd regulates the G1 phase of
growth. As withE2f1, enhanced translation 8fmarcé is unexpected in CHO cells with

a halted cell cycle and inhibiting the translatio®ofarceInRNA may have the potential

to enhance the temperature shift phenotype.

The CTD nuclear envelope phosphatase 1Ctdnep) gene was poorly translated in
Courteset al. and differentially translated in temperature shifted CHO cells with
downregulated expression. The Lipin 1 and Lipin Rogphatase which convert
phosphatidic acid to diacylglycerol are regulated by Ctdiiejah et al., 2012and have

roles in the cell cycléJiang et al., 2015¥atty acid and energy metaboligghang and
Reue, 2017hand mitochondrial fissiorfFrohman, 2015)Downregulation ofCtdnepl

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 downregul@teinepliranscription and translation may result

in enhanced cell lines with altered energy metabolism and growth rates. Finally, the Ring
finger protein 123Rnf123 gene was identified as efficiently translated by@es 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'p2(@ncoded byCdknih in
the G1 phaséamura et al., 2004p prevent inhibition of cyclins and cyclin dependant
kinases which progress the cell cycle. Rafl23has been previously shown to be
efficiently translated in rapidly proliferating CHO cells afthf123is differentially
translated in temperature shifted CHO cells it lkplays a role in regulating the cell

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

Genes idetified with high translational efficiency in Courtes et al. were utilised in a
subsequent mukbmics 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 ofrttenhuF Nequence. 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 andtemperature 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 hag%6.37fold were observed,

with the Myeloid associated differentiation mark@lyadn) 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 theation of a culture.

Recent evidence has shown the ribosome itself can be heterogeneous as opposed to an
unchangeable inflexible structuf&enuth and Barna, 201&nd not all ribosomal
proteins are present in every ribosome within a ¢8hi et al., 2017) Ribosomal
heterogeneity can be tissue specfiearse et al., 2019nd ribosomes with particular
ribosomal proteins incorporated into thetructure may have higher affinity for the
translation of specific mMRNAs such as those containing IRES ele(&ntst al., 2017)
RNA-Seq has been utilised to profile the heterogeneity of ribosome component
expression in different tissuéSuimaraes and Zavolan, 2016; Gupta and Warner, 2014)
revealing widespread differential expression and heteragem®wever, this has not

been studied using proteomics or at the level of individual ribosome com(&sedh
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and Barna, 2018Differential translation was identified in tiébosomalproteinlateral

stalk subunit PO (Rplp0) which was downregulated with -4.84 FC in TE, not
differentially expressed at the gene level (1.22 FC) but upregulated at the proétin

(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., 2014Rplp0has been shown to be overexpressed in replicating cells
(Artero-Castro et al., 2011gnd therefore deeased translational efficiency BplpOin

mild hypothermia conditions may result in ribosomal heterogenaitth 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.Cok@2¢ Fbxw?7,
GdfllandBtg2genes which negatively regulate the cell cyBleiko et al., 2006; Ibusuki

et al., 2011; Jalili et al., 2012; Shi and Liu, 20Wigre all identified with enhanced
translation efficiency in temperature shifted CHO cells. Further enhancing the expression
and translation of these gesimay 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 expressiondtranslation of

the ApoptlandSh3glblgenes may result in a suppression of apop{dsikahashi et al.,

2005; Yasuda et al., 200®) increase culture duration and therefore increase recombinant
protein yields. Finally, capacity for OXPHOS may be enhanced through increasing
expression and traraglon of Timm8aandMrpl54 (Andreux et al., 2012; Lin et al., 2017,
Zagari et al., 2013)hereby increasing the resources avddaor recombinant protein
production and decreasing lactate production to increase yields.

213



5.6 Conclusion

Integration of multiomics datasets in this Chapter has revealed measuremegaseof
expression using RN&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 metabolisra géieh

may contribute to the observed reduction in growth rate and metabolic switching in cells
cultured at a decreased temperatilitee genes identified in this chapter with differential
translational efficiency may serve as potential targets for gesmegineering enhanced
producer cell linesFurther diminishing the expression of apoptosis activadach as
Apotlor enhancing the expressiona#ll cycle progressiomhibitors such a8tg2 may

be able to further extend the viability of CHO cells for increased batch culturs.yield
While our knowledge of the CHO cell response to temperature shift at the level of
translation was enhanced through this analfisither studies are required waderstand

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 Sectio 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 unérstood. The dataset in this experiment represents the largesbmiaisi 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 ipgpfipplication of

these techniques in parallel has for the first time enabled a global study from alterations to gene
expression from the level of the mRNA up to the protein and enhanced our understanding of
the levels of alternative splicing, miRNA adty and differential translation efficiency. In
addition to being the most comprehensive st
applied in parallel, each of the individual datasets produced are of high quality and sequencing
depth. The RNASegand small RNASeq 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 undrstanding of temperature shift. One major finding of this experiment is the
level of posttranscriptional activity which occurs in CHO cells resulting in a lack of correlation
between mMRNA and protein levels. In particular, alternative splice isoforgenigs such as

Slirp andDnmllillustrate 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 widespraternative 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 mulbmics approach s ut i Il i sed i n CHO cell oomi cs

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 contributiveskean 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 talys® multiomics datasets, carrying out

the first multtomics analysis to reveal the scale of alternative splicing, miRNA activity and
impact on differential translation in parallel. Utilising extensive literature searching, expression
patterns in geneshich have not been previously attributed to temperature shift induced altered
energy metabolism and regulation of the cell cycle were identified, acase of alternative
splicing altering protein domainghich likely impact activity and miRNA targetgnin 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 ibotibns are summarised further

throughout this section.

6.1.2.1 Progress towards improving the assembly and annotation of the Chireaaster

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 an{&riatiooif et al.,

2013; Lewis et al., 2013; Xu et al., 201While attempts were made to identify transcripts
present in these genom@ecker et al., 2011; Rupp et al., 2014¢ annotation for these
genomes remained at an early stage of completeness throughout this research. August 2017
saw the release of Ensembl version 90 whichuaed annotation for the Chinese hamster
(Zemvino et al., 2018)Release of the Ensembl genome annotation of the CHO cell gékame

et al., 2011kerved 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 ggegenes and CHO cellBurinck et

al., 2009) The ability to query Biomart to retrieve information on genes throughout this thesis
was an invaluable resource for the integration of irauttics 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 inrisembl (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
transcripgs are unannotated in the CHO cell genome, particular alternative transcript isoforms.
In Chapter 3 RNASeq reads from netemperature shifted and temperature shifted CHO cell
cultures were assembled into novel transcripts using the Ensembl genome @amrastadi

guide. The dataset utilised represents the most deeply sequencef8dgNiraries produced

from CHO cells to daté enabling the annotation of 10,019 novel gene loci,27,687 novel
transcripts an@®51 previously uncharacterised miRNAEhe improvedgenome annotation
produced in this experiment could serve as
CHO cells.

6.1.2.2 A pipeline for multiomics analysis of CHO cells

In order to carry out experiments detailed in this thesis the vast librabjoioformatics
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 usaddentification 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 biologicaltjormative 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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Figure 6.1 7 Multi -omics pipeline used to analyse CHO celldn 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.
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