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ABSTRACT OF THE DISSERTATION 

 

Strategies to improve protein production of Chinese hamster ovary cell lines and 

genome annotation under the guidance of high throughput omics technology 

 

by 

 

Shangzhong Li 

 

Doctor of Philosophy in Bioengineering 

 

University of California San Diego, 2019 

 

Professor Nathan E. Lewis, Chair 

Professor Kun Zhang, Co-Chair 

 

 For 60 years, Chinese hamster ovary (CHO) cells have been invaluable for biomedical 

research and fundamental to the study of several biological processes, such as glycosylation 

and DNA repair. In addition, for >30 years, they have been the host cell of choice for the 

production of most biotherapeutics because of its easiness to overexpress target genes and its 

similarity to the human cell system. Drug production in CHO-based cell lines has been improved 

by over 100-fold during the past 3 decades. However, due to the absence of genomic 

resources, efforts in improving the production predominantly rely on media and process 

optimization. With the decrease in the price of high throughput sequencing technology and 

some CHO and hamster genome assemblies published after 2011, new opportunities of 
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optimizing CHO cell lines are rising rapidly. However, the draft nature of these genome 

sequences and therefore the non-perfect genome annotations still pose challenges for many 

applications. The new Chinese hamster genome assembled using Pacbio and illumina hybrid 

strategy in 2018 removes a large number of obstacles for applying cutting-edge technologies for 

cell line development and engineering. In this doctoral dissertation, high throughput sequencing 

guided cell line development strategy and high-quality genomics information of CHO was 

provided to boost the development of the CHO field. First, Ribosome Profiling, a next generation 

sequencing (NGS) technology which provides systematic view of protein translation was applied 

to CHO cell. Using the information we identified the unnecessary highly translated gene, 

knocking it down improves the production and growth rate. Second, we quantified the 

improvements in the new Chinese hamster genome compared to the RefSeq one. And found 

the genes and mutations that would be missed if we use the old genome. Finally, 

proteogenomics method was utilized to generate a high-quality genome annotation through 

combining RNA-Seq and proteomics data from multiple hamster tissues.  
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Chapter 1-Efforts to improve the performance of Chinese 

hamster ovary cells in producing therapeutic drugs 

1.1 Introduction 

 In 1987, the first Chinese hamster ovary (CHO)-derived human tissue plasminogen 

activator (tPA) was approved by the FDA, thus opening up a new era of manufacturing of 

complex therapeutic proteins in mammalian cell cultures. Since then, CHO cells have remained 

the preferred workhorse for therapeutic protein production. Among all the approved 

biopharmaceutical proteins between 1982 and 2014, 35.5% are produced in CHO cells[1]. CHO 

cells have been preferred for various reasons including their plasticity and adaptability, which 

has made them easier to transfect recombinant genes and to adapt to serum-free suspension 

culture. Furthermore, the establishment of gene amplification systems, such as dihydrofolate 

reductase (DHFR)-mediated or glutamine synthetase (GS) mediated gene amplification, has 

enabled the acquisition of higher transgene copy numbers and protein titers[2], CHO cells are 

able to produce glycoproteins with human-compatible post-translational modifications and thus 

generates safe and bioactive drugs[2]. 

1.2 Cell line optimization 

 The general workflow for developing a recombinant CHO (rCHO) cell line is as follows. 

First, a vector containing a target transgene and selection marker is designed, cloned and 

transfected into CHO cells. Then the cells expressing the target transgene are selected and 

amplified using corresponding drugs. There are two widely-used amplification methods: the 

dihydrofolate reductase (DHFR) and glutamine synthetase (GS) systems. Specifically, 

methotrexate (MTX) can be applied to DHFR deficient CHO cells and methionine sulfoximine 

(MSX) can be applied to GS deficient CHO cells. These drugs can be used to amplify the copy 

number of the transgenes if they are accompanied by replacement copies of DHFR or GS, 
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repsectively. To ensure clonality of the cells used for production, single cell cloning, limiting 

dilution methods or high-throughput cell screening systems like fluorescence-activated cell 

sorting (FACS) can be performed[2]. Clones are subsequently tested to ensure they stably 

produce high titers of recombinant protein prior to large scale production. 

 The entire process can be time consuming (6 to 12 months). To speed up the timeline 

and enhance productivity, great efforts have been made over the past few decades to optimize 

different aspects of the process.  

• Vector optimization: People have tried multiple vector designs to enhance the 

production. Internal ribosome entry sites (IRES) is used to put multiple genes into one 

transcript and activate their transcription using a single promoter. This enables fast clone 

generation, such as shown previously for expressing monoclonal antibodies[3]. 

Expression can be further enhanced using Matrix Attachment Regions (MARs) to take 

advantage of the sequence to which the nuclear matrix attaches to form a 

transcriptionally active chromatin structure[4].  

• Environment optimization: The bioprocess environment, outside the cells, also affects 

production. For example, low culture temperature can reduce the growth rate and 

increase productivity of CHO cells[5,6].Chemical compounds like sodium butyrate 

(NaBu) can improve the productivity[7]. These approaches can be combined to further 

improve the production[8]. 

• Engineering cell lines[9]: The previous optimization methods change the outside factors, 

but cell line engineering provides additional opportunities to control product quality and 

quantity. Such efforts have included approaches to increase the length of high-

production phases. For example, the B-cell lymphoma 2 (BCL2) gene regulates cell 

death by inhibiting cell apoptosis. Overexpressing BCL2 successfully increased VCD 

which means more cells are producing proteins[10]. Ammonia and lactate are two waste 

metabolites produced together with interest proteins by the cells. They have negative 
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effect on cell growth and product quality. Therefore, engineering techniques have been 

used to reduce the expression of lactate dehydrogenase-A (LDH-A) which included an 

improvement on the mAb galactosylation by reducing the production of ammonia and 

lactate[11]. 

 Through extensive optimization using the strategies above, CHO cell productivity has 

increased substantially over the past three decades[12]. However, many opportunities remain to 

enhance productivity and control product quality. Indeed, many opportunities for engineering 

CHO cells remain and we are just beginning to unravel the complex cellular pathways. Previous 

efforts aimed to optimize the performance of single factors, but an understanding of all cell 

pathways would enable the engineering of multiple connected subsystems.  

1.3 Development of genomic resources of CHO  

 Even though CHO cells have been studied for over half a century, our knowledge of the 

composition of the cell lines is still limited. However, recent work is elucidating the inner 

workings of the cell. 

 The first draft genome of CHO-K1 was published in 2011[13]. This resource has enabled 

the use of a wide range of new technologies (e.g., gene editing) and high throughput omics 

technologies to study the cell lines systematically. For example, RNA-Seq and DNA-Seq data 

can now be mapped to the reference genome to identify mutations and quantify transcripts, and 

the sequence can also be used to identify peptides based on MS-MS fragment patterns. Thus, 

many new types of specific biological questions can be addressed[14]. 

 Since the initial publication of the CHO-K1 genome, several subsequent sequencing 

efforts have aimed to provide additional insights into the structure and evolution of the CHO 

genomes. The instability of the CHO genome has resulted in many genome rearrangements 

and heterogeneity[15] in the cell lines derived from the original CHO cell line[16,17]. To study 

the variability of the CHO cell lines and their relations with the original Chinese hamster, the 
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genomes of several commonly used CHO cell lines and the Chinese hamster were sequenced 

in 2013[18]. Many mutations identified in genes related to bioprocessing and apoptosis pathway 

were studied in detail using the assembled Chinese hamster genome. Concurrently, another 

effort was able to assign the genomic sequence to chromosomes by extracting chromosomes 

separately and sequencing them using Roche/454 and Illumina technologies[19]. Subsequently, 

CHO-DXB11, the first cell line used for large scale protein production, was sequenced and 

provided further insights into gene copy numbers and relative stability of different 

chromosomes[20]. The recent development of third generation sequencing platforms like Pacific 

Biosciences and Oxford Nanopore sequencing promise to provide more accurate reference 

genome sequence for CHO, since these technologies extend the read length to several 

thousand base pairs and more effectively fill in sequence gaps in repetitive regions. Indeed, this 

can be achieved using hybrid genome assembly techniques by combining next and third 

generation sequencing technologies[21,22]. 

1.4 Development of high throughput omics resources of CHO 

 Without other sources of evidence, genome assemblies are usually functionally 

annotated using homology methods. Studies on transcript and protein levels can directly provide 

experimental validation for the genome annotation. The first large scale transcriptomic study on 

CHO built a co-expression network using ~300 microarray datasets[23]. Another study built a 

CHO transcript database using RNA-Seq from multiple CHO cell lines under different 

conditions. 65561 transcripts were assembled by combining Roche/454 and Illumina 

sequencing technologies[24]. A more recent study compared transcriptomes of multiple CHO 

cell lines and Chinese hamster tissues and discovered the potential effect of variable gene 

expression levels on metabolism and glycosylation patterns[25]. It is anticipated that over the 

coming years such technologies will become common tools used to explore the molecular basis 

of desirable cell traits in CHO cells. 
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 Proteomic efforts for CHO cells were initially performed in relatively small scales. For 

example, 2D gel electrophoresis was used to identify dozens or a few hundred proteins. With 

the advent of mature mass spectrometry technology and with the use of the genome sequence 

data, it is now possible to identify thousands of proteins in a single run. The first large scale 

proteomic analysis was performed in 2012, in which more than 6000 proteins were successfully 

identified in CHO cells[26]. Further analysis identified 1015 proteins from the supernatant of 

CHO cell culture[27]. These efforts are greatly extending our knowledge about CHO cells and 

will continue to elucidate important information about the CHO host cell proteins. 

1.5 Acknoledgement 

 Chapter 1 in part is a reprint of the material Li, S.*, Richelle, A.*, Lewis, N.E, Enhancing 

product and bioprocess attributes using genome-scale models of CHO metabolism, submitted 

(2017). The dissertation author was the primary author. 
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Chapter 2-Ribosome profiling-guided depletion of an mRNA 

increases cell growth rate and protein secretion 

2.1 Abstract 

 Recombinant protein production coopts the host cell machinery to provide high protein 

yields of industrial enzymes or biotherapeutics. However, since protein translation is 

energetically expensive and tightly controlled, it is unclear if highly expressed recombinant 

genes are translated as efficiently as host genes. Furthermore, it is unclear how the high 

expression impacts global translation. Here, we present the first genome-wide view of protein 

translation in an IgG-producing CHO cell line, measured with ribosome profiling. Through this 

we found that our recombinant mRNAs were translated as efficiently as the host cell 

transcriptome, and sequestered up to 15% of the total ribosome occupancy. During cell 

culture, changes in recombinant mRNA translation were consistent with changes in 

transcription, demonstrating that transcript levels influence specific productivity. Using this 

information, we identified the unnecessary resistance marker NeoR to be a highly transcribed 

and translated gene. Through siRNA knock-down of NeoR, we improved the production- and 

growth capacity of the host cell. Thus, ribosomal profiling provides valuable insights into 

translation in CHO cells and can guide efforts to enhance protein production. 

2.2 Introduction 

The primary determinants of protein expression are (1) expression levels of the host 

and recombinant genes, (2) translation efficacy, and (3) proper folding and post -translational 

processing of relevant proteins. We can now begin to understand the molecular basis of 

protein expression thanks to recent efforts to sequence the genomes of cell lines utilized for 

recombinant expression[13,18,19]. Specifically, RNA sequencing (RNA-Seq)[18,25,28–34] 

and proteomics[26,27] have provided detailed insights into transcription and post-
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translational processes; however, the translation of endogenous and recombinant mRNA has 

remained poorly characterized. This is of particular concern since RNA-Seq analyses neglect 

the fact that translation control of the mRNA is an essential and highly regulated step in 

determining levels of an expressed protein[35]. 

 To begin untangling the complex regulation of translation and how plastic translation 

is upon introduction of an exogenous mRNA, ribosome profiling (Ribo-Seq) has emerged and 

precisely measures translation globally in vivo, thereby offering a method to exactly 

determine which mRNAs are actually being translated[36,37], and at which rates. At the 

center of this technique lies the observation that ribosomes protect ~30 nucleotides of an 

mRNA from nuclease digestion[37,38]. Purification followed by deep sequencing of these 

ribosome-protected fragments (RPFs), allows precise mapping of the position of a ribosome 

on an mRNA at a given time point. The density of RPFs on a given coding sequence often 

correlates with the rate of protein synthesis[37]. 

 Investigations into the translational landscape of mammalian expression hosts have 

been sparse. A combination of polysome profiling and microarray analyses has previously 

been used to study the effect of mTOR pathway manipulation on cellular growth, global 

translation, and recombinant protein expression[39–41]. These studies provided valuable 

insights into the translational state of the cell, but they are limited by the sensitivity of the 

techniques and do not provide information regarding the exact ribosome positioning on a 

single transcript level or how a recombinant mRNA integrates into- and affects the translated 

endogenous mRNA pool. 

 Here, we present the first comprehensive genome-wide view of the translational 

activity of a mammalian expression host during recombinant expression by the application o f 

ribosome profiling. Since Chinese hamster ovary (CHO) cells have been a primary host for 

producing complex recombinant proteins, thanks to their capability to often correctly fold and 

post-translationally modify human proteins[2,42], we used these cells as our model system. 
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The distribution of translational power was analyzed in the context of the recombinant 

mRNAs and the endogenous mRNA pool. In an antibody-producing cell line, the recombinant 

mRNAs were found to be the most abundant transcripts and also sequestered a substantial 

amount of translating ribosomes (up to 15%). The recombinant mRNAs were translated as 

efficiently as the endogenous mRNAs, and changes in translation and transcription of the 

recombinant mRNAs were directly reflected in changes in specific productivity. Interestingly, 

improvements in bioprocess quality attributes were achieved by depleting the highly 

expressed and translated unnecessary NeoR mRNA by siRNA-mediated knock-down. This 

resulted in improved cellular growth, which was accompanied by an 18% increase in antibody 

titers. This study is the first to carefully map the translatome of the CHO cell to the nucleotide 

level and to demonstrate how recombinant expression affects the cell on the translational 

level. 

2.3 Results 

2.3.1 Ribosomal occupancy was measured in IgG-producing CHO cells 

 The CS13-1.0 CHO cell line was previously developed to overexpress a chimeric 

antibody against S surface antigen of hepatitis B virus[43], and the DHFR system was employed 

to amplify the antibody. Thus, the cell line harbors approximately 90 gene copies per cell of the 

heavy chain encoding gene and approximately 280 gene copies per cell of the light chain 

encoding gene[43]. 

 To emulate a production relevant growth setting, the CS13-1.0 CHO cell line was grown 

in a batch culture bioreactor system, and the cells were sampled at early and late growth phase 

for ribosome profiling to study the translatome during IgG-production. Cells were grown for 

seven days until reaching a maximum viable cell density of ~5.5 × 106 cells/mL (Figure 2.1A). 

The cultivation was divided into two phases: an early growth phase from day one to day four, 

and a late growth phase from day five to day seven. Samples were taken for ribosome profiling 



9 
 

(Ribo-Seq) and RNA-Seq within the two growth phases, on day three and day six respectively. 

These time points were chosen as they represented two different metabolic conditions and 

growth rates: (1) exponential growth on glucose and (2) as cells are shifting from growing on 

glucose to growing on lactate in stationary phase (Figure 2.1B,C). Antibody titers were 

measured daily, using biolayer interferometry, reaching ~196 μg/mL (Figure 2.1D), which was 

consistent with previously published data[44]. Specific productivity (qp) at day three was 

calculated to be 16 picogram/cell/day (pcd) and 5.5 pcd at day six, which also reflected a 

significant metabolic difference between day three and day six (Figure. 2.1E). 

 

2.3.2 Ribosome profiling shows translation activity of recombinant and host 

proteins with nucleotide resolution 

 Samples harvested on days three and six were subjected to ribosome profiling and 

RNA-Seq in biological triplicates (Figure 2.2A). Briefly, monosomes were generated from 

cyclohexamide (CHX)-stalled polysomes by nuclease treatment. The ~30 nucleotide RPF 

fragments were then sequenced to generate the Ribo-Seq data set. In parallel, total RNA 

isolated from the same cells was prepared for RNA-Seq. Both RNA-Seq and Ribo-Seq data 

were aligned to the CHO reference genome[13]. 

 The ribosome profiling data differed from classical RNA sequencing, as shown for the 

endogenous eEF1a1 (Figure 2.2B). Both the Ribo-Seq and RNA-Seq data mapped along the 

exons, with few reads in the introns. However, unlike the RNA-Seq data, the Ribo-Seq showed 

almost no coverage in the 3′UTR region, since upon arrival at the stop codon, the ribosome 

dissociates from the mRNA. As ribosome footprints define the sequence being translated, a 

periodic pattern is frequently observed along the mRNA in the Ribo-Seq (Figure 2.2B, insert). 

This three-nucleotide pattern of ribosome occupancy, or codon periodicity can be seen along 

the ORF (Figure 2.2C), with ~70% of the RFPs starting at the first nucleotide of the codon. This 

reflects mRNA translocation in the ribosome by codon as translation occurs[37,45]. Similar 
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features were seen for the recombinant antibody heavy- and light chain (Figure 2.2D,F). The 

codon periodicity of the heavy- and light chain were not only consistent with that of eEF1a1 

(Figure 2.2E,G), but also with the codon periodicity across all translated endogenous proteins 

(Figure 2.9). Additionally, the ribosomal stalling frequency along the CDS of the heavy- and 

light chain mRNA did not differ from that of the endogenous mRNA pool (Figure 2.10). 

 To get a measure of how ribosomes distribute around the translational start- and stop 

codon of the heavy- and light chain mRNA compared to endogenous mRNA, ribosomal 

occupation around the start and stop codon for day three was mapped (Figure 2.3A,B). 

Interestingly, both the heavy- and light chain had significantly more reads in the 5′UTR 

compared to the endogenous mRNAs (Figure 2.3A). No reads were observed in the 3′UTR of 

the heavy- and light chain mRNA, which also was the case for the endogenous mRNAs (Figure 

2.3B). Collectively, these data indicate that the recombinant IgG mRNAs have a ribosome 

distribution comparable to the endogenous mRNAs, with an exception of having higher 

ribosomal occupancy in the 5′UTR of the recombinant mRNAs. 

2.3.3 A global view of translation during recombinant expression 

 A goal in bioprocessing is to maximize recombinant protein yields. However, the 

maximum reported cell-specific productivities (qp) still pale in comparison to professional 

secretory cells in vivo, such as pancreatic or salivary cells. Thus, we analyzed how the 

translational power of the CHO cell was distributed across all host and recombinant genes, and 

the cellular processes to which they contribute. We binned the reads from the Ribo-Seq into 

categories corresponding to the cellular process and visualized the genes and their processes 

using Proteomaps (Figure 2.4; see Materials and Methods for details)[46,47]. Proteomaps 

visually groups genes into cellular processes, and therefore provides a global view of total 

ribosomal occupancy (not scaled by transcript length, rpm). The recombinant mRNAs were 

among the most abundant in the Ribo-Seq data occupying 14.96% of Ribo-Seq reads on day 

three, but dropped to 9.8% on day six (Li_supplementary_Table_S2.5) (Figure 2.4A,B). 
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Transcripts associated with the Translation category dominated the ribosomal occupancy of the 

endogenous mRNAs, steadily sequestering 16.67% on day three and 17.09% on day six 

(Li_supplementary_Table_S2.5) (Figure 2.4A,B). 

 Among the individual recombinant mRNAs, the heavy chain mRNA sequestered 7.73% 

of the Ribo-Seq reads on day three, but only 3.86% on day six (Figure 2.4C,D) 

(Li_supplementary_Table_S2.6). The light chain mRNA displayed the same trend by 

occupying 1.60% on day three, but only 0.58% on day six. Interestingly, the antibiotic selection 

marker, initially used to generate the stable cell line[43], was found to sequester a substantial 

amount Ribo-Seq reads (Figure 2.4C,D). The NeoR mRNA remained relatively stable by 

sequestering 5.63% and 5.41% on day three and day six, respectively 

(Li_supplementary_Table_S2.6). Interestingly, the DHFR gene, which was also part of the 

plasmids used to generate the CS13-1.0 cell line23, only accounted for 0.0002% and 0.0001% 

of the RNA-Seq reads on day 3 and 6, respectively (Li_supplementary_Table_S2.6). 

 The major rearrangement in distribution of translational power between day three and 

day six happened between the Recombinant category, which dropped ~5% from 14.96% to 

9.98% (P = 0.08), and Folding, Sorting and Degradation category, which displayed a ~5% 

increase from 10.50% to 16.0% (P = 0.004) (Figure 2.4A,B) (Li_supplementary_Table_S2.5). 

Within the Folding, Sorting and Degradation category, Hspa5 (BiP) and Hsp90b1 were the 

dominant mRNA species, sequestering 2.81% and 1.2% of the Ribo-Seq reads, respectively 

(Figure 2.4D) (Li_supplementary_Table_S2.6). The concurrent drop and increase between 

these two categories suggests that the translational power is redirected from recombinant 

expression to the proteins involved in the secretory pathway. Based on these observations, fold 

changes in the Ribo-Seq between day three and day six were calculated 

(Li_supplementary_Table_S2.7), and a Gene Set Enrichment Analysis (GSEA) was performed 

to identify biological processes that significantly changed their translational status (Figure 2.4E, 

Li_supplementary_Table_S2.8). GO-terms with decreased ribosomal occupancy included 
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processes involved in cellular growth and cell cycle, which is consistent with the cells 

transitioning to stationary phase at day six (Figure 2.1A). Of the six significantly upregulated 

GO-terms, four were associated with ER stress. The upregulation of ER-stress markers could 

be ascribed to the depletion of glucose on day six (Figure 2.1B), which has previously been 

described to induce ER stress[48]. This increased translation of ER stress markers is further 

supported by increased protein expression of the ER stress marker BiP in the late growth phase 

(Figure 2.11). 

 When considering the general distribution in the RNA-Seq data, the recombinant 

mRNAs constitute 20.18% of all mRNA in the cell on day three and 12.38% on day six 

(Li_supplementary_Table_S2.5), while they account for 14.96% to 9.98% of the Ribo-Seq 

reads, respectively. This difference between the Ribo-Seq and RNA-Seq distribution highlights 

the importance including Ribo-Seq data for an exact analysis of the gene expression in CHO 

cells[30], and further presents a unique view into how the cell distributes its translation power. 

2.3.4 Recombinant mRNA is translated as efficiently as the endogenous mRNA 

pool 

 The sequence of a protein-coding gene and mRNA includes a wealth of information 

beyond the amino acid code. Regulatory elements, RNA binding protein motifs, and sequences 

that influence RNA structure can all impact mRNA translation[49]. Our lack of understanding of 

these sequence elements has limited our ability to explicitly consider them in transgene design 

and codon optimization. Therefore, it is unclear if transgenes are translated as efficiently as the 

host cell proteome, or if unknown regulatory elements negatively impact translation. 

 To address the question of translatability, we computed the translation efficiency[37], 

which is defined by the ratio of ribosomal occupancy compared to transcript levels (ratio of 

ribosome footprint to mRNA fragments, both scaled by length, tpm) for each host and 

recombinant gene in our cell lines (Figure 2.5). By plotting the ribosome footprint density (Ribo-
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Seq, tpm) against mRNA abundance (RNA-Seq, tpm), a linear relationship was observed 

between these two parameters thereby demonstrating that translation efficiency is constant for 

endogenous genes showing both low and high expression (Figure 2.5A,C) 

(Li_supplementary_Table_S2.7). Genes showing translation efficiency (i.e., a ratio of Ribo-

Seq to RNA-Seq) that was either significantly higher or lower than expected, were enriched in 

genes involved in RNA processing and translation, as assessed using GSEA (Supplementary 

Tables S2.9–2.10). 

 We subsequently examined if the translation efficiency for recombinant proteins was 

comparable to average host cell mRNA translation, or if their translation efficiency deviated 

significantly from the host mRNA translation. Statistical analysis showed that their standard 

deviation was within less than 1 of the endogenous translation efficiency values (Figure 

2.5B,D). These results suggest that ribosomal occupancy on the recombinant genes expressed 

here were not strongly limited by factors beyond transcript level. 

2.3.5 Changes in translatability and transcript levels are reflected in specific 

productivity 

 Protein secretion can vary drastically between growth phases and the metabolic shifts 

involved[50]. However, it is unclear if this is a result from changes in transcription or translation 

of the recombinant gene. During the metabolic shift (Figure 2.1B), many transcripts and RPFs 

significantly changed in abundance. The recombinant gene transcript levels and ribosomal 

density (normalized to gene length) showed an approximate 3 fold downregulation (Figure 

2.6A, Li_supplementary_Table_S2.7). Since the changes in translation follow the change in 

transcription, it suggests that the transcription levels from the recombinant genes in this study 

do not saturate the translational capacity. As further support, the specific productivity likewise 

drops 3 fold, pointing at transcription levels having the largest influence on specific productivity 

in this study. 
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2.3.6 Depletion of highly expressed NeoR mRNA improves growth and antibody 

titers  

 In addition to the recombinant protein of interest, host cells spend a substantial amount 

of resources on producing other proteins, such as host cell proteins[27,51,52]. Indeed, our cell 

lines demonstrated that ~90% of the ribosomal occupancy is spent on proteins other than the 

desired IgG (Figure 2.4). Thus, it is possible that the specific productivity could be substantially 

improved by eliminating genes that compete with protein production resources. To test this, we 

depleted the NeoR mRNA, as it was the dominant mRNA species in both the transcriptome and 

translatome (Figure 2.4). Since cells were cultivated in the absence of Neomycin, any negative 

effect of NeoR mRNA depletion on cellular physiology was not expected by the NeoR depletion. 

CS13-1.0 cells were transiently transfected with siRNA against NeoR mRNA and a negative 

control. Knock-down efficiency was measured on day three and day five post transfection. NeoR 

protein was depleted on days three and five post transfection with no effects observed from the 

negative control siRNA (Figure 2.7A). NeoR mRNA levels were reduced by 92% and 87% on 

day three and day five, when compared to negative control, respectively (Figure 2.7B). No 

significant changes, other than a 47% upregulation of heavy chain mRNA levels on day five, 

were observed in the heavy and light chain mRNA transcript levels (Figure 2.7B). Intriguingly, 

the viable cell density was increased by 35% upon NeoR mRNA knock down, which was 

accompanied by an 18% increase in product titers (Figure 2.7C,D). These results show that a 

depletion of a highly abundant mRNA encoding a non-essential protein can improve growth and 

thus product titer, indicating that it is possible to free up translational capacity. 

2.4 Discussion 

 The recent advances in genomics and RNA sequencing technology now enable in-depth 

analyses of mammalian cells producing recombinant proteins. Here, we mapped out the 

distribution of translational power in a recombinant cell line through the use of ribosome 
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profiling. This new technique has proven to be a powerful tool for precise mapping of 

unannotated ORFs[37,53,54], identifying local translational slowdown from non-optimal codons, 

to improved signal recognition particle (SRP) recognition of the nascent polypeptide chain[55], 

and measuring localized translation at the ER and the mitochondria[56,57]. Here we extended 

the field of application and employed ribosomal profiling to study the expression and translation 

of recombinant proteins in CHO cells. 

 Out of ~14000 mRNA species sequenced, the RNA-Seq and Ribo-Seq data showed that 

the three recombinant mRNAs made up 20% of the total mRNA content and sequestered up to 

15% of all ribosomes engaged in translation. The recombinant mRNAs were efficiently 

integrated into the endogenous mRNA pool as their translation efficiency was similar to the 

endogenous mRNAs. The translational capacity was not biased for or against the recombinant 

proteins, as the ribosome density and transcript levels display a linear relationship for the host 

and recombinant proteins. This observation was supported by the findings that the specific 

productivity and transcript levels of the antibody showed a proportional relationship. Since 

degradation of the recombinant proteins and residence time in the secretory pathway are 

important factors in relation to the specific productivity[58], future work could aim to explore how 

these factors work together to affect recombinant expression. 

 Interestingly, even though the recombinant mRNAs were the dominant mRNAs in the 

cell, other endogenous mRNAs displayed a higher degree of translation efficiency. It remains to 

be shown, however, whether translation becomes a limiting factor or if biases against the 

recombinant protein arise when cells are grown under industrial conditions with higher protein 

production rates. 

 A recent study showed that it was possible to elevate the steady-state recombinant 

mRNA levels from ~16% to ~30% by treating with enhancers of specific productivity[30]. The 

increase in recombinant mRNA concentration was accompanied by a proportional increase in 

specific productivity. The amount of recombinant mRNA present in the non-enhancer treated 
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samples was consistent with our results, together with the proportional correlation of transcript 

level and specific productivity. Interestingly, in the Fomina-Yadlin study, the specific productivity 

of untreated cells reached ~22 pcd, whereas in our study it only reached 16 pcd, even though 

the steady-state recombinant mRNA levels were the same. It would be interesting to analyze 

the translation efficiency of the recombinant mRNAs in the enhancer-treated cells and compare 

it to our data to evaluate whether it is the translatability of the individual recombinant mRNA, or 

if it is the translational capacity of the other cell line, which can ascribe for the differences. 

 The production of unnecessary proteins has previously been found to have a negative 

impact on cell growth[52]. In the CS13-1.0 cell line, the NeoR, a leftover remnant from the 

original cell line construction[43], was found to be the dominant mRNA species in the cell, and 

sequestered a significant portion of translating ribosomes. With NeoR being a non-essential 

gene at this point, depletion of the NeoR mRNA resulted in an increase in cellular growth, which 

was accompanied, by an increase in product titer. This indicates that it is possible to modulate 

the translation by removing non-essential mRNAs, thus freeing up translational capacity to be 

distributed throughout the translatome. Since the siRNA depleted NeoR mRNA without, most 

likely, reducing transcription, the effects observed could be ascribed to an increase in ribosome 

availability. Thus, depletion of a major non-essential mRNA may free up translational capacity, 

which could then be distributed to other beneficial cellular processes, e.g. growth and 

recombinant protein production. With the NeoR mRNA depletion being carried out under 

suboptimal growth conditions, a stable insertion of an shRNA would alleviate the stress of 

transfection. In turn, this would allow cultivation under optimal conditions, which would likely 

improve the results obtained. Furthermore, our findings highlight the need of careful 

consideration when choosing a cell line construction strategy to avoid highly expressed non-

essential genes, which will end up sequestering a substantial amount of translational capacity. 

 Ribosome profiling has provided a better understanding of how a mammalian expression 

host utilizes and distributes its translational power both on endogenous- and exogenous mRNAs 
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and how the transgene integrates into the steady-state mRNA pool. To expand our knowledge 

even further of how recombinant expression affects the endogenous mRNA population, it would 

be of great benefit to conduct further ribosome profiling studies comparing parental cell lines in 

parallel with derivative recombinant cell lines, generated by targeted insertion of a single 

expression cassette of different recombinant proteins. This setup would provide a controlled 

environment to evaluate the translational effects of expressing different recombinant proteins. In 

general, ribosome profiling of the wild type CHO cells would provide essential information about 

5′UTR features influencing translation efficiency, and motifs that affect translational pausing. 

Such valuable information could aid in constructing future cell lines for recombinant expression. 

Recently, ribosome profiling has been used to highlight the importance of correct codon choice 

in a heterologous transcript in yeast[59]. Similar experiments performed in CHO cells would be 

very beneficial to further improve recombinant expression since the ribosome profiling of the 

CHO cell helps to link the transcriptome with the proteome, thus generating a comprehensive 

overview of the central dogma in CHO cells. 

2.5 Materials and Methods 

2.5.1 Cell culture and bioreactor cultivations 

 CS13-1.0 CHO cells expressing chimeric IgG against S surface antigen of hepatitis B 

virus[43] were maintained in PowerCHO-2 serum free media (Lonza #12-771Q) supplied with 

4 mM glutamine (Lonza #17-605 F) in vented Erlenmeyer shake flasks (Corning, NY) in a 

shaking incubator operated at 37 °C, 5% CO2 and 120 rpm. Additionally, cells were 

supplemented with 0.2% anti-clumping agent (Life Technologies #0010057AE) and, during 

maintenance, 1 μM Methotrexate hydrate (Sigma #M8407-100MG). Due to high degree of 

clumping, cells were passed through a 40 μm Corning cell strainer (Sigma #CLS431750-50EA) 

at each passage. 
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 CS13-1.0 cells were cultivated in 1 L (SR0700) bioreactors (Eppendorf DASGIP, Jülich, 

Germany) with a working volume of 600 mL. Temperature was maintained at 37 °C with an 

agitation rate of 200 rpm using one three-way segmented impellers. Dissolved oxygen was 

maintained at 50% of air saturation using air, N2, O2 and CO2 operated at a constant flow rate 

of 0.6 L/h. Culture pH was maintained at 7.15 with a dead-band of 0.15 using intermittent CO2 

addition to the gas mix and 2 M sodium carbonate. Culture pH and pO2 was measured on-line. 

Cell number and viability were measured using a hemocytometer with tryphan blue staining 

(Sigma-Aldrich). Batch cultures were seeded with 0.3 × 106 cells/mL in triplicates and samples 

were drawn on a daily basis. On day 3 and day 6 samples were taken for ribosome profiling. 

The culture was terminated after 170 hours. 

2.5.2 RNA purification and RT-qPCR 

 RNA was extracted from a minimum of 1 × 106 cells using Trizol (Life Technologies 

#15596-026) following manufacturer’s protocol. For qPCR analysis, cDNA was made from 

500ng TURBO-DNase (Life Technologies #AM1907) treated RNA, using the qScript Flex cDNA 

kit (Quanta Bioscience # 95049-100) with random priming. qPCR was run in an Mx3005 P 

(Agilent Technologies) using Brilliant III Ultra-Fast SYBR® Green master mix (Agilent 

Technologies # 600882). Oligos for qPCR are listed in Li_supplementary_Table_S2.1. Fold 

changes was calculated using the ∆∆CT method. GAPDH was used as reference gene in all 

calculations. 

2.5.3 Retrieval of the heavy- and light chain gene sequence 

 The recombinant heavy- and light chain genes were sequenced to enable mapping of 

RNA-Seq and Ribo-Seq read mapping. See Supplementary Experimental Procedures for full 

protocol. cDNA was made from TURBO-DNase, Trizol extracted RNA from CS13-0.02 cells[43] 

using qScript Flex cDNA kit with random priming. A forward primer, annealing just downstream 

of the CMV transcription start site, and a reverse primer annealing just upstream of the BgH 
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polyadenylation signal, was used to amplify the genes. PCR products were cloned into a Zero 

Blunt TOPO vector (Life Technologies #450245) and sequenced. Sequence for heavy- and light 

chain including CMV promoter and BgH terminator sequence available in 

Li_supplementary_Table_S2.2. 

2.5.4 Ribosome profiling 

 Ribosome profiling was performed using the ARTseq/TruSeq Ribo Profile kit (Illumina 

#RPHMR12126) according to manufacturer’s protocol with few alterations. 25 × 106 cells were 

harvested from bioreactor and immediately treated with cycloheximide (CHX, final concentration 

of 100 μg/mL) and incubated at RT for 3 minutes. Cells were pelleted at 1000 × g and washed 

with ice-cold PBS containing 100 μg/mL CHX. Cells were then handled as described in the 

manufacturer’s protocol. RPFs were purified on 10% Novex® TBE-Urea gels (65 minutes at 

200 V) (Life Technologies #EC6875BOX). The generated cDNA was gel-purified on 10% 

Novex® TBE-Urea gels. The final PCR amplified libraries were all gel purified on 10% Novex® 

TBE-Urea gel to remove excessive amounts of adaptor-dimer. Library quality was verified using 

the Agilent High Sensitivity DNA Assay (Agilent Technologies #5067-4626). Libraries were 

sequenced with TruSeq chemistry on a HiSeq 2500 platform (Illumina) in a 50 bp single read 

run. Raw data will be available at the Gene Expression Omnibus (GSE79512) upon publication. 

2.5.5 Sequence alignment 

 Sequence data for both RNA-Seq and Ribo-Seq were quality controlled using 

FastQC[60] and then Trimmomatic[61] was used to trim adapter sequences and low quality 

bases from the reads. Sequence alignment was accomplished using Bowtie2[62] and 

Tophat2[63]. Specifically, rRNA sequences were eliminated by aligning reads to CHO-K1 rRNA 

sequences using Bowtie2. Reads that did not align to rRNA were then aligned to CHO-K1 

reference genome using Tophat2. If Tophat2 reports multiple alignments with the same best 

quality score, we randomly chose one hit by setting the parameter -g as 1. 
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2.5.6 Ribo-Seq quantification 

 Ribo-Seq quantities represent the number of reads that start at a given base pair. If the 

translated mRNA is in the sense strand of the sequenced genome, the 5′ end of aligned reads 

represents the 5′ end of ribosome. For mRNAs that are encoded in the antisense direction, the 

3′ end of an aligned read represents the 5′ end of the ribosome. Thus, to quantify ribosomal 

occupancy, read counts at each base pair of a gene were based on the 5′ end of aligned reads 

for sense mRNA and based on the 3′ end of aligned reads for antisense mRNAs. Ribo-Seq 

reads varied in length (Supplementary figure S2.1) and each length represents a different 

offset for the ribosomal A site. To recalibrate the distance between the 5′ end and the ribosomal 

A site, we analyzed the sequence coverage around the translation start site and the translation 

stop site for every alignment length. The offset for each alignment length is provided in 

Li_supplementary_Table_S2.3. After recalibration of the A sites, we assessed the ribosome 

occupancy periodicity by calculating the percent coverage at each reading frame. This was 

done by summing the coverage at all bases of each frame, divided by total coverage of the 

whole coding sequence (CDS). 

 The ribosomal occupancy surrounding the translation start and stop sites was analyzed. 

To this end we identified the transcript with the longest coding sequence for each gene, and 

then quantified the total read count at each coding position of that transcript to represent the 

corresponding abundance. For each representative transcript, we calculated the median 

coverage of its codons, after excluding the first 15 and last 10 codons. Transcripts with a 

median ribosomal occupancy of their codons that is greater than 0 in at least one replicate 

sample were used for the analysis of the translational start and stop sites. For each gene, the 

coverage at each nucleotide of the interested regions was normalized by 1/3 of their 

corresponded proteins’ median codon coverage. Finally, median values across all normalized 

coverage at each position were plotted. Furthermore, all claims in our study are based on gene-

level quantities, or higher-level groups of genes. Therefore, the expected level of error is 
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expected to be very low[64] (much lower than the 5% changes seen in our data for the cited 

categories). 

2.5.7 Proteomaps 

 Ribosomal occupancy was calculated in the unit of reads per million reads (rpm). Since 

Proteomaps[46,47] does not have a database for CHO genes, we mapped all CHO-K1 genes to 

their mouse homologs using three methods to maximize coverage of overlapping CHO and 

mouse genes. Specifically, we first conducted a two-way BLAST to map all transcript sequences 

between both CHO and mouse using BLAST + 2.2.29[65]. Second, we applied Inparanoid 

4.1[66] to identify homologs between CHO and mouse based on protein sequences that were 

extracted from Refseq 68. Third, we identified genes with exactly the same full gene names in 

the CHO-K1 and mouse annotations and treated them as homologs. The final merged ID 

mapping between CHO and mouse is listed in Li_supplementary_Table_S2.4. If a CHO gene 

exhibits high homology to multiple mouse Entrez gene IDs, the gene abundance was evenly 

allocated to all mapped mouse IDs. The abundance of reads for each gene was then submitted 

to Proteomaps. While Proteomaps does not include annotation for all mouse genes, nor do all 

CHO genes have mouse homologs, ~80% of total ribosomal occupancy, representing 11680 

CHO genes, is accounted for by Proteomaps. Thus, the dominant cellular processes are 

quantified and show the global distribution translation in the cells. 

2.5.8 Gene Set Enrichment Analysis (GSEA) 

 GSEA was performed using the Broad Institute GSEA software[67,68]. GO terms for 

CHO were obtained using GOCHO13 and terms under the parent term ‘Biological Process’ 

were extracted and converted into a GMT file according to GSEA manual. A ranked list of genes 

was made using the expression values obtained from Ribo-Seq quantification. These data were 

run through the GSEA pre-ranked protocol. GSEA-pre-rank analysis was processed to detect 

significant GO terms whose genes that demonstrated an abnormal Ribo-Seq/RNA-Seq ratio 
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(i.e., showing more or less ribosome occupancy then expected) (Supplementary Tables S2.9 

and S2.10). 

 Explanation to why NeoR and not the DHFR mRNA is the dominating selection marker 

present in the ribosome profiling data is presented in the supplementary material (“Comment to 

Figure 2.4”) 

2.5.9 siRNA knock down 

 siRNA duplexes against NeoR were designed using the Custom RNAi Design Tool at 

the IDT web site (Li_supplementary_Table_S2.1). Silencer® Negative Control No. 1 siRNA 

(Life Technologies #AM4611) was used as negative control. siRNAs were transfected into CHO 

cells with FreeStyleTM MAX reagent (Invitrogen) according to the manufacturer’s protocol to a 

final concentration of 10 mM. Briefly, one day before transfection, cells were seeded at 

0.5 × 106 cells/mL of seeding density in PowerCHO-2 medium (Lonza) supplemented with 4 mM 

glutamine and without anti-clumping agent (Life Technologies). For transient transfection of 

siRNAs, cells were centrifuged and resuspended in 10 mL FreeStyleTM CHO expression 

medium (Invitrogen) containing 8 mM glutamine at 1 × 106 cells/mL of seeding density. 

FreeStyleTM MAX reagent and siRNA duplexes for each target gene were mixed in the Opti-

MEM (Invitrogen) as follows: 40 μL of siRNA stock (10 μM) was gently diluted in 160 μL Opti-

MEM. 30 μL FreeStyle MAX reagent was gently diluted in 170 μL Opti-MEM and incubated at 

RT for 5 min. After 5 min, the siRNA mix and FreeStyle MAX reagent mix was combined to a 

total volume of 400 μL and incubated for 20 min at RT. Transfection mix was then added to the 

10 mL cell culture. 4 hr after transfection, the cells were centrifuged and resuspended in 

PowerCHO-2 medium at 0.3 × 106 cells/mL of seeding density into 125 mL Erlenmeyer flasks 

containing 20 mL of culture medium. Transfected cells were harvested at days 3 and 5 for 

further analysis. 
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2.5.10 Immunoblotting 

 Cell pellets for protein extraction were washed once in PBS, and then lysed in Lysis 

Buffer (10 mM Tris pH 8.0, 137 mM NaCl, 7.5 mM MgCl2, 1% NP-40, 1x complete mini EDTA 

free (Roche #04693159001)). Proteins were separated on 4–12% NuPAGE Novex Bis-Tris gels 

(Life Technologies #NP0321BOX) with PageRuler Plus Prestained Protein Ladder (Thermo 

Scientific #26619). Protein samples were prepped for electrophoresis by boiling samples in 

1xNuPAGE® LDS Sample Buffer (Life Technologies #NP0007) and 1xNuPAGE® Sample 

Reducing Agent (Life Technologies #NP0004). Protein was transferred to a nitrocellulose 

membrane using the iBlot®2 Transfer Stack nitrocellulose mini kit (Life Technologies #IB23002) 

using manufacturer’s protocol. Protein transfer was verified by staining with Ponceau S (Sigma 

#P7170). Blots were blocked with 5% skimmed milk powder in PBS + 0.1% Tween-20 (Sigma 

#P1379). All antibody incubation was carried out in 5% skimmed milk powder in PBS + 0.1% 

Tween-20. Antibodies applied: Vinculin (1:1000, Sigma #V9131), Neomycin 

Phosphotransferase 2 antibody [4B4D1] (1:1000, AbCam #ab60018), and BiP (1:1000, Cell 

Signaling Technology #C50B12). 

2.5.11 Octet quantification 

 To quantify chimeric antibody against S surface antigen of hepatitis B virus, biolayer 

interferometry was performed using an Octet RED96 (Pall Corporation, Menlo Park, CA). ProA 

biosensors (Fortebio 18-5013) were hydrated in PBS and preconditioned in 10 mM glycine pH 

1.7. A calibration curve was prepared using human IgG at 250, 125, 62.5, 31.3, 15.6, 7.8 and 

3.9 μg/ml. Antibody supernatants were collected after centrifugation and association was 

performed for 120 s with a shaking speed of 200 rpm at 25 °C. Octet System Data Analysis 7.1 

software was used to calculate binding rates and absolute antibody concentrations. 
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Figure 2.1: Batch culture for ribosome profiling. (A) Viable cell density (VCD) and viability 
during batch culture. (B) Lactate and glucose concentration in growth medium during batch 
culture. (C) Specific growth rate, (D) antibody titer, and (E) specific productivity (qp) in early and 
late growth phase. Linear regression from Qp calculation for each growth phase presented 
below graph. Error bars in all plots depict standard deviation (n = 3). 
 

Figure 1Figure 2.1: Batch culture for ribosome profiling 
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Figure 2.2: Ribosome profiling of CHO cells. (A) Schematic representation of ribosome 
profiling workflow in which Ribo-Seq and RNA-Seq data were simultaneously generated. (B) 
Read depth along the genes from Ribo-Seq (top track) and RNA-Seq (bottom track) of eEF1a1 
on day 3. Insert depicts the read distribution along ORF. Brackets indicate translated ORF 
codon. (C,E,G) Codon periodicity seen from Ribo-Seq data in the open reading frame of 
eEF1a1, heavy chain, and light chain. Ribo-Seq and RNA-Seq read distribution on day 3 are 
shown for the (D) heavy chain, and (F) light chain. RPM: transcripts per million, CDS: coding 
sequences. 

Figure 2Figure 2.2: Ribosome profiling of CHO cells 
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Figure 2.3: Ribosomal densities around translation start- and stop sites on day three. (A) 
Ribosomal densities around the translational start site. Red- and blue lines represent the heavy- 
and light chain mRNA, respectively. The boxplot at each position represents the normalized 
ribosomal density of all endogenous mRNAs. (B) Normalized ribosomal densities around the 
translational stop site. Ribosomal densities for each mRNA were normalized by the median 
density of the given mRNA. 
 

 

Figure 3Figure 2.3: Ribosomal densities around translation start- and stop sites on day three 
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Figure 2.4: Distribution of translational power across cellular processes. (A) Ribo-Seq 
reads were grouped into their corresponding cellular processes (data shown are from day 3). 
The area of each polygon represents the absolute ribosomal occupancy (not normalized to 
transcript length). (B) The quantity of Ribo-Seq reads of major cellular processes changed from 
day 3 to day 6. Error bars depict standard deviation (n = 3). P-values were determined by 
Student’s t-test (two tailed). *P < 0.02, **P < 0.005, ***P < 0.0002. (C,D) The absolute ribosomal 
occupancy (not normalized by transcript length) is shown for all individual genes, based on the 
Ribo-Seq data from (C) day 3 and (D) day 6. (E) Between days 3 and 6, ribosomal occupancy 
significantly changed for many genes. The genes were divided into GO terms (based on Gene 
Set Enrichment Analysis) and plotted to highlight the gene families that showed significant 
changes in their translation. The False Discovery Rate (FDR)48 was plotted on the x-axis and 
the mean of the fold change for the each GO term on the y-axis. Highlighted are GO terms with 
a significant FDR below 0.25 and a mean ratio that was respectively positive (upregulated, 
green) or negative (downregulated, red). The size of each point is relative to the number of gene 
members in the GO term. 
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Figure 4Figure 2.4: Distribution of translational power across cellular processes 
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Figure 2.5: Ribosome footprint correlates with RNA abundance. (A,C) Scatter plot of 
Ribosome footprint density (Ribo-Seq) plotted against mRNA abundance (RNA-Seq) on day 3 
and 6. Recombinant mRNA highlighted in colored circles (red: heavy chain, blue: light chain, 
purple: NeoR). (B,D) Histogram of translational efficiency (the ratio of ribosome footprint density 
to mRNA density) on day 3 and day 6. The colored vertical lines indicate the translation 
efficiency of the recombinant genes (red: heavy chain, blue: light chain, purple: NeoR). Two 
tailed t-test p-value was calculated based on the assumption that recombinant and endogenous 
genes have similar translational efficiency. Day three (•) P-value for Heavy chain = 0.41, Light 
chain = 0.55, and NeoR = 0.83. Day six (••) P-value for Heavy chain = 0.73, Light chain = 0.54, 
and NeoR = 0.44. 

Figure 5Figure 2.5: Ribosome footprint correlates with RNA abundance 
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Figure 2.6: Specific productivity linked to transcription. (A) Fold change in RNA-Seq, Ribo-
Seq and specific productivity. Values are the mean of 3 replicates and error bars are standard 
deviation. 
 

 

 

 

 

 

 

 

 

 

 

Figure 6Figure 2.6: Specific productivity linked to transcription 
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Figure 2.7: Knock-down of NeoR. (A) Western blot showing knock-down efficiency on protein 
level in cell treated with either Control siRNA or NeoR siRNA from day 3 and day 5 post 
transfection. Vinculin presented as loading control. (B) RT-qPCR showing knock-down 
efficiency on mRNA level. Values were normalized to control siRNA. *P < 0.04, **P < 0.0001. (C) 
Viable cell density of cultures treated with control or NeoR siRNA. (D) Antibody productivity of 
cultures treated with control or NeoR siRNA. Error bars depict standard deviation (n = 3). P-
values were determined by Student’s t-test (two tailed). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7Figure 2.7: Knock-down of NeoR 
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Figure 2.8: Read length distribution of ribosome profiling. All three replicates from day 3 
and day 6 presented. RPF: Ribosomal profiling fragments. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8Figure 2.8: Read length distribution of ribosome 
profiling 
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Figure 2.9: Global codon periodicity. To test if the Ribo-Seq data demonstrated a pattern in 
which pausing occurs on the first base of each codon, we superimposed the ribosomal 
occupancy for the first, second and third bases in each codon. We included all genes whose 
protein codon median coverages were greater than 0 in at least one replicate. First, we 
calculated the percent coverage at each reading frame by summing the coverage at all bases of 
each frame, divided by total coverage of the whole coding sequence (CDS). Then for each 
gene, the average frame percentage coverage of biological replicates was used to represent its 
final frame percentage coverage at day3 and day6. To substantiate that the codon periodicity of 
the recombinant mRNAs are equal to that of eEF1a1, we performed an ANOVA analysis. For 
each gene, ribosomal occupancy, at each base pair of coding region, was normalized as the 
percentage of total coverage of the codon it belongs to. Following this, an 
ANOVA test was performed to test if 3 coding frames have the same mean percentages. The 
ANOVA results show that ribosomal occupancy is significantly different between 3 coding 
frames. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9Figure 2.9: Global codon periodicity 
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Figure 2.10 Global stalling frequency. To test if the recombinant mRNAs showed increased 
or decreased ribosomal stalling, we quantified pausing on all genes whose protein codon 
median coverage were greater than 0 in at least one replicate. For each gene, we calculated the 
median codon coverage excluding the first 15 and last 10 codons to avoid the bias introduced at 
those regions. Then coverage at each codon is normalized by the median. The number of stall 
sites were then counted for each gene, with a normalized density of greater than 25 being 
considered as a stall sites. *Note: A recent study has shown that CHX can bias the translation 
rate of codons[69]. But here we are looking at the overall stall sites instead of codon specificity, 
therefore the stall sites is comparable. 

 
 
 
 
 
 
 
 
 
 
 

Figure 10Figure 2.10 Global stalling frequency 
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Figure 2.11: Increased BiP expression at late growth phase. Western blot of BiP across the 
batch culture. Vinculin presented as loading control. 
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Figure 11Figure 2.11: Increased BiP expression at late growth phase 
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Chapter 3-Gap analysis between novel and old hamster 

genome assembly 

3.1 Abstract 

 Complete and thorough genome sequences are essential in biotechnology to facilitate 

genome‐based cell engineering efforts. Hybrid genome assembly by merging single molecule 

real time sequencing and Illumina‐based assemblies has been a popular method to resequence 

genome thanks to its high accuracy and being able to generate more continuous sequences. 

Recently, the new hybrid genome assembly for Cricetulus griseus, the Chinese hamster, has 

substantially improved the genome quality by reducing large amounts of fragments and gap 

sequences. Here we mapped the old assembly to the new one to quantify the improvements. 

The new genome assembly reduced the number of scaffolds by >28‐fold, with 90% of the 

sequence in the 122 longest scaffolds. Most genes are now found in single scaffolds, including 

up‐ and downstream regulatory elements, enabling improved study of noncoding regions. 

With >95% of the gap sequence filled, important Chinese hamster ovary cell mutations have 

been detected in draft assembly gaps. This new assembly will be an invaluable resource for 

continued basic and pharmaceutical research. 

3.2 Introduction 

 For decades, Chinese hamster ovary (CHO) cells have been the primary recombinant 

protein production host across the biopharmaceutical industry[1] because of its glycosylation, 

fast growth and ease of genetic manipulation. The protein production of CHO cells has been 

greatly improved by refining bioprocessing, optimizing media and engineering transgenes and 

expression vectors before while little engineering was performed on CHO cells themselves. 

Efforts trying to engineer host cells are increasing steadily in recent years thanks to the 

availability of multiple CHO and Chinese hamster genomes[13,18,19]. However, those genomes 
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were assembled using illumina short-read sequencing technology and suffer from large amount 

of fragments and pervasive gap sequences. To facilitate CHO cell research and development, 

the community merged single molecule real time (SMRT) sequencing technology and illumina 

short-read sequencing technology to assemble a much more complete and continuous Chinese 

hamster genome[70].  

 To check how much the new genome has improved and what features were missed in 

the old genome assembly, we aligned the old genome assembly[18] to the now one. The final 

assembly presented is the most complete Chinese hamster genome to date, with the number of 

scaffolds reduced to fewer than 3%–6% the number in earlier works, and the mean contig 

length 16 to 29 times longer. The new genome shows substantial improvement in gene 

completeness and the extent of flanking noncoding DNA, thereby enabling the identification of 

promoters and enhancers. Finally, 95% of the sequence gaps were filled, exposing hundreds of 

cell line‐specific mutations in coding regions of the genome for several CHO cell lines. For 

example, an important single nucleotide polymorphism (SNP) in the glycosyltransferase, 

xylosyltransferase 2 (Xylt2), which impacts glycosylation and which was hidden in gaps in 

previous assemblies, can now be detected. Thus, this resource will serve as an important 

reference genome for researchers across the biotechnology industry and scientific community. 

3.2 Results 

3.2.1 Pervasive gaps are filled by SMRT sequencing 

 The RefSeq assembly[18] contains 166,152 gaps with a total length of 58.8 Mb, 

representing 2.5% of the entire genome. The PICR meta‐assembly has eliminated most gaps, 

with only 3,238 remaining (Figure 3.1a). These gaps account for 2.9 Mb, or 0.1%, of the 

genome. By aligning the RefSeq assembly to PICR using MUMmer3.0[71], we identified the 

missing sequence for 125,812 (76%) of the RefSeq gaps (Figure 3.1b and the Methods 

section). The sequence for a subset of RefSeq gaps was not identified in the PICR meta‐
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assembly. Of this subset, 90% could not be unambiguously identified because the flanking 

fragments did not both align to the new assembly, likely due in part to misassemblies in the 

RefSeq genome (Figure 3.1). 

 The elimination of most gaps in the PICR meta‐assembly enables more accurate and 

complete genome editing and genomic analyses since 2,252 genes in the PICR meta‐assembly 

had their RefSeq assembly gaps filled. We called variants from whole‐genome resequencing 

data for 13 representative resequenced CHO cell lines[18,72] to identify genes that have newly 

discovered mutations in the RefSeq coding gaps. Each sample has ∼300 mutations in coding 

gaps, 90% of which are SNPs (Li_supplementary_Table_S3.1). Across 13 cell lines, 885 novel 

variants in coding gaps were found in 134 genes (Figure 3.1c). 

 Gene classes with the highest gap filling success included genes associated with protein 

binding, RNA binding, and transcription (Figure 3.2), including genes containing zinc finger 

motifs and ribosomal genes. Previously, such genes were replete with gaps due to their 

conserved domains shared across many other genes in the genome. We further explored which 

genes had coding mutations in their filled gaps. The top GO terms for these 225 genes are also 

enriched in DNA binding and transcription (Figure 3.3). In summary, the gaps in the previous 

assembly could potentially confound genomic studies in CHO, especially those involving 

mutations associated with DNA or RNA binding, including transcription factors. 

3.2.2 An important mutation in Xylt2 is found within a filled sequence gap 

 Beyond their importance in biopharmaceutical production, CHO cells were fundamental 

to cell biology and biochemistry research for many decades. For example, genetic screens of 

many CHO cell lines were used to identify glycosyltransferases[73–76] and genetic mapping 

efforts were deployed to identify causal mutations. The pgsA745 cell line[77] has been used for 

decades in the glycobiology field due to its deficiencies in glycosaminoglycan synthesis[78], due 

to a truncation of the Xylt2 protein[79]. However, upon variant calling from whole‐genome 
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resequencing data for the pgsA745 cell line[77] using the RefSeq assembly, we failed to identify 

the causal mutation, whereas a G‐>T SNP encoding a premature stop codon was found in exon 

1 of Xylt2 when using the PICR genome assembly (Figure 3.1d). This mutation was previously 

missed since the RefSeq assembly has a gap of 447 bp that spanned the first exon on scaffold 

NW_003613846.1. However, this gap was filled in PICR, enabling the identification of the 

mutation. Thus, filling of the gap sequence leads to a valuable improvement to genomic studies, 

including the identification of causal variants in CHO cell lines. 

3.3 Methods 

3.3.1 Identification of the filled‐gap sequence 

 We aligned the Chinese hamster RefSeq genome sequence to the PICR genome 

sequence using NUCmer[80] to identify gap sequence (see Figure 3.4). Briefly, NUCmer 

clusters a set of maximally exact matches as an anchor and then extends alignments between 

the clustered matches. Gaps are represented using letters N in the genome, and since they 

differ between the RefSeq and PICR meta‐assembly, the MUMmer alignments stop at gaps 

larger than 89 bp (base pairs). This means that if two fragments that flank both ends of a gap 

are found on the same PICR scaffold in the same orientation, the sequence between the two 

matches corresponds to the sequence of the gap. Since sequence errors may occur near gap 

regions, we consider matches flanking a gap if the distance between the fragment and the gap 

is less than 10 bp. When the gap is shorter than 90 bp, MUMmer clusters the gap together with 

the two matches on both ends and only reports the merged long fragment as mapping. In this 

case, we first used the show‐aligns method in MUMmer to output the alignment details between 

the RefSeq hamster and PICR, and then we extracted the corresponding gap sequence by 

parsing the alignments. The gap analysis was performed using PICR and RefSeq hamster 

assembly, except the gap in the Xylt2 gene, which was visualized using the RefSeq CHO‐K1 

genome assembly. 
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3.3.2 Identification of genes with gaps and mutations 

 We called variants in whole‐genome resequencing data from various CHO cell 

lines[18,72,77]. GATK v3.5[81–83] was used with the GATK manual‐recommended parameters. 

We also called variants using the reads from the RefSeq assembly project[18] to identify and 

filter false‐positive variants. Pybedtools[84,85] identified genes with gaps in their coding regions. 

Gene ontology (GO) term analysis was performed using DAVID[86,87]. 

 First, to identify classes of genes with gaps in the RefSeq assembly, we mapped all 

hamster genes to their human homologs. The functional enrichment analysis for all the 2,252 

genes with coding gap regions was performed using the human genes with hamster homologs 

as the background. Second, to identify classes of genes with a higher frequency of mutations in 

gaps, we looked for over‐representation of the 132 genes with variants in coding gaps, while 

using the 2,252 gap‐filled genes as the background. GO terms with a p‐value smaller than 0.01 

were visualized using REViGO[88]. Code for the gap analysis can be acquired here 

https://github.com/LewisLabUCSD/assembly_gaps. 

3.4 Discussion 

 For 60 years, CHO cells have been invaluable for biomedical research and fundamental 

to the study of several biological processes, such as glycosylation[80] and DNA repair[89]. In 

addition, for >30 years, they have been the host cell of choice for the production of most 

biotherapeutics. Although the aforementioned research was carried out without genomic 

resources, new opportunities are arising with published CHO genome sequences[13,18,19,90]. 

However, the draft nature of these genome sequences poses challenges for many applications. 

Recently, the new assembled Chinese hamster genome[70] presents a major step forward in 

further facilitating the adoption of cutting‐edge technologies for cell line development and 

engineering. Here we quantified how much the PICR assembly has improved compared to the 

RefSeq genome. 

https://github.com/LewisLabUCSD/assembly_gaps
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 The new genome increased the N50 by 13 times and decreased the number of scaffolds 

to 1/29 compared to the RefSeq one[18]. Furthermore, the initial PICR assembly has only one 

misassembly while the RefSeq assembly had at least 24 > 1 Mb scaffolds with cross-

chromosome misassemblies. Finally, more than 95% of the gap sequence in the current RefSeq 

assembly has been eliminated in the PICR genome, which provides a more complete and 

contiguous view of the genomic sequence of the Chinese hamster. 

 Despite the absence of genomic resources, CHO‐based bioprocessing has advanced 

substantially for ∼30 years. Massive improvements in protein titer were predominantly achieved 

through media and process optimization. Systematic optimization of CHO cell lines itself has 

lagged behind Escherichia coli and Pichia pastoris and has only recovered traction with the 

comparatively late release of draft genomes. The availability of genomic data now enables 

improved control over product quality and more predictable culture phenotypes. For example, 

more contiguous and complete sequences will facilitate the identification of sites for targeted 

integration of transgenes, enabling more reproducible productivity across clones[91] and 

reducing the burden of stability testing. In addition, the elimination of gap sequence regions 

enables the improved identification of genomic variants and design of genome editing tools. 

Furthermore, by sequencing through repetitive elements, endogenous retroviral elements can 

be deleted. This could substantially reduce the retroviral particles secreted in mammalian cell 

culture[80,92], increase biopharmaceutical safety, and decrease the burden of adventitious 

agent testing and purification. Comparable efforts have successfully cleaned up similar 

elements in the porcine genome[93]. 

 The full benefit of this more contiguous genome will become apparent as novel genome‐

editing tools are applied to control cell phenotypes. These include efforts to delete larger tracts 

of the sequence, including genes, promoters, and other regulatory elements using paired 

gRNAs that remove the entire sequence rather than only introducing frameshifts[94]. Thus, 

genes can be removed or promoters can be replaced with synthetic or inducible elements. 
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Furthermore, with more complete regulatory element sequences, one could use CRISPRa/i to 

regulate gene expression levels. Finally, tools can be deployed that modify the methylation of 

endogenous promoters to activate or silence gene expression[95,96]. Overall, these strategies 

enhance our control over cell phenotype. As demonstrated, these precision engineering tools 

are highly dependent on the availability of a contiguous and well‐assembled genome, as 

presented here, to the entire scientific and industrial community. 

3.5 Figures 
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Figure 3.1: Important variants are located in sequence gaps in previous assemblies. (a) 
More than 95% of sequence gaps were filled in the PICR meta‐assembly (inset shows the log 
frequency of gaps to highlight the low frequency of PICR gaps not visible in the normal 
histogram). (b) The missing sequence in gaps in the RefSeq assembly was identified by 
aligning the RefSeq sequence flanking the gaps to the PICR sequence. (c) Across 13 cell lines, 
we found 65,842 SNP and indel mutations in the RefSeq gap regions, and 1.3% of these were 
found in coding regions. (d) A legacy CHO cell line, pgsA745, identified Xylt2 as the 
glycosyltransferase responsible for the first step in glycosaminoglycan biosynthesis as this cell 
line is deficient in glycosaminoglycan biosynthesis. Because of a gap in the RefSeq assembly, 
only in the new PICR meta‐assembly can the causal variant be identified. A G→T mutation 
introduces an early stop codon in exon 1, resulting in a loss in Xylt2 activity. The genotype is 
shown for a variety of CHO cell lines (Feichtinger et al., 2016; Lewis et al., 2013; van Wijk et al., 
2017), with only pgsA745 showing the early stop codon. CHO, Chinese hamster ovary; SNP, 
single nucleotide polymorphism; Xylt2, xylosyltransferase 2. 
 

Figure 12Figure 3.1: Important variants are located in sequence gaps in previous assemblies 



45 
 

 
Figure 3.2: GO term analysis of genes with coding gaps. Enriched GO terms were identified 
using DAVID. 2,252 genes with coding gaps were searched against the whole human GO term 
sets. The top 5 GO terms with FDR corrected p-value smaller than 0.05 were shown in the 
figure using REVIGO. Circle size represents the relative gene set size of each GO term 
compared to the whole human gene sets. This indicates genes related to transcription or 
translational regulation may be difficult to fully assemble only using Illumina reads, as some 
classes of transcription factors and other oligonucleotide binding proteins have highly conserved 
or repetitive sequences (e.g., zinc finger proteins). 
 

Figure 13Figure 3.2: GO term analysis of genes with coding gaps 
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Figure 3.3: GO term analysis of genes with mutations in their coding gaps. Enriched GO 
terms were identified using DAVID. 134 genes with variants in their coding gaps were searched 
against all of the 2,252 genes with coding gaps. GO terms with an FDR-corrected p-value 
smaller than 0.05 were shown in the figure using REVIGO. Circle size represents the relative 
gene set size of each GO term compared to the whole human gene sets. This indicates genes 
related to transcription regulation tend to have more mutations than the other genes with coding 
gaps. 
 
 
 
 
 
 
 
 
 

Figure 14Figure 3.3: GO term analysis of genes with mutations in their coding gaps 
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Figure 3.4: Matches around and including gaps were used to identify the corresponding 
region in PICR genome. Numbers in the figure represent the amount of the specific gaps we 
identified. 
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Chapter 4-Proteogenomic annotation of the Chinese hamster 

reveals extensive novel translation events and endogenous 

retroviral elements 

4.1 Abstract 

 A high quality genome annotation greatly facilitates successful cell line engineering. 

Standard draft genome annotation pipelines are based largely on de novo gene prediction, 

homology, and RNA-Seq data. However, draft annotations can suffer from incorrectly 

predictions of translated sequence, incorrect splice isoforms and missing genes. Here we 

generated a draft annotation for the newly assembled Chinese hamster genome and used RNA-

Seq, proteomics, and Ribo-Seq to experimentally annotate the genome. We identified 4,333 

new proteins compared to the hamster RefSeq protein annotation and 2,503 novel translational 

events (e.g., alternative splices, mutations, novel splices). Finally, we used this pipeline to 

identify the source of translated retroviruses contaminating recombinant products from Chinese 

hamster ovary (CHO) cell lines, including 131 type-C retroviruses, thus enabling future efforts to 

eliminate retroviruses by reducing the costs incurred with retroviral particle clearance. In 

summary, the improved annotation provides a more accurate platform for guiding CHO cell line 

engineering, including facilitating the interpretation of omics data, defining of cellular pathways, 

and engineering of complex phenotypes. 

4.2 Introduction 

Chinese hamster ovary (CHO) cells are the primary workhorse for therapeutic protein 

production[97].  Sequencing and assembly of the CHO and Chinese hamster 

genomes[13,18,19] have enabled improvement in protein production using genetic engineering 

and in cell line process optimization using omics technologies[98,99]. A recent effort greatly 

improved the reference Chinese hamster genome assembly by combining Pacific Biosciences 
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Single Molecule Real Time (SMRT) and short-read Illumina sequencing data, thus reducing the 

number of scaffolds by 28-fold and filling 95% of the sequence gaps[70]. Despite these great 

improvements in the assembly, the current genome annotation was based primarily on ab initio 

prediction, protein homology, ESTs, and limited publicly available transcriptomic data. However, 

these pipelines have difficulties in translation confirmation, splice form detection, and complete 

novel gene identification[100]. To improve cell line engineering success, an accurate genome 

annotation is necessary. 

Proteogenomics provides a way to address such challenges by integrating mass 

spectrometry-based proteomics, RNA-Seq and genomic data. For example, peptides can be 

identified by mapping tandem mass spectra to protein databases derived from RNA-Seq and 

genome annotation. The peptides are then used to update the annotation with novel coding 

regions and splice sites. Proteogenomics was first applied to Mycoplasma pneumoniae[101] to 

identify new and extended open reading frames (ORFs) and remove low quality gene models. It 

has also been applied to many eukaryotes including plants[102], yeast[103], and human[104]. In 

addition to improving annotations, the proteomic data can also identify mutations (e.g., in 

cancer[105]and post translational modifications[106,107]). 

In addition to proteomics data, Ribo-Seq (data from sequencing ribosome-protected 

coding reactions at single nucleotide resolution[37]), provides a global view of actively translated 

mRNAs, and thus has been utilized to predict ORFs and translation frames for proteins[108] and 

to identify additional predicted proteins for proteogenomics[109]. Together transcriptomic, Ribo-

Seq, and proteomic data can be invaluable for refining annotation about proteins. 

To obtain a data-supported refinement of the Chinese hamster genome annotation, here 

we integrated proteomics, RNA-Seq, and Ribo-Seq to verify coding regions, update gene 

models, identify novel translated genes, and verify protein-coding variants in different CHO cell 

lines (Figure 3.1). To further demonstrate the increased value of this resource, we investigated 

the challenge associated with the Food and Drug Administration (FDA) requirement to ensure 
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that viral particles (particularly endogenous retroviral particles) are eliminated from the 

therapeutic protein product, which contributes to the high costs in bioprocessing[110]. 

Specifically, we identified all translated retrovirus particles in CHO cells, including previously 

unannotated translated loci, thus providing potential knockout targets to increase drug purity 

and reduce demands on viral clearance. This proteogenomic resource will be invaluable for 

future efforts to study and engineer CHO cells for bioprocessing. 

4.3 Results 

4.3.1 Draft annotation for the genome 

The CHO-K1[13] and Chinese hamster genome sequences[18,19] were originally 

assembled using short read (99bp) technology, and therefore resulted in fragmented contigs 

and scaffolds. Thus, efforts to annotate the genomes resulted in some errors in protein and 

gene models. The RefSeq pipeline has corrected some such errors; however, the complete 

reassembly of the Chinese hamster genome[70] provides an opportunity to obtain a much 

improved annotation of coding regions in the genes and their corresponding protein sequences. 

Therefore, we generated a new draft annotation here (Supplementary Figure S4.1), including 

predicted protein sequences. 

68 RNA-Seq samples were prepared from multiple CHO cell lines and hamster tissues 

(see Methods). Transcripts were assembled for each sample separately using stringtie[111] 

and merged using stringtie-merge[111], yielding 26,530 genes with 68,082 transcripts. Then 

38,654 hamster RefSeq transcripts were mapped to the newly assembled hamster reference 

genome using GMAP[112]. Finally, the RefSeq alignments and RNA-Seq assembled transcripts 

were merged to 86,790 transcripts and grouped into 38,511 genes based on genomic locations 

using Program to Assemble Spliced Alignments (PASA). 

We then applied TransDecoder[113] to the 86,790 transcripts and predicted 63,331 

proteins with 47,829 unique protein sequences (the remaining are noncoding transcripts). To 
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annotate the function of the proteins, we aligned the protein sequences to the hamster RefSeq 

and UniProt Swiss-Prot protein databases using BLASTP[114]. 

(Li_supplementary_Table_S4.1). We assigned UniProt gene names to the proteins in our draft 

annotation except for those that only map to hamster RefSeq proteins. Furthermore, we 

identified 4,640 non-coding transcripts by aligning the transcripts to the hamster RefSeq non-

coding transcripts using BLASTN. 

4.3.2 Proteogenomics helps identify novel proteins in the draft annotation 

To quantify novel proteins predicted in the draft annotation compared to the hamster 

Refseq proteins, we mapped 47,829 unique draft proteins to the RefSeq proteins using 

BLASTP. We classified the mappings into 5 main categories: (1) 15,787 perfectly mapped 

proteins; (2) 7,483 proteins mapping perfectly on only one end between the draft and RefSeq 

sequences; (3) 11,780 high quality mapped proteins (over 90% percentage of identity (pident) 

and over 80% percentage of length (plen) on both sides of homology protein mapping pair 

between draft and RefSeq); (4) 6,688 high quality mapped proteins (over 90% pident and over 

80% plen on either side), but only mapping well on one end; (5) 5,820 low quality or non-

mapping proteins. 289 proteins failed to map. We defined proteins that were not in category (1) 

as novel proteins. Among the one-sided perfect mapping proteins, 3,336 proteins are shorter in 

the draft, compared to RefSeq, while 4,147 proteins are longer than RefSeq. Interestingly, 

isoforms of some of the former proteins map perfectly to RefSeq, which indicates the draft 

annotation pipeline is sensitive to splice sites, which resulted in more isoforms being assembled 

than seen in Refseq. 

Next, we sought peptide support for the novel proteins in the draft annotation. 

12,870,725 mass spectra were acquired and prepared from multiple CHO cell lines and hamster 

tissues. We merged the draft and RefSeq proteins and extracted the unique protein sets as a 

reference protein database. Then we used MS-GF+[115] to search the peptide-spectrum 

matches (PSMs) with 1% FDR correction and identified 244,729 peptides. Here we only 
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consider proteins with at least two peptides and at least one of them mapping uniquely. For 

each pair of homologous draft and RefSeq proteins, the draft protein was considered as novel if 

it has extra peptide support compared to the corresponding RefSeq protein. As a result, we 

identified 4,077 draft novel proteins, 3,890 of which have additional unique peptide support not 

seen in the RefSeq sequence (Figure 4.2A). The remaining 187 novel proteins have extra 

peptides mapping to multiple locations. (Figure 4.2B). The high quality protein mappings 

category (>90% pident and >80% plen) has the most novel proteins. 5,608 draft proteins have 

the same peptide support as similar RefSeq proteins, which may require additional data to verify 

their novel features. The numbers of novel proteins in each mapping category are depicted in 

(Figure 4.2). 

4.3.3 Proteogenomics and Ribosome profiling identify additional translational 

events 

In addition to verifying novel protein sequences, proteomics can also help identify other 

translational events, e.g., novel splice sites, gene fusions, etc. (Figure 4.3A). Thus, to obtain a 

more comprehensive view of protein sequence verification and identification of other translation 

events, we created 4 putative protein databases: (1) KnownDB-predicted from draft annotation, 

(2) SnpDB-translated from RNA-Seq reads that have non-synonymous mutations and short 

INDELs, (3) SpliceDB-translated from spliced RNA-Seq reads, and (4) SixframeDB-peptides 

between stop codons in all 6 frames of the genome (Figure 4.1). As previously 

recommended[105], we performed multi-stage 1% (Supplementary Figure S4.2) FDR 

correction for the databases sequentially. This pipeline (Supplementary Figure S4.3) identified 

3,656,801 (28%) significant PSMs resulting in 239,973 unique peptides mapping to the 

KnownDB and 9,808 peptides mapping to the remaining databases (Figure 4.3B). Among all 

the peptides identified from KnownDB, 208,904 (87%) map to unique genomic locations. 

We required each validated protein to have at least two peptides and at least one of 
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them map uniquely (i.e., to only one locus). Using this strategy, we verified 30,814 proteins, 

which represent 64.4% of the sequences in the KnownDB. 

After known protein sequence validation, we explored additional novel peptide events. 

To guarantee high confidence of the events, we filtered out those with fewer than 3 RNA-Seq 

supporting reads, and required each event to have at least one uniquely mapped peptide. Most 

proteins are longer than 100 amino acids, and tryptic peptides sequenced are usually about 7-

32[116] amino acids long. Thus, if novel peptides are close and in the same translational frame, 

they are likely to support the same protein. Therefore, we clustered novel identified peptides 

that were in the same translational frame and fewer than 100 amino acids away from each other 

to represent the same event. In total, we discovered 2,503 new translational events, 86% of 

which are novel splice and nonsynonymous single nucleotide polymorphisms (SNPs) (Figure 

4.3A). Novel splice sites represent 47.3% of the total events, covering 857 genes. We also 

identified 70 alternative splice events, 22 reverse strand translation events, 9 novel ORFs (not 

predicted by the draft annotation) and 5 gene fusion events. 

Ribo-Seq offers orthogonal evidence to further support protein sequences, and can help 

discover new proteins as well. Ribo-Seq and corresponding RNA-Seq data sets for an IgG-

producing CHO cell line were acquired at both exponential and stationary phase[117]. We used 

RiboTaper[118] to predict the translating ORFs under the guidance of the draft annotation. 

28,700 transcripts were predicted to encode proteins, with 24,709 (86%) having a single ORF 

(Figure 4.3C). Among these, 13,666 transcripts have the same protein sequences as the draft 

annotation. In addition, 1,318 “non-coding transcripts” in the draft annotation are predicted to 

encode proteins. The remaining Ribo-Seq predicted sequences were classified into two groups: 

(1) in the same frame (8775) and (2) in different frames (950) with the draft annotation (Figure 

4.3D, Li_supplementary_Table_S4.2). 

Protein predicted by Ribo-Seq can expand the databases for proteomics so that more 

proteins can be verified. Here we used Ribo-Seq predicted proteins as a novel database and 
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ran the proteogenomics pipeline together with KnownDB. After filtering all peptides identified in 

the previous proteogenomics pipeline, the Ribo-Seq data facilitated the identification of 2,581 

new peptides. Here we require at least one unique peptide in an ORF to verify translation. 

Among 1,628 non-protein-coding transcripts in the draft annotation, 218 were verified to encode 

proteins by Ribo-Seq and proteomics. While Ribo-Seq enabled the successful identification of 

many new peptides, including those in transcripts previously thought to be non-coding, it was 

less successful at identifying the translation start sites. Supporting peptides were found for only 

8 out of the 305 ORFs that were predicted to be longer than the draft annotation. In addition, 

Ribo-Seq helped identify translation events in 5’UTR and 3’UTR regions in 234 genes, 

consistent with previous reports in human[119]. For more details, see 

Li_supplementary_Table_S4.2. 

4.3.4 Proteomic based validation of SNPs and INDELs in CHO cell lines and 

hamster tissues 

The peptides obtained from proteomic studies enabled the validation of genetic variants 

in the various CHO cell lines and hamster tissues. To discover these mutations, we used our 

SnpDB (Figure 4.1) as the novel database in the proteogenomics pipeline, which includes 

peptides translated from all the RNA-Seq reads supporting SNPs and small INDELs. 

Proteomics identified fewer mutations than RNA-Seq (Li_supplementary_Table_S4.3), mainly 

because of its lower depth of coverage compared to RNA-Seq. Furthermore, mutated proteins 

can be degraded, and therefore not detected. In total we identified 973 nonsynonymous SNPs, 

located in 734 genes. Most genes have one SNP while there are 6 genes with more than 5 

SNPs: GAPDH, GOLGB1, AHNAK2, PKM, MYH9 and EEF1A1. Surprisingly, only one protein 

lost a stop codon (ribosome protein gene RPS23) while others change amino acids. 75% of the 

SNPs are homozygous, which indicates CHO cell lines may have developed and retained those 

mutations after long periods of evolution. Furthermore, the distributions of the 6 SNP types 
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showed that transitions occurred more frequently than transversions, and the proteomic data 

captured a similar distribution of mutations as RNA-Seq data (Figure 4.4A, Figure 4.4B). We 

identified 42 insertions and 6 deletions, located in 41 and 6 genes respectively. There are more 

homogeneous frameshift INDELs than other types. The 8 genes harboring both SNPs and 

insertions include AHNAK2, CALR, HNRNPUL1, HSP90B1, PLEKHG5, PTMA, RIF1, and 

VAT1, while only SIK3 had both SNPs and deletions. 

Next, we looked at the mutation distribution across the protein body. Since there are far 

fewer INDELs than SNPs, focused on the distribution of SNPs. Figure 4.4C shows that SNPs 

are distributed relatively evenly across the protein body. Interestingly, we also identified peptide-

supported mutations in 5’ UTR regions, but the number is much smaller than for those in coding 

regions. 

Many different CHO cell lines (e.g., CHO-K1, CHO-S and DG44), have been used to 

develop different recombinant protein-producing cells. Each cell line has a lengthy history of 

mutation and selection during cell line development[18], and therefore can have unique genomic 

variants[18,77].  To check the variations between these CHO cell lines, we compared their 

peptide-supported SNPs in the coding regions. Most of the SNPs are shared among the cell 

lines, which means these variants have been conserved during the long period of cell line 

development, either due to early mutations obtained in CHO cells when derived in 1957 or 

genetic drift of the Chinese hamster colony since then (Figure 4.4D). 

4.3.5 Proteomics elucidate translated retroviral elements in the genome 

For decades, it has been known that CHO cells shed retroviral particles[120]; while 

these were shown to be non infectious[80,121], the safety concern has required companies to 

filter out all such viral particles and conduct extensive testing to verify non-infectivity. This adds 

a substantial cost to production. Viral particles have been isolated, but all mRNAs that have 

been sequenced from these particles were all non-coding, in that they contained many early 

stop codons. Thus, it remains unclear which loci encode the translated viral particles. Here, we 
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analyzed the transcriptomic and proteomic data to identify the loci of expressed and translated 

retroviral particles, to enable further efforts to eliminate these particles and reduce drug 

purification costs. 

To identify translated endogenous retroviruses in CHO cells, we first extracted peptides 

that support retroviral proteins from our draft annotation (Figure 4.5A). Since retroviruses can 

have multiple similar copies across the whole genome, we consider peptides that can map to 

multiple locations. We found 457 retroviral genes covered by 723 transcripts, 184 of these 

genes (corresponding to 304 transcripts) have peptide support and 111 transcripts map well to  

RefSeq (>60% pident, >80% plen) and UniProt (>50% pident, >80% plen). Infectious retroviral 

DNA is flanked by two identical non-coding repeats called long terminal repeats (LTR)[122], 

which aid in retroviral mobility and integration into the host genome, along with regulation of 

retroviral gene expression. In the hamster genome, we identified 3,324 LTR pairs in the 

reference genome using LTRharvest[123] and found only 76 retroviral transcripts locate 

between those LTRs, 74 of which have peptide support. If one LTR is disrupted, the other side 

can still effectively induce transcription. Thus, genes not flanked by LTR pairs can still produce 

retroviral particles. 

We next aimed to identify unannotated translated retroviral sites in the genome (Figure 

4.5A). For this, we aligned all retroviral proteins from NCBI to the reference genome using 

tblastn[65]. Then we overlapped the mapping sites with the 5,104 novel peptides identified 

against novel protein databases from our proteogenomics pipeline and obtained 41 novel 

retroviral sites, 1 of which localized between an LTR pair and was covered by 5 peptides. The 

site showed homology to the gag proteins from Gibbon ape leukemia virus and Spleen focus-

forming virus. Finally, since CHO cells were originally derived in 1957, we further checked if new 

infections may have emerged in CHO (Supplementary Figure S4.4). For this analysis, we 

aligned all known retroviral proteins and novel peptides from proteogenomics pipeline, using 

tblastn, to in-house Illumina-corrected single molecule real time (SMRT) sequence data from 
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CHO-S and the Chinese hamster[70]. After filtering out the putative viral sites identified in 

hamster, we found no evidence that wild type CHO-S cell lines have acquired any new retroviral 

sites. 

Mammalian retroviruses have been classified into different types based on the genomic 

compositions. We mapped retroviral protein sequences identified from previous steps to UniProt 

and used protein full names to discover 3 main retroviral types in hamster: type-A, type-B, and 

type-C[124]. We found type-C retroviruses to be the most highly transcribed and translated 

(Supplementary Figure S4.5). In addition, type-C viral particles have been identified in CHO 

cell lines before and regulatory agencies now require the verification that products are non-

infectious type-C particles[121,125]. The vast majority of type-C proteins had little or no peptide 

support, suggesting these are silenced or noncoding. Of the 131 type-C retroviral proteins with 

peptide support that we identified, most were gag and envelope proteins (Figure 4.5B). Only 7 

proteins had more than 20 peptides, and most proteins had low coverage of supporting peptides 

(Figure 4.5C). Figure 4.5D shows an example of highly translated envelope protein with 42 

peptides, covering 32% of the coding sequence. Although it has many secondary reads, it also 

has many uniquely mapping reads, which indicates this locus is truly expressed. The proteins 

with high coverage and more supported peptides should be prioritized in efforts to eliminate viral 

particle production. The genomic locations, RNA-Seq and peptide coverage of all endogenous 

retroviral genes are provided in Li_supplementary_Table_S4.4. 

4.4 Methods 

4.4.1 Proteomic sample preparation 

Proteomic data were acquired at two different locations using different protocols, thus 

increasing the diversity in spectra used for annotation. These are referred to as batch 1 and 

batch 2, as follow. 
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4.4.2 Tissue Sample Collection for batch 1 

Chinese hamsters were generously provided by Dr. George Yerganian (Cytogen 

Research, Roxbury, MA). Euthanization was performed by CO2 and verified by puncture. 

Harvested liver and ovary tissues were flash frozen on dry ice and stored at -80oC until analysis. 

4.4.3 Cell Culture Sample Collection for batch 1 

Suspension CHO cell lines (including CHO-S and CHO DG44) were grown in shake-

flask batch culture. CHO-S cells were cultured in CD-CHO medium supplemented with 8mM 

glutamine (Thermo Fisher Scientific, Waltham, MA), and CHO DG44 cells were culture in DG44 

medium supplemented with 2mM glutamine (Thermo Fisher Scientific, Waltham, MA). Samples 

were collected on day 2 for exponential phase and day 4/5 for stationary phase. Cells were 

incubated at 37oC, 8% CO2, and 120RPM. For sample collection, approximately 3 million cells 

were spun down, washed with PBS on ice, frozen rapidly on dry ice, and stored at -80oC until 

analysis. 

4.4.4 Cell lysate and Tissue Sample preparation for batch 1 

Cell culture lysates and tissue samples were thawed on ice and suspended in 2% 

sodium dodecyl sulfate (SDS) supplemented with 0.1mM phenylmethane sulfonyl fluoride 

(PMSF) and 1mM ethylenediaminetetraacetic acid (EDTA), pH 7-8. Samples were lysed by 

sonicating for 60 seconds at 20% amplitude followed by 90 seconds pause (for three cycles). 

Protein concentration was measured with bicinchoninic acid (BCA) protein assay after briefly 

spinning to remove cell debris. Three hundred micrograms of each sample was reduced in 

10mM tris(2-carboxyethyl)phosphine (TCEP), pH 7-8, at 60oC for 1hr on a shaking platform. 

After bringing each sample to room temperature, iodacetamide was added to alkylate the 

sample to 17mM final concentration for 30 minutes. Next, samples were cleaned using 10kDa 

filters to reduce the SDS concentration as suggested by the filter aided sample preparation 

(FASP) protocol[126]. The samples were finally digested using trypsin/LysC enzyme mix at an 
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enzyme to substrate ratio of 1:10 (Promega V507A, Madison, WI), overnight at 37oC on a 

shaking platform. 

4.4.5 Identification of Proteins by Mass Spectrometry for batch 1 

Digested peptides (100µg from each protein digest) were fractionated on a basic 

reversed phase column (XBridge C18 Guard Column, Waters, Milford, MA). Fractions were 

concatenated into 48 prior to second dimension LC and MS analysis. The use of fractionation 

with equal peptides in each was designed to mimic biological replicates for each sample. 

Tandem MS/MS analysis of the peptides was carried out on the LTQ Orbitrap Velos (Thermo 

Fisher Scientific, Waltham, MA) MS interfaced to the Eksigent nanoflow liquid chromatography 

system (Eksigent, Dublin, CA) with the Agilent 1100 auto sampler (Agilent Technologies, Santa 

Clara, CA). Peptides were enriched on a 2cm trap column (YMC, Kyoto, Japan), fractionated on 

Magic C18 AQ, 5µm, 100Å, 75µm x 15cm column (Bruker, Billerica, MA), and electrosprayed 

through a 15µm emitter (SIS, Ringoes, NY). Reversed phase solvent gradient consisted of 

solvent A (0.1% formic acid) with increasing levels of solvent B (0.1% formic acid, 90% 

acetonitrile) over a period of 90 minutes. LTQ Orbitrap Velos parameters included 2.0kV spray 

voltage, full MS survey scan range of 350-1800m/z, data dependent HCD MS/MS analysis of 

top 10 precursors with minimum signal of 2000, isolation width of 1.9, 30s dynamic exclusion 

limit and normalized collision energy of 35. Precursor and fragment ions were analyzed at 

60000 and 7500 resolutions, respectively. 

4.4.6 In-solution digestion of whole cell lysate for proteomics batch 2 

A second batch of samples were prepared and analyzed using a different approach. For 

these, 1mg of protein sample was transferred to a centrifuge tube, and all samples were 

equalized to the same volume using the same lysis buffer. A fresh stock of 0.5M reducing agent 

dithiothreitol (DTT) was prepared, and an appropriate volume of DTT was added to achieve a 

final concentration of 5mM. Samples were incubated for 25 minutes at 56ºC. Before alkylation 
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samples were cooled to room temperature and an appropriate volume of freshly prepared 0.5M 

iodoacetamide was added to a final concentration of 14mM and incubated for 30 minutes at 

room temperature. Untreated iodoacetamide was quenched by a second addition of 0.5M DTT 

to make total concentration of DTT equal to 10mM and incubated for 15 min at room 

temperature. The protein mixture was diluted 1:5 in 25 mM Tris-HCl, pH 8.2, to reduce the 

concentration of urea to 1.6 M. A double digestion by trypsin was performed by adding trypsin to 

1/50 enzyme: substrate ratio and incubated at 37ºC. After 4 hours of primary incubation the 

trypsin was topped up (enzyme: substrate ratio 1/100), and the protein mixture was left to digest 

overnight at 37ºC. After the overnight digestion, unused trypsin was quenched by adding TFA to 

a final concentration of 0.4%. 

4.4.7 Peptide sample clean-up for proteomics batch 2 

Digested peptides were desalted and cleaned up using Sep-Pak c18 Vac cartridge, 

200mg sorbent per cartridge, 55-500 µm Particle size (WAT054945) using negative pressure. 

The C18 cartridge was washed and conditioned by using 9ml of ACN followed by 3ml of 

50%ACN and 0.5% acetic acid. C18 resin was then equilibrated with 9ml of 0.1% TFA and 

samples were loaded in 0.4%TFA. Loaded samples were desalted with 9ml 0.1%TFA. TFA was 

removed with 1ml 0.5% acetic acid. Desalted peptides were eluted with 3ml of 50%ACN 0.5% 

acetic acid. The eluted fraction was applied twice and collected in a 15ml conical tube. The 

eluate was snap frozen in liquid nitrogen, and lyophilized overnight or until the white (sometimes 

yellow) fluffy powder was observed. Dried peptides were stored at -20ºC or otherwise dissolved 

in the appropriate buffer for phosphopeptide enrichment. 

4.4.8 Draft genome annotation generation 

68 RNA-Seq samples from multiple CHO cell lines and hamster tissues were trimmed 

and aligned to the newly assembled hamster reference genome using Trimmomatic 0.36[61] 

and STAR 2.5.2[127], respectively. The aligned reads were assembled into transcripts using 
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stringtie[111] for each sample and then the transcripts were consolidated into a union transcript 

set using stringtie-merge[111]. To improve the transcript coverage, we also mapped the 

hamster RefSeq transcript sequences to the newly assembled hamster genome using 

gmap[112] which were then integrated with transcripts generated from stringtie-merge using the 

PASA pipeline[128]. Potential proteins encoded in the transcripts were predicted using 

transdecoder[113]. Finally the functions of predicted proteins were determined by mapping them 

to the hamster RefSeq proteins and UniProt Swiss-Prot proteins[129] using BLASTP[130]. 

Proteins whose mapping lengths were greater than 80% were considered and percentage 

identity of 60% when mapping to hamster RefSeq and of 50% when mapping to UniProt were 

used as threshold to further classify proteins into 4 categories with 1 to 4 indicating decreasing 

confidence scores as follows: 1. Pident and plen are larger than the threshold and have the 

same gene name between hamster RefSeq and UniProt. 2. Pident and plen are larger than the 

threshold and have different names between hamster RefSeq and UniProt. 3. Pident and plen 

are less than the threshold and have the same gene name between hamster RefSeq and 

UniProt. 4. Pident and plen are less than the threshold and have different gene names between 

hamster RefSeq and UniProt. LncRNAs were predicted by aligned transcripts to hamster 

lncRNAs using BLASTN with pident larger than 60% and plen larger than 80%. 

4.4.9 Proteogenomics database construction 

We prepared 4 protein databases for mass spectrum matching: known protein database 

(KnownDB), SNP database (SnpDB), splice database (SpliceDB) and six-frame translation of 

the genome database (SixframeDB). The KnownDB includes protein sequences extracted from 

draft annotation, the rest serve as novel protein databases. SnpDB was constructed by 

translating RNA-Seq reads that have mutations[131]. Mutations were called using GATK3.7[81] 

and annotated using Annovar[132]. The SpliceDB was constructed by translating all RNA-Seq 

reads that span splice junctions[133]. The SixframeDB was derived from peptides fragments 

between stop codons in all frames of the reference genome assembly. 
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Peptide identification The original MS/MS spectra were converted from RAW format to 

Mascot Generic Format (MGF) using msconvert[134] and searched against each database 

independently using MSGFplus[115]. Since different databases have different false discovery 

rates, it is recommended to perform multistage FDR correction with 1% cut off for the 

databases[105], which means the spectra failed to pass FDR correction were fed to the next 

database to correct again. We corrected FDR for databases in the following order: KnownDB, 

SnpDB, SpliceDb, SixframeDB. 

4.4.10 New translational event prediction 

Significant peptide-spectrum matches (PSM) against the novel databases were used to 

discover new translation events using Enosi pipeline[133]. Briefly, identified novel peptides were 

mapped to the novel databases to get loci relative to their mapped proteins. Protein headers in 

the novel databases have loci relative to the reference genome assembly. A custom python 

script was used to deduce peptide loci relative to the reference genome assembly from those 

two loci. Then the loci were compared with the draft annotation to decide event type. Peptides in 

the same translation frame that are less than 300 nucleotides (100 amino acids) away are 

grouped to represent the same event. For SNPs and short INDELs, we filtered the false 

positives by variant calling using Illumina reads from sequencing hamster genomic DNA against 

the reference genome assembly. 

4.4.11 Protein prediction using Ribo-Seq data 

We used previously published Ribo-Seq data of the CHO CS CS13-1.0 cell line[117]. All 

Ribo-Seq and RNA-seq data of each biological sample were trimmed and aligned to the 

reference genome assembly using Trimmomatic 0.36[61] and HISAT 2.2.1[135] respectively. 

The aligned bam files were sorted and merged into one Ribo-Seq and one RNA-Seq bam files 

using Samtools 1.6[136]. The potential translated regions were predicted using RiboTaper[118], 

which takes advantage of coverage in coding regions and triplet periodicity of ribosomal 
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footprints. A custom python script was used to compare the translation prediction and draft 

annotation. 

We treated the predicted proteins from Ribo-Seq as a novel protein database and 

combined it with the KnownDB. Then we mapped all the mass spectra to these two databases 

using the proteogenomics pipeline. In this case, the identified novel peptides would be the 

unique peptides from Ribo-Seq database. 

4.4.12 Retrovirus in the draft annotation 

All viral proteins in draft annotation were identified by mapping to UniProt and hamster 

Refseq proteins using BLASTP and then the retroviral proteins were identify based on the full 

gene names. Peptides supporting annotated retroviral proteins were identified by mapping the 

known peptides to the KnownDB. LTRs were predicted using LTRharvest[123]. Retroviral 

proteins that locate between LTR were identified by overlapping LTR regions with retroviral 

annotations using Bedtools2.27[85]. 

4.4.13 New retrovirus discovery 

Since virus proteins lack introns, we filtered novel peptides by removing those with splice 

sites. Retroviral proteins and filtered novel peptides were aligned to the reference genome 

assembly using tblastn[65] and mappings with more than 60 pident and 55 plen were 

considered for downstream analysis. Virus mapping and peptide mapping were overlapped 

using Bedtools[85] to get the virus sites with peptide support, which were then further 

overlapped with LTR regions to get virus sites with both LTR and peptides support. 

We decided the thresholds for virus tblastn mapping as follows (Supplementary Figure 

S4.6). First, we started with low thresholds (30% for each). Then we assessed the overlap 

between filtered mapping and the draft annotation to identify those associated with known virus 

genes. If the mappings overlap with many non-viral genes, thresholds were incrementally 

increased and overlapped with draft annotation again. This was repeated until the mappings 
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overlap with few non-viral genes and the number did not decrease anymore. 

4.4.14 Discovery of unique retroviruses in the CHO-S cell line 

The in-house CHO-S SMRT sequence data was used to check if CHO-S has unique 

retroviral elements, compared to hamster. Firstly, we subsampled hamster SMRT reads to the 

same depth as CHO-S SMRT data, and both datasets were corrected using Illumina paired-end 

reads3 through LoRDEC[137]. Secondly, retroviral proteins and filtered novel peptides from our 

proteogenomics pipeline were mapped to corrected CHO-S and hamster SMRT reads using the 

same threshold as the previous tblastn mapping. Thirdly, virus and peptide mappings were 

overlapped to get virus sites with peptide support for CHO-S and hamster separately. Fourthly, 

we filtered CHO-S virus sites with hamster SMRT virus sites and mapped the unique CHO-S 

sites to the reference genome assembly. The mapped sites are the new retroviral sites and the 

unmapped sites are unique retroviral elements in CHO-S. 

4.4.15 Type-C retrovirus detection in CHO cell lines 

 The functions of all the identified retroviral proteins were determined by mapping the 

protein sequences to UniProt using BLASTP. The full function descriptions of the proteins have 

the organism resource. Therefore, the types of all the retroviruses were determined by manually 

matching their full virus names to the types defined previously (see appendix “Retroviral 

Taxonomy, Protein Structures, Sequences, and Genetic Maps” of this book[138]). Peptide 

coverage of a protein equals to the number of amino acids covered by peptides divided by the 

protein length. The RNA-Seq coverage along the protein body was calculated using 

pysam[139]. 

4.5 Discussion 

Here we presented the first proteogenomic reannotation of the Chinese hamster 

genome, in which we utilized RNA-Seq, Ribo-Seq, and proteomics to improve the annotation. 

To identify as many peptide-supported proteins as possible, we mapped spectra to a known 

https://paperpile.com/c/6JZ6hE/2zXuF
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protein database from a draft annotation and several novel protein databases derived from 

different data types. We identified 4,077 novel proteins in the draft annotation compared to the 

hamster RefSeq protein database and 2,503 novel translational events and mutations in 

hamster and CHO cell lines. Furthermore, we identified the potential sources of retroviral 

particles shed from CHO cells, including 131 type-C retrovirus genes, 7 of which are supported 

by more than twenty peptides. 

Usually an annotation is required before running proteogenomics pipeline. The typical 

first step of genome annotation is masking the repeats to avoid getting millions of seeds during 

BLAST[140]. However masking the genome can hide important annotation information, 

including common domains and retroviral elements. To avoid this loss of information, we aligned 

assembled transcripts to the unmasked genome using gmap. Doing so resulted in only 0.7% 

transcript mappings to be ambiguous (i.e., with >2 mappings). This enabled the annotation and 

analysis of endogenous retroviral genes, which usually have multiple similar copies. Masking 

repeats often removes such information[141]. Thus, future annotation efforts would benefit from 

the acquisition and alignment of high quality transcripts or protein sequences to the genome of 

interest. 

Different pipelines have been designed for genome annotation in higher 

eukaryotes[140], and most include ab initio prediction, mapping of homologous protein 

sequences, and transcript assembly and alignment. As the throughput and resolution of mass 

spectrometry techniques is increasing, more studies are integrating these data type to refine 

annotations[142]. Here we discovered thousands of genes and novel translational events using 

proteomics data. Despite their value, proteomics data can be sparse since the chemical 

properties of some peptides are less compatible with the experimental setup (e.g., due to 

hydrophobicity) or size of the peptides post digestion[143]. Furthermore, many peptides have 

diverse post-translational modifications, thus making it difficult to align peptides to predicted 

peptide sequences from genomes. Thus, Ribo-Seq provides a complementary method to further 
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discover new genes or correct annotations[144]. The Ribo-Seq datasets we used here are from 

the DG44 CHO cell line, and CHO cells may only express half to two thirds of their 

genes[24,145]. Thus, further annotation efforts would benefit from the acquisition of Ribo-Seq 

from many other hamster tissues and developmental stages. In summary, as more tools and 

proteomic and Ribo-Seq data accumulates, these data types will become increasingly 

integrated into standard pipelines for genome annotation. 

Finally, the reannotation here provides an invaluable resource for the development of 

improved CHO cell lines. While CHO cells provide several advantages as an expression host for 

recombinant protein production, HCPs are continuously secreted[27,51], thus impacting 

recombinant protein quality and safety. Thus, expensive chromatographic columns, filtration 

systems, and infection and HCP assays are required during downstream processing. This adds 

considerable cost to biopharmaceuticals. One particular regulatory concern has been the 

endogenous retroviruses that are shed by CHO cells[125]. For these, assays were developed to 

quantify retroviral particles and ensure infectious retroviral particles are not found in the drug 

product after extensive filtration[146]. Here, we identified, among hundreds of retroviral genes in 

the hamster genome, which ones are expressed and translated in several CHO cell lines. This 

information will enable future efforts to remove these from CHO cells, thereby reducing burdens 

to downstream processing. To further facilitate such efforts, many endogenous retroviral genes 

show high levels of homology. In our work, this was manifested in the identification of many 

retroviral RNA-Seq reads and tryptic peptides that map to multiple genomic loci. As many of 

these also share DNA sequence, multiple viruses can be knocked out simultaneously by 

targeting the conserved regions, as accomplished in the pig[93]. Doing this in CHO cells can 

reduce the costs by simplifying expensive purification steps where product can also be lost, and 

also simplify viral testing steps for the final product. 

In conclusion, our work provides a refined and more extensive annotation of the Chinese 

hamster genome, which will enables more accurate CHO cell line engineering[9,98,147,148]The 
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improved annotation will also facilitate improved processing of omics data[149] as the gene 

models improve. Finally, a more complete list of all genes will enable efforts to map out 

molecular pathways in CHO cells to enable systems approaches to cell line development[98]. 

4.6 Figures 
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Figure 4.1: Overview of the proteogenomic pipeline. Multiple databases of putative protein 
sequences were generated based on the newly assembled hamster genome7 and additional 
data. The KnownDB contains protein sequences from our draft annotation generated here. The 
SNP/SPliceDB was derived from RNA-Seq samples, and contains candidate mutated or novel 
spliced proteins compared to draft annotation. The RiboDB was derived from predicted 
translated ORFs from Ribo-Seq and RNA-Seq. The SixFrameDB is derived from the reference 
genome7. After database construction, mass spectra were mapped against the protein 
databases using MSGF+ to identify the peptides. The peptides were then mapped back to the 
genome and compared with the draft annotation to verify translated known proteins, enumerate 
novel translation events and the identity of retroviral proteins. 
 

 

Figure 16Figure 4.1: Overview of the proteogenomic pipeline 

https://paperpile.com/c/6JZ6hE/1VHpd
https://paperpile.com/c/6JZ6hE/1VHpd
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Figure 4.2: Number of novel draft proteins verified by draft-only peptides in different 
categories. The draft annotation predicted thousands of novel protein sequences. (A) Of these 
3,890 had uniquely mapped peptides supporting the novel protein sequences. (B) Only 187 did 
not have extra peptide support from uniquely mapping peptides, and thousands provided 
peptide support. RefSeq perfect short: RefSeq proteins map perfectly but are shorter than 
draft proteins; High quality: high quality mapping proteins between draft and RefSeq; Draft 
high quality: draft proteins map to RefSeq with high quality, but the reverse doesn’t hold; 
RefSeq high quality: RefSeq proteins map to draft with high quality, but the reverse doesn’t 
hold; Low quality: low quality mapping between draft and RefSeq. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 17Figure 4.2: Number of novel draft proteins verified by draft-only peptides in different categories 
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Figure 4.3: Proteogenomics and RiboTaper verified predicted protein sequences and 
identified novel translation events.  (A) Numerous novel translational events were identified, 
including novel splice sites that are not in the draft annotation file (new splice), non-synonymous 
mutations (SNP), peptides that map to UTR regions or to transcripts with no CDS (new CDS), 
alternative splice sites (alter splice), peptide mapping to reverse strand of reference CDS 
(reverse), insertions (INS), peptide mapping to intergenic regions (new gene), deletion (DEL), 
and gene fusions connecting two genes (fusion). (B) Statistics for the number of spectra, 
peptides and protein isoforms identified in proteogenomics. (C) Number of ORFs identified 
using RiboTaper. Outer circle: Number of transcripts predicted with single ORF (blue) or 
multiple ORFs (orange). Inner circle: Number of transcripts with (darker blue and orange) or 
without (light blue and orange) peptide support. (D) Number of proteins that are shorter/longer 
than the draft annotation. Positive x axis means the RiboTaper proteins are shorter (i.e., start 
later) than the draft annotation. 
 
 
 
 
 
 
 
 

Figure 18Figure 4.3: Proteogenomics and RiboTaper verified predicted protein sequences and identified novel 
translation events 
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Figure 4.4: Hundreds of SNPs in hamster and different CHO cell lineages are validated. A 
comparison of the (A) distribution of SNP types identified from RNA-Seq and (B) SNP types 
verified by proteomics validates the overall distribution of SNPs. (C) Peptide-validated non-
synonymous SNPs are located throughout the protein bodies. The length of each protein is 
scaled to 1. 0 represents the start codon. SNPs that locate below 0 or above 1 represent 
peptide-supported SNPs in 5’-UTR and 3’-UTR regions, respectively. (D) Venn diagram of 353 
peptide-supported SNPs from CHO-K1, CHO-S and DG44 cell lines shows that most SNPs are 
shared across cell lines. 
 
 
 
 

Figure 19Figure 4.4: Hundreds of SNPs in hamster and different CHO cell lineages are validated 
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Figure 4.5: A proteogenomic identification of the source of translated endogenous 
retroviral particles shed from CHO cells. (A) Two strategies were taken to identify translated 
retroviral loci. In strategy 1, peptides were mapped to the annotated retroviral proteins. For 
strategy 2, the sequences from the NCBI retroviral protein database were aligned to the 
genome using BLASTP. Then we evaluated the overlap of these aligned peptides with the novel 
peptides identified from the novel databases in our proteogenomics pipeline. (B) The strategies 
recovered 131 type-C peptide-supported retroviral proteins in CHO cell lines (the “other” 
category represents non-typical retroviral proteins, such as the p12 protein). (C) Peptide-
supported type-C virus proteins were analyzed to assess the portion of protein sequence 
covered by peptides against peptide number. (D) Coverage of an envelope protein in reverse 
strand. uni: reads map uniquely to the locus, sec: reads are secondary reads and map to 
multiple loci. 
 

Figure 20Figure 4.5: A proteogenomic identification of the source of translated 
endogenous retroviral particles shed from CHO cells 
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Figure 4.6: Draft genome annotation pipeline for the newly assembled hamster reference 
genome. RNA-Seq reads were assembled into transcripts using stringtie and the transcripts 
from different samples were merged using stringtie-merge[111]. Hamster RefSeq transcripts 
were aligned to the genome using gmap[112]. Then PASA[128] was used to merge them and 
generate final transcripts. Transdecoder was used to predict proteins from the transcripts. 
Finally the functions of proteins were assigned by BLASTP to hamster RefSeq and UniProt 
protein databases. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 21Figure 4.6: Draft genome annotation pipeline for the newly 
assembled hamster reference genome 
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Figure 4.7: PSM multistage FDR correction. Spectra are searched against protein 
databases in orders from known to novel. PSMs that fail to pass 1% FDR correction of 
previous database are searched against the next database. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 22Figure 4.7: PSM multistage FDR correction 
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Figure 4.8: Proteogenomics pipeline. KnownDB was derived from draft annotation. RNA-Seq 
reads were aligned to the the newly assembled hamster reference genome. SpliceDB was 
translated from all the splice RNA-Seq reads and SnpDB was translated from all the RNA-Seq 
reads with SNPs and INDELs. SixframeDB was derived from the translation of 6 frames of the 
newly assembled hamster reference genome. Then the spectra were searched against the 
protein databases to identify the peptides. Peptides were mapped back to the genome to 
determine their loci in the genome. Finally the mapped peptides were compared with the draft 
annotation to determine the translational events. 
 

 

 
Figure 4.9: Strategy 3 to identify unique retrovirus in CHO-S cell line. First we predicted 
potential retroviral loci in CHO-S by getting overlap between peptide mapping and retroviral 
protein mapping to CHO-S pacbio reads. Then we used the same strategy to get the retroviral 
loci in hamster. Sequences of retroviral sites in CHO-S were extracted and mapped to hamster 
pacbio reads and the newly assembled hamster reference genome. The non-mapping retroviral 
sites represent the unique retrovirus in CHO-S. 

Figure 24Figure 4.9: Strategy 3 to identify unique retrovirus in 
CHO-S cell line 

Figure 23Figure 4.8: Proteogenomics pipeline 
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Figure 4.10: Retrovirus numbers of different types. (A) All of the retroviral genes identified in 
the hamster genome. (B) All of the expressed retrovirus in CHO cell lines. We consider the 
retroviral transcripts as expressed if its expression is non-zero in at least one RNA-Seq sample. 
(C) All of the translated retroviral proteins in CHO cell lines. 

Figure 25Figure 4.10: Retrovirus numbers of different types 
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Figure 4.11: Method for determining the pident and plen thresholds for virus proteins 
mapping to the newly assembled hamster reference genome. Mapping results of virus 
proteins to picr may overlap with draft annotation. The overlap can be categorized into two 
parts: overlap with annotated virus and overlap with annotated non-virus. We begin by setting a 
low mapping thresholds for pident and plen. Then we gradually increased the thresholds to filter 
the low-quality mapping. As the threshold becomes more stringent, the number of mappings to 
annotated virus and non-virus both decreased. We stopped the loop when the mapping of viral 
proteins to annotated non-virus don’t decrease anymore. 
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Figure 26Figure 4.11: Method for determining the pident and plen thresholds for virus proteins 
mapping to the newly assembled hamster reference genome 
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Chapter 5- Conclusions 

5.1 Recapitulation 

 In this thesis, I used NGS technology to guide CHO cell line development and provided a 

high-quality genome annotation for the newly assembled Chinese hamster genome. Ribo-Seq 

provides genome-wide view of protein translation. After applying to an IgG producing CHO cell 

line in both exponential and stationary phase, we identified an unnecessary selection marker 

gene, NeoR, being highly translated and transcribed. Knocking it down improved the titer and 

cell line growth rate substantially. I aligned the old RefSeq genome to the new PICR genome to 

quantify the gaps that have been filled in the new genome. Those gaps overlapping with genes 

and mutations indicates the valuable information that would be missed using the old genome. 

Finally, I created a draft annotation for the PICR assembly and then used proteogenomics 

pipeline to improve the annotation and identify novel translation events. This new genome 

assembly and high-quality genome annotation enables applying cutting-edge technology to 

engineer CHO cell lines. 

5.2 Future perspectives 

 Even though CHO cells serve as the main platform to produce biotherapeutic drugs, 

there still exists three main challenges that need to be tackled: (1) Traditional strategies of 

optimizing media and process has hit the bottle neck. New strategies need to be applied to 

further boost the production. (2) The need of controlling the quality attributes of the drug through 

genetic engineering is increasing. (3) Removing the contamination in the produced proteins to 

increase the purity and safety of the drugs. Our new assembled genome reduced scaffold 

numbers by 28-fold and filled over 95% of the gaps. In addition, the new annotation provides 

detailed genomic information. These high-quality resources would enable many new 

applications that can help solve the challenges above. 
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5.2.1 Omics data quantification 

 As described in chapter 1, NGS data can measure information in systematic level, which 

helps understand the cell system in a whole. With the more continuous genome and accurate 

genome annotation, sequencing reads could be better aligned and quantified. Therefore, all of 

the NGS based technologies like transcriptomic levels measured using RNA-Seq and 

translation levels measured using Ribo-Seq would benefit from it. In addition, proteomics 

analysis would also be improved thanks to the accurate protein database generated from the 

annotation. 

5.2.2 Genome-scale model of CHO cells 

 Another type of systematic approach to study CHO cells is the development and use of 

genome-scale metabolic models (GEMs)[90,150,151]. The availability of genome sequence and 

annotation provide information about each gene and its associated protein. Furthermore, the 

annotation can include additional information, such as protein functions and subcellular 

localization. This information enables the reconstruction of all metabolic pathways. Pathways 

are not isolated, rather they work together by interacting with each other to achieve complicated 

biological tasks to make the cell lines grow. Combining all the pathways yields the genomescale 

metabolic network reconstruction. The reconstruction then can be transformed into a 

mathematical model and algorithms can be employed to predict the response of cell line to 

different metabolic conditions[152]. The genome-scale metabolic reconstruction can be used 

with diverse methods[153] to connect a cell’s genotype to phenotype. These resources help 

researchers to better understand what is really happening inside cells. Knowing more about the 

system enables more options for the use of exciting new tools to guide engineering the cell 

lines. 

 Genome annotation is essential for reconstructing GEMs. The new high-quality genome 

assembly and annotation provide more complete information about each gene and its 
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associated protein. which could help fill in the gaps[154] in the metabolic networks. The higher 

the quality of the GEMs, the more robust of the simulation results would be. 

5.2.3 Genetic engineering of CHO cells 

 Genetic engineering includes gene knock in, knock out, activation and inhibition. It helps 

to acquire cell lines with stable phenotypes. The common way to knock out a gene is to 

introduce a loss of function mutation or generate small insertion/deletion in the beginning of the 

gene body to disrupt its structure and the common way to activate or deactivate gene 

expression is to target the promoter region of a gene. In the past few decades, the community 

tried to manipulate different genes to get desired phenotypes of the cell lines. For examples, 

Bcl-2 gene was overexpressed to improve gene transfection[155] and to increase viable cell 

density[156], knockout screen of glycosyltransferase genes controlling N-glycosylation was 

generated to aid the control of glycoprotein properties[157]. The high-quality genome assembly 

and genome annotation provide a thorough map of genetic information, therefore improves the 

efficacy and successful rate of genetic engineering. 

 In addition, the new technology, CRISPR[158], improves the efficiency of genetic 

engineering substantially and therefore becomes a preferred tool to edit genes. The tool has two 

components: an enzyme called Cas9 and a piece of  ~20 base pairs RNA called guide RNA 

(gRNA). Cas9 targets the specific region of the genome under the guidance of gRNA, thus can 

edit the target gene. Because of its high specificity, a high-quality genome assembly with correct 

sequence and annotation is prerequisite for successful gene editing.  

5.2.4 Contamination identification 

 A substantial cost of manufacturing recombinant drugs comes from downstream 

processing, in particular with purification and viral clearance. It has been shown that CHO cells 

produce active full-length type C proviruses[130]. Our high-quality genome annotation identifies 

some retroviral loci that are supported by both transcriptomic and proteomic data. Knocking 
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down them during cell line development would be relieved of a burden for the downstream 

sanity check of the proteins. One challenge of identifying the retrovirus is that some of them 

have repeats which make the read mapping difficult. Long read technology such as Pacbio can 

be used to sequence the full length of those viruses to remove the ambiguity. With the accurate 

retrovirus loci in the genome and the high specificity CRISPR technology to knockout genes, the 

purity and safety of the final product would be increased substantially. 

5.2.5 Genome assembly improvement 

 Even though the new genome assembly improves a lot. It's still not as perfect as human 

and mouse genome. There are still some fragmented scaffolds and some scaffolds haven't 

been assigned chromosome numbers. PacBio RSII sequencing read lengths average at 14 kb, 

which is very long but still not long enough to cover all of the repeat regions. To further improve 

the genome assembly, sequencing techniques that can span larger repeats and have chromatin 

interaction mappings can be used. For example, a near-finished reference genome for the 

domestic goat was recently sequenced by combining long-read single-molecule sequencing, 

high-fidelity short read sequencing, optical mapping, and Hi-C-based chromatin interaction 

maps[159]. 
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