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Abstract 

Over the past 30 years, mammalian cell culture has enabled the production of 

recombinant protein therapeutics for treatment of a broad range of debilitating or life-

threatening diseases. Continual improvements in cell and process engineering have 

facilitated the attainment of once unheard-of product titers, and improvements in 

molecular analysis techniques and process analytic technologies have been employed 

with great success for cell culture process characterization. High-throughput 

transcriptomic analysis tools such as microarrays and next-generation RNA sequencing 

(RNA-seq) provide access to gene expression information by simultaneously measuring 

the expression levels of tens of thousands of genes. However, until recently such tools 

have not been used to their full advantage in mammalian cell culture processes due to 

limitations in available reference sequences for the industrially important Chinese 

hamster ovary (CHO) and baby hamster kidney (BHK) cell lines. 

We employed high-throughput RNA sequencing in several CHO cell lines to identify and 

interrogate a class of small non-coding RNAs called microRNAs (miRNAs), which 

mediate post-transcriptional repression of protein-coding genes. We annotated and 

analyzed the expression and genomic conservation of several hundred of these small 

RNAs. We also employed RNA sequencing to build a comprehensive reference 

transcriptome for a recombinant protein-producing BHK cell lines. We utilized the BHK 

reference sequence to enable analysis of gene expression levels in the BHK cell line and 

two Syrian hamster tissues.  We designed an expression microarray from the BHK 

sequence and utilized it to analyze the transcriptome profiles of BHK cells at several time 

points in perfusion culture at manufacturing scale.  Implementation of several functional 

analysis tools revealed a consistent time-dependent change in the transcriptome profile 

that involved down-regulation of extracellular matrix components and changes to calcium 

signaling genes.  The transcriptomic reference sequences we developed in this research 

and the detailed studies they have enabled will enhance our ability to understand and 

further optimize cell culture processes. 
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Chapter 1 : Introduction 

1.1. Mammalian Cell Lines as Producers of Recombinant Therapeutics 
Mammalian cell lines can be utilized to produce a variety of recombinant therapeutic 

proteins and vaccines that are collectively referred to as biologics and are distinct from 

small-molecule drugs.  Biologics treat a wide variety of serious diseases, including 

cancers, autoimmune diseases, and genetic deficiencies, and in some cases these drugs 

represent the only existing treatment for a condition.  While other cell types such as E. 

coli can be used to produce certain biologics, mammalian cell lines are the factory of 

choice for most biologics because they can carry out the complex post-translational 

modifications on the protein, such as glycosylation, that are necessary in most biologics 

for product efficacy and safety in humans and are generally not performed by non-

mammalian host cells.  In 2011, the demand for biologics generated $53.8 billion in sales, 

and currently many more candidate therapies are in various stages of development 

(Aggarwal, 2012).  Given the existing demand and future prospects for the industry, 

accelerating progress depends on furthering our understanding of cell culture processes, 

particularly by increased characterization of cell lines and improved understanding of 

causes of variations between production runs. 

When designing a cell culture process for the production of a biologic, decisions that 

must be made include choosing a host cell line, selecting the culture mode to be 

employed, and defining the desired titer and metabolic and other characteristics a 

producing cell line must exhibit in order to be selected as the production cell line.  

Chinese hamster ovary (CHO) cell lines are the platform of choice for the majority of 

biologics (reviewed by (Jayapal et al., 2007)), but other cell lines including baby hamster 

kidney (BHK) cells are also utilized for certain products.  CHO and BHK cells are both 

considered safe host cells because they are not efficiently infected by adventitious 

pathogens including retroviruses.  Both can also produce products with human-like post-

translational modifications, reducing the chances of a patient having an adverse immune 

response to the drug.  CHO cells additionally can be adapted easily to growth in 
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suspension, which facilitates scale-up to large bioreactors exceeding 10,000 L in volume, 

and they also have the ability to become very high producers of recombinant proteins, 

with fed-batch final titers commonly reaching 1-5 g/L.  The cells used for drug 

production are stably transfected, clonal cell lines selected from among up to hundreds of 

candidates for their desirable characteristics, such as good growth rates, favorable 

metabolic characteristics, appropriate glycosylation patterns, and high and stable product 

titers.  Upon selection and isolation of a cell line with characteristics desirable for protein 

production, cells are generally expanded for several generations and then frozen in 

cryovials for storage.  For a production run, cells are thawed from a cryovial and 

expanded first in flasks and then in bioreactors of increasing size up to the final 

production bioreactor.  Fed-batch culture modes are employed most often, which limits 

production runs to a duration of approximately two weeks. With the perfusion culture 

method of continuous media addition and product removal, months-long runs are possible 

and more product can be harvested; however, this mode also results in greater operational 

complexity and therefore is is used for a only a small number of commercial products. 

Unfortunately, wide variation in cell behavior is often observed between different 

parental cell lines, among different sub-clones of the same parental cell line, and even for 

a single cell line under different culture conditions or at different passage numbers; all 

this, despite highly similar genomic content.  Better characterization of the cell lines can 

improve our understanding of the genetic basis for phenotypes, thereby enhancing our 

ability to more quickly identify desirable or undesirable traits and provide a more rational 

basis for cell line selection and process design. 

1.2. Genomic and Transcriptomic Technologies 
To better characterize cell lines used for production of biologics, over the past twenty 

years high-throughput methods for genome- and transcriptome-wide analysis have 

become important tools, facilitated by the availability of large-scale nucleotide and 

protein sequence information for many species.  Genome- and transcriptome-wide 

analysis technologies take a comprehensive ‘picture’ of a cell’s genomic content or 

expressed genes, respectively.  These techniques can be used to better understand a cell 
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line or process, including use for diagnosis of process deviations and for screening 

candidate production cell lines for favorable or disadvantageous characteristics. 

Advances in high-throughput sequencing and associated improvements in assembly and 

annotation pipelines have particularly advanced our understanding of cellular processes 

by accelerating the availability of genome and transcriptome sequences from a much 

wider range of species than was previously available.  Microarrays and RNA sequencing 

can both be used to quantify the expression level of all genes in a given cell sample, and 

can therefore be used to diagnose unusual or undesirable behavior, to screen multiple cell 

lines for desirable characteristics, or to understand changes in gene expression profiles 

over time.  While microarrays and RNA sequencing and their associated analysis 

methods continue to evolve and grow more sophisticated, they have reached the point 

where the limiting step is now to associate the measured transcript expression changes 

with observed phenotypes and to understand which gene expression patterns are most 

significant for efficient production of high-quality therapeutics. 

1.3. Scope of Thesis 
The research presented in this thesis focuses on the development and application of 

analytical tools for exploring and characterizing the transcriptomic space of cultured 

mammalian cells used for the production of recombinant therapeutic proteins.  This body 

of work includes the development and use of transcriptomic resources for Chinese 

hamster ovary (CHO) and baby hamster kidney (BHK) cell lines.  Both cell lines are used 

for commercial production of biologics, and until recently our understanding of both cell 

lines has been hampered by a paucity of genomic resources and tools.  The work 

described in this thesis involves the analysis of high-throughput RNA sequencing (RNA-

seq) data, both for the purposes of identifying transcripts and for estimating their 

expression levels, as well as analysis of time-course microarray data.  For both RNA-seq 

and microarray data analysis, gene functional enrichment tools are employed to interpret 

the biological significance of differentially expressed genes.  Microarray and RNA-seq 

technologies and functional analysis tools and their applications to transcriptome analysis 

are reviewed in this thesis. 
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In Chapter 5, work is discussed which utilized high-throughput Illumina sequencing to 

interrogate the small RNA fraction of seven CHO cell line samples.  The goal of this 

study was to identify as many expressed CHO microRNAs (miRNAs) as possible and to 

characterize the degree to which their expression levels varies across cell lines.  Several 

hundred of these small regulatory RNA sequences were identified from the small RNA 

sequencing data using a combination of homology-based annotation and de novo 

prediction.  This project greatly expanded the library of known CHO miRNAs as 

previously only one CHO miRNA had been sequenced and studied.  Parts of this work 

were performed in partnership with Dr. Matthias Hackl, Dr. Peter Morin Nissom, and Dr. 

Nitya M. Jacob. 

Chapter 5 describes work where a BHK reference transcriptome was assembled, 

annotated, and characterized which significantly increases the sequence resources 

available for this cell line as well as its source species, the Syrian hamster.   The 

transcriptome was assembled from Illumina RNA-seq data generated from a recombinant 

protein-producing BHK cell line and supplemented with RNA-seq data from two Syrian 

hamster tissues (liver and brain) to enhance transcript diversity.   Gene expression 

analysis was used to characterize the major features of the BHK cell line and the Syrian 

hamster tissue transcriptomes, including differing isozyme usage in the glycolysis and 

glycosylation pathways. 

Chapter 6 describes the analysis of time-course microarray data from BHK cells cultured 

in manufacturing-scale perfusion bioreactors.  This project investigated the 

reproducibility of transcriptome profiles at the same time point in different bioreactors as 

well as any changes in the transcriptome profiles occurring over the 30 days of perfusion 

culture.  Functional enrichment methods were employed to determine the gene classes 

most strongly associated with the changes in expression profiles. 

1.4. Thesis Organization 
This thesis is organized into seven chapters and two appendices.  Chapter 2 provides 

background information on the use of mammalian cell lines in the production of 

recombinant protein therapeutics.  This chapter also describes how high-throughput 
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genomic tools such as DNA microarrays and next-generation DNA and RNA sequencing 

technologies help investigate and address challenges faced by the field.  Chapter 3 

supplies more detailed descriptions of microarray and sequencing technologies and the 

analysis methods utilized to garner physiological insight from these data.  Chapter 4 

presents a description of the first effort to detect, annotate, and characterize microRNAs 

in CHO cells in a high-throughput manner.  Chapter 5 describes the creation of an 

annotated comprehensive reference transcriptome for the BHK cell line using RNA-seq 

data from a recombinant BHK cell line and Syrian hamster tissues.  Chapter 6 describes 

how a custom microarray designed from the BHK reference transcriptome was utilized to 

investigate the consistency of BHK transcriptome profiles in perfusion culture over time 

and across multiple reactors.  Chapter 7 summarizes the results of the preceding chapters 

and briefly discusses future directions.  These chapters are followed by Appendices A 

and B, which contain supplementary information for Chapters 4 and 6, respectively. 
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Chapter 2 : Background 

2.1. Summary 
This chapter supplies background information about mammalian cell lines and the culture 

processes for recombinant protein production.  It highlights the diversity of phenotypes 

among cell lines, which genetic tools are well-suited to investigate.   It also presents some 

of the challenges of mammalian transcriptome analysis, emphasizing the value of a high-

quality transcriptome reference sequence and the use of functional gene analyses to aid 

comparative transcriptome studies. 

2.2. Mammalian Cell Lines for Production of Recombinant Therapeutics 

2.2.1. Cell Line Characteristics 

Cultured mammalian cell lines are cells that originated from animal tissue and have 

developed the ability to grow continuously in in vitro culture, bypassing the limited 

number of population doublings (senescence) exhibited by most primary tissue cultures.  

The exact mechanism by which this transformation occurs is still not well-understood, 

but is generally accompanied by characteristic phenotypic changes such as significant 

changes in energy metabolism, cell cycle, and signaling pathways.  Many cell lines 

commonly used in the production of recombinant proteins are derived from tissues with 

little secretory capability (Chinese hamster ovary (CHO) cells from ovary tissue, baby 

hamster kidney (BHK) and human embryonic kidney (HEK) cells from kidney tissue), 

and the cell lines do not acquire significant secretory capacity until subjected to the cell 

line generation process.  Many features are desirable in a producing cell line, including 

high and stable product titers, appropriate glycosylation patterns, high growth rates, and 

favorable metabolic characteristics.  Finding cells with the appropriate combination of 

these characteristics remains a largely empirical process.  

In the cell line generation process, a DNA vector containing the product gene is 

transfected into a cell population where a fraction of the cells integrate the exogenous 

DNA into their genomic DNA, usually through a process of random integration.  The 

vector generally contains another gene that functions as a selection marker.  Expression 
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of the marker gene allows the cells to survive in the presence of a specific antibiotic or 

other drug so that cells that do not contain the vector of interest are killed by the selection 

pressure.  Selection is generally carried out simultaneously with dilution cloning in order 

to obtain genetically identical populations of cells retaining the gene of interest.  Clones 

with sufficiently high titers of the recombinant protein then undergo a process called 

amplification intended to further increase product titers.  The most commonly used 

amplification system in CHO cells is the DHFR system.  For this system, the host cell 

line does not express a functional dihydrofolate reductase (DHFR) gene and must be 

grown in media supplemented with glycine, hypoxanthine and thymidine (GHT).  The 

integrated vector contains not only the product gene and selection marker but also a 

functional copy of DHFR so that cells that have integrated the vector should survive in 

GHT-free media.  Sometimes the DHFR gene is also used as the selection marker.  

Treatment of the cells with increasing concentrations of methotrexate (MTX), an 

inhibitor of DHFR, forces the cells to amplify the DHFR gene to survive.  In the process, 

the neighboring product gene is co-amplified, often resulting in the creation of hundreds 

of copies of the product gene and DHFR.  The resulting pools of amplified cells are then 

subjected to another round of dilution cloning, after which the sub-clones are screened for 

titer and growth.  Thus recombinant producing cell lines are often the result of multiple 

rounds of cloning.  The clones exhibit a wide range of significant changes at the 

transcriptomic and genomic levels, such that hundreds of clones must be screened to find 

a few that are suitable for use as production cell lines.  Not all cell lines exhibit the same 

transcriptomic and/or genomic changes to achieve the same desirable traits (Seth et al., 

2007), but because of this resulting diversity it can be difficult to identify which 

combinations of mutations or transcriptomic changes are necessary or sufficient to confer 

these phenotypes. 

Cell line selection is a lengthy processes lasting months and is then followed by further 

process development efforts to achieve improvements in growth, metabolism, and 

product titer and quality.  Better understanding of the genetic basis of these traits should 

help to identify promising cell lines earlier and provide insight to how these cell lines will 
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respond to various culture conditions or stresses.  Sequence resources to carry out these 

studies in CHO and BHK cells have been lacking until recently.  Over the past decade 

several groups, including the Consortium for Chinese Hamster Genomics, have 

developed first transcriptomic and then genomic sequence resources for CHO cells.  Part 

of this thesis describes the enhancement of transcriptomic resources for CHO and BHK 

cell lines, and the remainder applies these tools to better understand the cells’ behavior. 

2.2.2. Culture Modes 

Fed-batch and perfusion culture are the two most commonly used culture modes for 

recombinant protein production in mammalian cells.  The choice of culture mode for 

production can depend on several factors, one of which is product stability in the cell 

culture supernatant as these two culture modes expose the cells and their secreted product 

to different environments. 

To reach production-scale volumes using either mode, cells are expanded from frozen 

cryovials into a series of flasks and small reactors of increasing volume until there are 

sufficient cells to inoculate the production-scale bioreactor.  In fed-batch culture (Figure 

2-1), cells are inoculated into a working volume which is less than the final liquid 

volume, and concentrated feed media is added to the bioreactor over time to maintain the 

concentrations of glucose and other nutrients.  Cells undergo a period of exponential 

growth followed by a stationary phase in which most cellular resources are devoted to 

protein production instead of cell growth.  A production run typically lasts about two 

weeks, at which time cell viability, viable cell density, and/or product quality will begin 

to decline.  The entire volume of the tank is harvested at once to isolate and purify the 

product protein from the media.  Fed-batch culture is generally the preferred mode of 

operation unless the protein product is not sufficiently stable under such conditions. 

In a perfusion reactor (Figure 2-2), media is continually added and removed from the 

reactor, and the viable cell density is maintained at a high and nearly constant level by 

recycling a portion of cells from the effluent to the reactor after they are trapped by a cell 

retention device.  Constant removal of media allows for batches of product to be purified 
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periodically, decreasing the product’s residence time in the reactor.  The cells and the 

product themselves are subjected to a less variable environment than in fed-batch culture, 

with constant addition of nutrients in the feed, constant removal of waste metabolites in 

the effluent.  Such cultures can be maintained for up to several months, but the 

operational complexity is greater than that of fed-batch cultures. 

 

Figure 2-1. Schematic of fed-batch culture.  After cells are inoculated into the production 
bioreactor, concentrated feed media is added to maintain nutrient concentrations.  An 
impeller keeps the cells suspended, and aeration provides oxygen.  The entire volume is 
harvested at the end of the run. 

 

Figure 2-2. Schematic of perfusion culture.  After cells are inoculated into the production 
bioreactor, concentrated feed media is added to maintain nutrient concentrations and 
spent media is removed to harvest product and remove wastes.  An impeller keeps the 
cells suspended, and aeration provides oxygen. 
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2.3. Transcriptomic Analysis 
The definition of a transcriptome is the set of all RNA transcripts present in a cell, or, 

alternatively, all RNA transcripts that a cell is capable of producing.  In a mammalian 

cell, these include protein-coding messenger RNAs (mRNAs), ribosomal RNAs (rRNAs), 

transfer RNAs (tRNAs), and an assortment of other non-protein-coding RNAs such as 

microRNAs (miRNAs) and long non-coding RNAs (lncRNAs).  Though mRNAs make 

up only a small percentage of a cell’s RNA content by mass, they encode for all proteins 

produced in a cell and can vary considerably in their expression levels across different 

cell lines, tissues, or conditions.  On average, a given mammalian cell expresses at least 

10,000 different protein-coding genes (Jackson et al., 2000).  Thus transcriptome analysis 

usually refers to the study of mRNA expression, although interest in non-coding RNAs 

such as microRNAs has increased considerably in the past decade. 

2.3.1. Characteristics of Mammalian Transcriptomes 

Our growing understanding of the complexity of the mammalian transcriptome makes it 

increasingly important to have access to a comprehensive, accurately annotated and 

properly assembled reference transcriptome (or genome) with which to perform sensitive 

analyses.  With an incomplete reference, interpretability of studies is often limited.  

Several features of the mammalian transcriptome make producing a reference a non-

trivial exercise with unique challenges. 

Often new transcriptomes are annotated mainly by comparison to other related species 

which have longer histories of study and have undergone some amount of manual 

annotation (e.g., mouse or human).  Accurate identification of genes is complicated by 

the existence of closely related gene families, evolved from ancient duplications of an 

ancestral gene, some of which may be non-functional or have diversified in their 

functionalities.  Also, alternative splicing of mRNA transcripts occurs extensively, so the 

number of unique transcripts that a cell can produce is considerably larger than the 

number of genes it contains (defined as a genomic locus producing a related set of 

transcripts).  There is also considerable functional redundancy in the transcriptome, such 

that a single function or reaction can be carried out by the products of different genes; a 
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set of enzymes performing the same reaction are collectively called isozymes for that 

reaction step, for example.  Being able to detect all possible isozymes for each step of a 

pathway of interest is therefore important for obtaining an accurate picture of the activity 

of that pathway.  Finally, non-protein-coding RNA brings its own challenges. 

MicroRNAs, for example, are highly conserved among species and known to carry out 

post-transcriptional repression, but their specific targets are difficult to predict accurately.  

Long non-coding RNAs, on the other hand, exhibit relatively poor sequence conservation 

among species, and in all but a few cases their mechanisms of action are poorly 

understood. 

The very wide dynamic range of gene expression in mammalian cells, ranging from less 

than one transcript per cell to at least tens of thousands of transcript molecules per cell 

(Jackson et al., 2000), also complicates transcriptome assembly and analysis.  Sequence 

assembly algorithms often struggle to optimally assemble transcripts of widely differing 

abundances, leading to fragmented, incomplete, or mis-assembled reference transcripts 

that can adversely impact the conclusions of later transcriptomic studies employing that 

reference.  Microarrays have been shown to have a dynamic range of about four orders of 

magnitude (Wilhelm and Landry, 2009), with rarer transcripts undetectable above the 

background levels of fluorescence and the highly abundant transcripts saturating 

fluorescence detectors.  RNA sequencing has a wider dynamic range (Nookaew et al., 

2012) (at least six orders of magnitude) which theoretically depends only on the depth of 

sequencing employed.  When comparing different data sets, such dynamic range issues 

can affect the success of normalization methods and the confidence by which differential 

expression of genes can be determined. 

Thus, to accurately report transcript expression levels and to place such measurements in 

the proper context depends on the quality and quantity of what is known about the 

transcriptome.  Genomic context or proteomic data can further increase the 

interpretability of transcriptomic data; however, transcriptomic data on their own provide 

valuable insights into the state of a cell by surveying up to tens of thousands of genes 

simultaneously.  Microarrays and RNA-seq technology (described in Chapter 3) have 
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vastly increased access to transcriptome-wide data.  The upcoming challenge will be 

turning the vast quantities of data into meaningful and accurate information. 

2.4. Functional Enrichment Analysis 
Comparative transcriptome studies often center on lists of differentially expressed genes 

generated by performing gene-by-gene comparisons of all the genes expressed in the 

samples.  The great size and complexity of the mammalian transcriptome and the cross-

connectivity of its many signaling and regulatory pathways make it difficult to interpret 

these gene lists.  Large-scale genomic data sets are often analyzed by looking for co-

occurring changes in gene expression in one or more pathways or functional classes (e.g., 

DNA repair or calcium signaling).  In such cases, the goal is to find a class or set of genes 

in which a greater number of genes are differentially expressed than would be expected to 

happen by chance alone.  Many statistical tools have sprung up to help researchers 

interpret the findings of microarray and RNA-seq studies by identifying differentially 

expressed genes and placing them in the context of enriched pathways and functional 

classes.  These approaches differ in their assumptions, in the statistics they employ, in the 

types of data they are able to handle, and in the background biological knowledge used to 

help inform their conclusions.  The output of these tools is often a list of pathways or 

biological functions or processes that are significantly enriched in the genes that have 

been called differentially expressed.  This summarization of information considerably 

reduces the size and complexity of a list that an investigator must consider, but does not 

represent the conclusion of the analysis.  Rather, the researcher must still use his or her 

biological understanding of the system under study to decide which functions or 

pathways make the most sense in context and deserve further investigation. 

2.5. Concluding Remarks 
This chapter provides a summary of the important characteristics of cultured mammalian 

cell lines and their culture processes as well as the diversity of phenotypes these cell lines 

can display.  The chapter also presents a picture of the benefits that transcriptome 

analysis tools can provide in gaining a better understanding of the genetic basis of cell 

phenotypes and describes some of the challenges inherent in developing such resources 
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for mammalian cells.  Chapter 3 will provide more detailed descriptions of the microarray 

and RNA-seq technologies and methods for transcriptome data analysis that are 

employed in Chapters 4 through 6. 
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Chapter 3 : Transcriptome Assembly and Analysis 

3.1. Summary 
Microarrays and RNA sequencing have granted researchers access to vast amounts of 

transcriptome data.  Additionally, RNA-seq enables researchers to quickly generate 

enough sequence data for a previously unsequenced species to assemble a sufficiently 

complete transcriptome to enable further expression studies, so that researchers are no 

longer limited to a few model species.  This chapter provides an overview of microarray 

and RNA sequencing platforms, explains their respective data pre-processing and 

normalization steps, and describes the challenges of de novo sequence assembly and 

annotation.  It also discusses methods for identifying differentially expressed genes and 

performing pathway analysis to interpret the physiological meaning of those genes.  

3.2. Introduction 
The advent of high-throughput genetic technologies has given researches the ability to 

interrogate tens of thousands of genes in parallel relatively quickly and inexpensively.  

Microarray data can typically be obtained in a few days, sequencing data within a few 

weeks.  Such tools were initially used primarily for the study of humans and model 

species such as mouse that had highly developed sequence resources due to the efforts of 

large research communities.  Declining costs of both microarray design and nucleotide 

sequencing, along with the emergence of standard data handling pipelines and analysis 

tools, have opened up the field of high-throughput genetic-level analysis to investigators 

of almost any biological system or species.  Although CHO and BHK cell lines are used 

in both industrial applications and biomedical research, investigators have until recently 

relied mostly on information from their most closely related species, mouse and rat.  The 

development of standard analysis tools for these species will permit more sensitive and 

accurate studies and will increase the ease with which such information can be shared and 

interpreted. 

3.3. Technology Platforms 
Two major categories of global expression analysis tools exist today: DNA microarrays 

and high-throughput RNA sequencing (RNA-seq).  Both technologies enable 
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investigators to interrogate tens of thousands of genes at once, thereby avoiding much 

more time-consuming gene-by-gene measurements. This increased access to genome-

wide information has led researchers to generate an astonishing amount of expression and 

sequence information for a broad range of species and conditions, from E. coli to humans 

and from embryonic stem cells to cancers.  While tools for human and model species 

such as mouse are the most advanced, microarrays and high-throughput sequencing can 

be used for the study of any species. 

3.3.1. DNA Microarrays  

DNA microarrays consist of a functionalized glass slide to which are attached clusters of 

DNA molecules.  Each cluster consists of identical DNA molecules, or probes, that are 

complementary to a region of sequence in a specific gene.  Not all microarrays are used 

for RNA expression analysis—they can also be applied for purposes such as comparative 

genomic hybridization (CGH) and ChIP-chip studies (chromatin immunoprecipitation 

followed by microarray analysis), in which case probe design is not limited to expressed 

gene sequence.  Microarrays are only able to provide information on genes (or genomic 

sequence) for which probes exist on the array, and cannot measure genes expressed at 

very low levels.  DNA microarrays are useful for processing large numbers of samples, 

particularly when the arrays manufactured in a multiplexed format that allow multiple 

samples to be processed in parallel.   

In a typical expression microarray protocol, RNA from a cell sample is reverse-

transcribed into complementary DNA (cDNA), amplified, and fluorescently labeled.  The 

labeled cDNA is then hybridized to the probes on the array, after which unbound 

sequences are washed away.  The array is scanned with a laser to excite the fluorescent 

labels and the entire array area is imaged with a CCD camera to quantify the fluorescence 

at each spot.  The number of bound cDNA molecules for a particular probe cluster is 

proportional to the abundance of that cDNA in sample and in turn to the relative 

abundance of the original RNA transcript in the cell.  Thus the fluorescence measured at 

each spot, or feature, is proportional to that gene’s expression level in the original 

sample. 
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While all microarrays share the same core design—DNA probes attached to a glass 

slide—they can be categorized according to several different criteria.  The three major 

commercial microarray platforms that have been developed (Affymetrix, Agilent, and 

NimbleGen [now discontinued]) employ different combinations of these design choices.  

(A fourth competitor, Illumina, makes a microarray-like product called a BeadArray 

whose probes are attached to micron-scale beads distributed across a microwell plate). 

3.3.1.1. Microarray Formats 

Probe design provides one parameter by which to categorize microarrays.  The original 

microarrays were cDNA arrays in which cDNAs of the genes of interest were PCR-

amplified and then spotted onto known locations on functionalized glass slides.  Later 

designs, including the major commercially available designs, are oligonucleotide arrays.  

These arrays use probes of shorter, in situ synthesized oligonucleotides rather than cDNA 

fragments.  For both cDNA and oligonucleotide arrays, probe sequences are selected to 

reduce the occurrence of off-target cross-hybridization and to ensure the probes all have 

similar hybridization temperatures.  Feature sizes and positions are more precisely 

controlled in the manufacture of oligonucleotide arrays.  DNA microarrays can only be 

manufactured where transcriptome sequence exists on which to base the probe design.   

The commercial oligonucleotide array platforms differ in the chemistry used for probe 

synthesis, the length of the oligonucleotide probes, and the number of probes per gene.  

NimbleGen arrays have probe lengths ~45-75 bp long, and Agilent arrays have ~60-mer 

probes.  For both the number of probes per gene is generally small unless exon-level 

resolution is desired.  Affymetrix, on the other hand, uses sets of 25-mer probes per gene 

with 11 perfect match probes per probe set.  Both Affymetrix and NimbleGen platforms 

utilize a photolithography approach to control probe synthesis, but they differ in how they 

directed the light source (series of masks vs. micromirrors, respectively).  Agilent instead 

uses an “ink-jet printing” approach to probe synthesis.  Additionally, arrays can be 

multiplexed onto a single glass slide; that is, one slide contains multiple separate but 

identical arrays that can be processed in parallel to decrease turnaround time and per-

sample cost.  Multiplexed arrays are available through all 3 major platforms. 
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Arrays are also classified as “one-dye” or “two-dye” arrays (or “one-color” or “two-

color”) according to the sample labeling and hybridization procedures.  For a two-dye 

array, two different RNA samples (for example, from a recombinant cell line and its 

parental cell line) are each reverse-transcribed to cDNA and amplified, and each sample 

is labeled with a different fluorescent dye (commonly Cy3 and Cy5).  The two samples 

are then mixed together and hybridized to the same array.  cDNAs from the two samples 

compete to hybridize to each probe and the array is scanned at the appropriate 

wavelength for each dye.  The images are merged and the resulting ratio of intensities of 

the two colors at each probe position gives the relative levels of that gene between the 

two samples.  For comparing a large number of samples, one must either use a common 

reference sample in all of the comparisons or design a series of pairwise comparisons 

among samples such that all samples to be compared to one another.  cDNA arrays are 

typically used as two-dye arrays, and NimbleGen arrays can be used as either two-dye or 

one-dye arrays.  With one-dye arrays, one sample is hybridized per array and the same 

dye is used for all samples.  Agilent and Affymetrix are both one-dye arrays. 

A custom 12-plex NimbleGen one-dye array with 3 probes per gene was designed and 

used for the perfusion culture study described in Chapter 6. 

3.3.2. High-Throughput RNA Sequencing 

Next-generation nucleotide sequencing technologies are those that were developed in the 

past decade and were preceded by the capillary electrophoresis method known as Sanger 

sequencing.  These high-throughput methods can produce hundreds of thousands to 

hundreds of millions of sequence fragments (reads) at a time, in contrast with the much 

lower output of Sanger sequencing (384 reads per run).  Sanger sequencing remains the 

gold standard for read length and for accuracy in base-calling.  However, next-generation 

sequencing methods are catching up in terms of read length, and the very high 

sequencing depths mean that on average a given nucleotide position in a sequence is 

covered by many reads so that errors can be detected as mismatches with the consensus.  

High-throughput sequencing can be employed for DNA or RNA sequencing.  The only 
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difference between the two methods is that for the latter, there is an initial step in which 

RNA must be reverse-transcribed to cDNA. 

3.3.2.1. Sequencing Platforms 

Major high-throughput sequencing platforms include Illumina, 454/Roche, SOLiD, and 

Ion Torrent.  These methods differ in their read lengths, throughput, error profiles and 

sequencing chemistries, but when used for RNA sequencing they all permit the detection 

and quantification of thousands of genes.  The number of fragments measured for a given 

gene is proportional to the expression level of that transcript in the original RNA sample.  

RNA-seq is most useful for detecting novel sequences and for detecting genes expressed 

at very low levels.  It is not yet amenable for processing large numbers of samples with 

fast turnaround times, though both processing times and sample multiplexing options 

have been steadily improving.  While the relatively short reads and high error rates of 

RNA-seq data make sequence assembly quite computationally expensive, these 

technologies still permit the detection of thousands of genes at once much more quickly 

and cheaply than Sanger sequencing. 

Commercial high-throughput sequencing platforms employ one of two sequencing 

strategies, either sequencing-by-synthesis (Illumina, 454/Roche, Ion Torrent) or 

sequencing-by-ligation (SOLiD).  In sequencing-by-synthesis approaches, the DNA 

molecules to be sequenced are immobilized on a solid substrate, locally amplified, and 

used as the template for the synthesis of a complementary DNA strand.  For Illumina and 

454/Roche sequencing, labeled nucleotides are incorporated into the growing strand, and 

for each nucleotide addition the label is cleaved by the DNA polymerase and becomes 

fluorescent so that it can be detected by a CCD camera.  Ion Torrent, instead of detecting 

fluorescence, uses a “semiconductor sequencing” approach which detects the hydrogen 

ions released as nucleotides are incorporated into the growing strand.  Sequencing-by-

ligation also requires immobilization and local amplification of the sample, but instead of 

carrying out base-by-base synthesis, it uses a DNA ligase and a pool of 2-nucleotide 

DNA probes.  A primer is hybridized to the single-stranded DNA template, and 

whichever di-base probe is complementary to the two bases adjacent to the primer will 
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hybridize to the template strand and be ligated to the primer (or preceding probe).  Each 

di-base probe has one of four fluorescent labels, so the identity of the ligated probe is 

known is partially determined.  By carrying out several rounds of ligation, each with a 1-

bp offset from the last, the nucleotide sequence at each position can be determined 

uniquely.  Several companies are also developing single-molecules sequencing methods 

that require no amplification step, but these methods have not yet achieved widespread 

use. 

Illumina sequencing is currently the dominant commercial sequencing technology.  This 

is the sequencing method used in both Chapters 4 and 5.  Illumina sequencing is 

performed in a flow cell, which consists of a functionalized transparent slide separated 

into 8 channels, or lanes.  Briefly, mRNA is reverse-transcribed to cDNA, fragmented to 

a controlled size, ligated to adaptor sequences, and PCR-amplified to create what is 

known as a sequencing library.  The library’s molecules are distributed over the surface 

of a flow cell lane and bound to it through primer sequences on the surface that hybridize 

with the adaptors.  Each cDNA fragment is locally amplified to create isolated clusters on 

the surface for the purposes of signal amplification.  Each cluster results in the generation 

of one sequence read.  Illumina uses a sequencing-by-synthesis approach in which one 

nucleotide is added to each strand per cycle.  In each cycle all 4 nucleotides are added to 

the flow cell at once, and because each is conjugated to a different fluorescent label, the 

base incorporated by each cluster can be recorded with a CCD camera.  The number of 

cycles determines the final read length, which is typically shorter than the length of the 

cDNA fragment. 

Sequencing can be performed in either single-end or paired-end mode.  In single-end 

mode, one read is sequenced per cluster as described above.  In paired-end sequencing, 

after the generation of the first read the synthesized strand is stripped off and a new round 

of sequencing is primed from the other end of the cDNA fragment.  Because the cDNA 

fragments were sheared into a tight size distribution during library preparation, the 

approximate distance between the two reads is known.  Paired-end mode is particularly 
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useful when the sequence will be used for a de novo assembly because it can provide a 

check on the assembly accuracy. 

Illumina’s read lengths and per-lane outputs have increased dramatically in the past five 

years.  In 2008 one could generated about 5-10 million single-end, 36 bp reads per lane.  

Using the latest Illumina protocols, a single lane can generate over one hundred fifty 

million single-end or three hundred million paired-end reads.  With read lengths of 100 

bp generated routinely, a single lane of paired-end sequencing can provide more than 30 

Gbp of raw sequence data, or enough to cover each base in the entire 3 Gbp human 

genome an average of ten times.  Greater sequencing depth can be obtained by 

sequencing a single library in additional lanes, or fewer reads can be sequenced per 

sample by multiplexing several tagged samples into a single lane. 

The accuracy of Illumina base-calling is approximately 99.9% per base (Glenn, 2011).  

Errors tend to occur more frequently at the ends of reads but can occur anywhere in a 

read, and some reads can be of poor quality throughout.  The confidence of a base-call is 

encoded in a base quality score (adapted from Sanger sequencing) which ranges from -5 

to 40.  The higher the score, the lower the likelihood the base was called incorrectly.  The 

quality score is defined by the equation Q = -10log10(e), where “e” is an estimate of the 

likelihood of an incorrect base call.  For example, a base quality of score of 20 indicates 

that there is a 1% chance of an inaccurate base call. 

3.4. Assembly and Annotation 

3.4.1. De Novo Assembly 

De novo assembly of a mammalian transcriptome is computationally challenging.  The 

assembler must correctly assemble tens of millions or hundreds of millions of short reads 

into just thousands of distinct sequences.  While this challenge is also faced by genome 

assemblers, transcriptome assemblers must also take into account the fact that highly 

abundant transcripts may be represented by hundreds of thousands of reads and others by 

only a few reads, which complicates decisions of what amount of evidence is sufficient to 

judge that the sequence has been correctly assembled.  The assemblers must also be able 
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to handle sequencing errors, variation in sequencing depth within transcripts, repetitive 

sequence, and alternative splicing.  The overall quality of the assembly can be estimated 

by a few statistics, but each assembly algorithm will perform differently for different 

sequences. 

Many algorithms have been developed that can assemble high-throughput RNA 

sequencing data; of these, several are modifications or extensions of programs designed 

for genome assembly (Robertson et al., 2010; Schulz et al., 2012), while others were 

created solely for transcriptome assembly (Grabherr et al., 2011). The majority of these 

assemblers fall into the category of de Brujin graph assemblers (for a full description of 

de Bruijn graph-based sequence assembly, see (Compeau et al., 2011)).  These algorithms 

find all unique substrings of length k among all the sequencing reads (where k is shorter 

than the read length).  These k-mers are built into a graph with the k-mers as edges and 

(k-1)-mers as nodes in order to find the path of overlaps that incorporates as many k-mers 

as possible.  The assembled sequences that the assembler outputs are called “contigs”, so 

named because they are contiguous sequences built from overlapping reads.  Paired-end 

information can now be incorporated by most assemblers because it can play a valuable 

role in checking the accuracy of an contig or linking different contigs together. 

It is difficult to estimate a priori what value of k will provide an optimal assembly for 

any given dataset because each dataset differs in sequence complexity, sequencing depth 

and read length. Thus for both transcriptome and genome assemblers it is common to 

perfom a “k-mer sweep” in which multiple assemblies are performed using different 

values for k.  One can then choose the assembly that gives the optimal assembly of the 

most transcripts.  Alternatively, one can choose to merge multiple assemblies, 

recognizing that no single k-mer will optimally assemble all transcripts. 

Multiple statistics provide indications of assembly quality.  Several of these are measures 

of the distribution of contig lengths: maximum length, median length, and N50 length.  

N50 is a term developed for genome assembly.  To calculate N50, all contigs are sorted 

in order of decreasing length, then the lengths of each contig are summed, starting from 
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the longest, until the sum reaches 50% of the total length of all contigs.  A higher N50 

length indicates that most of the sequence is contained in a smaller number of longer 

contigs.  The percentage of sequenced reads incorporated into an assembly also indicates 

its quality.  Omitting a large percentage of reads indicates that many genes have been 

missed by the assembly.  As a rule of thumb, an assembly that includes fewer than 60-

70% of reads likely requires further optimization, while an assembly that contains >80% 

of reads should represent most of the transcripts represented in the data. 

3.4.2. Annotation 

Annotation of newly sequenced eukaryotic genes typically relies on homology to other 

already annotated species. Human genes and the genes of model species such as mouse or 

rat have undergone decades of extensive investigation and thus will often have the most 

accurate and detailed description of their function, but there will often exist other 

partially sequenced species with greater homology to the new species of interest.  Thus 

one approach is to align the assembled contigs to annotated sequences from multiple 

species and to prioritize the resulting alignments according to the nucleotide identities 

between the query contig and the reference gene and how informative and well-curated 

the latter’s annotation is.  The most commonly used tool for generating sequence 

alignments is the Basic Local Alignment Search Tool (BLAST), of which there are 

several implementations.  BLAST is useful for ungapped alignments such as cDNA to 

cDNA comparisons, in which both sequences contain only exonic sequence without 

intervening intronic sequence, and can be used for many-to-many searches of two 

sequence collections or databases.  BLAST scores alignments according to sequence 

identities, increasing the score for matches and penalizing it for small gaps and 

mismatches.  The confidence in this alignment is computed as an E-value, which is 

related to both the alignment score as well the number of sequences in the query and 

reference databases. 

Annotation permits detailed evaluation the quality of an assembly.  Annotation permits 

detection of mis-assembled contigs (where parts of a contig align to different genes).  

Where multiple contigs are annotated as the same gene, it can be determined whether the 



 

23 
 

gene is simply fragmented among multiple contigs or the contigs represent alternative 

transcripts. 

3.5. Experimental Design 

3.5.1. Microarrays 

Microarrays generally required a few hundred nanograms to a few micrograms of total 

RNA as starting material.  An experimental design should account for the need to 

generate at least this much material per sample, or more if replicate arrays are to be 

performed.  For statistical power in calling differential expression it is desirable to carry 

out at least three biological replicate arrays.  Technical replicates are generally not 

necessary for commercial arrays given their precise manufacturing.  When performing 

time-course studies, sufficiently frequent sampling must be performed to accurately 

capture transcriptome dynamics.  

3.5.2. RNA-Seq 

Considerations that must be weighed when planning an RNA-seq experiment include 

read length, single- vs. paired-end reads, and the amount of sequencing to perform.  

Experimental design for sequence assembly is somewhat different from experimental 

design for transcriptome expression analysis. 

In de novo sequence assembly the goal is to assemble as many genes as possible as 

completely as possible.  Thus, greater sequencing depth is often used when generating 

data for a transcriptome assembly in order to obtain sufficient depth of coverage for most 

genes to be able to assemble them efficiently and accurately.  The sequencing depth 

needed to perform a de novo transcriptome assembly is typically greater than the depth 

required to carry out comparative gene expression analysis.  Another way to increase the 

number of distinct genes sampled is to sequence multiple sources of RNA.  For cell lines 

this may mean sequencing multiple lineages and culture conditions or exposing cells to 

unusual stresses that may induce the expression of usually silent genes (for example, high 

temperature stress or epigenetic modifiers such as 5-azacytidine).  Transcript diversity 

can also be enhanced by sequencing multiple animal tissues of diverse function, an 
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approach particularly valuable for picking isozymes expressed in a tissue-restricted 

fashion. 

Assembly results depend strongly on the characteristics of the reads themselves.  The 

stringency of read pre-processing (discussed in section 3.6.1.2) also affects assembly 

quality.  Failure to remove sequencing adaptors can result in chimeric contigs joined by 

these sequences, and inclusion of low-quality reads can obfuscate the correct path among 

overlapping reads that the assembler has to traverse.  Longer reads increase the 

uniqueness of the sequence and therefore the ability to distinguish and properly assemble 

different sequences, especially when dealing with highly repetitive or low-complexity 

sequence.  Having longer reads also means that more reads can be aligned uniquely to a 

single gene in an existing reference when using reads for quantification of gene 

expression.  Single-end reads are generally sufficient for analyzing gene expression 

levels, while paired-end reads are preferred for sequence assembly because they help 

provide longer-range structure.  Shorter paired-end reads should give a better assembly 

than longer single-end reads. 

In comparative gene expression studies, decisions about sampling and inclusion of 

biological replicates for RNA-seq follow the same logic as for microarrays: replicates 

greatly increase statistical power, and samples must be chosen to accurately represent the 

system under study. 

3.6. Data Pre-processing and Normalization 

3.6.1. Data Pre-Processing 

3.6.1.1. Microarray Pre-Processing 

Raw microarray data consists of digitized pixel intensities for each feature of an array.  

Several algorithms exist for pre-processing these data to remove background noise and to 

detect any defects on the array.  Where there are multiple probes per gene, several 

different algorithms have been developed that use different statistical models to collapse 

their intensity values into a single intensity value per gene.  Widely-used algorithms 
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include the robust multichip average (RMA) approach and the MAS5 algorithm 

developed specifically for Affymetrix arrays. 

3.6.1.2. RNA-Seq Pre-Processing 

Pre-processing of RNA-seq data is required to ensure that only high-quality data are used 

for analysis.  The first step is often to remove adaptor sequences from among the reads.  

These reads can either be removed entirely, or that portion of the read can be trimmed 

off.  If not removed, adaptor sequence contamination can cause a read to fail to align to 

its reference transcript, or, if used in an assembly, can cause a false overlap between two 

otherwise unrelated sequences. 

The second step of read pre-processing is to remove low-quality sequence.  This step can 

be accomplished either by discarding entire reads whose average quality score fails to 

meet some threshold or by trimming low-quality bases from the end(s) of reads until 

bases of sufficiently high quality are reached.  No agreement has been reached on the 

optimal quality score threshold to use.  A quality score cutoff of 20 (Q20) should ensure a 

~99% base call accuracy in the sequence after filtering or trimming. 

3.6.2. Normalization 

3.6.2.1. Microarray Normalization 

Two general assumptions of most microarray analysis methods are that (1) the majority 

of the genes are not differentially expressed between any two samples and (2)  that the 

true distribution of expression levels of all genes measured by the array does not change 

significantly across arrays.  Differences in intensity distributions between arrays are 

therefore treated as experimental error to be corrected by normalization methods.  One 

approach is linear normalization, in which each value on an array is multiplied by a 

scaling factor so that the median intensities of all arrays are equal.  This approach is 

meant to shift intensity distributions higher or lower while having minimal effect on the 

shape of the intensity distribution.  Another normalization method is quantile 

normalization, in which an average intensity profile is generated from all arrays and the 

data from each array is fitted to that profile while maintaining the relative rankings of 
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each gene within each array.  The RMA method, which must be applied to 3 or more 

arrays, performs background correction, quantile normalization of individual probes, and 

then condensation of probe intensities to a single value per gene. 

3.6.2.2. RNA-Seq Normalization 

RNA-seq data face a different normalization challenge than microarray data.  Whereas 

microarrays have a definite lower limit of detection, in theory a gene expressed at any 

level can be detected by RNA-seq if sufficient sequencing depth is employed.  Thus two 

different RNA-seq datasets of different sequencing depth are not expected to detect 

roughly equivalent numbers of genes and therefore the distributions of their gene 

expression levels will not be the same.  If one considers a case where the same library is 

sequenced twice, with the second library sequenced to twice the depth of the first, for 

genes expressed at moderate to high levels in both datasets a given gene will be detected 

by roughly two times as many reads in the second dataset.  In this case, to normalize the 

two datasets so that the gene expression value is the same in both datasets, the number of 

reads for that gene could theoretically be normalized by the total number of reads in that 

dataset.  This is the basis of an early form of RNA-seq normalization abbreviated as 

RPKM, for Reads Per Kilobase per Million mapped reads, in which the read counts for a 

transcript are divided by the length of the transcript (because longer transcripts will have 

more mapped reads for a given sequencing depth) and by total number of reads mapped 

to the reference transcriptome.  However, this method can bias differential expression 

calls (Bullard et al., 2010).  The total read count is biases towards a small number of 

highly abundant genes, and different samples often have different distributions or 

numbers of those abundant genes. 

A normalization method that has been shown to introduce less bias in differential 

expression calling is upper quartile normalization (Bullard et al., 2010).  In this method, 

for each library the read counts are summed for every gene whose read count is at or 

above the 75th percentile (upper quartile) of read counts.  The read count for each gene in 

a library is then scaled by the ratio of its own upper quartile read total to the average 

upper quartile read total across all libraries. 
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3.7. Data Analysis 

3.7.1.  Differential Expression 

When comparing a pair of samples, the list of genes to be interpreted is typically 

generated by applying some threshold of differential expression.  If replicate samples are 

available for each condition, a t-test or similar statistical test can be used to determine for 

each the likelihood that the difference between two conditions occurred by chance.  With 

sufficient replicates, small fold-changes (for example, 1.3- to 1.4-fold) may be considered 

significant.  If no replicates are available, a fold-change cutoff may be applied.  A fold-

change cutoff of 2 is not uncommon for microarrays, as relatively few genes in 

eukaryotic cells demonstrate such large fold-changes.  RNA-seq data can be treated in 

much the same way, although there is a lot of noise in read counts at very low expression 

levels.  However, if employing an empirical fold-change cutoff, it must be shown that 

few genes exceed this threshold, as a common assumption of most microarray and RNA-

seq studies is that most genes will not be differentially expressed in a comparison of any 

two samples (an assumption that does not hold true, for example, in time-course studies 

of stem cell differentiation or in comparisons of differentiated tissues). 

A concept crucial to interpretation of comparative studies of large-scale genomic or other 

data is that of the issue of multiple hypothesis testing.  When comparing thousands of 

genes in one-by-one statistical tests, there is also a statistical likelihood that some of 

those tests will by random chance give an erroneous call of differential expression.  For 

example, if one thousand genes were compared between two samples, and 50 genes were 

identified as differentially expressed with a strict p-value < 0.01, then up to 10 of those 

50 genes may be called differentially expressed by chance.  There are several different 

methods of calculating the false discovery rate, some more conservative than others.  

Examples include the rather stringent family-wise error rate (FWER) (Bonferroni, 1936) 

and the more powerful false discovery rate (FDR) (Benjamini and Hochberg, 1995).  A 

threshold for the FDR can also be applied to a list of differentially expressed genes rather 

than the p-value when setting criteria for which genes to use for further functional 

analysis.  Significance Analysis of Microarrays (SAM) (Tusher et al., 2001) is a tool 
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developed for microarray analysis that calculates the false discovery rate for microarray 

data and is available as an Excel add-in. 

3.7.2. Tools for Detecting Functional Enrichment 

A wide variety of tools have been developed to assist researchers in interpreting large-

scale gene expression data (Huang et al., 2009).  These tools often look for groups of 

genes (a functional class, such as kinases, or components of a pathway, such as 

glycolysis) in which a greater number of genes are differentially expressed than would be 

expected to occur by chance.  Three different tools, each employing different statistics 

and input data requirements, are discussed in this section.  Each is utilized in later 

chapters of this thesis. 

3.7.2.1. Gene Set Enrichment Analysis 

Gene set enrichment analysis (GSEA) is a pathway analysis tool that calculates whether 

differentially expressed genes are over- or under-represented in any user-defined gene set 

(Mootha et al., 2003) (Subramanian et al., 2005).  This tool does not consider only genes 

that have already been judged to be differentially expressed.  Rather, it takes as input a 

list of all genes on a microarray or all genes detected by an RNA-seq study and uses 

replicate measurments for each of the two conditions being compared to calculate a 

signal-to-noise ratio for each gene.  The genes are then sorted according to that ratio, and 

for each gene set to be tested, the sorted list is traversed.  A running sum statistic 

quantifies enrichment by increasing the score every time it reaches a gene in the gene set 

and decreasing the score for all other genes.  The maximum absolute value of this statistic 

is the enrichment score.  By permuting the data, the program can also calculate an 

associated p-value and false discovery rate q-value to indicate the statistical significance 

of that score. 

3.7.2.2. Ingenuity Pathway Analysis 

Ingenuity Pathway Analysis (IPA) is a commercially available tool for exploring gene 

expression data (Ingenuity® Systems, www.ingenuity.com).  It allows a user to perform 

multiple types of analyses by overlaying user data on its extensive, manually curated 
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database of gene and protein functions and interactions.  An input file contains a column 

with gene identifiers that the program can read (e.g., Ensembl mouse gene IDs, 

Affymetrix probe IDs) and one or more columns of expression data such as microarray 

intensities, RPKM values from and RNA-seq study, or fold-change values.  Filters are 

applied within IPA on one or more of these value columns to identify genes for further 

analysis.  The output of an IPA core analysis includes generation of de novo networks 

that incorporate genes that exceeded the filter threshold and are linked by known 

interactions.  The analysis also identifies canonical pathways which are significantly 

enriched in genes exceeding the filter.  These networks and pathways can be visualized 

and overlaid with the original data to aid interpretation, and any gene can be selected 

interactively to view further details of its functions. 

3.7.2.3. Database for Annotation, Visualization and Integrated Discovery 

The Database for Annotation, Visualization and Integrated Discovery (DAVID) provides 

insight into gene functional enrichment by clustering genes from an input list according 

to any of their known functions or components (Huang et al., 2008).  The input list is a 

gene list with no quantitative data—the list should contain only those genes that have 

already been selected for further analysis because they pass some user-defined threshold 

of significance such as fold-change magnitude.  DAVID is able to link gene IDs from 

many different databases, such as KEGG pathways, Biocarta, Gene Ontology, and 

Interpro, allowing it access to all the information each database contains on one or more 

aspects of a gene’s structure or function.  DAVID employs a “fuzzy” clustering algorithm 

to group genes by these descriptive terms.  Genes with a greater number of shared terms 

will cluster together better than those with only a few shared terms.  DAVID allows the 

user to adjust the stringency of the clustering to account for differences in gene list input 

size and to explore the strength of different associations.  It can provide p-values and 

other statistics to quantify the likelihood that these gene functions appear over-

represented in the input data set by chance.  The enrichment of these genes is computed 

against a user-defined background—by default this is the set of all genes in the species’ 

genome, but it can be changed to a list of all genes represented on a microarray, for 
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example, so that enrichment is computed against only the list of genes that could have 

been detected in the study. 

3.8. Concluding Remarks 
This chapter provided a summary of microarray and RNA-seq tools and the methods by 

which such data is analyzed.  These analysis methods include required steps of data pre-

processing and normalization as well as more specific approaches whose use depends on 

the particular characteristics of the data sets under study.  The following three chapters 

demonstrate the use of these tools to increase our understanding of the behavior of 

recombinant mammalian cell lines 
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Chapter 4 : Discovery and Analysis of CHO MicroRNAs 

4.1. Summary 
MicroRNAs (miRNAs), a class of short (20–24 nt) non-coding RNAs that direct post-

transcriptional repression of messenger RNAs, increasingly have been shown to play a 

key role in regulating cellular physiology.  We investigated the prevalence of miRNAs in 

Chinese hamster ovary (CHO) cells by high-throughput sequencing.  Seven cDNA 

libraries of small RNAs from five CHO cell lines were constructed and sequenced by 

Illumina sequencing.  Three hundred fifty miRNA and miRNA* sequences (the formation 

of which is discussed below) were initially identified through homology with other 

species, including mouse, rat, and human. While the majority of the identified miRNAs 

appeared to be expressed ubiquitously, many miRNAs were found to have a wide range 

of expression levels between cell lines.  The availability of a draft Chinese hamster 

genome permitted de novo prediction of miRNA genomic loci in conjunction with our 

small RNA sequencing data independent of homology-based searches.  This search 

permitted the identification of several previously unreported CHO miRNAs, as well as 

many potential novel or CHO-specific miRNAs.    Identification of miRNA locations also 

permitted a more detailed analysis of the conservation of miRNA gene structure with 

other mammalian species. 

4.2. Introduction 
MicroRNAs (miRNAs) are a category of short (~20-24 nt) single-stranded RNA that 

mediate the post-transcriptional repression of specific protein-coding mRNAs.  Since the 

discovery of the first miRNA, lin-4 (Lee et al., 1993), accumulating evidence has 

demonstrated or implicated these short oligonucleotides as regulators of a wide variety of 

biological processes (Müller et al., 2008) including apoptosis (Cimmino et al., 2005) 

(Yamagishi et al., 2012) (reviewed by (Subramanian and Steer, 2010)), proliferation (He 

et al., 2007) (Pichiorri et al., 2008) (reviewed by (Bueno and Malumbres, 2011)), and 

metabolism (Gao et al., 2009; Kim et al., 2013; Ramírez et al., 2013) (reviewed by 

(Rottiers and Näär, 2012).  Given the demonstrated involvement of miRNAs in regulating 
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different aspects of cellular physiology, it is important to assess the variety of miRNAs 

present in CHO cell lines to allow for the exploration of their biological functions.   

A distinct biogenesis mechanism separates miRNAs from other species of small RNAs 

(Bartel, 2004).  In the canonical miRNA biogenesis pathway (see Figure 4-1), miRNA 

expression begins with the transcription by RNA Pol II of a primary RNA transcript or 

“pri-miRNA”, which can be up to several thousand nucleotides in length.  Imperfect 

base-pairing within this long transcript results in a stem-loop secondary structure whose 

excision by the endonuclease Drosha yields a ~70 nt hairpin structure called the precursor 

miRNA, or “pre-miRNA”.  The pre-miRNA is then exported from the nucleus to the 

cytoplasm, after which the endonuclease Dicer removes the loop region, yielding a ~22 

nt, imperfectly base-paired RNA duplex.  One strand, which becomes known as the 

mature miRNA or the guide strand, is selectively incorporated into the RNA-induced 

silencing complex (RISC), which mediates post-transcriptional regulation.  The 

companion strand, often referred to as the miRNA* sequence or passenger strand, is 

discarded and degraded by endogenous ribonucleases. 

The mature miRNA guides the RISC to post-transcriptionally repress mRNAs containing 

partially complementary sites in their 3′ untranslated regions (3′ UTRs) (see (Bartel, 

2009) for comprehensive review). Target recognition for animal miRNAs occurs through 

imperfect base-pairing between the miRNA and a binding site in the target mRNA’s 3′ 

UTR; the specificity of the targeting is mainly determined by perfect base-pairing 

between the target and the “seed region” of the miRNA (nucleotides ~2-8 from its 5′ 

end).  The RISC can repress the mRNA by enhancing transcript degradation or by 

repressing translation (reviewed by (Huntzinger and Izaurralde, 2011)).  Because each 

miRNA has the potential to regulate up to hundreds of different mRNAs, up to 30% of 

mammalian mRNAs may be targets of miRNA regulation (Lewis et al., 2005).  A single 

mRNA may contain multiple miRNA binding sites for one or more distinct miRNAs 

(Hon and Zhang, 2007) and thus be subject to combinatorial regulation.  In addition, 

miRNAs can be involved in negative or positive feedback loops with their targets or with 
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their own regulators, generating complex networks (Ebert and Sharp, 2012). The mRNA 

targets of many miRNAs are often conserved across species (Friedman et al., 2009). 

 

 

Figure 4-1. Canonical miRNA biogenesis pathway. 

 

MicroRNAs have been discovered in animals, plants and viruses.  Some ancient miRNAs 

have been conserved among virtually all animals, while other microRNAs are specific to 

vertebrates, to mammals, or even to rodents or primates (Berezikov, 2011; Hertel et al., 

2006).  Genomic organization of miRNA genes is often conserved across species as well 

(Hertel et al., 2006; Olena and Patton, 2010), with many miRNAs grouped into clusters 

of two or more miRNA loci separated by dozens to several kilobasepairs of intervening 

sequence.  miRNAs can be found in otherwise intergenic regions, within the introns of 

protein-coding or spliced non-coding genes (intronic), or even overlapping the exons of 
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other genes (exonic) (Olena and Patton, 2010).  This conservation in sequence and 

genomic organization assists the identification and annotation of miRNAs in new species. 

The miRNA nomenclature system is based on homology and order of discovery (Ambros 

et al., 2003; Griffiths-Jones et al., 2008; Kozomara and Griffiths-Jones, 2011).  The 

miRNA is named with a three letter species-specific prefix and a numerical suffix that 

indicates its order of discovery.  A homologous miRNA in another species would have 

the same numerical designation but a different species prefix (ex. mouse and Chinese 

hamster have mmu-miR-22 and cgr-miR-22, respectively).  When one strand of the RNA 

duplex is clearly more abundant than the other, the sequences are called the mature 

miRNA and the miRNA*, respectively (ex. mmu-miR-300 and mmu-miR-300*); 

however, when the dominant strand is undetermined or varies by condition, the preferred 

approach is to name these strands with the suffixes -5p and -3p (referring to their position 

in the hairpin (5′ or 3′ end)) to avoid implying a universal dominance of one strand 

(Griffiths-Jones et al., 2008). 

At the time this study began, the current release of the miRNA Registry (miRBase 15.0, 

April 2010) contained 14,197 entries for 133 species from maize to mouse.  Glaringly 

underrepresented, however, was the Chinese hamster, Cricetulus griseus, with only one 

entry, cgr-mir-21 (Gammell et al., 2007). Gammell et al. (2007) employed a microarray 

with human, mouse, and rat miRNA probes to demonstrate the differential expression of 

miRNAs in CHO-K1 cells in different growth phases and under low-temperature 

conditions. However, a lack of information about the degree of conservation of specific 

miRNAs between C. griseus and other species made it difficult to assess data obtained by 

applying such tools to CHO cells.  Since the initiation of this study, several other research 

groups have also ventured into the field of CHO miRNAs.  Hackl et al. sequenced small 

RNAs from six CHO cell lines (Hackl et al., 2011), and sequencing of CHO miRNAs 

from two CHO cell lines was also reported by Hammond et al. (Hammond et al., 2012).  

With the availability of a draft genome for the CHO-K1 cell line, Hackl et al. predicted 

212 miRNA genomic loci, including 319 mature miRNAs (Hackl et al., 2012), and 

Hammond et al. identified 190 conserved miRNAs (Hammond et al., 2012).  Recent 
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studies have also begun to study the potential cell engineering uses of microRNAs in 

CHO cells (Druz et al., 2013; Meleady et al., 2012). 

Deep sequencing of small RNAs permits the identification of all expressed miRNA 

species whether or not they are conserved with other species as well as quantitative 

assessment of the abundance levels of both known and novel miRNAs in the samples 

studied.  In this study, in an effort to identify miRNAs in CHO cells for the first time, 

seven cDNA libraries were constructed from small RNAs isolated from five CHO cell 

lines representing a variety of culture conditions.  These cell lines represented parental 

and recombinant cell lines, suspension and adherent growth, serum-containing and 

serum-free media, and other differing culture conditions (see section 4.3.1).  The diverse 

cell background and growth conditions were selected to maximize the possible 

physiological diversity and thus the number of miRNAs expressed.  Sequence 

comparison to miRNAs in miRBase (Griffiths-Jones et al., 2008) confirmed a high 

degree of sequence conservation between CHO miRNAs and those found in other 

species, leading to the identification of several hundred distinct CHO miRNAs.  We 

carried out de novo miRNA prediction using the miRDeep pipeline developed by 

Friedlander et al. (Friedlander et al., 2008) in conjunction with a draft Chinese hamster 

genome assembly (Vishwanathan et al., in preparation (a)) to identify candidate novel as 

well as conserved miRNAs and to investigate conservation of miRNA gene structure with 

other mammalian genomes. 

4.3. Methods 

4.3.1. Cell Lines 

Four CHO cell lines were used to create seven small RNA libraries.  All cell lines were 

cultured at 37 ºC under a 5% CO2 atmosphere and harvested for total RNA during the late 

exponential phase of growth unless otherwise noted.  Cells from the parental cell lines 

CHO-K1, DG-44, and DXB-11, all adherent and serum-dependent, were harvested to 

construct libraries A, B, and E respectively.  Library C was constructed from a DG-44-

derived cell line which produces a monoclonal antibody, adapted to suspension culture 

and maintained in methotrexate-containing media (Chusainow et al., 2009).  Another 
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suspension-adapted and serum-independent IgG-producing, DG-44-derived cell line 

(Figueroa et al., 2007), was harvested under three separate conditions, utilizing the fact 

that temperature shift plus sodium butyrate has been shown to increase specific 

productivity though the exact mechanism has not been fully elucidated (Kantardjieff et 

al., 2010).  Twenty-nine hours after inoculation at 37ºC, several flasks of this culture 

were shifted to 33ºC, and sodium butyrate was added to a final concentration of 2 mM to 

a subset of these temperature-shifted cultures at 66 h.  Cells were isolated at 29 h (early 

exponential phase) at 37 ºC (library D-1), at 120 h (late exponential) at 37 ºC (library D-

2), and at 120 h (late exponential) at 33 ºC plus 2 mM sodium butyrate (library D-3). 

4.3.2. Small RNA Sequencing 

TRIzol reagent (Invitrogen, Singapore) was used to isolate total RNA from each cell line 

because it facilitates recovery of small RNAs (< 200 nt) that are excluded by many 

commercial RNA isolation kits.  The total RNA was quantified on a Nanodrop ND-1000 

(Thermo Scientific, Wilmington, DE) and then fractionated and enriched for small RNA 

(< 200 nt) using a Microcon YM-100 column (Millipore, Billerica, MA).  cDNA libraries 

were prepared according to instructions in the Illumina Small RNA kit (Illumina, San 

Diego, CA).  Briefly, for each library, small RNAs in the 18–30 nt range were purified 

and recovered on a denaturing PAGE gel, then adaptors for reverse transcription and 

amplification were ligated to the 5′ and 3′ ends.  The modified RNAs were then reverse-

transcribed to cDNA and PCR-amplified.  After the cDNAs were again purified and 

recovered on a denaturing PAGE gel, the purity and concentration of the samples were 

determined using a Nanodrop ND-1000.  Sequencing was performed on an Illumina GAII 

Genome Analyzer by the National Center for Genome Resources (NCGR), Santa Fe, 

NM.  For each library, 240 pg of cDNA was sequenced in a separate lane. 

4.3.3. Annotation of Conserved MicroRNAs 

Sequential alignments of sequence reads against a number of different RNA databases 

were performed using BLASTn.  miRNA and miRNA* were identified using the 

following criteria: E-value < 2E-7, 100% alignment, and a length constraint which 

excluded alignments with poor target coverage.  Slightly more relaxed E-value and 
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percent identity criteria were used for the annotation of the remaining reads as other types 

of RNA.  At least 10 reads across all 7 libraries were required for a sequence to be 

annotated as a CHO miRNA.  The databases searched were: miRBase 15.0 

(http://www.mirbase.org) (Griffiths-Jones et al., 2008); piRNABank 

(http://pirnabank.ibab.ac.in) (Lakshmi and Agrawal, 2008); the Genomic tRNA Database 

(http://lowelab.ucsc.edu/ GtRNAdb) (Chan and Lowe, 2009); SILVA rRNA databases 

(http://www.arb-silva.de/) (Pruesse et al., 2007); NONCODE v.2 

(http://www.noncode.org) (Liu et al., 2005); and the RepeatMasker edition of the 

Repbase database of eukaryotic repetitive sequences (http://www.repeatmasker. org) 

(Jurka et al., 2005). The sequences were also BLASTed against CHO expressed sequence 

tags (ESTs) (Kantardjieff et al., 2009) to identify mRNA fragments. Figure 4-2 

summarizes this annotation procedure. 

 

Figure 4-2. Workflow for annotation of CHO small RNA reads. 



 

38 
 

4.3.4. MiRDeep for miRNA Prediction 

The mirDeep pipeline developed by Friedlander et al. (Friedlander et al., 2008) was 

employed for prediction of miRNA without reliance on homology information.  This 

pipeline consists of a series of Perl scripts to manipulate the output of BLAST and 

RNAfold (Hofacker et al., 1994) and to score the candidate miRNA loci.  Briefly, all 

unique small RNA reads were aligned to the scaffolds of the draft Chinese hamster 

genome using BLAST.  Regions surrounding the alignments were folded in silico with 

RNAfold to assess the favorability of hairpin formation.   

  

Figure 4-3. Depiction of reads aligning to a hairpin with the signature of either (a) 
miRNA biogenesis or (b) random degradation.  Reproduced from (Friedlander et al., 
2008). 

 

Each hairpin was assessed for compatibility of the read alignments with the 

characteristics of miRNA biogenesis vs. random degradation of other hairpin-forming 

sequences.  This assessment mainly consists of the following requirements (see also 

Figure 4-3): (1) reads should align to the arms of the hairpin or to the loop, but not 
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bridging the arm and the loop (because of cleavage by Dicer); (2) there should be an 

uneven ratio of the number of reads aligning to the two arms of the hairpin (indicating 

mature miRNA vs. miRNA*); and (3) the reads aligning to the hairpin arms should pile 

up onto one specific position with little variation in the ends (due to the precision of the 

position of Dicer cleavage). In the final hairpin scoring step, a set of known miRNAs can 

be used as a supplementary input file to increase the score of candidate hairpins with 

sequence similarity to validated miRNAs; we included all mouse miRNAs from miRBase 

19.0 for this purpose.  A custom Perl script was used to rearrange all predicted miRNAs 

into a tabular format.  False positive rates of miRNA prediction were estimated by re-

running the scoring step on a set of permuted controls to find the number of miRNAs 

predicted by chance.  The permutation and scoring scripts were run 30 times, and the 

false positive rate was estimated as the average of the number of predicted miRNAs. 

4.3.5. Comparison to Known CHO miRNAs 

miRDeep miRNA predictions were compared to known CHO miRNAs deposited in 

miRBase 19.0 by aligning the 200 known CHO pre-miRNA sequences to the draft 

Chinese hamster genome using MUMMER (Kurtz et al., 2004) (min length = 20, cluster 

length = 30) and examining the overlap with the miRDeep predictions.  All other 

microRNAs in miRBase 19.0 were similarly aligned to the hamster genome. 

4.4. Results 

4.4.1. Sequencing Output 

Sequencing of the seven small RNA libraries yielded between 2,882,958 and 4,736,997 

high-quality 36 nt sequence reads per library for a combined total of 30,642,064 reads.  

After removing low quality and poly(A) reads and trimming off adaptors added in sample 

preparation, 27,068,768 high-quality, trimmed reads with lengths of 18–36 nt were 

generated.  The majority of sequences were represented by multiple reads within the 

same library; thus, 275,966– 557,072 unique sequences were obtained from each library. 

Among these 27 million reads, the 21-22 nt class was by far the most abundant. 
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4.4.2. Identification of Conserved MicroRNAs 

The workflow used to annotate the small RNA reads is depicted schematically in Figure 

4-2and described in detail in section 4.3.3.  Across the six libraries excluding library E, 

55.1% of total reads matched mature miRNA or miRNA* (53.4%) and pre-miRNA 

(1.7%) sequences in miRBase 15.0 (April 2009) with 100% alignment.  In library E, the 

sequencing output contained significantly fewer mature miRNAs and more pre-miRNAs 

than the other six libraries (not shown).  This discrepancy could have been caused by 

imprecise band excision during small RNA library preparation, resulting in the selection 

of molecules with a higher average length.  Therefore, we used library E in the 

identification of conserved miRNAs but not in quantification of expression levels (see 

section 4.4.3).  These CHO miRNAs were named after their miRBase homologs 

according to the guidelines for miRNA nomenclature (Ambros et al., 2003).  Table 4-1 

shows the percentages of reads aligning to miRNA, miRNA* or pre-miRNA sequences, 

along with the number of distinct miRNAs found in each library and overall.  Table 4-2 

provides the percentages of reads aligning to PIWI-associated RNAs (piRNAs) and other 

small non-coding RNAs (snRNA, snoRNA, and scaRNA), as well as the numbers of 

distinct small RNAs detected per library.  While these small non-coding RNA are 

involved in the covalent modifications of other RNA molecules, piRNAs are known to 

interact with PIWI proteins, members of the same protein subfamily as the Argonaute 

protein at the core of the RISC, to repress the expression of transposon-like genetic 

elements in germ-line cells (Lakshmi and Agrawal, 2008).  The remaining 35% of reads 

could not be aligned to any sequence in the databases searched.  Some of these reads 

could be novel miRNAs in Chinese hamster with no homology to the species searched, 

while others are likely to be degraded fragments of other CHO transcripts. 

Table 4-1. Percentages of reads annotated as miRNAs. 

Library  
Total trimmed 

reads 
% 

miRNA 
% pre-
miRNA No. of miRNAs† 

A 2,961,582 52.9 0.6 309 
B 3,659,539 45.9 1.7 274 
C 4,311,797 67.6 4.0 302 
D-1 4,256,586 52.0 0.8 335 
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D-2 4,736,997 48.6 1.5 328 
D-3 2,882,958 51.9 1.0 341 
Total 27,068,768 -- -- 350 
†Includes miRNA*. 

Table 4-2. Percentages of reads annotated as piRNAs or other small non-coding RNAs. 

Library % piRNA No. of piRNA  % other small 
ncRNA 

No. of other 
small ncRNA 

A 2.1 137 0.01 47 
B 2.6 159 0.03 57 
C 1.4 121 0.01 38 
D-1 2.3 157 0.08 69 
D-2 1.7 163 0.09 88 
D-3 2.4 173 0.05 64 
Total -- 204 -- 115 
 

4.4.3. MicroRNA Expression Analysis 

The abundances of CHO miRNAs varied from a few reads (≥ 10 reads, summed across 

all seven libraries, were required for annotation) to 1.4 million reads in individual 

libraries.  In total, 283 mature miRNAs and 67 miRNAs* were identified across all 

libraries.  The most highly represented miRNAs in the CHO cell lines were members of 

the let-7 family, consistent with high let-7 abundance in other species (Glazov et al., 

2008; Kuchenbauer et al., 2008).  Of these 350 miRNA and miRNA* species, 221 were 

present at some level of expression in all six libraries.  A complete listing of these 350 

miRNA and miRNA* species and their abundance levels in the six libraries excluding 

library E is provided in Appendix A.1.  As seen in the table, species information was 

retained for all miRNAs identified because sequences within the same miRNA 

designation, but classified as belonging to different species, were not necessarily 

identical.   

Among the miRNAs identified are many ‘‘isomiRs,’’ variant sequences that maintain 

100% identity to the miRBase reference sequence but contain additions or truncations of 

a few nucleotides at either end of the read (Morin et al., 2008).  The majority of CHO 

miRNAs reported in Appendix A.1 have at least one isomiR in addition to, or in lieu of, 
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the reference sequence.  The range of isomiRs matters because the most highly expressed 

form is likely to be primarily responsible for mRNA regulation; 5′ alterations are 

particularly important because changes in the ‘‘seed region’’ (nt ~2–8), responsible for 

initial target recognition, could direct regulation of a different set of transcripts (Morin et 

al., 2008).  While Illumina sequencing has been shown to produce some artifactual 

sequence variants, the high expression levels of many of these isomiRs make it unlikely 

that they merely represent sequencing artifacts.  Appendix A.1 reports the most abundant 

isomiR form for each miRNA species.  The CHO isomiRs contained primarily 3′ 

alterations (about 40% were 3′ single nucleotide extensions), but several instances of 5′ 

changes were also detected.  It is interesting to note that in about 15% of all miRNAs 

identified, the most commonly detected CHO isomiRs do contain such terminal 

variations from the orthologous reference sequences; these differences could also impact 

the effectiveness of qRT-PCR primers (Kuchenbauer et al., 2008) or microarray probes. 

Taking advantage of the ability of deep sequencing to provide an estimate of relative 

levels of expression, the CHO miRNAs were sorted according to their abundance, where 

abundance was determined by the highest read count of a particular miRNA from among 

all six libraries excluding library E.  Nearly half (172) of the miRNAs were detected by 

more than 100 reads in at least one library, and 8.9% (31) were detected by more than 

10,000 reads.  There were five miRNAs represented by over 100,000 reads in at least one 

library: cel-let-7, hsa-let- 7c, hsa-let-7f, mmu-let-7g, and mmu-miR-34c.  Four of the five 

belong to the let-7 family of miRNAs, which are encoded at several different loci in most 

vertebrate genomes (Pasquinelli et al., 2000). To allow a comparison of abundance levels 

in different libraries, the read counts in each library were normalized to total annotated 

reads and expressed as TPM (transcripts per million); the data are presented as a heat 

map in Figure 4-4.   
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Figure 4-4. Hierarchical clustering of miRNA profiles.  For each library, miRNA read 
counts were normalized per million total reads.  Right: maximum and minimum read 
counts (TPM) are given alongside the color scale. 

 

Illumina sequencing reveals a broad dynamic range of miRNA expression, with 

expression profiles that vary across cell lines and conditions from <1 to nearly 560,000 

TPM.  Hierarchical clustering shows that these variations reflect known relationships 

among the cell lines.  In particular, the libraries constructed from the same cell line (D-1, 

D-2, and D-3) cluster together, as do Libraries A and B, which represent parental cell 

lines.  The profile of Library C, which had the largest number and percentage of 

annotatable miRNA reads, differs most from those of the other libraries.  Further study is 

needed to determine the physiological basis for this observation, whether it could indicate 

stress caused by methotrexate treatment, reprogramming of miRNA expression profiles 
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during the process of selecting producer cell lines, or some other phenomenon.  Of the 

143 miRNAs and miRNAs* represented by ≥ 1,000 TPM in all libraries, 33 exhibited at 

least a 10-fold change between some pair of libraries. 

4.4.4. De Novo Prediction of CHO miRNAs 

Using the miRDeep pipeline of Perl scripts developed by Friedlander et al. (Friedlander 

et al., 2008) and the draft genome of the Chinese hamster developed for the Consortium 

for Chinese Hamster Genomics (Vishwanathan et al., in preparation (a)), we performed 

de novo prediction of miRNA precursors and mature miRNAs.  For this effort, all small 

RNA reads from the seven libraries were pooled together.  We ran the prediction twice, 

in a conservative mode (default) and in a mode that attempts to resolve marginal cases.  

249 candidate miRNAs were predicted (estimated false positive rate = 11%) using the 

former mode, and 439 candidate miRNAs were generated (estimated false positive rate = 

30%) using the latter.  The union of these two lists contains 429 unique candidate pre-

miRNAs.   

4.4.5. Comparison to Known CHO miRNAs 

The combined list of 429 candidate miRNAs was compared to the 200 miRNA hairpins 

in miRBase 19.0. as described in section 4.3.5.  Of the 200 CHO pre-miRNAs in 

miRBase, 191 had an alignment (> 90% identity, > 90% query length) to the Chinese 

hamster genome.  A large majority of these (186) aligned with 100% identity over 100% 

of the pre-miRNA’s length (see Appendix A.2; also note that five additional CHO pre-

miRNAs (cgr-mir-130b, cgr-mir-181c, cgr-mir-199b, cgr-mir-24, and cgr-mir-615) 

aligned with > 90% identity but < 90% query coverage).  Of these 191 alignments, 109 

aligned to a genomic locus also containing a miRDeep miRNA prediction (see Appendix 

A.2).  Of the miRDeep predictions that did not align to a known CHO pre-miRNA, 27 

aligned with a miRNA from another species with at least 80% identity and 80% query 

length.  Twelve overlapped with miRNAs whose known CHO counterparts are located 

elsewhere in the genome (for example, the prediction cho-pre-y-006 overlaps with let-7a 

from 21 species, including mouse, rat and human, but cgr-let-7a itself aligns to a different 

genomic position). Fifteen miRDeep-predicted pre-miRNAs overlapped with known 
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miRNA sequences for which no CHO ortholog has yet been deposited in miRBase (Table 

4-3).  These include mir-6329, previously only recognized in rat, and mir-3096a/b, mir-

3470b, and mir-6540, previously only recognized in mouse.  The remaining candidates 

without substantial homology to known miRNAs may include novel or even CHO-

specific miRNA sequences. 

Table 4-3. CHO microRNAs not previously reported in miRBase. 

miRDeep 
prediction 

MicroRNA 
alignment(s) 

% identity, % query 
to mouse (or nearest) 

Notes 

cho-pre-y-304 mir-448 98%, 96% Not in miRBase for CHO 
cho-pre-218 mir-202 94%, 100% Not in miRBase for CHO 
cho-pre-044 mir-6329 95%, 100% (rat) Not in miRBase for CHO 
cho-pre-056 mir-3096b 93%, 88% Not in miRBase for CHO 
cho-pre-y-150 mir-449b 92%, 100% (rat) Not in miRBase for CHO 
cho-pre-y-319 mir-135a 97%, 100% Not in miRBase for CHO 
cho-pre-215 mir-135a 99%, 100% Not in miRBase for CHO 
cho-pre-y-196 mir-871 88%, 100% Not in miRBase for CHO 
cho-pre-y-416 mir-3470b 85%, 97% Not in miRBase for CHO 
cho-pre-y-439 mir-6540 99%, 96% Not in miRBase for CHO 
cho-pre-069 mir-193a 98%, 100% cgr-mir-193b reported 
cho-pre-y-060 mir-101a 99%, 100% cgr-mir-101b reported 
cho-pre-083 mir-18b 96%, 100% cgr-mir-18a reported 
cho-pre-081 mir-106a 97%, 100% cgr-mir-106b reported 

cho-pre-165 let-7e 100%, 100% 
Other members of cgr-
let-7 family have been 
reported 

 

Of the 4 CHO pre-miRNAs with no alignment to the hamster genome (cgr-mir-34b, cgr-

mir-92b, cgr-mir-132, cgr-mir-212), it is likely that those regions of the genome were not 

assembled in our draft assembly; these miRNAs have already been found to align to the 

draft CHO-K1 genome (Hackl et al., 2012).  Indeed, our own small RNA sequencing data 

do contain reads matching orthologs of all 4 of these miRNAs in other species (see 

Appendix A.1).  81 CHO pre-miRNAs aligned to a genomic locus that did not contain a 

miRDeep prediction; these CHO pre-miRNAs could represent miRNAs not expressed in 
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the cell lines we studied, or could have been expressed and sequenced but missed by 

miRDeep’s scoring algorithm.  In particular, we note that cgr-mir-6091 and cgr-mir-

6092, miRNAs deposited in miRBase that have thus far not been detected in other 

species, show no evidence of expression in the present dataset.   

4.4.6. CHO MicroRNA Genomic Organization 

The CHO miRNA data were also investigated for evidence of conservation of miRNA 

genomic organization.  A high degree of conservation between miRNA clusters has been 

reported between human and chimpanzee, mouse, rat, and chicken (Altuvia et al., 2005), 

making it reasonable to expect these clusters to be largely conserved in the Chinese 

hamster as well.  The well-characterized clusters miR-17~92, miR-221-222, miR-25-93-

106b, and miR-183-96-182 are all conserved in the Chinese hamster genome, even to the 

distances between the miRNAs in each cluster.  For example, in mouse the distances 

between mir-182 and mir-96, and between mir-9 and mir-183, are 3454 bp and 117 bp; in 

Chinese hamster, the estimated distances are approximately 3500 bp and 100 bp, 

respectively.  Conserved intronic miRNAs are also found; for example, mir-208a and 

mir-208b are present in introns of the Myh6 and Myh7 genes, miR-338 is in an intron of 

the Aatk gene, and mir-33 is present in an intron of Srebf2.  Like other rodents, Chinese 

hamster is missing the intronic mir-33b gene from within the protein-coding gene Srebf1; 

miR-33a and miR-33b have been shown to regulate cholesterol homeostasis through their 

respective host genes in human and mouse cells (Rayner et al., 2010)(reviewed by 

(Rottiers and Näär, 2012). 

The relative expression of different members of the same cluster appears to follow 

different patterns.  In some clusters the expression levels of the component miRNAs may 

be very similar, while in other clusters they may show orders of magnitude of difference.  

Also, in some clusters, the miRNAs seem to exhibit similar profiles in different libraries, 

even though their expression levels may differ significantly.  For example, in the cluster 

of hsa-let-7f and hsa-miR-98, the expression levels differ by four orders of magnitude 

while exhibiting similar profiles.  Such observations suggest variability in regulation in 

miRNA expression, which may be due to any of several mechanisms known to regulate 
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miRNA maturation, such as A-to-I editing, nuclear export, or selection of the dominant 

strand from the RNA duplex (Winter et al., 2009). 

4.5. Discussion 
This collection of CHO miRNA sequences, identified across 5 CHO cell lines including 

two parental lines used widely in research and in the biopharmaceutical industry, will 

facilitate further study of miRNA regulation in CHO cells.  These data confirm the high 

level of miRNA conservation between the Chinese hamster and other mammals in terms 

of both sequence and genomic organization.  It reveals the existence of sequence variants 

that should be taking into account when using tools such as microarrays and qRT-PCR 

primers based on the sequences of miRNAs in other species.  Given that a vertebrate 

genome is estimated to encode nearly 1,000 miRNAs (Berezikov et al., 2005), more CHO 

miRNAs likely remain to be identified.    However, the current list provides ample scope 

for the study of many conserved miRNAs known to play significant roles in cellular 

physiology.  Many candidate novel CHO miRNAs are also potential subjects of further 

study. 

With the subsequent contributions of additional groups toward the identification of CHO-

expressed miRNAs, the field is now moving into employing these miRNAs as tools for 

cellular engineering. The potential for this field was first laid out by Gammell et al. 

(Gammell, 2007) and was more recently summarized by Jadhav et al. (Jadhav et al., 

2013).  Many target sites are evolutionarily conserved (Lewis et al., 2005), and 

conservation of functional interactions can be found in the literature (e.g., see (Yekta et 

al., 2004), (Nairismägi et al., 2013)).  Many orthologs of the miRNA sequences detected 

in CHO have experimentally validated targets in species such as human, mouse, and rat.  

However, because the current miRNA literature is more focused on organismal processes 

such as development or disease, it will take time to translate these findings into an 

understanding of how these same miRNAs play a role in cultured mammalian cells, 

particularly in phenotypes of importance for commercial cell culture such as 

hyperproductivity, favorable metabolic characteristics, or desirable glycosylation profiles.  
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CHO-specific miRNA tools are needed as well, and are now being developed (Jadhav et 

al., 2012). 

Several miRNAs represented in the CHO libraries consistently show higher expression in 

one of the recombinant cell lines (Libraries D-1, D-2, and D-3) than in the parental 

libraries (Libraries A and B).  Hsa-miR-378 is a regulator of cell survival and 

proliferation in humans which promotes tumorigenesis by repressing the expression of 

the tumor suppressors SuFu and Fus-1; the SuFu target site was also found to have been 

conserved among humans and at least four other mammalian species (Lee et al., 2007).  

The highly conserved mir-17~92 cluster, whose over-expression has been associated with 

cancers, exerts an anti-apoptotic effect through miR-19b, which down-regulates the 

tumor suppressor Pten in mice (Olive et al., 2009). Other miRNAs of potential interest 

include the members of the miR-34 family, which have been implicated in cancer and 

play roles in regulating several proteins involved in proliferation, including the cell-cycle 

proteins CDK4 and CDK6 (He et al., 2007) and their regulator cyclin D1 (Sun et al., 

2008).  It has also been shown recently that a mouse miRNA (mmu-miR-466h) for which 

the corresponding CHO miRNA has not yet been confirmed can still be studied in CHO 

cells.  Inhibition of this miRNA, whose predicted targets in mouse include regulators of 

apoptosis, has been shown to have an anti-apoptotic role in CHO cells (Druz et al., 2011; 

Druz et al., 2013).  Given the wide range of influence miRNAs are known to wield in 

other cell systems, such observations lead one to speculate on the possible roles these 

miRNAs might be playing in the course of cell line development. 

Resources for analysis of CHO transcriptomics as well as genomics have expanded 

greatly in the past few years, but development and use of these resources have mostly 

focused on the study of protein-coding genes.  The importance of non-coding RNAs in 

regulating a panoply of cellular functions is becoming increasingly apparent (for 

example, see (Esteller, 2011; Moran et al., 2012)).  Increasing our knowledge of CHO 

miRNA mechanisms and interactions will give us a much more complete picture of 

regulatory processes in these and possibly other cell lines. 
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Chapter 5 : Exploring the Transcriptome Space of a Recombinant BHK 
Cell Line Through Next Generation Sequencing 

5.1 Summary 

Baby hamster kidney (BHK) cell lines are used in the production of veterinary vaccines 

and recombinant proteins.  Previous to this study, relatively few genomic resources were 

available for the BHK cell line or its source species, the Syrian hamster.  To facilitate 

transcriptome analysis of BHK cell lines, we embarked on an effort to sequence, 

assemble, and annotate transcript sequences from a recombinant BHK cell line and 

Syrian hamster liver and brain tissues.  High-throughput RNA sequencing (RNA-seq) 

data were supplemented with 6,170 Sanger expressed sequence tags (ESTs) from parental 

and recombinant BHK lines to generate 221,583 contigs.  Annotation by homology to 

other species, primarily mouse, yielded more than 15,000 unique Ensembl mouse gene 

IDs with high coverage of KEGG canonical pathways.  High coverage of enzymes and 

isoforms was seen for cell metabolism and N-glycosylation pathways, areas with the 

highest relevance for biopharmaceutical production.  When gene expression levels were 

compared between the cell line and the two tissues, several functional classes were 

identified that were significantly enriched in genes that change more than 10-fold; these 

functions include a broad up-regulation of cell cycle genes and a down-regulation of cell 

adhesion molecules in the cell line vs. both tissues.  The development and 

characterization of a BHK reference transcriptome will facilitate future efforts to 

understand, monitor, and manipulate BHK cells. 

5.2 Introduction 

Baby hamster kidney (BHK) cell lines, which originated from primary cultures of 

neonatal Syrian hamster kidney tissue in the 1960s (Macpherson and Stoker, 1962; 

Stoker and Macpherson, 1964), are widely used in biomedical research.  These cell lines 

are also used in the industrial production of recombinant therapeutic proteins 

(Dingermann, 2008; Jiang et al., 2002) as well as veterinary vaccines (Pay et al., 1985; 

Radlett et al., 1985).  Additionally, the Syrian hamster is an important animal model in 
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the research of infectious disease (Paessler et al., 2004; Requena et al., 2000; Xiao et al., 

2001), cardiomyopathy (Crespo and Escobales, 2008), diabetes (Bhathena et al., 2011; 

Popov et al., 2003), atherosclerosis (Dillard et al., 2010; Jové et al., 2012), and neural 

plasticity (Staffend and Meisel, 2012). 

Rapid advances in DNA sequencing technologies now permit the exploitation of the 

BHK transcriptome, genome, and epigenome to facilitate cell line and process 

development but to embark on such an effort one needs high-quality, annotated reference 

sequences.  At the time this studied commenced, GenBank contained approximately 

3,000 nucleotide records for BHK cell lines and the Syrian hamster that varied greatly in 

their state of annotation or sequence completeness.  In our study, we have developed an 

annotated BHK transcriptome by assembling high-coverage RNA-seq data from a 

recombinant BHK (rBHK) cell line and Syrian hamster tissues and then annotating the 

resulting contigs against homologous sequences.  We obtained high coverage of many 

canonical pathways and therefore we were able to gain valuable insights into specific 

characteristics of BHK gene expression, including elements of energy metabolism and 

glycosylation as well as broad differences in gene expression between the BHK cell line 

and the Syrian hamster tissues.  Since the completion of our study, an unannotated draft 

Syrian hamster genome has been released by the Broad Institute (NCBI Bioproject 

77669), and a report has been published recently that describes the assembly, annotation, 

and analysis of a Syrian hamster liver transcriptome from 454 sequencing reads 

(Schmucki et al., 2013).  These additions to the sequence resources and analysis methods 

for the Syrian hamster, when coupled to our own detailed characterization of 

transcriptome sequence and gene expression in the BHK cell line and hamster tissues, 

should further advance our understanding of the cell line and the animal. 

5.3 Methods 

5.3.1 Cell Culture, Tissue Collection, and RNA Preparation 

All cell culturing was performed at Bayer HealthCare (Berkeley, CA). A BHK-21 

derived recombinant protein producing cell line (rBHK) was cultured in 50 mL of animal 

component-free and chemically defined medium at 37 °C under 5% CO2 in a 250 mL 
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shake flask at 110 rpm.  Cells were harvested in the exponential growth phase, lysed in 1 

mL TRIzol reagent (Invitrogen, Carlsbad, CA), and stored at -80 °C.  Brain and liver 

tissues from an adult female Syrian hamster snap-frozen in liquid nitrogen were kindly 

provided by Dr. Robert Meisel.  Approximately 25 µg of frozen tissue was homogenized 

in 1 mL TRIzol before proceeding with RNA extraction.  Total RNA was extracted using 

TRIzol according to the manufacturer’s protocol with the following modification: a 

second chloroform extraction step was performed before proceeding to the isopropanol 

reprecipitation.  After re-suspension of the RNA pellet, DNase digestion of residual 

genomic DNA was performed using the Ambion Turbo DNA-free Kit according to the 

manufacturer’s protocol. 

RNA concentration was measured with a Nanodrop 2000c spectrophotometer (OD 

260/280 and OD 260/230 > 1.8 for all samples).  RNA integrity was verified using a 

2100 Bioanalyzer RNA Nanochip (Agilent, Santa Clara, CA) and all samples had an 

RNA Integrity Number (RIN) greater than 8.5. 

5.3.2 Illumina Library Preparation and Sequencing 

Illumina sequencing was performed by the University of Minnesota Biomedical 

Genomics Center (St. Paul, MN), BGI (Shenzhen, China), and the National Center for 

Genome Resources (Santa Fe, NM).  A single sample from the rBHK cell line was used 

to construct two separate libraries (rBHK1, rBHK2) which were sequenced 

independently.  Barcoded brain and liver samples were sequenced together in a single 

lane.  RNA-seq library preparation was performed according to the Illumina TruSeq 

protocol.  All samples were sequenced on the Illumina HiSeq 2000 as short-insert paired-

end libraries with read lengths of 90 basepairs (bp) (rBHK2) or 100 bp (rBHK1, brain, 

liver).  Raw fastq files were processed to remove sequencing adapters and to trim low-

quality bases (quality score < 15) from both ends of the reads. Reads trimmed to < 45 bp 

were discarded. 

5.3.3 Assembly and Annotation 
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De novo transcriptome assembly was performed using the Oases transcriptome assembler 

(v.0.1.22) (Schulz et al., 2012), an extension of the Velvet genome assembler (v.1.1.05) 

(Zerbino and Birney, 2008).  Assembly was performed in paired-end mode with a 

minimum output contig length of 200 bp.  Unpaired reads (whose partner reads were 

discarded during pre-processing) were also included in the assembly.  The k-mer length 

(k) was set to values of 57, 59, 61, and 63 for different sub-assemblies.  Transcriptome 

sub-assemblies were merged using CD-HIT-EST v.4.3 (Li and Godzik, 2006) (-c 0.98 –g 

1 –n 10 –r 1) and Phrap v.0.020425 (Green, 2009), a long-read assembler (-minmatch 40 

–minscore 100). 

Annotation was performed using a tiered approach.  All contigs were first masked using 

RepeatMasker (v.3.3.0) (Smit et al., 1996-2010) (-species rodentia –pa 4 –norna).  NCBI 

BLAST was then used to align the masked contigs to the following nucleotide databases: 

mouse (Mus musculus), rat (Rattus norvegicus) and human (Homo sapiens) cDNAs from 

Ensembl Release 64; FANTOM3 (Maeda et al., 2006); NONCODE v.2.0 (He et al., 

2008); GenBank (est, nt, gss, and refseq_rna divisions) (March 2011); and an in-house 

collection of annotated Chinese hamster ESTs (Vishwanathan et al., in preparation (b)).  

BLAST parameters were: blastn, E-value ≤ 1E-04, all others set to default.  BLAST hits 

were first divided into tiers according to their bit scores (Tier 1 ≥ 200; 200 > Tier 2 ≥ 

100; Tier 3 > 100).  The top tier hit wass assigned to the contig, except where hits to 

multiple databases existed in the same top tier; in such cases, priority for annotation was 

given in the order Ensembl mouse > FANTOM > Ensembl rat > Ensembl human > 

NONCODE > GenBank > Chinese hamster ESTs.  For masked contigs with no hits to the 

above databases, the sequences were unmasked and the BLAST search was repeated with 

hits annotated as Tier 4 using the same database assignment priority previously stated. 

Gene sets for 186 KEGG pathways (http://www.genome.jp/kegg/pathway.html) were 

downloaded from the Broad Institute 

(http://www.broadinstitute.org/gsea/msigdb/collections.jsp) in the form of lists of 

Ensembl mouse gene IDs for functional class analysis. 
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5.3.4 Read Alignment and Transcript Level Quantification 

All pre-processed reads were mapped to the final assembly as single-end reads using the 

gap-enabled aligner BWA v.0.5.9 (Li and Durbin, 2009) with a maximum of 3 

mismatches allowed for the purposes of estimating expression levels.  The SAMtools 

suite of algorithms (v.0.1.18)  (Li et al., 2009) was used to process the resulting 

alignments.  Paired-end mapping was also performed to assess the proportion of properly 

paired reads.  Uniquely mapped reads were used to estimate transcript levels.  To 

normalize mapped read counts by contig length and library depth, values were expressed 

in units of RPKM (reads per kilobase per million reads mapped) (Mortazavi et al., 2008).  

When multiple contigs represented the same gene, RPKM was calculated by dividing the 

total number of reads mapping to those contigs by the sum of their lengths. 

For cross-library comparisons of transcript levels, we normalized the mapped read counts 

across libraries using the upper quartile normalization method (Bullard et al., 2010).  

When multiple contigs represented the same gene, the contig with the maximum 

normalized number of reads mapped across all libraries was chosen as the contig to 

represent that gene.  Sequencing depth for each gene was calculated as upper-quartile 

normalized read counts for the gene divided by the contig length (reads/kb). 

5.3.5 Analysis of Large-Magnitude Differences Between Tissues and Cell Line 

We identified genes with at least 10-fold change in their expression (in units of upper-

quartile normalized read counts) between the rBHK cell line and both liver and brain 

tissue (this list includes genes absent in rBHK but present in both tissues, and vice versa).  

This list of genes was used as the input for an analysis of functional enrichment using 

DAVID (Huang et al., 2009; Huang et al., 2008), with the list of all Ensembl mouse gene 

IDs in the assembly used as the background for analysis.  Statistically significant (p-value 

≤0.05) pathways or functional classes were identified using DAVID’s gene functional 

annotation, functional annotation clustering, and functional annotation chart tools. 

5.4 Results 
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5.4.1 Transcriptome Assembly 

A total of 40.5 Gbp of paired-end sequences were obtained from the BHK cell line and 

two Syrian hamster tissues (Table 5-1).  After data pre-processing, 385 million reads 

remained and were used for assembly of the BHK transcriptome.  Using the Oases 

assembler, multiple assemblies of the rBHK libraries were performed to optimize the k-

mer value (k).  Among those values tested (57, 59, 61, 63), the k = 63 assembly yielded 

the fewest contigs (157,045) and the greatest N50 length (668 bp).  All values of k gave a 

similar percentage of reads used (~70%).  The most intensive assembly, with an input of 

246 million reads, ran for 65 hours with a peak memory usage of 77 Gb.  These 

assemblies were merged using CD-HIT-EST and Phrap.  The brain, liver, and 

unassembled rBHK reads were separately assembled (k = 63) and the resulting contigs 

were merged with CD-HIT-EST and Phrap.  At the Phrap step, 6,170 Sanger ESTs 

previously obtained from rBHK and parental BHK cell lines were also included in the 

assembly (Yee, 2008). 

The final 221,583 contigs had an average length of 577 bp and a maximum length of 

24,447 bp ( 

Table 5-2).  The length distribution of all contigs is provided in Figure 5-1. Using single-

end alignment, 68-83% of the reads from each library mapped back to the assembly 

(Table 5-3).  Eighty-nine to 95% of paired reads in each library mapped back to the 

assembly with a separation distance consistent with the insert size.  6,053 (98.1%) of the 

Sanger ESTs were incorporated into contigs with Illumina reads. The 110 unassembled 

ESTs longer than 200 bp were retained in the assembly. 

Table 5-1. Sequencing output. 

Raw Post-Processed 
Library  No. Reads Total bp No. Reads Total bp 
rBHK1 168,306,461 16,830,646,100 150,845,581 13,195,442,730 
rBHK2 108,871,442 9,798,429,780 106,177,236 9,238,240,595 
Liver 69,025,136 6,902,513,600 64,320,800 5,490,097,745 
Brain 69,482,728 6,948,272,800 63,966,924 5,542,768,325 
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Total 415,685,767 40,479,862,280 385,310,541 33,466,549,395 
 

Table 5-2.  Statistics for final combined tissue and cell line assembly. 

Number of contigs 221,580 
Average contig length (bp) 577 
Median contig length (bp) 336 
N50 contig length (bp) 758 
Largest contig length (bp) 24,447 
Total transcriptome length (bp) 127,759,291 

 

Figure 5-1. Distribution of contig lengths in final transcriptome assembly.  Black portion 
of bar represents the fraction of contigs annotated; white portion represents the 
unannotated fraction.  Minimum contig length is 200 bp. 
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Table 5-3. Number of reads mapped to final assembly and average transcriptome 
coverage. 

Library  Number of Contigs 
Mapped To 

Number of Reads 
Mapped 

Average Coverage 
of Transcriptome 

rBHK1 202,279 
121,416,122 

(77.0%) 
95X 

rBHK2 195,170 
87,619,225 

(82.5%) 
62X 

Liver 146,193 
43,699,787 

(68.3%) 
34X 

Brain 178,804 
52,834,189 

(82.1%) 
41X 

 

5.4.2 Annotation and Pathway Coverage 

129,722 contigs were annotated against one of the seven databases queried.  65,426 

contigs were assigned an Ensembl mouse gene ID and these IDs represented 15,145 

unique genes.  The well-annotated genes were represented, on average, by 3 contigs.  

Highly fragmented sequences were mostly from genes with long transcripts as indicated 

by their mouse homologs. 

We assessed the coverage of 186 canonical pathways in KEGG by the annotated contigs.  

Figure 5-2 depicts several of these pathways.  On average, 86% of genes in each of the 

186 pathways were represented in the assembly, and only 5 pathways had fewer than 

50% of the genes represented.  In metabolic gene sets, many missing genes were 

isozymes that exhibit tissue-restricted expression.  In pyruvate metabolism, for example, 

the only genes not detected were the testes-specific isozymes Pdha2 and Ldhc; 

complementary isozymes (Pdha1, Pdhb; Ldha, Ldhb) are represented. 

This assembly captures a substantial portion of the Syrian hamster transcript sequence 

currently available in GenBank.  Blastn alignment to 2723 GenBank entries for Syrian 

hamster yielded hits for 70% of those sequences (E-value ≤ 1E-04).  Of the remaining 

GenBank entries, many come from patents, represent genomic DNA, and/or represent 

genes that exhibit tissue-restricted expression. 
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Figure 5-2. Percentage of genes covered in each of 20 selected KEGG pathways found in 
the BHK transcriptome assembly.  The number over each bar indicates the total number 
of genes in the KEGG pathway. 

 

5.4.3 Homology 

We compared the homology of all our contigs at the nucleotide level to Chinese hamster 

and mouse.  The distributions of the percentage identities are shown as histograms in 

Figure 5-3(a).  The median nucleotide identity among the sequences compared for the 

two hamster species was 94%, while the value for the Syrian hamster-mouse comparison 

was 91%.  A substantially larger fraction of the contigs had a higher identity with 

Chinese hamster (Figure 5-3(b)).  The GC content of the Syrian hamster transcriptome 

was also closest to that of the Chinese hamster (Table 5-4). 
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Figure 5-3. (a) Frequency distributions of BHK contigs’ nucleotide identities with 
Chinese hamster (black bars) and mouse (gray bars).  Values are given as a percentage of 
contigs aligned as a different number of BHK contigs align to each database. (b) Scatter 
plot of BHK contigs’ percent nucleotide identities with Chinese hamster vs. their 
percentage identities with mouse.  Contigs shown are only those with BLAST alignments 
to both Chinese hamster ESTs and Ensembl mouse transcripts. 

 

Table 5-4. GC content of three rodent transcriptomes. 

Species %GC 
Syrian hamster 48.2% 
Chinese hamster 48.7% 
Mouse 49.6% 
 

5.4.4 RNA-Seq Analysis 

5.4.4.1 Range of Gene Expression 

Transcript expression levels were estimated for each library (see section 5.3.4).  Figure 

5-4 depicts the distributions of transcript expression levels for the rBHK1 and liver 

libraries; those for rBHK2 and brain appeared similar, respectively (data not shown).  In 

the rBHK libraries the exogenous dihydrofolate reductase (DHFR) gene was among the 

20 most abundant genes and the recombinant product gene was among the top 2% of 

genes, while in the brain and liver libraries many of the most abundant genes were tissue-
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specific,(e.g. myelin basic protein in brain, albumin and transferrin in liver).  In all four 

libraries, peroxiredoxin, mitochondrial cytochrome c oxidase III, and mitochondrial 

NADH dehydrogenase 1 were consistently among the 20 highest expressed genes, and 

other housekeeping genes (Gapdh, β-actin) were also expressed at consistently high 

levels.  The median values were similar across all libraries (4-7 RPKM).  The longer left-

hand tails of the rBHK distributions vs. those of the tissues can be attributed to the higher 

depth of sequencing employed for the rBHK cell line.  Because detection of the rarest 

transcripts by sequencing can be a stochastic process, interpretation of very low RPKM 

values should be performed with caution.  However, because of our depth of sequencing, 

0.1 RPKM corresponded to an average of 1X coverage.  The data thus show that even for 

contigs expressed at low levels (< 1 RPKM), there was a very wide dynamic range of 

gene expression detectable.  Transcript expression levels in N-glycan biosynthesis and 

glycolysis, both of which strongly influence product titer and quality, are discussed 

below. 

 

Figure 5-4. Frequency distributions of RPKM values for rBHK1 and Syrian hamster 
liver.  The expression levels of selected genes are highlighted in red. 

 

5.4.4.2 N-Glycan Biosynthesis 

All genes in the KEGG N-glycan biosynthesis pathway were represented in the assembly.  

Figure 5-5 depicts the steps of N-glycan processing and provides relative expression 
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levels of these genes for rBHK1 and liver expressed as upper-quartile normalized read 

counts).  The data from the two rBHK libraries were similar across a range of expression 

levels (Figure 5-6).  Subunits of the oligosaccharyltransferase complex (Rpn1, Rpn2, 

Dad1, Ddost), which catalyzes the transfer of a pre-assembled oligosaccharide from a 

lipid anchor to an asparagine residue on a recipient protein, were among the most highly 

expressed genes in the N-glycosylation pathway for both liver and rBHK.  These subunits 

were each expressed at ~3,700-23,000 reads per transcript in rBHK; in contrast, the 

median expression levels of all genes in this pathway was ~1,100 reads/kb for rBHK and 

the median expression level across all genes for this library was ~470 reads/kb.  Except 

for some apparent variability in each cell type’s isozyme preferences (ex. mannosidase I), 

most of this pathway’s genes appeared to be expressed at similar levels in rBHK and 

liver. 

 

Figure 5-5. N-glycan biosynthesis pathway gene expression levels.  Upper-quartile 
normalized read counts are shown for selected genes in the N-glycan biosynthesis 
pathway.  Black bars represent the rBHK cell line, and white bars represent Syrian 
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hamster liver.  All bar charts are on the same y-axis scale.  OST = oligosaccharide 
transferase; α-Glc I = α-glucosidase I; α-Glc II = α-glucosidase II; Man I = mannosidase 
I; Gnt I = GlcNAc transferase I; Man II = mannosidase II; GnT II = GlcNAc transferase 
II; FucT = fucosyltransferase; GalT = galactosyl transferase; SiaT = sialyltransferase. 

 

 

Figure 5-6. Comparison of expression levels of N-glycan biosynthesis genes across all 
four libraries.  Genes are sorted by rBHK1 normalized read counts, highest to lowest. 

 

Sialic acid moieties are often added to a galactose residue by a sialyltransferase to 

become the terminal residues on N-glycans.  While human and mouse cell lines express 

both α-2,3- and α -2,6-sialyltransferases, hamster cell lines express primarily α -2,3-

sialyltransferases (Butler, 2006).  The 2,3-transferase St3gal4 was expressed in the rBHK 

cell line, while St6gal1, a  2,6-transferase, was nearly absent.  This 2,6-transferase, 

however, was expressed at a moderately high level in the liver tissue. 

The GlcNAc transferases GnTIII, GntIV, and GntV were also assembled.  GnTIII, which 

adds a bisecting GlcNAc, is virtually absent in hamster cell lines (Butler, 2006), and was 

expressed at a low level in both liver (7 reads/kb) and the rBHK cell line (12 reads/kb); it 

was however more highly expressed in brain cells (3,300 reads/kb).  GntIV and GntV, 

which create tri- and tetra-antennary branched structures, were detected at moderate 

levels in all libraries. 
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5.4.4.3 Glycolysis 

Fifty-three of the 58 genes belonging to the KEGG glycolysis gene set were represented 

among the contigs.  Although their median normalized read count ranged from 690 to 

2,800 reads among the 4 libraries, this pathway contained some of the most abundant 

genes in the entire transcriptome.  In each library 9-15 genes were represented by more 

than 10,000 reads/kb. 

Many steps of glycolysis can be catalyzed by multiple isozymes.  The isozymes’ relative 

expression levels, which can potentially affect the cells’ metabolism, shifted significantly 

between cell types (Figure 5-7).  In rBHK, hexokinase 1 (Hk1) was the dominant isoform 

of hexokinase, while Hk2 was still present and Hk3 was nearly absent (Figure 5-7(a)). 

The high level of Gck in liver vs. brain recapitulated this isozyme’s known tissue 

specificity.  Among the three isoforms of phosphofructokinase, Pfkp was essentially 

absent in the liver, and both brain and rBHK cells expressed all three isozymes (Figure 

5-7(b)). Lactate dehydrogenase (Ldh) isozymes were expressed at exceptionally high 

levels (Figure 5-7(c)).  No contig was assembled for Ldhc, an isozyme known to be 

primarily expressed in testis.  Of the other two Ldh isozymes, Ldhb is known to be 

preferentially expressed in brain tissue, consistent with our results.  This transcript was 

essentially absent in the rBHK cell line (4-26 reads/kb) relative to Ldha.  Ldha was 

extremely abundant in this cell line; in fact, it was one of the most highly expressed genes 

in the rBHK libraries (~100,000 reads/kb). 
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Figure 5-7. Expression levels of selected glycolytic enzymes.  Black bars = rBHK1, gray 
bars = Syrian hamster brain, white bars = Syrian hamster liver.  (a) Isozymes of 
hexokinase; (b); isozymes of phosphofructokinase; (c) isozymes of lactate dehydrogenase 
(no contig assembled for Ldhc). 

 

5.4.4.4 Large-Magnitude Differences Between Tissues and Cell Line 

Two thousand three hundred sixty-four (2,364) genes demonstrated very large-magnitude 

(>10-fold) changes in expression between the rBHK cell line and both hamster tissues 

(see 5.3.5).  The functional classes that contained a large number of these genes include 

cell cycle and p53 signaling (increased expression in rBHK relative to both tissues) as 

well as cell adhesion molecules and G-protein-coupled receptors (decreased expression in 

rBHK). The large differences observed in the cell cycle functional class (Figure 5-8) were 

not surprising given the fast cell growth seen in the cell line vs. the relatively quiescent 

nature of the tissues.  cMyc was also 17-fold higher in the cell line than in liver and 60-

fold higher than in brain.  cMyc is an oncogene frequently up-regulated in cancers whose 

role in the regulation of proliferation, cell growth and other functions has been studied 

extensively (reviewed by (Meyer and Penn, 2008)).  Decreased expression of cell 

adhesion molecules likely reflects the fact that the cell line has been adapted to growth in 

suspension. These molecules include integrins, cadherins, and junction adhesion 

molecules, among others.  Other strongly down-regulated genes included glutamine 

synthetase (Glul), α2,6-sialyltransferase (St6gal1), and lactate dehydrogenase B (Ldhb). 
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The same analysis was performed on normalized CHO and Chinese hamster RNA-seq 

data using Chinese hamster liver and brain data as well as data from a CHO DG44-

derived suspension-adapted Epo-producing cell line (Vishwanathan et al., in preparation 

(b)).  Many of the same canonical pathways and functional classes were differentially 

expressed between the CHO cell line and the Chinese hamster liver and brain tissues.  

Up-regulated in the cell line were cell cycle and p53 signaling genes, including cMyc 

(30-fold and 120-fold higher in the cell line than liver and brain, respectively), as well as 

ribosomal proteins and a variety of transcription factors (including several homeobox 

genes).  However, while the pathways that change are the same, the individual genes 

were often different; for example, see the differentially expressed cell cycle genes in 

Figure 5-9 compared to Figure 5-8.  Down-regulated genes in the CHO cell line again 

included cell adhesion molecules and many transmembrane receptors.  Glul, St6gal1, and 

Ldhb were also all highly down-regulated (> 10-fold) as well. 
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Figure 5-8. Cell cycle genes in the rBHK cell line were over-expressed relative to their levels in both liver and brain tissue.  (modified 
from “cell cycle” pathway map in KEGG Pathway database: http://www.genome.jp/kegg/pathway.html) 
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Figure 5-9. Cell cycle genes in the CHO cell line were over-expressed relative to their levels in both liver and brain tissue.  (modified 
from “cell cycle” pathway map in KEGG Pathway database: http://www.genome.jp/kegg/pathway.html) 
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5.5 Discussion 

We have employed high-throughput sequencing and the Oases transcriptome assembler 

to create a BHK cell line transcriptome augmented by Syrian hamster tissue data. 

Previous experience with CHO transcriptome assembly efforts indicated that inclusion of 

sequence reads from diverse tissues or culture conditions can significantly augment an 

assembly by providing higher coverage of transcripts expressed at low levels in a single 

cell line or tissue (Jacob et al., 2010).  For example, Pklr, the liver and red blood cell 

isozyme of pyruvate kinase, is expressed at 110 RPKM in liver but only 0.01 RPKM in 

rBHK1 (Figure 5-4) and 0.2 RPKM in brain (not shown); it is thus likely that the liver 

library provided the majority of reads used to assemble this gene.  In addition, several 

thousand contigs were built solely from the tissue reads, many of which represent genes 

with known tissue-specific expression.  Given that (1) about 80% of reads in the rBHK 

libraries mapped to the assembly, (2) the assembly already represented >15,000 unique 

genes, and (3) >90% of contigs were mapped by rBHK reads, the majority of genes 

expressed in this cell line are most likely already represented in the assembly.  Adding a 

new cell type or condition would be needed to substantially improve the number of genes 

assembled. 

One issue noted by Schulz et al. in their publication of the Oases assembler was a 

challenge in fully assembling some of the most highly expressed genes (Schulz et al., 

2012).  This was not a prominent issue in our final assembly (such fragmentation may 

have been compensated for by our assembly merging steps); however, there is still scope 

for improvement by reducing the fragmentation of our transcripts (2-3 fragments per gene 

on average).  This goal might be accomplished by use of the Oases-M module now 

available (Schulz et al., 2012), which provides an optimized route to merge assemblies 

run at different k-mers.  Alignment of contigs to the now available draft Syrian hamster 

genome, now available, could help order gene fragments and identify any misassembled 

contigs. 

Our assembly provides a powerful tool for BHK or Syrian hamster transcriptome 

analysis.  Primers, siRNAs, and constructs for gene knockouts can be designed without 
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reliance on nucleotide identity to other species.  Using RNA-seq or microarray studies to 

generate whole transcriptome profiles will facilitate the formulation of new hypotheses to 

guide additional investigations of cellular phenotypes. For example, in rBHK we saw 

evidence that the dominant glycolytic isozymes were those typical of proliferating cells, 

while the isozyme levels in the tissues were consistent with a quiescent phenotype. 

The generation of BHK transcriptome data across a range of culture conditions, 

recombinant products and productivities, and clones could also be added to the existing 

store of such data for continuous cell lines from other species (CHO, mouse, human) to 

better understand the more universal characteristics of the cells that contribute to 

continuous growth, high productivity, cell ageing, and other phenomena of interest.  We 

have already shown that both BHK and CHO cell lines exhibit, when compared to the 

tissues of their respective source species, strong up-regulation in a large number of cell-

cycle genes.  Many but not all of these genes are commonly up-regulated in both cell 

lines, consistent with the hypothesis that there are many routes to achieving complex 

traits like continuous growth and hyperproductivity (Seth et al., 2007).  When the newly 

released Syrian hamster genome is annotated, the resulting complementary information 

such as gene structure and organization will open even more doors for researchers to 

develop new tools through knowledge of BHK and Syrian hamster transcriptomic and 

genomic characteristics.  Researchers will also be able to extend insights gained from 

BHK cells into the study of other cell lines as well. 
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Chapter 6 Cell Age Reproducibly Impacts the Transcriptome of 

Perfusion Cultures 

6.1. Summary 

In this study we performed a transcriptome analysis on a recombinant protein-producing 

Baby Hamster Kidney (BHK) cell line in perfusion culture.  We employed a BHK 

expression microarray to measure the degree of similarity among multiple BHK 

perfusion runs originating from a single seed train and to identify gene expression 

changes occurring during the course of such runs.  We found that transcriptome profiles 

at any given time point are quite similar across reactors, and are more similar than 

profiles from different time points in the same reactor.  Using complementary gene 

functional analysis tools, we discovered reproducible changes in the transcriptome 

profiles over time in culture.  Enriched functions included a marked down-regulation in 

extracellular matrix components and changes in calcium transport and signaling.  By 

using species-specific tools in the transcriptome analysis of a manufacturing-scale 

perfusion culture, we have detected with greater sensitivity subtle but reproducible 

changes in the transcriptome profile of the cells over time. 

6.2. Introduction 

Perfusion culture of mammalian cell lines for the production of recombinant biologics 

offers several advantages that are causing renewed interest from many in industry.  In this 

culture mode, cells are grown to high densities in a bioreactor, and volume and nutrient 

levels are maintained by constant addition of fresh medium and removal of spent 

medium.  Because this perfusion rate exceeds the cells’ growth rate, a cell retention 

device at the outlet returns cells to the reactor, avoiding washout and maintaining the 

high cell densities.  Continuous removal of spent medium containing the protein product 

means that it can be frequently purified, an advantage especially for unstable products.  

Removal of spent medium also permits a reduction in the concentrations of undesirable 

metabolites, such as lactate.  Sophisticated control of culture conditions results in a more 

stable environment for the cells and the product.  Continuous production over a longer 
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period than fedbatch culture (up to several months, vs. about two weeks) and at higher 

cell densities (up to 108 cells/mL reported (Clincke et al., 2013)) allows for higher titers 

and a smaller operational footprint.  This culture mode, while currently in use for several 

commercial products (Pollock et al., 2013), has historically been passed over in favor of 

fed-batch strategies because of disadvantages such as higher failure rates and more 

difficult operational control.  However, recent technological advances, such as 

improvements in cell retention devices and control strategies, have increased the 

attractiveness of perfusion culture at production scales; an economic, environmental and 

risk analysis by Pollock et al. concluded that perfusion culture utilizing alternating 

tangential flow (ATF) can be competitive with or even more cost-effective than fedbatch 

culture for a range of scenarios (Pollock et al., 2013). 

Previous studies have characterized various aspects of cellular behavior during perfusion 

culture or have refined methods to improve monitoring and control of perfusion 

conditions.  For example, Chong et al. developed an integrated automatic sampling and 

analytics platform to permit higher-resolution sampling of cell densities, viability, 

glucose, and lactate than feasible with manual sampling (Chong et al., 2013).  

Chrysanthopoulos et al. employed GC-MS metabolomics to monitor the physiological 

state of perfused BHK cells at both laboratory and manufacturing scales 

(Chrysanthopoulos et al., 2010).  The authors demonstrated that this approach could 

identify small changes in metabolic profiles based on cell age and other parameters.   

Transcriptomic approaches, which have the capability to measure a much wider range of 

cell processes beyond metabolism (such as signaling, transcriptional control, apoptosis, 

and protein processing), have been relatively limited, especially at manufacturing scale.  

This limitation can be attributed to the relative scarcity, until recently, of species-specific 

sequence resources for Chinese hamster ovary (CHO) cells and especially BHK cells.  

However, the increasing availability of CHO and BHK transcriptomic and genomic 

resources (Vishwanathan et al., in preparation (b)) (Vishwanathan et al., in preparation 

(a)) (Johnson et al., submitted) (Lewis et al., 2013) (Syrian hamster draft genome, 

http://www.ncbi.nlm.nih.gov/assembly/562298/) should lead to an increased adoption of 
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microarray and RNA sequencing studies at all scales for these cell lines.  For BHK cells, 

reports of the cross-species use of CHO microarrays (Jayapal and Goudar, 2013) and 

mouse qRT-PCR panels (Liu and Goudar, 2013) have already demonstrated the value of 

these tools in providing insights into cell behavior (reproducibility of transcriptome 

profiles across scales in perfusion culture, and differences between aggregating and non-

aggregating BHK cell lines, respectively).  However, a previous cross-species microarray 

study, in which CHO cDNA was hybridized to both CHO and mouse microarrays, 

demonstrated that the cross-species approach results in lower sensitivity and fewer 

identified differentially expressed genes than species-specific resources can provide (De 

Leon Gatti et al., 2007).  Our recent analysis of the BHK transcriptome (Johnson et al., 

submitted) found that BHK transcripts have median nucleotide sequence identities of 

only 92% and 94% with mouse and Chinese hamster, respectively. 

To assess the degree of similarity among multiple BHK perfusion runs originating from a 

single seed train, and to identify transcriptional changes occurring during the course of 

such runs, we employed a custom-designed BHK expression microarray.  We found that 

the transcriptome profiles were highly consistent across runs at a given time point.  

Furthermore, while relatively few genes changed significantly from early to late time 

points, there appeared to be coordinated changes in several functional classes.  These 

changes included a marked down-regulation in extracellular matrix components and 

changes in calcium transport and signaling, possibly indicating changes in the cells’ 

aggregation state and internal signaling pathways.  By using species-specific tools in the 

transcriptome analysis of a manufacturing-scale perfusion culture, we have detected with 

greater sensitivity the subtle but reproducible effects of cell age on the transcriptome 

profile of the cells over time. 

6.3. Methods 

6.3.1. Cell Culture 

Recombinant protein-producing BHK cells (rBHK) were thawed from a frozen vial, 

expanded in a seed train consisting of shake flasks and bioreactors of increasing size for a 

total of 30 days, and then inoculated into a production-scale perfusion bioreactor 
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(bioreactor A).  At 37 days post-thaw, cells from bioreactor A were used to inoculate 

bioreactor B, and at 47 days post-thaw cells from bioreactor B were used to inoculate 

bioreactor C.  The sampling schedule is shown in Figure 6-1. Cell samples were taken at 

5-10·106 cells per sample, and cell pellets were stored at -80ºC until RNA extraction was 

performed. 

 

Figure 6-1. Perfusion culture sampling strategy.  A single vial of recombinant BHK cells 
was thawed and expanded in a seed train that was then used to inoculate a manufacturing-
scale perfusion bioreactor.  Bioreactor B was inoculated from Bioreactor A at day 37 
from vial thaw, and Bioreactor C was inoculated from Bioreactor B at day 57 from vial 
thaw.  Black circles denote sampling time points, named according to the bioreactor 
source (A, B, or C) and the cell age from vial thaw.  The number in parentheses below 
the time point name indicates the number of cell pellets obtained (1-3).  The samples are 
named according to the sampling time point and, where multiple samples were taken at a 
single time point, an identifier among these replicates (-1, -2, or -3). 

 

6.3.2. Microarray Design 

Custom expression microarrays in the 12x135k NimbleGen format were designed from a 

Syrian hamster/BHK transcriptome assembly (Johnson et al., submitted) and selected 

sequences from GenBank.  45,039 sequences were represented by 1-3 probes each (3 
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probes for 99.8% of sequences), for a total of 135,000 probes.  Probes designed from a 

single sequence are here termed a “probe set”.  Probe design was 3’end biased.  For full 

microarray design details see Appendix B. 

6.3.3. Microarray Sample Preparation and Processing 

Sample preparation and microarray processing was performed by the University of Iowa 

Carver Center for Genomics.  Total RNA was extracted from thawed cell samples using 

the Qiagen RNeasy Mini kit (Qiagen, Valencia, CA).  Double-stranded cDNA was 

synthesized from 10 µg of total RNA using oligo(dT) primers using the SuperScript 

Double-Stranded cDNA Synthesis kit (Invitrogen) according to the NimbleGen Array’s 

User’s Guide for Gene Expression Array v.6.0.  cDNA was labeled with Cy3 dye using 

the One-Color DNA Labeling Kit (Roche NimbleGen).  Labeled cDNA was prepared 

using the Hybridization Kit (Roche NimbleGen) and loaded on the custom 12x135K 

NimbleGen gene expression microarray (1 array per sample).  The microarray slide was 

hybridized overnight, washed and dried, and then finally scanned one array at a time 

using a NimbleGen MS 200 Microarray Scanner (Roche NimbleGen).  Images were 

imported into the NimbleScan software v.2.6 (Roche NimbleGen) and aligned to a grid 

containing probe information.  Raw intensities were extracted and subjected to Robust 

Multichip Average (RMA) normalization using the software’s default settings to obtain a 

single intensity value per transcript per array. 

6.3.4. Hierarchical Clustering 

Using the RMA-normalized probe set intensity profiles, hierarchical clustering was 

performed in Spotfire (http://spotfire.tibco.com/) on the RMA-normalized probe set 

intensity profiles using the following parameters: similarity measure = Euclidean 

distance, clustering method = UPGMA (unweighted average), ordering function = 

average value. 

6.3.5. Functional Enrichment Analysis 

Gene set enrichment analysis (GSEA) (http://www.broadinstitute.org/gsea/index.jsp) 

(Mootha et al., 2003; Subramanian et al., 2005) was performed with the samples divided 
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into two classes: early (A44avg, B44avg, B51) and late (B62, B74, C62, C74).  The 

analysis was run using the 186 canonical pathway KEGG gene sets (Kanehisa et al., 

2012) (http://www.genome.jp/kegg/) pre-loaded in GSEA. 

Significance analysis of microarrays (SAM) (Tusher et al., 2001) was performed using 

the same two classes as for GSEA (response type = two class unpaired, data = logged 

(base 2)). 

Probe sets meeting the criteria of q ≤ 5%, fold-change (FC) ≥ 1.5, and intensity ≥ 100 

between the “early” and “late” classes were uploaded as a gene list to the Database for 

Annotation, Visualization, and Integrated Discovery (DAVID v6.7)  

(http://david.abcc.ncifcrf.gov/home.jsp) (Huang et al., 2008). 

Pathway analysis was performed using an IPA (Ingenuity® Systems, 

www.ingenuity.com) Core Analysis with default parameters for the genes meeting the 

criteria q ≤ 5%, FC ≥ 1.5, and intensity ≥ 100. 

6.4. Results 

6.4.1. Perfusion Reactor Sampling 

BHK cell samples were obtained at several time points spanning 30 days from three 

production-scale perfusion reactors inoculated from the same seed train.  Figure 6-1 

illustrates the relationship between the samples.  Cells were grown as aggregates to 

facilitate cell retention. Samples were taken from reactor A on day 44 post-thaw; from 

reactor B on days 44, 51, 62, and 74; and from reactor C on days 62 and 74 post-thaw. 

6.4.2. Hierarchical Clustering 

The 10 microarrays were subjected to hierarchical clustering according to their 

expression profiles.  The arrays clustered first according to replicates and then by cell age 

(Figure 6-2).  B44 and B51 arrays were closer to each other and to the A44 arrays than to 

later samples from the same reactor (B62, B74).  For all subsequent analyses described 

herein, “A44avg” represents an average of the profiles of the two A44 arrays (A44-1, A44-

2) and “B44avg” represents an average of the three B44 arrays (B44-1, B44-2, B44-3). 
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6.4.3. Fold-change Analysis 

Pairwise comparisons showed that fewer transcripts were differentially expressed 

between samples representing the same day of culture in different bioreactors than 

between samples representing different days in the same bioreactor (Table 6-1).  These 

observations recapitulated the conclusions drawn from hierarchical clustering, namely 

that transcriptome profiles were highly similar across different reactors at a given time 

point and that cell age seemed to have a stronger influence on gene expression than did 

reactor source.  While fewer than 1% of probe sets appeared differentially expressed 

between A44avg and B44avg, and only 1.7% of probe sets were differentially expressed 

between B74 and C74, more than 4% were differentially expressed between B44avg and 

B74 (a 30-day difference in cell age).  While most (86%) differentially expressed probe 

sets exhibited fold-changes in the range of 2- to 4-fold, a small number of genes 

demonstrated more dramatic dynamics (up to ~30-fold).  Table 6-2 lists selected highly 

up-regulated and down-regulated genes in the B74/B44avg comparison, along with their 

fold-changes and intensities. 

 

Figure 6-2. Heat map and dendrogram resulting from hierarchical clustering of the 
expression profiles of 10 perfusion reactor samples. 
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Table 6-1. Pairwise fold-change comparisons between perfusion time points, with FC≥2 
and I≥100 in at least one of the two time points considered. X/Y indicates sample X in 
the numerator and sample Y in the denominator.  For time points in which multiple 
samples were measured (A44, B44), the values used are the average intensities of the 
replicate arrays (A44avg, B44avg). 

Sample 
Pair 

No. of Differentially 
Expressed Probe Sets 

% of All 
Probe Sets 

B44/A44 90 0.20 

B51/B44 262 0.58 

B62/B44 798 1.77 

B74/B44 1836 4.08 

C62/B62 781 1.73 

C74/B74 778 1.73 

C74/B44 1494 3.32 
 

Table 6-2. Selected highly up-regulated and down-regulated genes in the B74/B44avg 
comparison.  Only considering probe sets with intensity ≥ 100 in at least 1 of the 2 arrays 
(35,000 probe sets). 

Gene 
Symbol Description 

Fold-
change 

B44avg 
Intensity 

Slpil3 Antileukoproteinase-like 3 precursor -37 2461 

Gabra5 Gamma-aminobutyric acid (GABA) A 
receptor, alpha 5 

-20 3481 

Pecam1 Platelet/endothelial cell adhesion molecule 1 -17 4166 

F13a1 Coagulation factor XIII, A1 polypeptide -17 6099 

Gcnt1 Glucosaminyl (N-acetyl) transferase 1, core 2 -14 1100 

Cdh20 Cadherin 20, type 2 -13 399 

Itih3 Inter-alpha-trypsin inhibitor heavy chain 3 -8.5 17385 

Ppp1r3d Protein phosphatase 1, regulatory subunit 3D -8.1 302 

Ehf Ets homologous factor -8.0 690 

Efhd1 EF-hand domain family, member D1 -7.8 1035 
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Trpv6 Transient receptor potential cation channel, 
subfamily V, member 6 

+9.0 177 

Eln Elastin +8.9 671 

Sulf2 Sulfatase 2 +8.9 434 

St6gal1 ST6 beta-galactosamide alpha-2,6-
sialyltransferase 1 

+8.3 452 

Pde7b Phosphodiesterase 7B +8.2 565 

Slc47a1 Solute carrier family 47, member 1 +7.9 60 

Ptgs1 Prostaglandin-endoperoxide synthase 1  +7.2 849 

Sema6a Sema domain, transmembrane domain (TM), 
and cytoplasmic domain, (semaphoring) 6A 

+6.8 163 

Trbc1 T cell receptor beta constant 1 +6.3 2534 
 

6.4.4. Functional Enrichment Analysis 

We employed several complementary approaches to pathway analysis to identify the 

functional groups of genes that differentiated the gene expression profiles of the earlier 

and later stages of the perfusion runs.  Each tool implements a different statistical 

approach and draws from different annotation and interaction databases to carry out its 

analysis.  Overlap between the results of these methods was interpreted to suggest more 

robust conclusions. 

6.4.4.1. Gene Set Enrichment Analysis (GSEA) 

GSEA was employed as a relatively unbiased approach in which no intensity or fold-

change cutoffs are applied a priori to the input dataset.  For GSEA the arrays were 

divided into 2 classes (“early” [A44avg, B44avg, B51] and “late” [B62, B74, C62, C74]) 

and analyzed against 186 canonical pathways downloaded from KEGG.  17 gene sets 

were significant at a false discovery rate (FDR) q-value ≤ 25% and an enrichment p-value 

≤ 0.05.  Most gene sets were down-regulated in the “late” class vs. the “early” class.  

Table 6-3 lists the significant (FDR ≤ 25%) KEGG gene sets along with their sizes and 

direction of change. 
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Table 6-3. Significantly enriched KEGG gene sets in a comparison of “early” and “late” 
perfusion culture time points, as determined by GSEA and DAVID.  Pathways called 
significant (q ≤ 25%, p ≥ 0.05) by both tools are in bold. 

Significant KEGG Pathways Gene 
Set Size 

GSEA 
(direction of 

change) 
DAVID  

ECM Receptor Interaction 72 Yes (down) Yes 

Steroid Hormone Biosynthesis 20 Yes (down) No 

Cytokine-Cytokine Receptor Interaction 127 Yes (down) Yes 

Arrhythmogenic Right Ventricular 
Cardiomyopathy 

70 Yes (down) No 

Focal Adhesion 173 Yes (down) Yes 

JAK-STAT Signaling Pathway 90 Yes (down) No 

Histidine Metabolism 26 Yes (down) Yes 

Leishmania Infection 46 Yes (down) No 

Glycosphingolipid Biosynthesis Globo 
Series 

13 Yes (down) No 

Systemic Lupus Erythematosus 43 Yes (down) No 

Neuroactive Ligand Receptor 
Interaction 

143 Yes (down) Yes 

Dilated Cardiomyopathy 80 Yes (down) No 

Primary Bile Acid Biosynthesis 14 Yes (down) No 

Complement and Coagulation Cascades 57 Yes (down) Yes 

Hypertrophic Cardiomyopathy 74 Yes (down) No 

Terpenoid Backbone Biosynthesis 13 Yes (up) No 

Alpha Linoleic Acid Metabolism 11 Yes (up) No 
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Chemokine Signaling Pathway 139 No* (down) Yes 

Pathways in Cancer 273 No* (down) Yes 

Pantothenate and CoA Biosynthesis 14 No* (up) Yes 

Calcium Signaling Pathway 134 No Yes 

MAPK Signaling Pathway 223 No Yes 

Pathways in Cancer 273 No Yes 

Metabolism of Xenobiotics by Cytochrome 
P450 

31 No Yes 

Drug Metabolism 36 No Yes 

Phenylalanine Metabolism 16 No Yes 

Regulation of Actin Cytoskeleton 169 No Yes 

Type II Diabetes Mellitus 41 No Yes 

Tyrosine Metabolism 27 No Yes 

Cell Cycle 116 No Yes 

Vascular Smooth Muscle Contraction 88 No Yes 

Alzheimer’s Disease 137 No Yes 

Ribosome 76 No Yes 
* gene sets with p ≤ 0.05 but q > 25% in GSEA 

 

The most significant gene set, down-regulated with cell age, was “ECM receptor 

interaction”, with a nominal p-value of 0.000 and FDR q-value of 1.4%.  Leading edge 

genes in the ECM gene set include several collagens (Col1a2, Col3a1, Col4a6, Col6a1, 

Col6a2, Col6a3), laminins (Lama3, Lama4, Lamc2, Lamc3), and integrins (Inta2, Inta6, 

Inta8, Inta11, Intb6, Intb8).  Other significant pathways include “cytokine-cytokine 

receptor interaction” (p = 0.000, q = 15%), also down-regulated with cell age.  Leading 
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edge genes in the cytokine gene set include interleukins and their receptors, members of 

the TNF receptor superfamily, and chemokines and their receptors.  The related gene set 

“chemokine signaling”, with a strong p-value (0.006) but a q-value exceeding our 

threshold (q = 26%), contains leading edge genes including chemokines and their 

receptors (which are G-protein-linked receptors) as well as associated guanine-

nucleotide-binding proteins and exchange factors. 

6.4.4.2. DAVID 

DAVID requires the application of user-defined cutoffs to generate the gene list to be 

analyzed.  In addition to fold-change, one criterion that can be employed is a cutoff for 

the false discovery rate (FDR). Significance Analysis of Microarrays (SAM) was 

employed, with the arrays classified into the same “early” and “late” classes as above, to 

calculate an FDR q-value for each gene.  Applying a q-value cutoff of 5%, a fold-change 

cutoff of 1.5, and an intensity cutoff of 100, an input list of 1398 unique gene IDs was 

generated which could be converted to 1419 DAVID identifiers.  A list of all genes on 

the array was also uploaded to DAVID as a background list against which significant 

enrichment should be measured (10270 DAVID identifiers). 

KEGG pathways were used for functional annotation analysis to facilitate a more direct 

comparison to the GSEA results presented above.  Table 6-3 includes the top 20 KEGG 

pathways determined to be significantly enriched (p ≤ 0.05, q ≤ 25%) according to 

DAVID’s Functional Annotation Chart tool.  Many of these enriched pathways overlap 

with the GSEA output.  After this analysis, the ECM receptor interaction pathway was 

still considered quite significant, as were “cytokine-cytokine receptor interaction” and 

“chemokine signaling pathway.”   The most significant pathway according to DAVID 

was “calcium signaling.”  The differentially expressed genes include several types of 

membrane-bound calcium channels as well as several proteins at points upstream and 

downstream of the release of intracellular calcium from the endoplasmic reticulum 

(Figure 6-3).  This pathway may not meet GSEA’s criteria for enrichment for two 

reasons: (1) because the direction of differential expression is mixed for the genes in this 

gene set, as is not uncommon in signaling pathways, whose components often have 
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opposing functions, and (2) because the fold-change and q-value criteria resulted in a 

much smaller input gene set for analysis.  However, GSEA does indicate as significant 

“chemokine signaling,” a related pathway; chemokine receptors activate signaling 

cascades that lead to the release of intracellular calcium. 

6.4.4.3. Ingenuity Pathway Analysis (IPA) 

All 45,039 probe sets were input into IPA for a Core Analysis with the criteria q ≤ 5%, 

fold-change ≥ 1.5, and minimum intensity ≥ 100, resulting in 878 analysis-ready 

molecules.  Among the top 5 gene networks generated by IPA, several suggested a 

widespread down-regulation of ECM and cell adhesion components and coordinated 

changes in their regulators.  Figure 6-4 shows down-regulation of all three subunits of 

collagen VI (Col6a1, Col6a2, Col6a3) as well as biglycan (Bgn), which plays a role in 

collagen fibril assembly.  This and other networks contained additional ECM and 

structural genes, including several not highlighted by the GSEA or DAVID.  The network 

in Figure 6-4 also included cingulin (Cgn), junction adhesion molecule 2 (Jam2), and 

Igsf5, all components of tight junctions.  Figure 6-5 shows a network that included down-

regulated Ggp, Matn4 and Pvrl3 (two ECM components and an adhesion molecule in 

adherens junctions, respectively) and up-regulated Zyx (associated with focal adhesions 

and actin filaments), Cnn3 (associates with the cytoskeleton), and Pcdh18 (potential 

calcium-dependent cell adhesion molecule).  The robustness of the importance of ECM 

components to these networks was examined by tightening the fold-change criterion to 2; 

the new networks (not shown) incorporated additional high fold-change genes related to 

ECM regulation.  These genes included down-regulated metallopeptidases (such as 

Mmp19, and Adamts2 which excises the propeptides of several precollagens), down-

regulated ECM proteoglycans (Vcan and Gpc1), and up-regulated tenascin XB (an ECM 

glycoprotein with anti-adhesive effects).  Also strongly down-regulated were Loxl1 

(cross-links collagen and elastin) and nidogen 1 and nidogen 2 (basement membrane 

glycoproteins that associate with laminin and collagen). 

Genes involved in chemokine signaling and calcium transport and signaling were also 

found throughout these networks.  Figure 6-6 depicts a network enriched in chemokine 
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receptors and ligands, most of which were down-regulated.  Also changing significantly 

were several other G-protein-coupled receptors.  Figure 6-7 shows many calcium 

transporters whose expression levels also correlated significantly to cell age.  Two 

voltage-gated calcium channels (Cacng1, Cacna2d1) were down-regulated to very low 

levels.  Another voltage-gated calcium channel, Cacna1e, was up-regulated, as were two 

other calcium channels, Trpc3 and Trpv6 (the latter is up-regulated > 4-fold).  The two 

transporters Slc8a1 and Atp2b1, which export calcium to the extracellular space to 

maintain low cytoplasmic concentrations, were strongly up-regulated to higher transcript 

levels than all the calcium channels except Trpv6.  While the activities of these 

transporters counteract one another, their differential expression, along with the changes 

in chemokine receptors, indicates a broad change in Ca2+-dependent signaling activity.



 

84 
 

 

Figure 6-3. KEGG calcium signaling pathway, with genes contributing to pathway enrichment starred.  Solid stars indicate a gene 
appearing only once in a pathway diagram; empty stars indicate a gene shown more than once in the diagram. 
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Figure 6-4. IPA-generated network, including ECM and structural components and their 
regulators.  Notable genes are designated with stars.  Green represents down-regulation 
(B74/B44avg), red represents up-regulation (B74/B44avg), and numbers below genes 
indicate the magnitude of fold-change and maximum intensity (max of B74, B44avg), 
respectively.  FC ≥ 1.5, q ≤ 5%, intensity ≥100. 
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Figure 6-5. IPA-generated network, including ECM and structural components and their 
regulators.  Notable genes are designated with stars.  Green represents down-regulation 
(B74/B44avg), red represents up-regulation (B74/B44avg), and numbers below genes 
indicate the magnitude of fold-change and maximum intensity (max of B74, B44avg), 
respectively.  FC ≥ 1.5, q ≤ 5%, intensity ≥ 100. 
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Figure 6-6. IPA-generated network highlighting chemokines and their receptors.  
Notable genes are designated with stars.  Green represents down-regulation (B74/B44avg), 
red represents up-regulation (B74/B44avg), and numbers below genes indicate the 
magnitude of fold-change and maximum intensity (max of B74, B44avg), respectively.  
FC ≥ 2, q ≤ 5%, intensity ≥100. 
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Figure 6-7. IPA-generated network highlighting calcium transporters.  Notable genes are 
designated with stars.  Green represents down-regulation (B74/B44avg), red represents up-
regulation (B74/B44avg), and numbers below genes indicate the magnitude of fold-change 
and maximum intensity (max of B74, B44avg), respectively.  FC ≥ 2, q ≤ 5%, intensity 
≥100. 
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6.5. Discussion 
Using a species-specific microarray, this study examined the transcriptome profiles of 

cells in manufacturing-scale perfusion bioreactors.  The microarray, which measured the 

expression of over 45,000 transcripts, gave very consistent results across replicate cell 

samples.  We found that at any given time point the transcriptome profiles of cells in 

different reactors were highly similar, with fewer than 2% of transcripts showing 

differential expression.  The transcriptome profiles of samples from the same time point 

but different reactors clustered more closely together than did samples from different 

time points in the same reactor.  Furthermore, clustering of the samples showed a clear 

evolution in their profiles over time, with later samples successively more dissimilar from 

the earliest time point.  This is a reproducible change that is distinguishable from these 

otherwise rather steady profiles.  This change was not strongly associated with time from 

bioreactor inoculation; otherwise, we would see groupings of B44 with C62, and of B51 

with C74, rather than groups by time from vial thaw.  We did observe that the C74 profile 

has slightly fewer and smaller-magnitude gene expression changes relative to day 44 than 

the B74 profile does; by using B to inoculate C, cells in both reactors but particularly in 

reactor C returned briefly to exponential growth, possibly reversing or slowing some 

aspects of the changes in the transcriptome profile. 

Previous studies of perfusion and batch cultures have also found that cell age can be a 

discriminating factor among samples.  Cell line stability can be a concern particularly for 

perfusion culture.  Because the cell lines in are in continuous culture for periods of up to 

as long as months, the number of cell doublings they undergo starting from cell banking 

is greater than typically achieved by cells in vivo (~45 for a human adult, assuming 50 

trillion cells), and even the number of doublings for which cell line stability is assessed 

for candidate production cell lines (~40-60). Chrysanthopoulos et al. showed that the 

metabolomics profile of perfusion cultures grouped together by cell age when subjected 

to hierarchical clustering (Chrysanthopoulos et al., 2010).  Beckmann et al., in their 

analysis of the effects of high-passage cultivation (up to 420 days) on CHO cells, 

demonstrated that proteomic profiles reflected the differing passage numbers of the cell 

samples (Beckmann et al., 2012).  A particularly relevant study by Jayapal and Goudar 
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(Jayapal and Goudar, 2013) evaluated the consistency of BHK transcriptome profiles 

between different scales of perfusion culture.  They discovered that the first principal 

component of the transcriptome profile was highly correlated with time in bioreactor 

culture or cell age.  Of the 8 examples of genes showing strong trends with time, all four 

of the down-regulated genes they observed and two of the up-regulated genes were 

consistent with our dataset in their direction of change (the other two were not detected).  

However, it is still unclear which aspects of cell “ageing” are universal and which depend 

more on the cell type, the culture mode, or some other aspect of the cells’ history. 

In this study, the most significant change occurring over time was a general down-

regulation of ECM components and their regulators.  The evidence for this change was 

detected by all three functional analysis methods we employed, each of which used 

different statistics, assumptions, and/or backend annotation databases to carry out its 

calculations.  The magnitude of down-regulation of many of these genes was quite 

significant—for example, Col3a1 was down-regulated more than three-fold, Gpc1 was 

down-regulated more than five-fold, and Mmp19 was down-regulated almost four-fold, 

all from starting expression levels significantly above the array median.  A recent 

investigation of transcriptional differences in ECM components in aggregating vs. non-

aggregating BHK cells also found several molecules that exhibited large and consistent 

differences in expression (Liu and Goudar, 2013).  Using mouse qRT-PCR panels to 

measure expression of extracellular matrix-related genes, the authors identify identified 

many of the same molecules, or at least the same classes, down-regulated in non-

aggregating cells vs. aggregating cells that we find to be down-regulated in the later 

culture stages of our dataset.  For example, they showed that versican (Vcan) was over-

expressed in aggregating vs. non-aggregating cells; we saw that this gene was almost 3-

fold higher in early culture than in later stages.  They also identified Col1a1, Col4a1, and 

Thbs2 as lower in non-aggregating cells, and Ncam1 and Thbs1 as consistently higher; 

we saw down-regulation of several collagens and thrombospondin 3 (Thbs3) over time.  

Differences in the systems studied likely account for most observed discrepancies, as one 

would expect different cell lines to differ more broadly than time-course samples from a 
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single cell line.  It is interesting to speculate on whether the decreased expression of ECM 

components has an effect on aggregate cohesion for this cell line in perfusion culture. 

Other studies of cell aggregation have pointed to many different factors that can influence 

the formation or maintenance of aggregates, including the concentration of calcium in 

culture media (Peshwa et al., 1993), the presence or absence of serum (Moreira et al., 

1995b), hydrodynamics (Moreira et al., 1995a; Moreira et al., 1995b), extracellular DNA 

released from lysed cells (Renner et al., 1993), cell density and culture time (Yamamoto 

et al., 2000), and the addition of various media supplements to induce (Han et al., 2006) 

or prevent (Zanghi et al., 2000) aggregation.  Even the cell line studied may influence 

aggregation behavior.  Adherent BHK cells were shown in one study to have intermediate 

adhesion strength relative to several other cell lines (such as HeLa, MDCK, and 3T3 

cells), but to demonstrate a decreasing adhesion strength over time in culture (87% 

reduction over 24 weeks) that was not observed in the other lines under the conditions 

studied (Sarwar et al., 2002).  Thus, further investigation may be needed to pinpoint the 

ultimate driver for changes in cell adhesion molecules observed in our dataset. 

Of the other functional classes or pathways called observed to change significantly 

changed between early and late stages, calcium signaling is the most intriguing.  The 

concentration of calcium itself in cell culture media has been shown to affect the size and 

density of HEK293 cell aggregates; it has been hypothesized that calcium could be 

affecting numbers of tight junctions between cells (Peshwa et al., 1993).  Calcium 

signaling also affects a wide variety of other functions (such as apoptosis, metabolism, 

and other downstream signaling pathways; see Figure 6-3) and can be triggered by many 

different events, including chemokine or other G-protein linked receptor signaling.  

While it can be challenging to dissect signaling pathways with transcriptome data alone , 

due to the lack of information on phosphorylation states or small molecule messengers, 

we can clearly see large-magnitude changes in many components of calcium-dependent 

signaling.  It is interesting to note that several of the IPA-generated networks seem 

focused around regulators of well-studied signaling pathways (NFkB (Figure 6-4), p53 

(Figure 6-5), Erk (not shown)) which can also be influenced by calcium signaling. 



 

92 
 

  Further studies are required to determine the ultimate signals, internal or external, that 

are regulating the observed alterations in the extracellular matrix and intracellular 

signaling occurring over time in culture.  An interesting question for a follow-up study 

would be to determine how these transcriptomic profiles evolve further over time and 

correlate with phenotypic changes over a longer time scale.  It would also be useful to 

investigate how consistent these profiles are across different seed trains, in other clones, 

in cell lines producing different products, or under varied culture conditions. 
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Chapter 7 : Conclusions 

Thirty years of experience with recombinant protein production in CHO, BHK and other 

mammalian cell lines has taught us much about how to push these cells to produce high-

quality products at high titers by employing both cell engineering and process 

engineering techniques.  However, the genetic basis of desirable phenotypes such as high 

productivity and genetic stability has often remained unclear due to a lack of both 

reference sequence and high-throughput analysis methods to facilitate detailed studies.  

Microarray and next-generation sequencing technologies the ability to investigate a wide 

range of complex cell behaviors.  The studies described in this thesis demonstrate how 

the development of extensive reference sequence for both CHO and BHK cell lines gives 

researchers greatly expanded access to the power of these tools. 

By providing a more rational basis for cell line development and process control, we will 

be able to improve the speed with which new drugs can be brought to patients, increase 

our control over factors impact product quality, and reduce the cost of drug development 

and production.  The completion of the human genome a decade ago and advances in 

high-throughput DNA and RNA analysis tools have combined to instigate a rapid 

acceleration in our understanding of the molecular underpinnings of human disease, 

development, and natural population variation, allowing us to uncover new correlations 

and test new hypotheses.  The stage is now set for such a revolution to occur in the study 

of CHO, BHK and other mammalian cell lines. 
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Appendix A : MicroRNA Tables 

A.1 Conserved miRNAs and their abundances 

Table A-1. Sequence and read counts for the most abundant isomiR for each of the 350 miRNA and miRNA* species annotated in the 
CHO small RNA libraries against miRBase 15.0.  For each miRNA, the miRBase reference sequence is provided in the same row as 
the miRNA name, with the sequence of the most abundant isomiR in the cell below.  Within the isomiR sequence, bold italicized text 
indicates a match to the miRBase reference sequence (may be truncated) and non-bold text indicates nucleotides not present in the 
reference. 

miRNA Name Sequence 

Is CHO 
miRNA 

Sequence = 
miRBase 

Sequence? 

Abundances      

   Library A 
Library 

B 
Library 

C 
Library 

D-1 
Library 

D-2 
Library 

D-3 

rno-miR-1 TGGAATGTAAAGAAGTGTGTAT               

  TGGAATGTAAAGAAGTGTGTAT Y 4 2 1 43 39 16 

dme-miR-7 TGGAAGACTAGTGATTTTGTTGT               

  TGGAAGACTAGTGATTTTGTTGT Y 32 220 90 2,125 1,677 499 

ssc-miR-7 TGGAAGACTAGTGATTTTGTTGTT                

  TGGAAGACTAGTGATTTTGTTGTT  Y 82 168 131 1,637 774 161 

hsa-miR-7-1* CAACAAATCACAGTCTGCCATA               

  CAACAAATCACAGTCTGCCATA Y 5 8 1 21 6 5 
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mmu-miR-7b TGGAAGACTTGTGATTTTGTTGT               

  TGGAAGACTTGTGATTTTGTTG N 1 0 1 11 9 2 

dme-miR-9a TCTTTGGTTATCTAGCTGTATGA               

  TCTTTGGTTATCTAGCTGTATGA Y 4 2 1 2 2 1 

dme-miR-10-5p ACCCTGTAGATCCGAATTTGTT               

  TACCCTGTAGATCCGAATTTGTTC
GTATG 

N 5 11 11 0 3 2 

hsa-miR-10a TACCCTGTAGATCCGAATTTGTG               

  TACCCTGTAGATCCGAATTTGT N 3,055 1,268 508 560 868 216 

mmu-miR-10b TACCCTGTAGAACCGAATTTGTG               

  TACCCTGTAGAACCGAATTTGT N 1,103 769 200 2,597 6,034 1,125 

hsa-miR-10b* ACAGATTCGATTCTAGGGGAAT               

  ACAGATTCGATTCTAGGGGAAT Y 0 1 0 2 3 4 

hsa-miR-15a TAGCAGCACATAATGGTTTGTG               

  TAGCAGCACATAATGGTTTGTG Y 51 289 29 176 178 102 

mdo-miR-15a TAGCAGCACATAATGGTTTGTT               

  TAGCAGCACATAATGGTTTGTT Y 0 5 1 2 2 3 

hsa-miR-15a* CAGGCCATATTGTGCTGCCTCA               

  CAGGCCATATTGTGCTGCCTCA Y 0 3 3 3 1 2 

mmu-miR-15b TAGCAGCACATCATGGTTTACA               
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  TAGCAGCACATCATGGTTTACA Y 1,311 1,415 226 1,834 1,810 1,196 

mmu-miR-15b* CGAATCATTATTTGCTGCTCTA               

  CGAATCATTATTTGCTGCTCTA Y 17 19 14 110 29 13 

dre-miR-16b TAGCAGCACGTAAATATTGGAG               

  TAGCAGCACGTAAATATTGGAG Y 2 44 6 9 21 15 

hsa-miR-18a TAAGGTGCATCTAGTGCAGATAG               

  TAAGGTGCATCTAGTGCAGATAG Y 36 52 2 131 106 29 

hsa-miR-18a* ACTGCCCTAAGTGCTCCTTCTGG               

  ACTGCCCTAAGTGCTCCTTCTGT N 4 8 3 1 2 1 

hsa-miR-19a TGTGCAAATCTATGCAAAACTGA               

  TGTGCAAATCTATGCAAAACTGA Y 3 18 1 145 74 14 

hsa-miR-19b-1* AGTTTTGCAGGTTTGCATCCAGC               

  AGTTTTGCAGGTTTGCATCCAGC Y 1 3 0 17 8 3 

hsa-miR-19b TGTGCAAATCCATGCAAAACTGA               

  TGTGCAAATCCATGCAAAACTGA Y 129 316 42 3,395 2,198 310 

hsa-miR-20a TAAAGTGCTTATAGTGCAGGTAG               

  TAAAGTGCTTATAGTGCAGGTAG Y 113 402 32 578 319 91 

bta-miR-21* AACAGCAGTCGATGGGCTGTCT               

  AACAGCAGTCGATGGGCTGTCT Y 59 29 27 15 20 7 
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mmu-miR-21* CAACAGCAGTCGATGGGCTGTC               

  CAACAGCAGTCGATGGGCTGTC Y 101 53 91 130 75 7 

hsa-miR-16-1* CCAGTATTAACTGTGCTGCTGA               

  CCAGTATTAACTGTGCTGCTGAA N 2 0 1 6 2 0 

gga-miR-16 TAGCAGCACGTAAATATTGGTG               

  TAGCAGCACGTAAATATTGGTG Y 3 1 4 85 105 23 

hsa-miR-16 TAGCAGCACGTAAATATTGGCG               

  TAGCAGCACGTAAATATTGGCG Y 4,030 5,089 641 9,971 12,138 4,901 

hsa-miR-17 CAAAGTGCTTACAGTGCAGGTAG               

  CAAAGTGCTTACAGTGCAGGTAG Y 233 712 151 739 371 136 

gga-miR-17-5p CAAAGTGCTTACAGTGCAGGTAG
T 

              

  CAAAGTGCTTACAGTGCAGGTAG
T 

Y 25 112 19 58 32 16 

bta-miR-21 TAGCTTATCAGACTGATGTTGACT                

  TAGCTTATCAGACTGATGTTGAC N 15,218 21,680 4,363 15,886 15,793 10,051 

hsa-miR-21 TAGCTTATCAGACTGATGTTGA               

  TAGCTTATCAGACTGATGTTGA Y 5,267 12,162 1,449 5,996 11,170 5,261 

hsa-miR-22 AAGCTGCCAGTTGAAGAACTGT               

  AAGCTGCCAGTTGAAGAACTGT Y 1,202 805 301 1,195 1,782 809 
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mdo-miR-22 AAGCTGCCAGTTGAAGAACTGC               

  AAGCTGCCAGTTGAAGAACTGC Y 10 4 0 14 19 14 

hsa-miR-22* AGTTCTTCAGTGGCAAGCTTTA               

  AGTTCTTCAGTGGCAAGCTTTA Y 24 30 22 78 85 50 

dre-miR-22a AAGCTGCCAGCTGAAGAACTGT               

  AAGCTGCCAGCTGAAGAACTGT Y 1 2 0 1 4 1 

dre-miR-23a ATCACATTGCCAGGGATTTCCA               

  ATCACATTGCCAGGGATTTCCA Y 12,151 8,379 1,007 3,435 4,489 3,111 

hsa-miR-23a ATCACATTGCCAGGGATTTCC               

  ATCACATTGCCAGGGATTTCC Y 6,096 0 472 1,352 2,526 1,895 

hsa-miR-23a* GGGGTTCCTGGGGATGGGATTT               

  GGGGTTCCTGGGGATGGGATTT Y 0 1 28 8 3 1 

dre-miR-23b ATCACATTGCCAGGGATTACCA               

  ATCACATTGCCAGGGATTACCA Y 450 224 27 208 321 241 

mmu-miR-23b ATCACATTGCCAGGGATTACC               

  ATCACATTGCCAGGGATTACC Y 186 0 12 93 214 112 

ptr-miR-23b ATCACATTGCCAGGGATTACCAC               

  ATCACATTGCCAGGGATTACCAC
T 

N 603 405 65 182 258 217 

cfa-miR-24 TGGCTCAGTTCAGCAGGAACAGG               
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  TGGCTCAGTTCAGCAGGAACAGG Y 7 3 0 6 9 2 

hsa-miR-24 TGGCTCAGTTCAGCAGGAACAG               

  TGGCTCAGTTCAGCAGGAACAGT N 3,337 3,608 455 3,142 5,649 2,613 

mmu-miR-24-2* GTGCCTACTGAGCTGAAACAGT               

  GTGCCTACTGAGCTGAAACAGT Y 38 24 9 52 66 27 

hsa-miR-25 CATTGCACTTGTCTCGGTCTGA               

  CATTGCACTTGTCTCGGTCTGA Y 7,814 23,307 12,015 15,438 11,107 12,891 

hsa-miR-25* AGGCGGAGACTTGGGCAATTG               

  AGGCGGAGACTTGGGCAATTG Y 9 0 35 18 10 7 

hsa-miR-26a TTCAAGTAATCCAGGATAGGCT               

  TTCAAGTAATCCAGGATAGGCT Y 1,728 1,668 309 4,063 6,234 1,934 

hsa-miR-26a-1* CCTATTCTTGGTTACTTGCACG               

  CCTATTCTTGGTTACTTGCACG Y 0 0 3 10 0 1 

bta-miR-26b TTCAAGTAATTCAGGATAGGTT               

  TTCAAGTAATTCAGGATAGGTT Y 791 550 312 3,364 4,096 938 

dre-miR-26b TTCAAGTAATCCAGGATAGGTT               

  TTCAAGTAATCCAGGATAGGTT Y 3 3 0 84 106 16 

hsa-miR-26b TTCAAGTAATTCAGGATAGGT               

  TTCAAGTAATTCAGGATAGGT Y 98 0 45 318 711 183 
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dre-miR-27a TTCACAGTGGCTAAGTTCCGCT               

  TTCACAGTGGCTAAGTTCCGCT Y 4,446 14,651 752 1,462 2,738 1,339 

ggo-miR-27a TTCACAGTGGCTAAGTTCCGCC               

  TTCACAGTGGCTAAGTTCCGCC Y 103 91 9 36 36 17 

hsa-miR-27a TTCACAGTGGCTAAGTTCCGC               

  TTCACAGTGGCTAAGTTCCGC Y 19,800 0 2,960 11,136 14,350 7,770 

hsa-miR-27a* AGGGCTTAGCTGCTTGTGAGCA               

  AGGGCTTAGCTGCTTGTGAGCA Y 22 17 28 479 333 94 

dre-miR-27b TTCACAGTGGCTAAGTTCTGCA               

  TTCACAGTGGCTAAGTTCTGCA Y 111 91 14 122 164 75 

mmu-miR-27b TTCACAGTGGCTAAGTTCTGC               

  TTCACAGTGGCTAAGTTCTGC Y 1,941 0 302 1,367 2,377 1,325 

mmu-miR-27b* AGAGCTTAGCTGATTGGTGAAC               

  AGAGCTTAGCTGATTGGTGAAC Y 2 1 0 2 0 4 

ssc-miR-27b* AGAGCTTAGCTGATTGGTGAACA               

  AGAGCTTAGCTGATTGGTGAACA Y 4 5 6 37 22 7 

dre-miR-27c TTCACAGTGGTTAAGTTCTGC               

  TTCACAGTGGTTAAGTTCTGC Y 0 0 1 31 58 17 

dre-miR-27d TTCACAGTGGCTAAGTTCTTCA               
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  TTCACAGTGGCTAAGTTCTTCA Y 1 3 1 0 4 0 

hsa-miR-28-5p AAGGAGCTCACAGTCTATTGAG               

  AAGGAGCTCACAGTCTATTGAG Y 9 36 23 127 102 71 

hsa-miR-28-3p CACTAGATTGTGAGCTCCTGGA               

  CACTAGATTGTGAGCTCCTGGA Y 141 224 63 273 405 176 

bta-miR-29a CTAGCACCATCTGAAATCGGTTA               

  CTAGCACCATCTGAAATCGGTTA Y 316 365 294 557 474 256 

ggo-miR-29a CTAGCACCATCTGAAATCGGTT               

  CTAGCACCATCTGAAATCGGTT Y 161 326 84 339 529 234 

hsa-miR-29a TAGCACCATCTGAAATCGGTTA               

  TAGCACCATCTGAAATCGGTTA Y 30,142 83,445 35,482 34,577 52,503 27,940 

hsa-miR-29a* ACTGATTTCTTTTGGTGTTCAG               

  ACTGATTTCTTTTGGTGTTCAG Y 3 15 4 7 18 17 

hsa-miR-29b-1* GCTGGTTTCATATGGTGGTTTAG
A 

              

  GCTGGTTTCATATGGTGGTTTAG
A 

Y 4 1 3 16 4 6 

hsa-miR-29b TAGCACCATTTGAAATCAGTGTT               

  TAGCACCATTTGAAATCAGTGTT Y 147 391 231 146 177 49 

mmu-miR-29c TAGCACCATTTGAAATCGGTTA               
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  TAGCACCATTTGAAATCGGTTA Y 111 203 55 796 1,214 237 

dre-miR-30a TGTAAACATTCCCGACTGGAAG               

  TGTAAACATTCCCGACTGGAAGC
T 

N 0 0 1 42 15 4 

hsa-miR-30a TGTAAACATCCTCGACTGGAAG               

  TGTAAACATCCTCGACTGGAAG Y 0 0 0 11 11 5 

bta-miR-30a-5p TGTAAACATCCTCGACTGGAAGC
T 

              

  TGTAAACATCCTCGACTGGAAGC
T 

Y 1 1 3 38 22 10 

mmu-miR-30b TGTAAACATCCTACACTCAGCT               

  TGTAAACATCCTACACTCAGCT Y 52 246 56 223 287 115 

mmu-miR-30b* CTGGGATGTGGATGTTTACGTC               

  CTGGGATGTGGATGTTTACGTC Y 3 6 30 68 15 28 

gga-miR-30c TGTAAACATCCTACACTCTCAGCT                

  TGTAAACATCCTACACTCTCAGCT  Y 63 79 11 56 99 27 

hsa-miR-30c TGTAAACATCCTACACTCTCAGC               

  TGTAAACATCCTACACTCTCAGC Y 41 59 6 29 62 12 

mmu-miR-30c-1* CTGGGAGAGGGTTGTTTACTCC               

  CTGGGAGAGGGTTGTTTACTCC Y 0 0 1 2 8 2 
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bta-miR-30d TGTAAACATCCCCGACTGGAAGC
T 

              

  TGTAAACATCCCCGACTGGAAGC
T 

Y 1,213 1,063 1,887 1,008 615 316 

hsa-miR-30d TGTAAACATCCCCGACTGGAAG               

  TGTAAACATCCCCGACTGGAAG Y 209 611 340 297 486 216 

hsa-miR-30d* CTTTCAGTCAGATGTTTGCTGC               

  CTTTCAGTCAGATGTTTGCTGC Y 1 1 5 9 1 4 

mmu-miR-30e TGTAAACATCCTTGACTGGAAG               

  TGTAAACATCCTTGACTGGAAG Y 12 25 5 14 15 10 

mmu-miR-30e* CTTTCAGTCGGATGTTTACAGC               

  CTTTCAGTCGGATGTTTACAGC Y 336 152 133 264 160 134 

bta-miR-30e-5p TGTAAACATCCTTGACTGGAAGC
T 

              

  TGTAAACATCCTTGACTGGAAGC
T 

Y 171 139 49 110 84 19 

cfa-miR-31 AGGCAAGATGCTGGCATAGCTGT               

  AGGCAAGATGCTGGCATAGCTGT Y 10,289 10,448 476 4,377 7,788 3,614 

hsa-miR-31 AGGCAAGATGCTGGCATAGCT               

  AGGCAAGATGCTGGCATAGCT Y 2,615 0 227 1,589 2,277 920 

mmu-miR-31 AGGCAAGATGCTGGCATAGCTG               
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  AGGCAAGATGCTGGCATAGCTG Y 9,318 7,606 756 7,765 8,938 3,261 

oan-miR-31 AGGCAAGATGTTGGCATAGCTGT               

  AGGCAAGATGTTGGCATAGCTGT Y 7 4 1 46 54 15 

odi-miR-31 AGGCAAGATGCTGGCATTGCTG               

  AGGCAAGATGCTGGCATTGCTG Y 0 2 1 4 5 0 

hsa-miR-31* TGCTATGCCAACATATTGCCAT               

  TGCTATGCCAACATATTGCCAT Y 16 27 1 16 28 19 

mmu-miR-31* TGCTATGCCAACATATTGCCATC               

  TGCTATGCCAACATATTGCCATC Y 50 53 3 13 31 40 

sme-miR-31b AGGCAAGATGCTGGCATAGCTGA               

  AGGCAAGATGCTGGCATAGCTGA Y 2,006 1,262 150 1,324 1,673 987 

hsa-miR-32 TATTGCACATTACTAAGTTGCA               

  TATTGCACATTACTAAGTTGCA Y 0 2 1 1 1 0 

bfl-miR-33 GTGCATTGTAGTTGCATTGCAT               

  GTGCATTGTAGTTGCATTGCAT Y 6 7 8 1 2 6 

hsa-miR-33a GTGCATTGTAGTTGCATTGCA               

  GTGCATTGTAGTTGCATTGCA Y 238 0 658 347 331 176 

hsa-miR-34a TGGCAGTGTCTTAGCTGGTTGT               

  TGGCAGTGTCTTAGCTGGTTGT Y 7 8 3 0 3 0 
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dre-miR-34b TAGGCAGTGTTGTTAGCTGATTG               

  AGGCAGTGTTGTTAGCTGATTGC N 4 8 9 5 25 5 

gga-miR-34b CAGGCAGTGTAGTTAGCTGATTG               

  CAGGCAGTGTAGTTAGCTGATTG Y 11 29 26 39 52 11 

hsa-miR-34b CAATCACTAACTCCACTGCCAT               

  CAATCACTAACTCCACTGCCAT Y 1 5 3 0 1 0 

rno-miR-34b TAGGCAGTGTAATTAGCTGATTG               

  TAGGCAGTGTAATTAGCTGATTG Y 29 28 29 54 51 14 

mmu-miR-34b-5p AGGCAGTGTAATTAGCTGATTGT               

  AGGCAGTGTAATTAGCTGATTGT Y 149 345 388 213 319 133 

mmu-miR-34b-3p AATCACTAACTCCACTGCCATC               

  AATCACTAACTCCACTGCCATC Y 220 412 108 101 183 80 

mmu-miR-34c AGGCAGTGTAGTTAGCTGATTGC               

  AGGCAGTGTAGTTAGCTGATTGC Y 29,284 72,369 67,274 97,513 157,154 66,298 

tgu-miR-34c AGGCAGTGTAGTTAGCTGATTGT               

  AGGCAGTGTAGTTAGCTGATTGT Y 1,811 6,661 4,008 5,222 10,986 5,282 

hsa-miR-34c-3p AATCACTAACCACACGGCCAGG               

  AATCACTAACCACACGGCCAGG Y 196 338 151 393 474 228 

cel-miR-72 AGGCAAGATGTTGGCATAGCTGA               
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  AGGCAAGATGTTGGCATAGCTG N 3 2 0 46 80 17 

aga-miR-92a TATTGCACTTGTCCCGGCCTAT               

  TATTGCACTTGTCCCGGCCTAT Y 23 182 24 9 12 7 

bfl-miR-92a TATTGCACTTGTCCCGGCCTTT               

  TATTGCACTTGTCCCGGCCTTT Y 28 385 62 4 19 5 

hsa-miR-92a TATTGCACTTGTCCCGGCCTGT               

  TATTGCACTTGTCCCGGCCTGT Y 9,087 52,691 9,402 5,628 4,977 3,910 

sko-miR-92a TATTGCACTTGTCCCGGCCTAA               

  TATTGCACTTGTCCCGGCCTAA Y 25 39 10 11 5 3 

cin-miR-92b TATTGCACTTGTCCCGGCCTT               

  TATTGCACTTGTCCCGGCCTT Y 26 0 80 18 22 21 

dre-miR-92b TATTGCACTCGTCCCGGCCTCC               

  TATTGCACTCGTCCCGGCCTCC Y 24 11 11 4 2 4 

oan-miR-92b TATTGCACTTGTCCCAGCCTGT               

  TATTGCACTTGTCCCAGCCTGT Y 6 20 9 5 1 5 

sko-miR-92b TATTGCACTTGTCCCGGCCTGC               

  TATTGCACTTGTCCCGGCCTGC Y 38 160 28 32 13 17 

hsa-miR-92b* AGGGACGGGACGCGGTGCAGTG               

  AGGGACGGGACGCGGTGCAGTGT  N 1 1 8 0 1 0 
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sko-miR-92c TATTGCACTCGTCCCGGCCTGT               

  TATTGCACTCGTCCCGGCCTGT Y 12 18 4 11 8 16 

hsa-miR-93 CAAAGTGCTGTTCGTGCAGGTAG               

  CAAAGTGCTGTTCGTGCAGGTAG Y 3,002 4,225 550 21,889 7,023 4,274 

hsa-miR-93* ACTGCTGAGCTAGCACTTCCCG               

  ACTGCTGAGCTAGCACTTCCCGA N 5 0 0 5 3 1 

hsa-miR-98 TGAGGTAGTAAGTTGTATTGTT               

  TGAGGTAGTAAGTTGTATTGTT Y 72 45 272 45 41 31 

hsa-miR-99a AACCCGTAGATCCGATCTTGTG               

  AACCCGTAGATCCGATCTTGTG Y 640 519 449 790 688 415 

hsa-miR-99a* CAAGCTCGCTTCTATGGGTCTG               

  CAAGCTCGCTTCTATGGGTCTG Y 1 2 9 18 3 2 

mmu-miR-99b CACCCGTAGAACCGACCTTGCG               

  CACCCGTAGAACCGACCTTGCG Y 877 1,085 505 429 471 208 

mmu-miR-99b* CAAGCTCGTGTCTGTGGGTCCG               

  CAAGCTCGTGTCTGTGGGTCCGT N 69 58 19 22 22 17 

bfl-miR-100 AACCCGTAGATCCGAACTTGTGT               

  AACCCGTAGATCCGAACTTGTGT Y 673 1,224 143 478 506 253 

hsa-miR-100 AACCCGTAGATCCGAACTTGTG               
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  AACCCGTAGATCCGAACTTGTG Y 971 1,896 265 923 1,095 493 

gga-miR-101 GTACAGTACTGTGATAACTGAA               

  GTACAGTACTGTGATAACTGAA Y 1,092 375 407 10,451 13,544 2,164 

hsa-miR-101 TACAGTACTGTGATAACTGAA               

  TACAGTACTGTGATAACTGAA Y 889 0 252 1,836 5,170 887 

dre-miR-101a TACAGTACTGTGATAACTGAAG               

  TACAGTACTGTGATAACTGAAG Y 649 627 113 5,789 16,332 2,113 

dre-miR-101b TACAGTACTATGATAACTGAAG               

  TACAGTACTATGATAACTGAAG Y 0 1 0 1 8 2 

hsa-miR-103 AGCAGCATTGTACAGGGCTATGA               

  AGCAGCATTGTACAGGGCTATGA Y 38,896 9,224 8,790 17,760 18,134 10,246 

mmu-miR-106b TAAAGTGCTGACAGTGCAGAT               

  TAAAGTGCTGACAGTGCAGAT Y 414 0 78 966 1,130 296 

mmu-miR-106b* CCGCACTGTGGGTACTTGCTGC               

  CCGCACTGTGGGTACTTGCTGC Y 114 76 96 575 286 159 

hsa-miR-107 AGCAGCATTGTACAGGGCTATCA               

  AGCAGCATTGTACAGGGCTATC N 971 723 1,630 1,960 1,506 1,204 

dre-miR-107b AGCAGCATTGTACAGGGCTTT               

  AGCAGCATTGTACAGGGCTTT Y 4 0 20 10 25 15 
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cel-miR-124 TAAGGCACGCGGTGAATGCCA               

  TAAGGCACGCGGTGAATGCCA Y 0 0 0 3 11 4 

dme-miR-124 TAAGGCACGCGGTGAATGCCAAG               

  TAAGGCACGCGGTGAATGCCAA N 4 0 0 26 43 12 

ame-miR-125 CCCCTGAGACCCTAACTTGTGA               

  CCCCTGAGACCCTAACTTGTGA Y 10 4 0 57 69 25 

mmu-miR-125a-5p TCCCTGAGACCCTTTAACCTGTGA                

  TCCCTGAGACCCTTTAACCTGTGA  Y 128 125 15 5 14 5 

mmu-miR-125a-3p ACAGGTGAGGTTCTTGGGAGCC               

  ACAGGTGAGGTTCTTGGGAGCC Y 1 1 0 8 1 1 

mmu-miR-125b-5p TCCCTGAGACCCTAACTTGTGA               

  TCCCTGAGACCCTAACTTGTGA Y 15,861 14,463 1,312 3,030 3,014 1,710 

hsa-miR-125b-1* ACGGGTTAGGCTCTTGGGAGCT               

  ACGGGTTAGGCTCTTGGGAGCT Y 4 7 17 109 13 8 

hsa-miR-125b-2* TCACAAGTCAGGCTCTTGGGAC               

  TCACAAGTCAGGCTCTTGGGAC Y 2 0 0 4 4 8 

rno-miR-125b* ACAAGTCAGGCTCTTGGGACCT               

  ACAAGTCAGGCTCTTGGGACCT Y 11 4 0 81 63 13 

dre-miR-125c TCCCTGAGACCCTAACTCGTGA               
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  TCCCTGAGACCCTAACTCGTGA Y 40 9 4 6 4 2 

dre-miR-128 TCACAGTGAACCGGTCTCTTTT               

  TCACAGTGAACCGGTCTCTTTT Y 5 23 9 43 25 16 

mmu-miR-128 TCACAGTGAACCGGTCTCTTT               

  TCACAGTGAACCGGTCTCTTT Y 30 0 102 127 63 52 

mmu-miR-130a CAGTGCAATGTTAAAAGGGCAT               

  CAGTGCAATGTTAAAAGGGCAT Y 908 897 417 1,734 2,194 645 

mmu-miR-130b CAGTGCAATGATGAAAGGGCAT               

  CAGTGCAATGATGAAAGGGCAT Y 5 2 4 11 14 6 

oan-miR-130c CAGTGCAATGGTAAAAGGGCAT               

  CAGTGCAATGGTAAAAGGGCAT Y 0 1 1 0 4 0 

mmu-miR-132 TAACAGTCTACAGCCATGGTCG               

  TAACAGTCTACAGCCATGGTCG Y 4 3 0 24 23 19 

mmu-miR-137 TTATTGCTTAAGAATACGCGTAG               

  TTATTGCTTAAGAATACGCGTAG Y 2 3 0 42 68 8 

oan-miR-137a* ACGGGTATTCTTGGGTGGATAAT               

  ACGGGTATTCTTGGGTGGATAA N 0 1 1 7 7 0 

mmu-miR-138 AGCTGGTGTTGTGAATCAGGCCG               

  AGCTGGTGTTGTGAATCAGGCCG Y 0 0 0 5 3 0 
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bta-miR-139 TCTACAGTGCACGTGTCTCCAGT               

  TCTACAGTGCACGTGTCTCCAGT Y 9 444 127 101 104 72 

hsa-miR-139-5p TCTACAGTGCACGTGTCTCCAG               

  TCTACAGTGCACGTGTCTCCAG Y 4 151 55 65 46 28 

hsa-miR-139-3p GGAGACGCGGCCCTGTTGGAGT               

  TGGAGACGCGGCCCTGTTGGAGT N 3 30 64 83 20 12 

mmu-miR-139-3p TGGAGACGCGGCCCTGTTGGAG               

  TGGAGACGCGGCCCTGTTGGAG Y 0 19 16 14 9 7 

mmu-miR-140 CAGTGGTTTTACCCTATGGTAG               

  CAGTGGTTTTACCCTATGGTAG Y 2 4 0 35 26 12 

dre-miR-140* TACCACAGGGTAGAACCACGGAC               

  ACCACAGGGTAGAACCACGGAC N 5,398 6,899 2,711 18,910 26,622 7,679 

gga-miR-140* CCACAGGGTAGAACCACGGAC               

  CCACAGGGTAGAACCACGGAC Y 153 0 53 571 961 300 

mmu-miR-140* TACCACAGGGTAGAACCACGG               

  TACCACAGGGTAGAACCACGG Y 186 0 344 399 789 469 

mmu-miR-143 TGAGATGAAGCACTGTAGCTC               

  TGAGATGAAGCACTGTAGCTC Y 0 0 0 10 5 3 

bta-miR-146a TGAGAACTGAATTCCATAGGTTG
T 
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  TGAGAACTGAATTCCATAGGTTG
T 

Y 0 0 2 3 7 3 

mmu-miR-146a TGAGAACTGAATTCCATGGGTT               

  TGAGAACTGAATTCCATGGGTT Y 3 0 0 61 107 35 

rno-miR-146b TGAGAACTGAATTCCATAGGCTG
T 

              

  TGAGAACTGAATTCCATAGGCTG
T 

Y 864 550 663 1,700 1,467 1,037 

mmu-miR-146b* GCCCTAGGGACTCAGTTCTGGT               

  TGCCCTAGGGACTCAGTTCTGGT N 4 3 2 1 2 3 

hsa-miR-146b-5p TGAGAACTGAATTCCATAGGCT               

  TGAGAACTGAATTCCATAGGCT Y 14 33 29 44 87 45 

mmu-miR-147 GTGTGCGGAAATGCTTCTGCTA               

  GTGTGCGGAAATGCTTCTGCTA Y 1 0 8 17 2 1 

dre-miR-148 TCAGTGCATTACAGAACTTTGT               

  TCAGTGCATTACAGAACTTTGT Y 0 0 0 20 15 9 

hsa-miR-148b* AAGTTCTGTTATACACTCAGGC               

  AAGTTCTGTTATACACTCAGGCT N 0 0 0 9 3 0 

rno-miR-148b-5p GAAGTTCTGTTATACACTCAGG               

  GAAGTTCTGTTATACACTCAGGCT  N 4 2 6 49 22 10 
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rno-miR-148b-3p TCAGTGCATCACAGAACTTTGT               

  TCAGTGCATCACAGAACTTTGT Y 87 59 49 606 648 308 

mmu-miR-149 TCTGGCTCCGTGTCTTCACTCCC               

  TCTGGCTCCGTGTCTTCACTCCC Y 21 31 3 14 15 17 

mmu-miR-151-5p TCGAGGAGCTCACAGTCTAGT               

  TCGAGGAGCTCACAGTCTAGT Y 320 0 291 461 511 552 

mmu-miR-151-3p CTAGACTGAGGCTCCTTGAGG               

  CTAGACTGAGGCTCCTTGAGG Y 401 0 219 739 844 261 

mdo-miR-152 TCAGTGCATGACAGAACTTGGG               

  TCAGTGCATGACAGAACTTGGG Y 32 30 63 145 122 39 

mmu-miR-152 TCAGTGCATGACAGAACTTGG               

  TCAGTGCATGACAGAACTTGG Y 207 0 682 1,064 1,317 501 

mmu-miR-154 TAGGTTATCCGTGTTGCCTTCG               

  TAGGTTATCCGTGTTGCCTTCG Y 2 327 9 8 10 13 

mmu-miR-154* AATCATACACGGTTGACCTATT               

  AATCATACACGGTTGACCTATT Y 0 149 5 5 27 10 

hsa-miR-155 TTAATGCTAATCGTGATAGGGGT               

  TTAATGCTAATCGTGATAGGGGT Y 8 4 1 7 4 9 

bta-miR-181a AACATTCAACGCTGTCGGTGAGT
T 
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  AACATTCAACGCTGTCGGTGAGT
TT 

N 857 465 317 657 769 188 

mmu-miR-181a AACATTCAACGCTGTCGGTGAGT               

  AACATTCAACGCTGTCGGTGAGT Y 215 248 149 545 916 400 

hsa-miR-181a* ACCATCGACCGTTGATTGTACC               

  ACCATCGACCGTTGATTGTACC Y 46 15 11 40 55 27 

hsa-miR-181b AACATTCATTGCTGTCGGTGGGT               

  AACATTCATTGCTGTCGGTGGGT Y 160 128 110 811 760 561 

ssc-miR-181b AACATTCATTGCTGTCGGTGGGT
T 

              

  AACATTCATTGCTGTCGGTGGGT
T 

Y 246 146 335 1,289 815 355 

bta-miR-181c AACATTCAACCTGTCGGTGAGTTT                

  AACATTCAACCTGTCGGTGAGTTT  Y 128 17 5 8 5 3 

hsa-miR-181c AACATTCAACCTGTCGGTGAGT               

  AACATTCAACCTGTCGGTGAGT Y 14 5 2 1 3 1 

hsa-miR-181c* AACCATCGACCGTTGAGTGGAC               

  AACCATCGACCGTTGAGTGGAC Y 6 1 3 5 6 1 

hsa-miR-181d AACATTCATTGTTGTCGGTGGGT               

  AACATTCATTGTTGTCGGTGGGT Y 169 82 119 328 198 120 
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ssc-miR-181d AACATTCATTGTTGTCGGTGGGTT                

  AACATTCATTGTTGTCGGTGGGTT  Y 164 69 345 614 134 88 

mmu-miR-184 TGGACGGAGAACTGATAAGGGT               

  TGGACGGAGAACTGATAAGGGT Y 73 141 12 51 62 26 

mmu-miR-185 TGGAGAGAAAGGCAGTTCCTGA               

  TGGAGAGAAAGGCAGTTCCTGA Y 661 291 2,966 4,784 2,357 1,758 

mmu-miR-186 CAAAGAATTCTCCTTTTGGGCT               

  CAAAGAATTCTCCTTTTGGGCT Y 19 43 40 37 38 33 

ssc-miR-186 CAAAGAATTCTCCTTTTGGGCTT               

  CAAAGAATTCTCCTTTTGGGCTT Y 38 42 86 67 40 30 

mmu-miR-191 CAACGGAATCCCAAAAGCAGCTG               

  CAACGGAATCCCAAAAGCAGCTG
T 

N 861 931 1,241 1,082 731 359 

bta-miR-192 CTGACCTATGAATTGACAGCCAG               

  CTGACCTATGAATTGACAGCCA N 260 398 1,181 828 742 409 

hsa-miR-192 CTGACCTATGAATTGACAGCC               

  CTGACCTATGAATTGACAGCC Y 263 0 1,216 886 950 513 

mmu-miR-193 AACTGGCCTACAAAGTCCCAGT               

  AACTGGCCTACAAAGTCCCAGT Y 105 728 666 233 287 120 

mmu-miR-193* TGGGTCTTTGCGGGCAAGATGA               
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  TGGGTCTTTGCGGGCAAGATGA Y 8 39 14 42 18 9 

gga-miR-193b AACTGGCCCACAAAGTCCCGCTT
T 

              

  AACTGGCCCACAAAGTCCCGCT N 54 85 144 111 79 47 

hsa-miR-193b* CGGGGTTTTGAGGGCGAGATGA               

  CGGGGTTTTGAGGGCGAGATGA Y 2 3 18 16 3 0 

mmu-miR-194 TGTAACAGCAACTCCATGTGGA               

  TGTAACAGCAACTCCATGTGGAA N 10 18 15 72 69 21 

bta-miR-195 TAGCAGCACAGAAATATTGGCA               

  TAGCAGCACAGAAATATTGGCA Y 47 206 51 882 1,119 287 

mmu-miR-195 TAGCAGCACAGAAATATTGGC               

  TAGCAGCACAGAAATATTGGC Y 6 0 6 155 249 72 

hsa-miR-196a TAGGTAGTTTCATGTTGTTGGG               

  TAGGTAGTTTCATGTTGTTGGG Y 291 34 83 209 183 240 

mmu-miR-196a* TCGGCAACAAGAAACTGCCTGA               

  TCGGCAACAAGAAACTGCCTGA Y 5 0 0 0 0 2 

cfa-miR-196b TAGGTAGTTTCCTGTTGTTGGGA               

  TAGGTAGTTTCCTGTTGTTGGGA Y 13 0 0 0 1 0 

hsa-miR-196b TAGGTAGTTTCCTGTTGTTGGG               

  TAGGTAGTTTCCTGTTGTTGGG Y 146 1 0 0 0 1 
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rno-miR-196c TAGGTAGTTTCGTGTTGTTGGG               

  TAGGTAGTTTCGTGTTGTTGGG Y 0 13 12 23 9 19 

dre-miR-196d TAGGTAGTTTTATGTTGTTGGG               

  TAGGTAGTTTTATGTTGTTGGG Y 0 0 0 4 3 3 

dre-miR-199* TACAGTAGTCTGCACATTGGTT               

  TACAGTAGTCTGCACATTGGTT Y 296 419 464 2,198 3,387 1,643 

gga-miR-199* TACAGTAGTCTGCACATTGG               

  TACAGTAGTCTGCACATTGG Y 0 0 3 31 35 27 

mmu-miR-199a-5p CCCAGTGTTCAGACTACCTGTTC               

  CCCAGTGTTCAGACTACCTGTTC Y 7 44 5 27 50 16 

mmu-miR-199a-3p ACAGTAGTCTGCACATTGGTTA               

  ACAGTAGTCTGCACATTGGTTA Y 897 1,449 1,622 11,765 16,656 6,480 

ppy-miR-199b-3p ACAGTATTCTGCACATTGGTTA               

  ACAGTATTCTGCACATTGGTTA Y 0 0 0 8 8 6 

mmu-miR-199b* CCCAGTGTTTAGACTACCTGTTC               

  CCCAGTGTTTAGACTACCTGTTC Y 19 2 0 0 1 0 

mmu-miR-203 GTGAAATGTTTAGGACCACTAG               

  GTGAAATGTTTAGGACCACTAG Y 19 11 22 29 29 12 

mmu-miR-204 TTCCCTTTGTCATCCTATGCCT               
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  TTCCCTTTGTCATCCTATGCCT Y 0 0 0 2 3 5 

mmu-miR-206 TGGAATGTAAGGAAGTGTGTGG               

  TGGAATGTAAGGAAGTGTGTGG Y 0 3 1 3 2 3 

bta-miR-210 ACTGTGCGTGTGACAGCGGCTGA               

  ACTGTGCGTGTGACAGCGGCTGA Y 21 11 3 3 2 2 

dre-miR-210 CTGTGCGTGTGACAGCGGCTAA               

  CTGTGCGTGTGACAGCGGCTAA Y 13 13 0 3 3 3 

hsa-miR-210 CTGTGCGTGTGACAGCGGCTGA               

  CTGTGCGTGTGACAGCGGCTGA Y 1,529 1,074 86 227 264 156 

mmu-miR-212 TAACAGTCTCCAGTCACGGCCA               

  TAACAGTCTCCAGTCACGGCCA Y 4 0 2 8 2 2 

hsa-miR-214 ACAGCAGGCACAGACAGGCAGT               

  ACAGCAGGCACAGACAGGCAGT Y 40 294 9 71 155 90 

hsa-miR-214* TGCCTGTCTACACTTGCTGTGC               

  TGCCTGTCTACACTTGCTGTGC Y 2 5 0 11 11 9 

bta-miR-215 ATGACCTATGAATTGACAGACA               

  ATGACCTATGAATTGACAGACA Y 19 3 7 299 477 176 

hsa-miR-215 ATGACCTATGAATTGACAGAC               

  ATGACCTATGAATTGACAGAC Y 3 0 0 78 84 31 
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dre-miR-218a TTGTGCTTGATCTAACCATGTG               

  TTGTGCTTGATCTAACCATGTG Y 0 0 0 3 7 1 

rno-miR-219-1-3p AGAGTTGCGTCTGGACGTCCCG               

  AGAGTTGCGTCTGGACGTCCCG Y 23 38 65 68 37 27 

hsa-miR-221 AGCTACATTGTCTGCTGGGTTTC               

  AGCTACATTGTCTGCTGGGTTT N 6,776 3,395 587 3,057 2,242 1,714 

hsa-miR-221* ACCTGGCATACAATGTAGATTT               

  ACCTGGCATACAATGTAGATTTCT
GT 

N 48 25 4 271 126 23 

gga-miR-222 AGCTACATCTGGCTACTGGGTCT
C 

              

  AGCTACATCTGGCTACTGGGTCT N 838 846 71 1,779 1,155 828 

hsa-miR-222 AGCTACATCTGGCTACTGGGT               

  AGCTACATCTGGCTACTGGGT Y 476 0 22 521 786 624 

mmu-miR-296-3p GAGGGTTGGGTGGAGGCTCTCC               

  GAGGGTTGGGTGGAGGCTCTCC Y 8 4 2 4 3 3 

mmu-miR-298 GGCAGAGGAGGGCTGTTCTTCCC               

  GGCAGAGGAGGGCTGTTCTTCC N 25 22 30 112 79 34 

oan-miR-301* GCTCTGACTTTATTGCACTAC               

  GCTCTGACTTTATTGCACTAC Y 2 0 6 7 0 5 
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mmu-miR-301a CAGTGCAATAGTATTGTCAAAGC               

  CAGTGCAATAGTATTGTCAAAGC Y 1 6 2 14 13 6 

gga-miR-301b-5p GCTCTGACTTTATTGCACTACT               

  GCTCTGACTTTATTGCACTACT Y 10 15 30 32 9 7 

gga-miR-301b-3p CAGTGCAATAGTATTGTCAAAGC
AT 

              

  CAGTGCAATAGTATTGTCAAAGC
AT 

Y 5 8 1 26 14 5 

ssc-miR-320 AAAAGCTGGGTTGAGAGGGCGAA               

  AAAAGCTGGGTTGAGAGGGCGAA Y 1,242 1,460 3,870 2,464 1,743 778 

hsa-miR-320a AAAAGCTGGGTTGAGAGGGCGA               

  AAAAGCTGGGTTGAGAGGGCGA Y 3,241 7,027 11,800 6,068 6,905 2,581 

hsa-miR-320b AAAAGCTGGGTTGAGAGGGCAA               

  AAAAGCTGGGTTGAGAGGGCAA Y 5 6 12 10 18 3 

hsa-miR-320c AAAAGCTGGGTTGAGAGGGT               

  AAAAGCTGGGTTGAGAGGGT Y 1 0 14 4 6 0 

rno-miR-322 CAGCAGCAATTCATGTTTTGGA               

  CAGCAGCAATTCATGTTTTGGA Y 206 421 136 303 412 272 

mmu-miR-322* AAACATGAAGCGCTGCAACAC               

  AAACATGAAGCGCTGCAACAC Y 262 0 1,411 1,776 1,899 865 
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rno-miR-322* AAACATGAAGCGCTGCAACA               

  AAACATGAAGCGCTGCAACA Y 264 0 654 1,019 1,713 507 

rno-miR-324-5p CGCATCCCCTAGGGCATTGGTGT               

  CGCATCCCCTAGGGCATTGGTGT Y 60 83 16 37 57 85 

rno-miR-324-3p CCACTGCCCCAGGTGCTGCTGG               

  CCACTGCCCCAGGTGCTGCTGG Y 5 11 8 24 11 9 

mmu-miR-326 CCTCTGGGCCCTTCCTCCAGT               

  CCTCTGGGCCCTTCCTCCAGT Y 12 0 6 3 3 2 

rno-miR-328 CTGGCCCTCTCTGCCCTTCCGT               

  CTGGCCCTCTCTGCCCTTCCGT Y 85 73 11 15 23 24 

rno-miR-330 TCTCTGGGCCTGTGTCTTAGGC               

  TCTCTGGGCCTGTGTCTTAGGCT N 1 1 1 4 12 7 

rno-miR-330* GCAAAGCACAGGGCCTGCAGAGA               

  CAAAGCACAGGGCCTGCAGAGA N 13 12 0 60 76 39 

rno-miR-331 GCCCCTGGGCCTATCCTAGAA               

  GCCCCTGGGCCTATCCTAGAA Y 22 0 30 30 18 10 

rno-miR-338 TCCAGCATCAGTGATTTTGTTGA               

  TCCAGCATCAGTGATTTTGTTGA Y 5 2 3 8 7 6 

ssc-miR-342 TCTCACACAGAAATCGCACCCGT
CA 
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  TCTCACACAGAAATCGCACCCGT
C 

N 90 0 0 0 1 0 

rno-miR-339-5p TCCCTGTCCTCCAGGAGCTCACG               

  TCCCTGTCCTCCAGGAGCTCACG Y 2 0 0 0 0 0 

rno-miR-340-5p TTATAAAGCAATGAGACTGATT               

  TTATAAAGCAATGAGACTGATT Y 21 19 74 164 140 32 

rno-miR-342-3p TCTCACACAGAAATCGCACCCGT               

  TCTCACACAGAAATCGCACCCGT Y 134 0 0 1 1 1 

mmu-miR-344 TGATCTAGCCAAAGCCTGACTGT               

  TGATCTAGCCAAAGCCTGACTGT Y 4 1 0 1 4 7 

bta-miR-345-5p GCTGACTCCTAGTCCAGTGCT               

  GCTGACTCCTAGTCCAGTGCT Y 5 0 3 20 12 6 

cfa-miR-350 TTCACAAAGCCCATACACTTTT               

  TTCACAAAGCCCATACACTTTT Y 0 2 0 4 8 3 

eca-miR-350 TTCACAAAGCCCATACACTTTTAC               

  TTCACAAAGCCCATACACTTTTA N 1 0 1 15 18 1 

rno-miR-350 TTCACAAAGCCCATACACTTTCAC                

  TTCACAAAGCCCATACACTTTCA N 433 451 261 782 821 240 

hsa-miR-361-5p TTATCAGAATCTCCAGGGGTAC               

  TTATCAGAATCTCCAGGGGTAC Y 5 8 3 19 17 23 
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hsa-miR-365 TAATGCCCCTAAAAATCCTTAT               

  TAATGCCCCTAAAAATCCTTAT Y 20 53 11 65 33 9 

hsa-miR-365* AGGGACTTTCAGGGGCAGCTGT               

  AGGGACTTTCAGGGGCAGCTGTG N 1 1 124 100 26 11 

bta-miR-365-5p AGGGACTTTTGGGGGCAGATGTG               

  AGGGACTTTTGGGGGCAGATGTG Y 2 1 23 9 4 1 

hsa-miR-369-5p AGATCGACCGTGTTATATTCGC               

  AGATCGACCGTGTTATATTCGC Y 0 15 1 2 4 2 

hsa-miR-369-3p AATAATACATGGTTGATCTTT               

  AATAATACATGGTTGATCTTT Y 0 0 3 4 4 2 

rno-miR-374 ATATAATACAACCTGCTAAGTG               

  ATATAATACAACCTGCTAAGTG Y 10 9 34 109 138 24 

hsa-miR-377 ATCACACAAAGGCAACTTTTGT               

  ATCACACAAAGGCAACTTTTGT Y 0 82 0 14 20 7 

hsa-miR-377* AGAGGTTGCCCTTGGTGAATTC               

  AGAGGTTGCCCTTGGTGAATTC Y 0 7 2 0 0 0 

cfa-miR-378 ACTGGACTTGGAGTCAGAAGGC               

  ACTGGACTTGGAGTCAGAAGGC Y 4,705 1,959 2,517 14,452 13,628 4,438 

hsa-miR-378 ACTGGACTTGGAGTCAGAAGG               
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  ACTGGACTTGGAGTCAGAAGG Y 3,991 0 2,640 11,908 12,460 4,280 

ppy-miR-378 ACTGGACTTGGATCAGAAGGC               

  ACTGGACTTGGATCAGAAGGC Y 0 0 0 5 7 2 

hsa-miR-378* CTCCTGACTCCAGGTCCTGTGT               

  CTCCTGACTCCAGGTCCTGTGT Y 19 26 8 8 20 11 

mmu-miR-384-5p TGTAAACAATTCCTAGGCAATGT               

  TGTAAACAATTCCTAGGCAATGT Y 0 3 0 5 8 0 

mmu-miR-409-5p AGGTTACCCGAGCAACTTTGCAT               

  AGGTTACCCGAGCAACTTTGCAT Y 2 83 3 15 17 14 

mmu-miR-409-3p GAATGTTGCTCGGTGAACCCCT               

  GAATGTTGCTCGGTGAACCCCT Y 2 151 17 13 13 5 

mmu-miR-410 AATATAACACAGATGGCCTGT               

  AATATAACACAGATGGCCTGT Y 4 0 10 297 428 110 

hsa-miR-423-5p TGAGGGGCAGAGAGCGAGACTTT               

  TGAGGGGCAGAGAGCGAGACTTT Y 6,320 11,298 9,521 4,181 3,135 1,269 

bta-miR-423-3p AAGCTCGGTCTGAGGCCCCTCAG
T 

              

  AAGCTCGGTCTGAGGCCCCTCAG
T 

Y 80 117 36 136 112 58 

hsa-miR-423-3p AGCTCGGTCTGAGGCCCCTCAGT               
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  AGCTCGGTCTGAGGCCCCTCAGT Y 265 591 162 473 532 341 

mmu-miR-425 AATGACACGATCACTCCCGTTGA               

  AATGACACGATCACTCCCGTTGA Y 100 80 36 99 62 60 

hsa-miR-425* ATCGGGAATGTCGTGTCCGCCC               

  ATCGGGAATGTCGTGTCCGCCC Y 3 0 3 7 0 3 

mmu-miR-425* ATCGGGAATGTCGTGTCCGCC               

  ATCGGGAATGTCGTGTCCGCC Y 7 0 16 16 8 3 

hsa-miR-450a TTTTGCGATGTGTTCCTAATAT               

  TTTTGCGATGTGTTCCTAATAT Y 63 69 21 34 35 16 

mmu-miR-450b-5p TTTTGCAGTATGTTCCTGAATA               

  TTTTGCAGTATGTTCCTGAATAC N 0 2 8 61 4 3 

mmu-miR-455 GCAGTCCACGGGCATATACAC               

  GCAGTCCACGGGCATATACAC Y 86 0 135 124 156 121 

hsa-miR-455-5p TATGTGCCTTTGGACTACATCG               

  TATGTGCCTTTGGACTACATCG Y 10 29 38 59 56 37 

hsa-miR-484 TCAGGCTCAGTCCCCTCCCGAT               

  TCAGGCTCAGTCCCCTCCCGAT Y 23 14 4 15 17 12 

hsa-miR-486-5p TCCTGTACTGAGCTGCCCCGAG               

  TCCTGTACTGAGCTGCCCCGAG Y 47 226 49 25 223 71 
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hsa-miR-496 TGAGTATTACATGGCCAATCTC               

  TGAGTATTACATGGCCAATCTCT N 0 5 2 2 2 2 

hsa-miR-497 CAGCAGCACACTGTGGTTTGT               

  CAGCAGCACACTGTGGTTTGT Y 31 0 71 76 173 70 

rno-miR-497 CAGCAGCACACTGTGGTTTGTA               

  CAGCAGCACACTGTGGTTTGTA Y 27 105 103 168 163 63 

hsa-miR-499-5p TTAAGACTTGCAGTGATGTTT               

  TTAAGACTTGCAGTGATGTTT Y 5 0 28 22 32 8 

dre-miR-499 TTAAGACTTGCAGTGATGTTTA               

  TTAAGACTTGCAGTGATGTTTA Y 4 5 13 33 28 8 

hsa-miR-505 CGTCAACACTTGCTGGTTTCCT               

  CGTCAACACTTGCTGGTTTCCTCT  N 7 8 7 0 4 6 

ssc-miR-505 TCAACACTTGCTGGTTTCCTCT               

  GTCAACACTTGCTGGTTTCCTCT N 12 13 8 3 1 2 

hsa-miR-505* GGGAGCCAGGAAGTATTGATGT               

  GGGAGCCAGGAAGTATTGATGTT N 3 1 40 19 10 3 

mmu-miR-542-5p CTCGGGGATCATCATGTCACGA               

  CTCGGGGATCATCATGTCACGA Y 21 37 57 36 41 40 

mmu-miR-542-3p TGTGACAGATTGATAACTGAAA               
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  TGTGACAGATTGATAACTGAAAG N 8 9 74 1,015 307 181 

hsa-miR-574-3p CACGCTCATGCACACACCCACA               

  CACGCTCATGCACACACCCACA Y 502 298 54 218 203 172 

mmu-miR-598 TACGTCATCGTCGTCATCGTTA               

  TACGTCATCGTCGTCATCGTTAT N 318 156 113 325 421 197 

hsa-miR-615-3p TCCGAGCCTGGGTCTCCCTCTT               

  TCCGAGCCTGGGTCTCCCTCTT Y 7 6 3 4 5 3 

cfa-miR-652 AATGGCGCCACTAGGGTTGTGC               

  AATGGCGCCACTAGGGTTGTGC Y 125 25 38 37 48 23 

hsa-miR-652 AATGGCGCCACTAGGGTTGTG               

  AATGGCGCCACTAGGGTTGTG Y 332 0 188 133 176 92 

hsa-miR-671-5p AGGAAGCCCTGGAGGGGCTGGAG               

  AGGAAGCCCTGGAGGGGCTGGAG
G 

N 2 8 6 48 38 9 

hsa-miR-671-3p TCCGGTTCTCAGGGCTCCACC               

  TCCGGTTCTCAGGGCTCCACC Y 8 0 7 6 7 4 

mmu-miR-672 TGAGGTTGGTGTACTGTGTGTGA               

  TGAGGTTGGTGTACTGTGTGTGA Y 9 3 87 45 9 22 

mmu-miR-674 GCACTGAGATGGGAGTGGTGTA               

  GCACTGAGATGGGAGTGGTGTAT N 142 267 63 210 143 67 
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mmu-miR-674* CACAGCTCCCATCTCAGAACAA               

  CACAGCTCCCATCTCAGAACAA Y 36 30 24 22 27 7 

mmu-miR-708 AAGGAGCTTACAATCTAGCTGGG               

  AAGGAGCTTACAATCTAGCTGGG Y 7 2,309 350 3,450 4,120 1,153 

mmu-miR-708* CAACTAGACTGTGAGCTTCTAG               

  CAACTAGACTGTGAGCTTCTAG Y 0 26 8 52 64 16 

mmu-miR-744 TGCGGGGCTAGGGCTAACAGCA               

  TGCGGGGCTAGGGCTAACAGCA Y 992 360 636 3,446 2,399 1,932 

mmu-miR-872 AAGGTTACTTGTTAGTTCAGG               

  AAGGTTACTTGTTAGTTCAGG Y 57 0 173 253 195 230 

mmu-miR-872* TGAACTATTGCAGTAGCCTCCT               

  TGAACTATTGCAGTAGCCTCCT Y 147 69 69 100 74 87 

mmu-miR-1274a TCAGGTCCCTGTTCAGGCGCCA               

  TCAGGTCCCTGTTCAGGCGCCA Y 732 703 166 285 416 516 

cfa-miR-1306 CCACCTCCCCTGCAAACGTCC               

  CCACCTCCCCTGCAAACGTCC Y 16 0 2 3 0 1 

mmu-miR-1306 ACGTTGGCTCTGGTGGTGATG               

  ACGTTGGCTCTGGTGGTGATG Y 2 0 5 5 2 4 

ssc-miR-1306-5p CCACCTCCCCTGCAAACGTCCA               
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  CCACCTCCCCTGCAAACGTCCA Y 9 19 4 5 4 0 

ssc-miR-1308 GCATTGGTGGTTCAGTGGTAGAA
TTC 

              

  GCATTGGTGGTTCAGTGGTAGAA
TTCTCGCCTGCC 

N 995 2,857 14 70 824 761 

hsa-miR-1826 ATTGATCATCGACACTTCGAACG
CAAT 

              

  CATTGATCATCGACACTTCGAAC
GCACTTGCGGCCC 

N 75 420 31 678 502 390 

cfa-miR-1839 AAGGTAGATAGAACAGGTCTTG               

  AAGGTAGATAGAACAGGTCTTG Y 205 200 234 998 1,483 432 

mmu-miR-1839-3p AGACCTACTTATCTACCAACAGC               

  AGACCTACTTATCTACCAACAG N 2 4 0 6 7 1 

mmu-miR-1956 AGTCCAGGGCTGAGTCAGCGGA               

  AGTCCAGGGCTGAGTCAGCGGAT N 2 1 0 2 7 1 

mmu-miR-1983 CTCACCTGGAGCATGTTTTCT               

  CTCACCTGGAGCATGTTTTCT Y 26 0 5 50 37 4 

mmu-miR-2138 AAGGGAACGGGCTTGGCGGAAT               

  AAGGGAACGGGCTTGGCGGAATC N 1 2 2 5 17 3 

mmu-miR-3072 TGCCCCCTCCAGGAAGCCTTCT               

  TGCCCCCTCCAGGAAGCCTTCT Y 1 111 0 2 1 1 
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mmu-miR-3072* AGGGACCCCGAGGGAGGGCAGG               

  AGGGACCCCGAGGGAGGGCAGG Y 0 10 6 11 5 3 

aga-let-7 TGAGGTAGTTGGTTGTATAGT               

  TGAGGTAGTTGGTTGTATAGT Y 0 0 2 2 5 5 

cel-let-7 TGAGGTAGTAGGTTGTATAGTT               

  TGAGGTAGTAGGTTGTATAGTT Y 94,086 111,974 359,243 84,672 73,537 69,164 

spu-let-7 TGAGGTAGTAGGTTATATAGTT               

  TGAGGTAGTAGGTTATATAGTT Y 24 24 55 34 25 60 

hsa-let-7b TGAGGTAGTAGGTTGTGTGGTT               

  TGAGGTAGTAGGTTGTGTGGTT Y 10,379 13,098 95,128 32,589 21,633 14,742 

xtr-let-7b TGAGGTAGTAGTTTGTGTAGTT               

  TGAGGTAGTAGTTTGTGTAGTT Y 2 9 23 10 11 2 

hsa-let-7c TGAGGTAGTAGGTTGTATGGTT               

  TGAGGTAGTAGGTTGTATGGTT Y 100,323 77,891 293,189 223,861 191,021 158,829 

dre-let-7d TGAGGTAGTTGGTTGTATGGTT               

  TGAGGTAGTTGGTTGTATGGTT Y 5 5 28 26 21 12 

gga-let-7d AGAGGTAGTGGGTTGCATAGT               

  AGAGGTAGTGGGTTGCATAGT Y 2 0 1 1 4 0 

hsa-let-7d AGAGGTAGTAGGTTGCATAGTT               
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  AGAGGTAGTAGGTTGCATAGTT Y 18,589 26,931 38,171 30,353 41,274 23,082 

hsa-let-7d* CTATACGACCTGCTGCCTTTCT               

  CTATACGACCTGCTGCCTTTCT Y 80 221 3 15 17 6 

hsa-let-7e TGAGGTAGGAGGTTGTATAGTT               

  TGAGGTAGGAGGTTGTATAGTT Y 3,419 3,098 13,583 3,169 1,602 1,348 

xtr-let-7e TGAGGTAGTAGGTTGTTTAGTT               

  TGAGGTAGTAGGTTGTTTAGTT Y 12 19 174 23 39 21 

hsa-let-7e* CTATACGGCCTCCTAGCTTTCC               

  CTATACGGCCTCCTAGCTTTCC Y 3 2 1 0 1 0 

hsa-let-7f TGAGGTAGTAGATTGTATAGTT               

  TGAGGTAGTAGATTGTATAGTT Y 744,055 662,263 1,387,96
8 

872,210 847,188 636,862 

dre-let-7g TGAGGTAGTAGTTTGTATAGTT               

  TGAGGTAGTAGTTTGTATAGTT Y 290 480 2,475 2,310 3,164 1,131 

mmu-let-7g TGAGGTAGTAGTTTGTACAGTT               

  TGAGGTAGTAGTTTGTACAGTT Y 29,561 25,111 36,239 118,715 145,735 88,467 

mmu-let-7i TGAGGTAGTAGTTTGTGCTGTT               

  TGAGGTAGTAGTTTGTGCTGTT Y 28,207 46,147 43,620 61,049 40,986 21,099 

mmu-let-7i* CTGCGCAAGCTACTGCCTTGCT               

  CTGCGCAAGCTACTGCCTTGCT Y 53 140 8 30 33 14 
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dre-let-7j TGAGGTAGTTGTTTGTACAGTT               

  TGAGGTAGTTGTTTGTACAGTT Y 2 1 3 7 15 4 

gga-let-7k TGAGGTAGTAGATTGAATAGTT               

  TGAGGTAGTAGATTGAATAGTT Y 82 59 80 106 100 64 
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A.2 Overlap of Known and Predicted miRNA Genomic Loci in the Chinese Hamster Genome 

Table A-2. Best alignments of 109 known CHO pre-miRNAs to the Chinese hamster genome along with the name of the 
corresponding miRDeep pre-miRNA prediction.  (Does not include the 81 known CHO pre-miRNAs that align to the genome without 
a corresponding miRDeep prediction.) 

miRBase ID % identity % query target scaffold scaffold start scaffold end scaffold strand miRDeep prediction 

cgr-mir-196a 100 100 CGS00002 5766438 5766514 plus cho-pre-067 

cgr-mir-148b 100 100 CGS00002 6080907 6080984 plus cho-pre-068 

cgr-mir-7a 100 100 CGS00012 3152634 3152411 minus cho-pre-027 

cgr-mir-361 100 100 CGS00018 2000151 2000230 plus cho-pre-059 

cgr-mir-505 100 100 CGS00022 1404388 1404466 plus cho-pre-074 

cgr-mir-671 100 100 CGS00029 5108625 5108547 minus cho-pre-097 

cgr-mir-143 100 100 CGS00036 113121 113200 plus cho-pre-123 

cgr-mir-378 100 100 CGS00036 361659 361737 plus cho-pre-124 

cgr-mir-497 100 100 CGS00060 4219710 4219790 plus cho-pre-173 

cgr-mir-15a 100 100 CGS00074 4259960 4259883 minus cho-pre-206 

cgr-mir-345 100 100 CGS00075 815790 815711 minus cho-pre-209 

cgr-mir-342 100 100 CGS00075 960792 960708 minus cho-pre-208 

cgr-mir-874 100 100 CGS00087 1855809 1855730 minus cho-pre-231 

cgr-mir-340 100 100 CGS00095 969875 969792 minus cho-pre-244 

cgr-mir-30e 100 100 CGS00098 603800 603882 plus cho-pre-247 

cgr-mir-872 100 100 CGS00099 1572177 1572255 plus cho-pre-249 

cgr-mir-101b 100 100 CGS00101 238093 238017 minus cho-pre-y-001 

cgr-mir-184 100 100 CGS00104 2530412 2530501 plus cho-pre-003 

cgr-mir-100 100 100 CGS00105 767433 767358 minus cho-pre-005 

cgr-mir-320a 100 100 CGS00128 2002429 2002508 plus cho-pre-031 
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cgr-mir-155 100 100 CGS00131 2977829 2977918 plus cho-pre-036 

cgr-mir-193b 100 100 CGS00144 1418852 1418929 plus cho-pre-040 

cgr-mir-365 100 100 CGS00144 1423565 1423645 plus cho-pre-041 

cgr-mir-190b 100 100 CGS00145 1400885 1400964 plus cho-pre-043 

cgr-mir-215 100 100 CGS00148 4291871 4291795 minus cho-pre-046 

cgr-mir-194 100 100 CGS00148 4292142 4292063 minus cho-pre-045 

cgr-mir-34a 100 100 CGS00149 3243033 3242949 minus cho-pre-047 

cgr-mir-28 100 100 CGS00151 2664183 2664103 minus cho-pre-050 

cgr-mir-1843 100 100 CGS00157 545781 545702 minus cho-pre-052 

cgr-mir-708 100 100 CGS00161 2074861 2074960 plus cho-pre-053 

cgr-mir-344 100 100 CGS00174 2974970 2974891 minus cho-pre-057 

cgr-mir-29a 100 100 CGS00180 3106940 3106863 minus cho-pre-061 

cgr-mir-124 100 100 CGS00181 1206375 1206296 minus cho-pre-062 

cgr-mir-7b 100 100 CGS00184 1321304 1321383 plus cho-pre-063 

cgr-mir-582 100 100 CGS00228 1371032 1371111 plus cho-pre-076 

cgr-mir-1271 100 100 CGS00235 2252397 2252476 plus cho-pre-077 

cgr-mir-450b 100 100 CGS00237 834211 834136 minus cho-pre-080 

cgr-mir-542 98.73 100 CGS00237 835691 835613 minus cho-pre-079 

cgr-mir-322 100 100 CGS00237 840683 840606 minus cho-pre-078 

cgr-mir-339 100 100 CGS00244 284322 284401 plus cho-pre-086 

cgr-mir-196b 100 100 CGS00260 2174692 2174771 plus cho-pre-087 

cgr-mir-139 100 100 CGS00262 1092940 1093017 plus cho-pre-088 

cgr-mir-129 100 100 CGS00269 2417492 2417571 plus cho-pre-090 

cgr-mir-128 100 100 CGS00286 1060590 1060516 minus cho-pre-094 

cgr-mir-18a 100 100 CGS00288 1879385 1879487 plus cho-pre-095 

cgr-mir-19a 100 100 CGS00288 1879538 1879617 plus cho-pre-096 
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cgr-mir-504 100 95 CGS00297 641575 641669 plus cho-pre-101 

cgr-mir-32 100 100 CGS00299 281313 281233 minus cho-pre-102 

cgr-mir-30d 94.44 100 CGS00325 2135701 2135790 plus cho-pre-106 

cgr-mir-30b 100 100 CGS00325 2138277 2138355 plus cho-pre-107 

cgr-mir-15b 100 100 CGS00330 1116127 1116204 plus cho-pre-113 

cgr-mir-196c 100 100 CGS00338 182854 182933 plus cho-pre-114 

cgr-mir-10a 100 100 CGS00338 233636 233716 plus cho-pre-115 

cgr-mir-147 100 100 CGS00348 2096569 2096490 minus cho-pre-118 

cgr-mir-181b 100 100 CGS00356 2079891 2079814 minus cho-pre-120 

cgr-mir-181a 100 100 CGS00356 2080072 2079992 minus cho-pre-119 

cgr-mir-455 100 100 CGS00359 1791666 1791589 minus cho-pre-121 

cgr-mir-1343 100 100 CGS00362 901396 901307 minus cho-pre-125 

cgr-let-7c 100 100 CGS00384 1234682 1234603 minus cho-pre-126 

cgr-mir-218a 100 100 CGS00406 1792627 1792548 minus cho-pre-131 

cgr-mir-325 100 100 CGS00410 31357 31434 plus cho-pre-133 

cgr-mir-384 100 100 CGS00410 61198 61279 plus cho-pre-134 

cgr-mir-672 100 100 CGS00410 1179626 1179705 plus cho-pre-136 

cgr-mir-374 100 100 CGS00410 1679873 1679943 plus cho-pre-135 

cgr-mir-27b 100 100 CGS00449 240706 240625 minus cho-pre-140 

cgr-mir-23b 100 100 CGS00449 240931 240855 minus cho-pre-139 

cgr-mir-107 100 100 CGS00463 583134 583055 minus cho-pre-141 

cgr-mir-31 100 100 CGS00472 247187 247111 minus cho-pre-143 

cgr-mir-350 100 100 CGS00513 387951 388030 plus cho-pre-148 

cgr-mir-146a 100 100 CGS00513 1566498 1566419 minus cho-pre-147 

cgr-mir-30a 100 100 CGS00517 1216867 1216948 plus cho-pre-149 

cgr-mir-30c 100 100 CGS00517 1238015 1238093 plus cho-pre-150 
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cgr-mir-185 100 100 CGS00534 926874 926947 plus cho-pre-153 

cgr-mir-1306 100 100 CGS00534 980554 980633 plus cho-pre-154 

cgr-mir-410 100 100 CGS00548 705497 705423 minus cho-pre-162 

cgr-mir-369 100 100 CGS00548 705802 705728 minus cho-pre-161 

cgr-mir-412 100 100 CGS00548 705925 705852 minus cho-pre-160 

cgr-mir-409 100 100 CGS00548 706072 706000 minus cho-pre-159 

cgr-mir-496 100 100 CGS00548 710016 709927 minus cho-pre-157 

cgr-mir-154 100 100 CGS00548 710687 710611 minus cho-pre-156 

cgr-mir-382 100 100 CGS00548 716431 716352 minus cho-pre-y-279 

cgr-mir-125a 100 100 CGS00559 1133087 1133010 minus cho-pre-166 

cgr-mir-1 100 100 CGS00600 965185 965096 minus cho-pre-175 

cgr-mir-187 100 100 CGS00617 1200655 1200734 plus cho-pre-180 

cgr-mir-499 100 100 CGS00625 777651 777727 plus cho-pre-181 

cgr-let-7g 100 100 CGS00643 1183495 1183399 minus cho-pre-184 

cgr-mir-186 100 100 CGS00655 1216765 1216843 plus cho-pre-186 

cgr-mir-214 100 100 CGS00684 1075589 1075512 minus cho-pre-192 

cgr-mir-9 100 100 CGS00729 257864 257785 minus cho-pre-205 

cgr-mir-138 100 100 CGS00750 387371 387450 plus cho-pre-212 

cgr-mir-192 100 100 CGS00755 931893 931814 minus cho-pre-214 

cgr-mir-181d 100 100 CGS00759 699868 699788 minus cho-pre-217 

cgr-mir-27a 100 100 CGS00759 731469 731549 plus cho-pre-216 

cgr-mir-298 100 100 CGS00826 777267 777187 minus cho-pre-224 

cgr-mir-328 100 100 CGS00849 672816 672895 plus cho-pre-226 

cgr-mir-423 100 100 CGS00867 46260 46183 minus cho-pre-229 

cgr-mir-146b 100 100 CGS00883 519541 519619 plus cho-pre-235 

cgr-mir-34c 100 100 CGS00923 426360 426287 minus cho-pre-241 
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cgr-mir-206 100 100 CGS00936 242807 242886 plus cho-pre-242 

cgr-mir-22 100 100 CGS00942 114105 114183 plus cho-pre-243 

cgr-mir-222 100 100 CGS00976 50783 50863 plus cho-pre-245 

cgr-mir-221 100 100 CGS00976 51367 51448 plus cho-pre-246 

cgr-mir-93 100 100 CGS01117 240742 240662 minus cho-pre-016 

cgr-mir-674 100 100 CGS01144 79263 79184 minus cho-pre-021 

cgr-mir-425 100 100 CGS01174 59642 59563 minus cho-pre-023 

cgr-mir-29c 100 100 CGS01282 204902 204827 minus cho-pre-033 

cgr-mir-210 100 100 CGS01392 242695 242617 minus cho-pre-039 

cgr-mir-152 100 100 CGS16313 427 504 plus cho-pre-055 

cgr-mir-3072 100 100 CGS20716 523 448 minus cho-pre-070 
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Appendix B : Design of a BHK Expression Microarray 

A custom Nimblegen 12x135k expression microarray was designed for measuring the expression of BHK transcripts.  Probes were 
designed from the 221,580 BHK/Syrian hamster contigs described in Chapter 5.  Additional sequences were also used in the design, 
including BHK sequences in GenBank not represented in the BHK transcriptome assembly as well as several other sequences to 
measure exogenous genes.  Probe design from these sequences was performed by Nimblegen according to a proprietary design 
algorithm. 

This array format consists of 12 identical array printed on a single glass slide, with each array containing 135,000 oligonucleotide 
probes.  The final design contains approximately 3 probes per contig, with 45,039 contigs represented on the array.  Selection of the 
contigs to be used for probe design was based upon uniqueness of the annotation, strength of the annotation, priority of annotation 
source database, and proximity of the contig to the 3’ end of the transcript.  Contig length and estimated expression levels from RNA-
seq data were also taken into account.  Figure B-1 (split across the next two pages) summarizes the complete contig selection strategy. 
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Figure B-1. Contig selection strategy for Nimblegen microarray probe design. Green boxes indicate the categories of contigs 
submitted for probe design.  *Includes only Tier 4 with total score ≥ 100; remaining are lumped with Tier 3.  **One of these replaces 
another sequence in Category 1. 

 

 

 


