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Throughout the process of cellular differentiation, cell trajectories are shaped by different

epigenomic and epitranscriptomic regulatory mechanisms. These trajectories eventually land

cells into their terminal cell state, where they are no longer undergoing differentiation and have a

stable gene expression profile. Throughout my thesis, I profiled gene expression of various cell

states examining the impact of both natural variation between cell types and the effects of

environmental perturbation. Specifically, I examined the natural variation found within chicken

tissues and found a variety of alternatively spliced transcripts and differentially expressed genes

between different cell and tissue types. To assess the effects of environmental perturbation, I

examined the effects of a growing area of interest, the spaceflight environment, on mammalian

cephalad cell types. From these experiments, I discovered that the combinatorial effect of

spaceflight factors, specifically low-dose radiation and microgravity simulation, produce many

more differentially expressed genes in murine brain tissue between the spaceflight simulated

group and the control group than either low-dose radiation or microgravity simulation produced
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in isolation. The results of this experiment demonstrated that there is a compounding effect of the

different environmental factors of spaceflight on mammalian brain tissue. The second

experiment I analyzed on the spaceflight environment were the gene expression profiles of

retinal tissue from mice flown aboard the International Space Station. Compared to the ground

control, mice flown in spaceflight had hundreds of differentially expressed genes, a handful of

which overlapped with genes associated with the cone-rod degenerative disease, retinitis

pigmentosa. After examining differential gene expression, due to both natural variation and the

environmental perturbations caused by spaceflight, I examine how gene expression is regulated

post-transcriptionally. I did this by performing direct-RNA sequencing using the Oxford

Nanopore MinION and employing base-modification prediction software in order to determine

the global RNA modification landscape across three distinct states of pluripotent stem cells.

Doing this, I uncover that pluripotency-relevant genes are enriched for transcript modifications. I

then used the known motif DRACH to specifically locate m6A modifications. From this, I can

identify uniquely modified genes in each pluripotent state. Collectively, these studies

demonstrate the spectrum of transcriptional variation that can arise from natural and perturbed

cell states, as well as the importance of incorporating mRNA modifications into analysis to

understand the transitions and uniqueness between cellular states.
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Introduction
Every mammalian organism is composed of a multitude of cell types. Some of these cells

are similar in functionality to other cells, such as the variance present on the spectrum of immune
cells. Other cell types perform radically different functions, such as the difference in
functionality of cells in the digestive tract versus cells of the reproductive system. Despite the
broad range of functions that cells perform, with few exceptions, they all contain the exact same
composition of DNA. The same bases, A/C/G/T, ordered in the exact same way, on the exact
same chromosomes. Yet, from identical compositions of DNA vastly different cellular functions
arise.

Cellular functions are established and regulated by epigenomic mechanisms. These
mechanisms alter the conformation of DNA and use base modifications to affect the accessibility
of DNA to transcriptional machinery, which in-turn regulates subsequent gene expression.
Additionally, epitranscriptomic modifications can alter gene expression post-transcription. These
modifications are deposited on multiple biotypes of RNA. With regard to mRNA, they can
change RNA folding and impact translation efficiency. These different control mechanisms are
used to guide a cell through differentiation and stabilize the cell in its terminal cell type.

In my thesis, I explore the natural variation in gene expression that exists between
different cell types (Chapter 1), examples of how this natural variation can be perturbed when
environmental conditions are altered (Chapters 2-4), and how the post-transcriptional,
epitranscriptomic modification landscape has distinct variability during early developmental
states (Chapter 5). Lastly, in the concluding remarks, I will argue why the method of
epitranscriptome detection applied in Chapter 5 should be the standard method of RNA
sequencing aboard the International Space Station.

Natural Variation of Gene Expression

Throughout the history of epigenetics, the process of cellular differentiation has been
compared to a marble rolling down a hill. Depending on which grooves in the hill it hits during
its journey, the marble will reach different terminal-positions. This metaphor, commonly referred
to as Waddington’s landscape (Waddington and Others 1940) provides a framework for
understanding how pluripotent cells reach their terminal cell types. Cells start in a pluripotent
state and through a series of divisions they bifurcate into distinct cell states, eventually reaching
a terminal state where differentiation has ceased and they perform their intended function.The
variation in gene expression between these terminal states is described here as natural variation.
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The natural variation between different tissues has been well characterized in humans and
mice (Lin et al., 2014). However, our understanding of gene expression in most mammalian and
other vertebrate species is still lacking. The mammalian species that are best characterized are
the species that are important for modeling and understanding human health and development.
However, understanding a variety of other species can be indirectly important for improving
human health.

Such understudied organisms include those that are a part of the food supply. In Chapter
1, I explore the natural variation in gene expression that arises in a spectrum of different cell and
tissue types in domesticated Gallus gallus, the species of chicken whose meat and eggs are used
extensively in the U.S. food supply. Even though the draft genome of Gallus gallus was
published in 2004 (International Chicken Genome Sequencing Consortium 2004), much work
remains to be done on understanding the differences in gene expression and the regulatory
control mechanisms that establish cellular and tissue identity. This chapter is the first of a wider
series of papers from the Hawkins lab that will continue to characterize gene expression and map
the epigenomic regulatory features of the chicken genome.

The Impact of Spaceflight on Gene Expression

Gene expression profiles can also vary due to environmental variables. Environmental
factors are able to perturb gene expression of terminal cell types and create unique gene
expression profiles. The environmental factors I focus on in Chapters 2-4 are the factors imposed
by spaceflight.

In recent years, there has been renewed interest in manned space exploration. The United
States has had a continuous presence in low-Earth orbit since the construction of the
International Space Station (ISS) in 2000. While the ISS was initially used for governmental
research and technology development, the goals and priorities of the ISS have shifted in recent
years. The ISS now has dedicated space to industry and academia for research and technology
development. Additionally, they are prioritizing the commercialization of low-Earth orbit in the
goal of creating an economically sustainable spaceflight sector.

Developments in private companies have further accelerated this progress. Manned
rockets, once only capable of being created by the government, have now been successfully
launched by SpaceX and Blue Origin. Space station modules are close to costing a fraction of
their original price when the ISS was first constructed, attributable the progress of Bigelow
Aerospace’s expandable activity modules. There are also numerous companies refining the
habitats and scientific equipment used in spaceflight, such as NanoRacks, Space Tango, Axiom
Space, Made in Space, among many others. While technology development to facilitate space
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utilization is accelerating rapidly, our understanding of the consequences of spaceflight on the
human body is lagging behind.

Since the dawn of NASA’s space program, physiological data has been collected from
astronauts. A limited list of changes in physiology includes decreases in bone density
(Stavnichuk et al., 2020), deterioration of muscle mass (Trappe et al., 2009; Burkhart, Allaire,
and Bouxsein, 2019), changes in vision (Lee et al., 2020), and problems with neurocognitive
abilities (De la Torre 2014). Even though the physiological consequences of spaceflight exposure
are well-observed, the fundamental molecular mechanisms driving these changes are still poorly
understood, hindering our ability to develop appropriate countermeasures and pharmaceutical
solutions. To address this, a growing number of genomic experiments are being conducted
aboard the ISS.

The renowned genomic study performed has been the NASA twins study
(Garrett-Bakelman et al., 2019). This project was a landmark study conducted to characterize
numerous genomic biomarkers, such as epigenetic profiles, telomere lengths, and gene
expression changes between one twin who resided on the ISS for one year and his twin who
served as a control back on Earth. However, this study has serious limitations. Much of the raw
data from this study is not publicly available since the identity of the astronaut and his twin are
well known. In addition, the study represents a sample size of 1, and, subsequently, does not
have high statistical power. Also, given the limited capacity of the ISS, reaching a sample size of
high significance is difficult. Despite these limitations, the twins study does present a strong case
for why it is critical to better characterize the consequences of long-duration spaceflight on the
human body and develop countermeasures before establishing permanent settlements aboard
space stations or other planets. But these limitations also restrict the more rigorous scientific
studies to experiments on non-human organisms.

In Chapter 2, I am seeking to understand the combinatorial effects of different spaceflight
factors on murine gene expression in the brain using a ground-based study. Specifically, I am
looking at the brain’s ability to recover from two spaceflight factors individually and when
combined together. After four months of recovery, these factors, microgravity and radiation,
individually do not have a large impact on the brain’s gene expression profile. However, in
conjunction, these factors result in over one hundred differentially expressed genes. This chapter
emphasizes insufficiency of ground based experiments that study spaceflight factors in isolation
and stresses the need for more laboratory space in low-Earth orbit.

In Chapter 3, I move on to discuss changes in the gene expression of retinal tissue of
mice flown in low-Earth orbit aboard the ISS for 35 days. Immunofluorescence staining of the
retinal tissue showed disruption of cone photoreceptors and disorganization of the retinal
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pigment epithelium. Gene expression analysis in the tissue showed 600 differentially expressed
genes between the spaceflight-exposed mice and the ground control group. Of particular interest
is the presence of multiple genes related to retinitis pigmentosa, a photoreceptor degenerative
disease, that were differentially expressed in the group of mice exposed to spaceflight.

In Chapter 4, I address one of the largest hurdles in analyzing gene expression data from
spaceflight: the array of differing variables and design decisions between spaceflight
experiments. While there is no method to predict how different exposure lengths to spaceflight or
different strains of organism used in an experiment are impacting gene expression, the analysis
pipeline used on the data can be harmonized by creating a standard computational pipeline for all
gene expression data generated on the ISS. This chapter is a description of the computational
pipeline for short-read RNA-seq data that is implemented in the NASA GeneLab database. This
pipeline emerged from a GeneLab workshop spanning many members of the spaceflight
community from universities all over the world that was further refined and implemented at
NASA. All RNA-seq data submitted to the GeneLab database will be run through this pipeline to
help facilitate cross-experiment comparisons.

More limited than gene expression data in spaceflight are studies of epigenomic and
epitranscriptomic changes. The GeneLab database has limited bisulfite-sequencing data available
to characterize 5-methylcytosine modifications. However, ChIP-seq, ATAC-seq, Hi-C, and other
methods of determining chromatin conformation and regulation remain to be generated.

The Epitranscriptome and Direct-RNA Sequencing

While gene expression is critical for determining cellular function and identity, regulation
of gene expression does not end at transcription. Modifications can be placed onto RNA
molecules post-transcriptionally and these modifications influence the metabolism and lifespan
of the RNA molecule, particularly for mRNA.

Traditionally, RNA modifications have been challenging to detect and are limited to the
detection of a single modification at a time. However, direct-RNA sequencing with the Oxford
Nanopore MinION has been proposed as a method for simultaneously detecting all modifications
on poly(A) RNA. In recent years, a small handful of tools have been developed in order to
identify base modifications from the raw current signal collected by direct-RNA sequencing
(Jenjaroenpun et al., 2021; Liu et al., 2019; Stoiber et al., 2016).

In Chapter 5, I apply one of these tools to detect base modifications across multiple states
of pluripotent stem cells. Both the global epitranscriptome and the m6A-specific landscape are
reported. The m6A modification is linked to transcript turnover (Batista et al., 2014) and is of
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particular interest in pluripotent stem cells. Previous studies that knocked down m6A writing
proteins in various stem cell states have found differing effects on differentiation. One set of
studies concluded that the m6A modification is necessary for differentiation (Batista et al., 2014;
Geula et al., 2015), while another set of studies found that it induced differentiation (Wen et al.,
2018; Wu et al., 2019; Aguilo et al., 2015). My results indicate that different pluripotent states
do, indeed, have unique m6A landscapes, which could be a possible explanation for the
conflicting results previously observed.
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Chapter 1: Transcriptomes of an array of chicken ovary, intestinal, and
immune cells and tissues

Chapter 1 is adapted with minimal modification from:

Transcriptomes of an array of chicken ovary, intestinal, and immune cells and tissues. Eliah
G. Overbey, Theros T. Ng, et al. (2021);  In Review, Frontiers in Genetics.

1.1 Abstract

While the chicken (Gallus gallus) is the most consumed agricultural animal worldwide, the
chicken transcriptome remains understudied. We have characterized the transcriptome of 10 cell
and tissue types from the chicken using RNA-seq, spanning intestinal tissues (ileum, jejunum,
proximal cecum), immune cells (B cells, bursa, macrophages, monocytes, spleen T cells,
thymus), and reproductive tissue (ovary). We detected 17,872 genes and 24,812 transcripts
across all cell and tissue types, representing 73% and 63% of the genome respectively. Further
quantification of RNA transcript biotypes revealed protein coding and lncRNAs specific to an
individual cell/tissue type. Each cell/tissue type also has an average of around 1.4 isoforms per
gene, however, they all have at least one gene with at least 11 isoforms. Differential expression
analysis revealed a large number of differentially expressed genes between tissues of the same
category (immune and intestinal). Many of these differentially expressed genes in immune cells
were involved in cellular processes relating to differentiation and cell metabolism as well as
basic functions of immune cells such as cell adhesion and signal transduction. The differential
expressed genes of the different segments of the chicken intestine (jejunum, ileum, proximal
cecum) correlated to the metabolic processes in nutrient digestion and absorption. These data
should provide a valuable resource in understanding the chicken genome.

1.2 Introduction

In the United States, over 9 billion broiler chickens, which is estimated to be about 19
billion kilograms of chicken products, are produced per year (NCC, 2019). Egg production
totaled to about 99.1 billion in 2019 in the US (UEP, 2019). Apart from the important role in
food production, the chicken has been used as an animal model to benefit key areas in functional
human research including immunology (Glick et al., 1956), vaccine development (Matthews,
2006), reproduction (Nap et al., 2003; Nap et al., 2004; Bédécarrats et al., 2016), and nutrition
(Klasing, 1984; Shang et al., 2018). The process to improve the annotation of the chicken is
on-going since it was first sequenced in 2004. As sequencing and data science technologies
rapidly evolve, new tools allow for a more accurate representation of the chicken genome. The
Functional Annotation of Animal Genomes (FAANG) project was launched to comprehensively
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characterize the genome of farm animals to address the sustainable agriculture of farmed animals
(Giuffra et al., 2019). The current study under the FAANG project focuses on the accurate
annotation of the coding and long non-coding (LNC) RNA transcripts of various cells and
tissues.

The chicken karyotype consists of 38 autosomes and two sex chromosomes (Z and W).
The first drafted chicken genome was sequenced using whole-genome shotgun sequencing of a
female Red Jungle Fowl, which is the closest wild variant of the domestic chicken and was 1.05
Gb in length (International Chicken Genome Sequencing Consortium, 2004) (Schmid et al.,
2000). The current version of the chicken genome (Gallus_gallus-6.0; GCCA_000002315.5) was
sequenced using the combined long single-molecule sequencing technology, and improved BAC
and physical maps (Warren et al., 2017). This resulted in the increase of genome size to 1.21 Gb,
accounting for micro-chromosomes that were not accounted for or incorrectly assembled in the
previous version (Cheng and Burt, 2018). The coding and non-coding regions, as well as the
regulatory elements, of the chicken genome is the current focus in annotation studies. Annotation
of chicken genes is performed computationally from reference genomes of species that are better
annotated. This method is successful in identifying conserved genes across species. However, it
is challenging for non-conserved genes because of the relative physiology of the chicken
compared to other species, in addition to different genome size, and differences in intron/exon
organization between species (Shepard et al., 2009). Our annotation of the chicken genome has
16,779 protein coding genes (28,345 transcripts) and 7,577 lncRNA and other RNA biotypes
(10,943 transcripts). Of the 39,288 unique transcripts, 72.1% are protein coding, 22.6% are
lncRNAs, 2.9% are miRNAs and 2.4% are other RNA biotypes.

The transcriptome comprises coding RNA (mRNA) and non-coding RNA (ncRNA).
While the central dogma has established that coding RNAs are translated into proteins, there
continues to be a growing interest in the function of ncRNAs, some of which are not transcribed
by RNA polymerase II (Mattick and Makunin, 2006). Recently, it was discovered that ncRNA
plays a regulatory role in many biological processes (Zhang et al., 2009). Long non-coding
RNAs (lncRNAs), which are non-protein-coding RNAs more than 200 nucleotides in length,
play a role in post-transcriptional epigenetic regulation (Quinn and Chang, 2016). In chickens,
lncRNA regulates a host of biological functions, including intramuscular adipogenesis (Zhang et
al., 2017b;a), sperm motility (Liu et al., 2017), cholesterol synthesis (Muret et al., 2017), and
embryonic development (Roeszler et al., 2012). In Avian leukovirus-J (ALV-J) infection,
lncRNA regulates macrophages (Dai et al., 2019). and has also been implicated in a subtype of
lncRNA, named long intergenic non-coding RNA, in Marek’s disease (Han et al., 2017).
Therefore, a comprehensive annotation of lncRNA expression in the chicken will reveal
regulatory processes relevant to health and disease in an agriculturally important species.

In this study, we aimed to contribute to the catalog of transcriptomic differences of
relevant chicken cells and tissues. We focused on multiple immune, intestinal, and
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reproduction-related tissues and cells. Specifically, tissue-specific immune cells (lung
macrophage, spleen T cells, peripheral monocytes and B-cells), immune organs (bursa and
thymus), intestinal sections (jejunum, ileum, and proximal cecum), and ovary of the female
reproductive tract were analyzed. The primary immune organs, the bursa and thymus, are the
origin of B cells and T cells in chickens, respectively (Cooper et al., 1966). The proximal cecum
is located in the intestine at the ileocecal junction between the ileum and colon, is also the
secondary immune organ in chickens due to the presence of mucosal-associated lymphoid tissues
(MALT), such as the cecal tonsils. The findings described here will be useful towards a complete
annotation of chicken tissue and cellular transcriptomes.

1.3 Results

1.3.1 Sample Clustering and PCA

Ten cell and tissue types were profiled with RNA-sequencing with the goal of
determining coding and primarily lncRNA expression, as well as isoform usage. All samples
were compared to one another using Euclidean distance (Fig 1A) and principal component
analysis (PCA) (Fig 1B) using the R package pcaExplorer (Marini, 2016). Replicates of the same
tissue had the smallest Euclidean distance between one another (Fig 1A) and the highest Pearson
correlation scores (Sup Figure 1). The 500 most variable genes (Fig 1B) were used for PCA.
Samples appear to form 3 distinct clusters based on functional category: immune system (B
cells, bursa, macrophage (lung), monocytes (blood), T cells (spleen), thymus), reproductive
tissue (ovary), and intestinal tissue (jejunum, ileum, proximal cecum). To identify genes highly
specific to tissue or cell types, Shannon’s entropy was calculated for each gene across all cell
types, obtaining a specificity score for each gene. The expression of the 2000 most specific genes
were visualized in a heatmap (Fig 1C), revealing that macrophage cells have the most specific
gene expression, while ileum tissue and monocytes have the least. When the next 2000 most
specific genes are visualized (Sup Fig 2A) we begin to see less tissue specific expression and see
genes that are expressed in a small subset of cell types, compared to the 1000 least specific genes
(Sup Fig 2B), which show more uniform gene expression across all tissue and cell types. A
UCSC browser shot of gene expression across all cell and tissue types shows uniformity of
expression among some genes and variable expression among others (Fig 1D).

1.3.2 Transcriptome Coverage and Biotype Detection

Among all samples, 73.4% (17,872) of all known chicken genes and 63.2% (24,812) of
all known transcripts from Ensembl annotations were detected (genome build GRCg6a) (Fig
2A). Tissue and cell type specific gene, transcript, and lncRNA counts are provided in Table 1.

17



Between 9,839 (monocyte) – 14,418 (thymus) genes and 11,522 (monocyte) – 17,794 (proximal
cecum) transcripts were detected in each sample (Fig 2B). Out of the fifteen transcript biotypes
(protein_coding, lncRNA, miRNA, pseudogene, misc_RNA, snoRNA, snRNA, scaRNA, rRNA,
processed_pseudogene, IG_V_gene, Mt_rRNA, Mt_tRNA, ribozyme, sRNA) in the Gallus
gallus reference annotation, fourteen were found in the each of the sample types. The largest
number of transcripts detected were from protein coding RNA and lncRNA (Fig 2C). 28,345
(90.0%) protein coding and 3,939 (44.4%) lncRNA transcripts were detected among all samples.
Even though our library preparation method did not enrich for small RNAs, a low level of these
transcripts were detected (Fig 2D). Additionally, protein coding and lncRNA expression unique
to each cell or tissue type was detected (Fig 2E; Sup Table 1). All cell and tissue types had a
greater number of unique protein coding genes, except for the ovary tissue, which had a higher
number of unique lncRNAs. Lung macrophage expressed the most unique protein coding genes
(653), whereas jejunum tissue (28) and monocytes (19) expressed the fewest.

1.3.3 Isoform Characterization

Alternative splicing is a primary mechanism for diversifying protein expression. After
constructing transcript isoforms from short-read sequencing, Shannon’s entropy calculations
revealed unique isoforms to each cell and tissue type were found among a set of 500 isoforms
(Fig 3A, Sup Table 2). The highest number of unique isoforms were found in T cells. The lowest
in monocytes, B cells, and ileum tissue. When expanded to view expressions of the top 1,000
isoforms with the highest specificity, isoforms are less specific to a single cell or tissue type (Sup
Fig S2C). In contrast, when the 1,000 isoforms with the least entropy are observed, we see
uniform expression among most cell and tissue types (Sup Fig S2D). Each cell and sample type
has an average of 1.39 (monocyte) - 1.56 (ovary) isoforms per gene (Fig 3B). Histograms allow
us to further visualize the distribution of isoform counts per gene in each tissue (Fig 3C, Sup
Figure 3A). Most genes express only a single isoform of around 10,000 for each cell and tissue
type. Around 2500 genes per cell type express two isoforms. A small subset of genes expressed
more than 5 isoforms of a gene (Fig 3C and Sup Fig 3A insets). There were 590 genes with 5 or
more isoforms expressed among all cell and tissue types. The gene with the most isoforms is
ENSGALG00000032534 (no gene symbol), which has 24 isoforms in ovary tissue. They fall into
GO biological process categories related to cell morphogenesis and structure (Sup Fig 3B). A
UCSC browser shot of the gene PDGFRB (ENSGAL00000030613) visualizes differences in
isoform expression of a single gene among different tissue and cell types (Fig 3D). Bursa, ileum,
jejunum, ovary, proximal cecum, and thymus tissue express nearly all exons, whereas B cells,
macrophage, monocytes, and T cells express a subset of exons.
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1.3.4 Co-Expression on Forward and Reverse Strands

A subset of expression will occur within the same genomic coordinate range on strands
opposite to one another. Co-expression of this kind can serve as a feedback mechanism to
regulate expression of one another, particularly between lncRNAs and protein coding genes. An
example of this is expression of the protein coding gene FRMPD4 (ENSGALT00000049598)
occurring on the strand opposite to lncRNA gene ENSGALT00000098634 (Fig 4A). The number
of co-expressed pairs ranged from 371 (monocyte) to 621 (thymus) (Fig 4B, Sup Table 3). The
majority of pairs were both protein coding genes for all cell and tissue types (range: 307-454)
(Fig 4C). The next most common pairing were protein coding-lncRNA co-expresssion (range:
10-51). A small number of instances were lncRNA-lncRNA co-expression (range: 0-6). Also
present were interactions between other biotypes (miRNA, pseudogene, misc_RNA, snoRNA,
snRNA, scaRNA, rRNA, processed_pseudogene, IG_V_gene, Mt_rRNA, Mt_tRNA, ribozyme,
sRNA) (range: 11-19).

1.3.5 DEG Analysis on Immune and Intestinal Samples

In addition to determining genes and isoforms highly enriched for cell- or tissue-specific
expression, we identified genes differentially expressed between related cells or tissues.
Differentially expressed genes (DEGs) were computed for six cell/tissue type comparisons using
Deseq2. Three of these comparisons were among immune cell samples. There were 4911, 5907,
and 3951 DEGs for the comparisons B cells vs monocytes, B cells vs bursa tissue, and bursa
tissue vs thymus tissue respectively (Fig 5A, Sup Table 4). A weighted set cover analysis in
WebGestalt (Liao et al., 2019) was performed to reduce redundancy and find the most
representative GO biological process categories among sample comparisons (Fig 5B). The GO
category “response to stress” was the only category shared among all three comparisons. When
we compare the DEGs across all three comparisons, we find that there is a subset of genes that
are shared across multiple sample comparisons, however, there is a sizable number of genes
unique to each tissue comparison (Fig 5C, Sup Table 4). This was also reflected in similarities
between enriched GO categories, which shared 33 categories between all three comparisons.
Additionally, we see unique sets of genes among the top 10 DEGs for each comparison (Fig 5D).

DEG comparisons were also performed for three comparisons among intestinal samples.
There were 3903, 2306, and 4270 DEGs for the comparisons of jejunum tissue vs ileum tissue,
jejunum tissue vs proximal cecum tissue, and ileum tissue vs proximal tissue respectively (Fig
6A, Sup Table 5). A weighted set cover analysis was again performed (Fig 6B). There were no
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overlaps of enriched GO categories in the weighted set cover or among the sets of all GO terms
enriched for each cell type, despite seeing 332 differentially expressed genes shared between all
tissue comparisons (Figure 6B, 6C, Sup Table 5). Among the sets of the top 10 differentially
expressed genes for each tissue comparison, we observe the genes APOA4 and LCT are present
for tissue comparisons of jejunum vs ileum and jejunum vs proximal cecum (Fig 6D).
Additionally, the tissue comparisons jejunum vs ileum and ileum vs proximal cecum share the
five differentially expressed genes MT-ND2, ND1, ND4, ND6, and SNORA73.

1.4 Discussion

Side by side comparisons of transcriptomes were made for some of the immune cells and
tissues, as well as intestinal tissues, in order to gain additional biological insight. B cells were
compared to monocytes from peripheral blood, B cells with bursa, bursa with thymus. The 10
most significantly (p-value) differentially expressed genes were highlighted in results (Fig
5).Among the top ten most significantly different in the monocytes compared to B cells, were
CSF1R, GSTA3, LY86, S100A6, TGFBO, and VCAN. Colony-stimulating factor-1 receptor
(CSF1R) is a major stimulator of macrophage maturation from monocytes (Peng et al., 2020;Wu
et al., 2020). Glutathione S-transferase α3 (GSTA3), for glutathione metabolism, is expressed in
the macrophages against reactive oxygen species (ROSs) (McNeill et al., 2015). After
phagocytosis of antigen or dead cells, macrophages release ROSs to destroy the ingested
molecules through respiratory burst. Therefore, it is logical that monocytes have higher
expression of GSTA3 to control over-production of ROSs. Lymphocyte antigen 86 (LY86), also
known as Myeloid Differentiating Protein-1 (MD1), activates toll-like receptors in innate
immune cells (Candel et al., 2015). S100A6 (calcyclin) has been implicated in cell differentiation
and apoptosis (Donato et al., 2017). Transforming growth factor-β1 (TGFβ1) is produced by
monocytes to regulate chemotaxis (McCartney-Francis et al., 1990;Sato et al., 2000). Versican
(VCAN) is a chondroitin sulfate proteoglycan involved in cell proliferation (Zhang et al., 1998)
and is produced by leukocytes to regulate inflammation (Wight et al., 2014). Due to the constant
flux in monocyte development in the peripheral blood, it explains the higher expressions of Ly86,
S100A6, TGFβ1, and VCAN in the bursa.

DENND5B, HVCN1, and IKZF3, and POU2AF1 expression was significantly
upregulated in the B cells compared to monocytes. The role of DENN Domain Containing 5B
(DENND5B) on B cells is unclear. B cell antigen receptor (BCR) signaling requires the
internalization of BCR with Hydrogen Voltage-Gated Channel 1 (HVCN1) to regulate ROS
production (Capasso et al., 2010). The Ikaros Family of Zinc-finger Protein-3 (IKZF3) is
involved in early B cell development and its expression in increased progressively throughout B
cell development (Ferreirós-Vidal et al., 2013). The POU Class 2 Homeobox Associating Factor
1 (POU2AF1) promotes B cell development and maturation (Zhao et al., 2008).
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APOA1, PTPRF, and RARRES1 had higher expression in the B cells compared to Bursa
in this study. The bursa of Fabricius is an unique organ near the cloaca of the birds for B cell
development and production (Glick et al., 1956). APOA1, short for Apolipoprotein A-1, is a
major component in high-density lipoprotein (HDL) for lipid transport in the plasma.
Interestingly, APOA1 was one of the most abundant proteins identified in the bursa in early
embryonic development (Korte et al., 2013). However, the bursas sampled for this study were
more mature, which might explain that the gene expression was lower. It is not clear what the
role of APOA1 in B cells might be. PTPRF, short for Protein Tyrosine Phosphatase Receptor
Type F, regulates Wnt signaling, which mediates B cell differentiation (Qiang et al., 2003; Gan et
al., 2020). RARRES1, short for Retinoic Acid Receptor Responder 1, also known as
Tazarotene-induced gene 1 protein/RAR-responsive protein TIG1, facilitates retinoic acid
synthesis from β-carotene (precursor of vitamin A) (Chung and Lo, 2007; Mihály et al., 2011).
Vitamin A and retinoic acid are essential for B cell development and antibody production (Ross
et al., 2011), as well as monocyte differentiation into macrophages (Gundra et al., 2017).

BHLHE41, short for Basic Helix-Loop-Helix Family Member E41, is a regulator of B
cell development, which is consistent with our data showing that BHLHE41 is more expressed in
bursa than more mature peripheral B cells (Kreslavsky et al., 2017). The Cytohesin 1 interacting
protein (CYTIP) regulates lymphocyte cell adhesion (Boehm et al., 2003), an important function
of B cells. cFos is involved in immune receptor interaction (Bush and Bishop, 2008) The
transcription factor, NR4A2, limits B cell activation when the secondary T cell signaling is absent
(Tan et al., 2020).

We identified several non-coding RNAs with higher expression in the bursa than B cells,
particularly Metazoa_SRP, SCARNA13, and U3. Metazoa_SRP encodes for a signal recognition
particle RNA that is predominantly studied in archaea, bacteria, fungi, and protozoa species
(Rosenblad et al., 2004;Dumesic et al., 2015). Little is known about the Metazoa_SRP gene in
animals but it is thought to be involved in the translocation of RNA between the endoplasmic
reticulo-membrane and cytosol (Shan and Walter, 2005) and post-translational transport of
proteins to the ER (Abell et al., 2004). SCARNA-13, short for small Cajal body-specific RNAs,
are regulatory RNA that regulates gene expressions in the Cajal bodies by controlling small
nucleolar RNA such as the U3 (Richard et al., 2003;Allantaz et al., 2012).

In the comparison of the bursa and thymus DEGs, all of the DEGs had higher expression
in the thymus. Particularly, CD247 (Lundholm et al., 2010), CD28 (Lenschow et al., 1996),
CD3E (Call et al., 2002), CD4 (Zhu et al., 2009), DNTT (Su et al., 2004; Su et al., 2005), LCK
(Van Laethem et al., 2013), LEF1 (Xing et al., 2019), RAG1 (Xing et al., 2019), TRAT1
(Mijušković et al., 2015) are all essential genes for T cell and thymic development, while the
BCL11B transcription factor is involved in both B and T cell development (Avram and Califano,
2014).

21



In summary, many of these genes were mostly involved in cellular processes relating to
differentiation and cell metabolism as well as basic functions of immune cells such as cell
adhesion and signal transduction. This was to be expected, as there was no explicit
immunological stimulus involved, the transcriptome rather represents the baseline activity at the
time sampled. Nevertheless, it was notable that all top ten DEGs in the comparison between
bursa and thymus for example were all upregulated in the thymus and related to T cell
differentiation and maturation. Genes differentially regulated in B cell vs Bursa are mostly
involved in B cell development and differentiation. Genes differentially regulated in B cells and
monocytes are involved in specific functions of the cell types.

While the chicken ileum was previously profiled (Kuo et al., 2017),the jejunum and
cecum were not studied previously. We included the top ten genes of the differential expression
analyses between tissue types based on levels of significance. Hierarchical clustering showed
clear discrimination between the different parts of the intestine (Fig 6A). Of the 3,903 DEGs of
the jejunal and ileal cells, the number of genes involved in steroid metabolism are the most
different between jejunal and ileal tissues. Lipid metabolism of fat in the diet requires steroid
biosynthesis of molecules such as bile acid from the pancreas into the small intestine {Dawson,
2015 #71}(Dawson and Karpen, 2015). The bile acid emulsifies lipid molecules, which travels
through the small intestine and allow fatty acids to be absorbed. Consistent with the observation
in rats, absorption of steroidal hormones decreases throughout the small intestine {Nakayama,
1999 #72}(Nakayama et al., 1999). Unsurprisingly, bile acid absorption can be twice as high in
the jejunum than in the ileum (Krag and Phillips, 1974; Aldini et al., 1996). This further confirms
the higher lipid metabolism of the jejunum than the ileum in chickens (Tancharoenrat et al.,
2014). Of the 2,306 DEGs of the jejunum and cecum, the number of genes involved in
oxidation-reduction process, lipid metabolic process, and cell adhesion were the most different.
The primary role of the jejunum is the digestion and absorption of nutrients. In contrast, the ceca
are blind-sacs in the chicken intestine that play multiple roles in nutrients absorption including
bacterial fermentation of small molecules and biosynthesis of short-chain fatty acids (propionic
and butyric acids) (Clench, 1999). The proximal cecum contains the cecal tonsils, which are the
largest gut-associated lymphoid tissues (GALT) in chickens that demonstrate protective immune
responses in the intestinal tract (Heidari et al., 2015). Therefore, it is logical that the DEGs of
these metabolic functions are more pronounced in the jejunum than in the cecum. Of the 4270
DEGs between the ileum and cecum, the DEGs corresponding to cellular respiration were the
most different. This could be expected as bacteria fermentation produces high levels of
short-chain fatty acids in the cecum, which can be used as energy by the intestinal cells
(Murugesan et al., 2014). Due to the relative size and metabolic demands of the ileum compared
to the cecum, much energy is needed from aerobic respiration and mitochondrial electron
transport to produce adequate energy in the ileum.
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Interestingly, in the comparisons of the jejunum to the ileum and to the proximal cecum
revealed differential expression of LCT, the gene encoded for lactase production, which is lower
in the jejunum compared to that in the ileum and proximal cecum (Fig 6D). Since chickens are
not mammals, the expression of the lactase gene is perplexing. The expression of the lactase
gene in chickens has been debated in the past (Hamilton and Mitchell, 1924). Several hypotheses
had been proposed about the presence of the lactase gene in chickens. The presence of the lactase
gene could be due to 1) bacterial fermentation of lactase in the intestine, 2) evolutionary artifacts,
or 3) improper annotation of the gene in chickens that could have the same sequence but
functionally different in the chicken compared to mammals. An early study using based on the
disappearance of lactase in vitro showed that lactase was assimilated in the crop but not in the
proventriculus or the intestine (Plimmer and Rosedale, 1922). However, the assumption of the
disappearance of lactase as evident of lactose digestion is flawed because it does not account for
the microbial degradation of lactose. Later, molecular cloning confirmed lactase expression in
the chicken intestinal tract as well as in mussel (Freund et al., 1997). Based on our sequencing
results, we cannot conclude whether this is due to evolutionary artifacts, evolutionary converged
traits with separate lineages, or genes with the same sequence but with completely different
functions, or otherwise.

Among the other DEGs from the intestinal tract, the majority of the genes had higher
expression in the cranial than the caudal part of the intestine (i.e., the ileum had higher
expression than jejunum, etc.), except SNORA73, U3, and SCARNA13. Similar to the analysis of
the immune organs, APOA4 was among the top DEGs in the comparisons between jejunum and
ileum as well as jejunum and proximal cecum. In the intestine, APOA4 is responsible for lipid
metabolism (Tso et al., 2004;Wang et al., 2020) and lipid-soluble vitamin metabolism such as
retinoic acid (vitamin A) (Hebiguchi et al., 2015). Coincidentally, both APOA4 and retinoic
acid-binding protein-2 (RBP2) had higher expressions in the ileum compared to the jejunum.
Mitochondrial NADH dehydrogenase (MT-ND2), NADH dehydrogenase-1 (ND1), NADH
dehydrogenase-4 (ND4), NADH dehydrogenase-5 (ND5), and NADH dehydrogenase-6 (ND6)
relate to the electron transport chain that generates cellular energy in the form of ATP through
oxidative respiration (Weiss et al., 1991). These energy metabolic genes had higher expression in
the ileum compared to the jejunum and in the proximal cecum compared to the ileum, suggesting
higher energy production through aerobic respiration in these tissues. The Transmembrane Serine
Protease 15 (TMPRSS15) is an enteropeptidase secreted from the pancreas that catabolizes
trypsinogen to trypsin and chymotrypsinogen to procarboxypeptidase for protein digestion in the
intestine (Zheng et al., 2009). Expression of TMPRSS15 was higher in the ileum than the
jejunum, suggesting the increasing rate of protein digestion throughout the small intestine.

Most of the top DEGs in proximal cecum comparisons had higher expression in the
proximal cecum. Several of these genes are involved in lipid metabolism, including APOA4 and
APOB (major components of lipoproteins) (Schianca et al., 2011), Beta-carotene Oxygenase-1
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(BCO1) (lipid-soluble vitamin A metabolism), CUBN (lipoprotein endocytosis) (Christensen and
Birn, 2002), and SLC26A9 (bile metabolism) (Li et al., 2016). Adenosine deaminase (ADA) is
involved in purine metabolism for nucleotide synthesis (Ikehara and Fukui, 1974). Bacteria in
the intestine are essential for vitamin absorption for the host (LeBlanc et al., 2013). Therefore, it
is consistent that TM4SF4, which is involved in thiamine (vitamin B1) metabolism, had higher
expression in the proximal cecum. The DEAD/DEAD-Box Helicase-60 is involved in innate
immunity (Perčulija and Ouyang, 2019). The mucosal-associated lymphoid tissue (MALT) in the
proximal cecum is the secondary lymphoid organ of the chicken, which could explain the higher
expression of the DEAD/DEAD-Box Helicase-60 (DDX60) in the cecum.

In summary, we were able to correlate most of the differential expressed genes in the
intestine to mostly metabolic processes related to nutrient digestion and absorption. Several
genes in the distal part of the intestine were particularly implicated in vitamin metabolism. This
was not surprising because vitamin metabolism requires the microbiota which are more abundant
in the distal intestines. Genes involved in energy metabolism are also abundant in the cecum,
which suggests that microbial contribution of energy production in the intestine is especially
important.

In the current study, whole transcriptome RNA-seq of immune, intestinal, and
reproductive cells and tissues were sequenced. The current Ensembl chicken annotation
(GRCg6a, genome-build-accession NCBI:GCA_000002315.5), contains 16,779 protein coding
genes, 7,577 non-coding genes, and 39,288 gene transcripts. Of the non-coding genes, 5,504
were long non-coding genes. From 10 diverse cell and tissue types, we recovered 73% of
annotated genes and 63% of known transcripts. Of annotated genes, 90% of coding genes are
expressed in the 10 cell and tissue types studied here, while only 44% of annotated lncRNAs are
expressed. The potential regulatory role of lncRNAs may explain the limited expression, and
suggest a more cell- or tissue-specific role. We found that biosamples often expressed hundreds
of cell- or tissue-specific coding genes and lncRNAs. While many genes are commonly
expressed in multiple samples, we also determined that over 500 isoforms of genes are uniquely
expressed. Surprisingly, each cell and tissue type only expressed an average of 1-2 gene
isoforms; however, each biosample type had at least one gene with 11 or more isoforms
expressed in the cell or tissue type. Analysis of differentially expressed genes revealed biological
processes that are consistent with a function in the cells or tissues of interest. Continued
investigation of these genes should further our understanding of disease susceptibility/resistance,
feed conversion and egg production. Collectively, these data provide a deeper understanding of
the chicken transcriptome in a cell- and tissue-specific manner. Additional samples from the
FAANG and greater community will continue to advance efforts towards a comprehensive
catalogue of the chicken transcriptome.
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1.5 Materials and Methods

Experimental Animals

The animal procedure was approved and conducted according to guidelines established
by the Western University of Health Sciences, Pomona, California (WesternU) Institutional
Animal Care and Use Committee. The F1 crosses of Line 6 and Line 7 from the Avian Disease
and Oncology Laboratory (ADOL) were used in this study (Stone, 1975; Briles et al., 1977;
Bacon et al., 2000). The two lines have identical major histocompatibility complex (MHC) B*2
haplotype, but present different disease susceptibility to Marek’s Disease Virus (Line 63:
MDV-resistant and Line 72: MDV-susceptible) (Liu et al., 2001). The F1 crosses of these lines
have been used in other annotation studies by the FAANG consortium; therefore, it is used in this
study to allow for better comparison of the data. The chickens were held in open cages in the
vivarium of the University Research Center at Western University. In addition to daily health
monitoring, fresh food and water were provided ad libitum. Room temperature was adjusted to
and maintained at 32°C until 3 weeks of age. To minimize the risk of pecking disorders, chicks
were kept under restricted lighting conditions throughout the study. Peripheral blood was
collected from jugular or wing web veins. Experimental animals were euthanized by insufflation
of isoflurane.

Sample Collection

All assays were performed in at least duplicates. Immune tissue (thymus and bursa),
intestinal tissues (jejunum, ileum, and proximal cecum), and reproductive tissue (ovary) were
collected and flash-frozen in liquid nitrogen for later use. Tissue immune cells (lung
macrophage, and spleen CD3+ T cells) were collected from the organs homogenized and filtered
through 70 µm nylon cell strainers.

Tissue macrophages and T cells were extracted using magnetic beads (Dynabeads
FlowComp Flexi, Invitrogen, Carlsbad, CA) coated with
biotinylated-mouse-anti-chicken-monocyte/macrophage-monoclonal antibodies (Clone KUL-1,
Cat. No. 8420-08, SouthernBiotech) and biotinylated-mouse-anti-chicken-CD3-monoclonal
antibodies (Clone AV-20, Cat. No. 8200-08, SouthernBiotech, Birmingham, AL), respectively.

Peripheral blood B cells were collected from the blood (Collisson et al., 2017). Briefly,
the blood was diluted in an equal volume of PBS and layered slowly over Ficoll-Histopaque
(1.083 g/mL) (Sigma-Aldrich, St. Louis, MO), and then centrifuged for 35 minutes (400 x g at
23°C with brake off). The interface containing the peripheral blood mononuclear cells (PBMCs)
and B cells were collected. Peripheral blood B cells were extracted using magnetic beads
(Dynabeads Pan Mouse IgG, Invitrogen, Waltham, MA) coated with
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unlabeled-mouse-anti-chicken-Bu-1a/b-monoclonal antibodies (Clone AV-20, Cat. No.
MCA5764, BioRad, Hercules, CA).

Peripheral blood monocytes were collected as described previously (Dawes et al., 2014).
Briefly, after density gradient separation using Ficoll-Histopaque as described above, the PBMCs
were washed twice in PBS, counted, and then plated in cell culture plate containing RPMI with
10% heat-inactivated fetal bovine serum; nonessential amino acids (0.1 mM/mL; Invitrogen),
L-glutamine (2 mM; Sigma-Aldrich), penicillin (50 U/mL; Invitrogen), and Streptomycin (50
µg/mL; Invitrogen). The cells were incubated (37°C, 5% CO2) for 3 hours. Non-adherent cells
were removed with warm PBS. Adherent peripheral blood monocytes were collected by adding
Trizol directly to cells for RNA extraction immediately.

RNA Extraction and Library Construction

Total RNA from tissues and immune cells was collected using a modified
Trizol/Chloroform method. Briefly, a second chloroform phase extraction and a second ethanol
wash were included in the modified method. The total RNA from tissues was purified, and
DNase treated using the Direct-zol RNA Miniprep Plus (Zymo Research, Irvine, CA). The total
RNA from immune cells (lung macrophage, spleen T cells, peripheral blood B cells, and
peripheral blood monocytes) were not purified using the Direct-zol RNA miniprep Plus due to
the lower concentration of the immune cell RNA compare to the tissue RNA. The total RNA
from immune cells was DNase treated after extraction. Quality control of the total RNA was
performed fluorometrically using the Qubit RNA HS Assay Kit and Qubit 3 (ThermoFisher
Scientific, Waltham, MA) and RNA 6000 Nano Kit and Bioanalyzer 2100 (Agilent, Santa Clara,
CA). Total RNA with RNA integrity number (RIN) above 8.0 were used in the library generation
process using the Zymo-Seq RiboFree Total RNA Library Kit (Zymo Research). ERCC RNA
Spike-In Controls (Invitrogen) were used to create a standard baseline measurement of RNA.
Ribosomal-RNA (rRNA), globin, and overrepresented transcripts were removed, and sequencing
adaptor ligation of the cDNA was removed by size selection and PCR enrichment. Libraries
were barcoded with P5 and P7 index sequences according to the manufacturer’s protocol.

RNA-Sequencing

Libraries were pooled and sequenced on HiseqX-PE150 by Novogene Bioinformatics
Technology Co (Beijing, China). Libraries were sequenced to an average depth of 43.7 million
paired reads per library.

Bioinformatics Analyses of RNA-sequencing Data
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Raw reads were trimmed with TrimGalore (v0.4.1){Martin, 2011 #96}(Martin, 2011).
Trimmed reads were mapped and quantified using STAR (v2.6.1c) and RSEM (v1.3.1) using the
function rsem-calculate-expression and the reference file GRCg6a, genome-build-accession
NCBI:GCA_000002315.5 (Li and Dewey, 2011). Transcriptomes were assembled using
StringTie (v2.1.4) and gffCompare (v0.11.6) (Pertea and Pertea, 2020). Counts of genes and
transcripts from Figs 2, 3B-C were obtained from the output of gffCompare.

Euclidean distance, pairwise correlations, and PCA plots were generated by pcaExplorer
(Marini and Binder, 2019). PCA was performed using the top 500 most variable genes, used the
gene counts from the RSEM quantification, and the gene counts were first normalized with
DESeq2 (v1.30.0) (Love et al., 2014). Heatmaps were generated with Morpheus
(https://software.broadinstitute.org/morpheus) (Gould, 2016). Shannon’s entropy calculations
were performed with the BioQC function entropyDiversity (Zhang et al., 2017a). Count matrices
inputted to BioQC were normalized with DESeq2 and only genes and isoforms with an average
TPM greater than 0.5 across replicates from the RSEM quantified counts were included. Isoform
entropy had an additional filter, requiring that the isoform’s gene be expressed in at least two cell
types. Browser shots were generated using the UCSC genome browser (Kent et al., 2002).
BigWig files for the UCSC genome browser were generated from the mapped bam files using
deepTools bamCoverage (v3.5.0) (Ramírez et al., 2014).

Differential gene expression was calculated using DESeq2 (v1.30.0) (Love et al., 2014b).
Genes with an adjusted p-value less than 0.05 were considered differentially expressed. GO
biological processes were calculated using WebGestalt (Liao et al., 2019) with an FDR threshold
of 0.05 for determining GO category overrepresentation. The exception for this is the GO
analysis in Sup Fig 3B, which lists the top 10 enriched GO terms. WebGestalt was run with the
basic parameters “Gallus gallus”, “Over-Representation Analysis (ORA)”, “geneontology and
“Biological Process”. “genome” was selected as the reference set. Figs 5C, 6C, and 3B directly
use these GO terms. Figs 5B and 6B display the weighted set cover, which reduces redundancy
of the categories displayed. Full GO categories corresponding to the weighted set covers are
provided in Supplemental Tables 4 and 5. Venn diagrams were generated with Intervene (Khan
and Mathelier, 2017).

1.6 Figures

Figure 1

27

https://software.broadinstitute.org/morpheus


Figure 1: Overview of Tissue RNA-Sequencing Results. (A) Sample to sample distance
heatmap quantifying the Euclidean distance between each sample. (B) Principal component
analysis using the top 500 most variable genes for all samples. (C) Expression of the 2000 genes
with the highest Shannon’s entropy values. Rows sorted using Euclidean distance. (D) UCSC
browser shot of RNA-seq data showing variable expression among samples.
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Figure 2

Figure 2: Gene and Transcript Characterization. (A) Percentage of annotated chicken genes
and transcripts detected across all samples. There are 24,356 genes and 39,288 transcripts in the
Gallus gallus GRCg6a Ensembl annotation. (B) Number of genes and transcripts detected per
cell type. Gene counts range between 9,839 [Monocyte (blood)] – 14,418 [Thymus]. Transcript
counts range between 11,522 [Monocyte (blood)] – 17,794 [Proximal Cecum]. (C) Breakdown
of transcript types detected per cell type, by percentage. (D) Counts of low abundance transcript
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biotypes with less than 3% representation (all transcript biotypes, except lncRNA and protein
coding RNA). (E) Number of protein coding RNAs and lncRNAs unique to each sample type.

Figure 3
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Figure 3: Isoform Characterization. (A) Average number of isoforms per gene for each cell
type. (B) Expression of the 500 isoforms with the highest Shannon’s entropy values. Rows sorted
using Euclidean distance. Isoforms have been filtered for genes that have a TPM of at least 0.5 in
at least two cell types. (C) Histogram of isoform counts per gene. The cutout plot in the
upper-right corner is a zoomed-in section for 5+ isoforms per gene. (D) Browser shot of the
single annotated isoform for the gene PDGFRB (ENSGAL00000030613) emphasizing splice
isoform differences between cell types.
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Figure 4

Figure 4: Forward-Reverse Strand Co-expression. (A) Example of co-expressed transcripts
on the forward and reverse strands. ENSGALT00000049598/FRMPD4 (reverse strand) and
ENSGALG00000098634 (forward strand) are overlapping in their genomic coordinates. (B)
Number of co-expression occurrences in each tissue type. (C) Co-expression counts of protein
coding RNAs and lncRNAs.
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Figure 5

Figure 5: Differentially Expressed Gene (DEG) Analysis on Immune Samples. (A) Heatmaps
of DEGs in three cell type comparisons: B Cells vs Monocytes (4911 DEGs), B Cells vs Bursa
Tissue (5907 DEGs), Bursa Tissue vs Thymus Tissue (3951 DEGs). Samples were clustered both
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by column and by row using Euclidean distance based on log transformed TPM value. (B)
Enriched GO Biological Process categories for each sample using weighted set cover filtering in
WebGestalt. “Overlap” quantifies the number of DEGs present in that GO set. (C) The numbers
of DEGs overlapping between sample comparisons. (D) Log2 fold-change of top 10 DEGs for
each sample comparison.

Figure 6
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Figure 6: Differentially Expressed Gene (DEG) Analysis on Intestinal Samples. (A)
Heatmaps of DEGs in three cell type comparisons: Jejunum vs Ileum (3903 DEGs), Jejunum vs
Proximal Cecum (2306 DEGs), Ileum vs Proximal Cecum (4270 DEGs). Samples were clustered
both by column and by row using Euclidean distance based on log transformed TPM value. (B)
Enriched GO Biological Process categories for each sample using weighted set cover filtering in
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WebGestalt. “Overlap” quantifies the number of DEGs present in that GO set. (C) The numbers
of DEGs overlapping between sample comparisons. (D) Log2 fold-change of top 10 DEGs for
each sample comparison.

1.7 Supplemental Figures

Supplemental Figure 1

Supplemental Figure 1: Pairwise Correlations. Pearson correlation plot for each pairwise
comparison generated with pcaExplorer. Plots use a subset of 1000 genes and uses log2
normalized gene counts for plot axes and values, respectively.
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Supplemental Figure 2
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Supplemental Figure 2: Gene and Isoform Expression Specificity. (A) Top 2000-4000 most
specific genes. (B) The 1000 least specific genes. (C) The top 1000 most specific isoforms. (D)
1000 least specific isoforms. Rows sorted by Euclidean distance. (C-D) Isoforms have been
filtered for genes that have a TPM of at least 0.5 in at least two cell types. Matrix entries that
have no expression of that isoform’s gene are colored black.

Supplemental Figure 3
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Supplemental Figure 3: Isoform Histograms. (A) Histogram of isoform counts per gene for
tissues not included in Fig 3B. The cutout plot in the upper-right corner is a zoomed-in section
for 5+ isoforms per gene. (B) GO Biological Process analysis for genes with five or more
isoforms.
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1.8 Tables

Table 1.
Number of transcripts, genes, and lncRNA by tissue.

Type Tissue # of Transcripts # of Genes # of
lncRNA

Immune

B cell 16,170 12,94 648
Bursa 113,825 11,442 608

Monocyte
(blood)

17,794 14,380 316

Macrophage
(lung)

11,522 9,839 868

T cell (spleen) 16,703 13,642 731
Thymus 17,639 14,240 757

Intestinal
Jejunum 15,172 12.820 398

Ileum 15,924 13,940 710
Proximal cecum 17,619 14,418 690

Reproductive Ovary 16,255 13,585 1,063
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Chapter 2: Combinatorial study of spaceflight factors - cephalad fluid-shift
and gamma radiation.

Chapter 2 is adapted with minimal modification from:

Mice Exposed to Combined Chronic Low-Dose Irradiation and Modeled Microgravity
Develop Long-Term Neurological Sequelae. Eliah G. Overbey, Amber M. Paul, et al. IJMS.
2019.

2.1 Abstract

Spaceflight poses many challenges for humans. Ground-based analogs typically focus on single
parameters of spaceflight and their associated acute effects. This study assesses the long-term
transcriptional effects following single and combination spaceflight analog conditions using the
mouse model: simulated microgravity via hindlimb unloading (HLU) and/or low-dose γ-ray
irradiation (LDR) for 21 days, followed by 4 months of readaptation. Changes in gene expression
and epigenetic modifications in brain samples during readaptation were analyzed by whole
transcriptome shotgun sequencing (RNA-seq) and reduced representation bisulfite sequencing
(RRBS). The results showed minimal gene expression and cytosine methylation alterations at 4
months readaptation within single treatment conditions of HLU or LDR. In contrast, following
combined HLU+LDR, gene expression and promoter methylation analyses showed multiple
altered pathways involved in neurogenesis and neuroplasticity, the regulation of neuropeptides,
and cellular signaling. In brief, neurological readaptation following combined chronic LDR and
HLU is a dynamic process that involves pathways that regulate neuronal function and structure
and may lead to late onset neurological sequelae.

2.2 Introduction

The central nervous system (CNS) is vulnerable to irradiation (Anna Kovalchuk and Kolb,
2017a) and fluid shifts (Lawley et al., 2017) experienced during short- and long-term spaceflight.
An important goal for the National Aeronautics and Space Administration (NASA) is to identify
the effects of spaceflight-like conditions on the CNS to better prepare astronauts during
long-duration missions to the Moon and Mars. During missions beyond low-earth orbit (LEO),
astronauts will be continuously exposed to low-dose ionizing radiation (LDR). While high linear
energy transfer (LET) galactic cosmic radiation (GCR) and low LET solar particle event (SPE)
radiation contribute large portions of the radiation dose accumulated by astronaut crew members
(Chancellor, Scott, and Sutton 2014), interactions between GCR and SPE particles and spacecraft
release secondary radiation including γ-rays that can deliver a significant fraction of the total
mission does (Seawright et al., 2017). In addition, altered gravity (hypergravity experienced at
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launch/landing and microgravity experienced in-flight) affects homeostatic fluid-shifting in the
CNS. Studies examining readaptation to Earth’s gravity are of equal importance, as recovery
from spaceflight exposure may require medical intervention, in particular within organs known
to be sensitive to irradiation and fluid shifts. Astronauts in spaceflight experience impairments in
neurocognition (as measured by altered decision making and problem solving) and
neurobehavior (as measured by impaired visual perceptions, motor controls and sleep–wake
cycles) (De la Torre 2014). The NASA Twins study offers some additional insight into
post-flight cognitive decline that persists up to 6 months post-flight (end of experimental
sampling) (Garrett-Bakelman et al., 2019). Longitudinal diffusion magnetic resonance imaging
(MRI) data collected from astronauts pre- and post-flight (shuttle missions <30 days and ISS
mission <200 days) revealed whole brain shifting within the skull and white matter disruptions,
suggesting spaceflight leads to long-term alterations of brain structure in humans (J. K. Lee et
al., 2019). Rodent models offer an appropriate alternative to assess the effects of spaceflight-like
conditions on brain tissue. Recently, the Rodent Research (RR)-1 mission flew mice to the
International Space Station (ISS) for 33 days and measured neurobehavioral outcomes through
video monitoring, which indicated 16-week old (at launch) females displayed unique group
hyperactivity behavior at 2 weeks post-launch, implying neurological disruptions occur in flight
(Ronca et al., 2019). Moreover, long-term readaptation to chronic LDR and hindlimb unloading
(HLU) (a ground-based analog of spaceflight) resulted in increased aquaporin-4 (AQP4) protein
expression, oxidative stress damage, apoptosis, blood–brain barrier (BBB) compromise and an
increase in neurobehavioral risk-taking behavior (Bellone et al., 2016; Xiao Wen Mao et al.,
2016, 2017). The effects of acute radiation doses on the CNS have been well documented (Smart
2017). However, responses to chronic LDR exposure, as encountered on space missions (<0.04
Gy/y), are not well investigated (Cucinotta and Cacao 2019), particularly in a pan-transcriptome
context. Moreover, long-term readaptive outcomes on neurohealth following spaceflight-like
conditions are less studied. Due to the need to better understand the transcriptional changes
associated with chronic LDR in combination with reduced gravity (unloading) on neurohealth,
mice were exposed to chronic LDR γ-ray irradiation (0.04 Gy), HLU, or a combination of
HLU+LDR for 21 days, followed by a 4-month readaptation period. Whole transcriptome
shotgun sequencing (RNA-seq) data were analyzed for differentially expressed genes (DEG),
while data from reduced representation bisulfite sequencing (RRBS) were analyzed to determine
differentially methylated promoters (DMP) (“GLDS-202: Low Dose (0.04 Gy) Irradiation (LDR)
and Hindlimb Unloading (HLU) Microgravity in Mice: Brain Transcriptomic and Epigenomic
Data” n.d.). Overall, we found minimal gene alterations at 4 months of readaptation within single
treatment conditions of HLU or LDR, namely, in pathways related to the reduced expression of
translational machinery, while the combination of HLU+LDR resulted in a wide panel of altered
DEG and DMP profiles for tight junctions, aquaporins, neurogenesis markers and neuropeptides.
Therefore, exposure to spaceflight-like conditions may lead to mild, long-term neurological
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consequences, while readaptation is an active process involving neuroplasticity and repair that is
cooperatively engaged post-HLU+LDR exposure to maintain neural homeostasis.

2.3 Results

2.3.1 Experimental Design and Mouse Body Weights Across Experimental and Readaptation

Timepoints

To assess the effects of prolonged spaceflight-like conditions on central nervous system
(CNS) health following exposure, 6-month-old female C57BL/6J mice were either irradiated
with low-dose γ-ray irradiation (0.04 Gy, LDR), hindlimb unloaded (HLU) or a combination of
the two (HLU+LDR) for 21 days, followed by a 4-month readaptation period (Figure 1A). While
the LDR γ-ray irradiation used does not recapitulate the entire space radiation spectrum, it
constitutes a significant fraction and poses a hazard to astronauts’ health (Chatterjee et al., 2019).
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Total body weights were monitored from the initiation of the experimental conditions (0
days), throughout the duration of exposure (up to 21 days), and during the readaptation period (4
months, 4M). Mice were weighted weekly at the same time as the 21-day exposure and monthly
for the 4-month readaptation phase. Baseline weight measurements were taken on day 0, prior to
the initiation of HLU and LDR exposure. While there was no difference with LDR alone
compared to control animals, a trend for decreased body weight in HLU and HLU+LDR
combination conditions versus controls was noted, while statistical significance was observed at
7 days post-experimental start in HLU only (Fig 1B). Furthermore, during the readaptation
period, decreased weights observed in HLU and in HLU+LDR animals recovered to control
values, indicating physiological readaptation following exposure to spaceflight-like conditions.

Modeled microgravity in combination with chronic low-dose irradiation results in increased
differential gene expression in brains at 4 months post-exposure. To determine the readaptation
effects on the CNS at 4 months post-exposure, whole brains were isolated and mid-sagittal
sectioned into two hemispheres. The right hemisphere was further sectioned mid-coronal and the
caudal cortex (including hind- and midbrain) regions were collected for RNA-seq analysis.
Collected brains were free of cerebellum and brainstem contamination. Principal component
analysis (PCA) of RNA-seq data revealed clustering of samples by experimental conditions (Fig
2A), while volcano plots showed limited DEG (p < 0.05, Log2 fold change > 0.263) in all but the
combination HLU+LDR (Fig 2B).

Brain readaptation following exposure to LDR alone displayed minimal (5) DEG with
large fold change inductions only in genes of unknown function (Fig 3A, Table 1). Brain
readaptation following exposure to HLU alone displayed 11 DEG with known functions
primarily associated with reduced protein synthesis and/or functions mediated by ribosomes (Fig
3B, Table 1). In contrast to single exposures, brain readaptation following exposure to a
combination of HLU+LDR displayed numerous (270) DEG associated with various cellular
functions including tight junctions, aquaporins, neurogenesis and neuropeptide production (Fig
3C, Table 1). These results showed minimal transcriptional changes in single treatment groups at
4 months post-exposure, while the combined exposure to HLU+LDR resulted in multiple DEG.

2.3.2 LDR, HLU and Combined HLU+LDR Exposures Displayed Minimal Gene and Promoter

Methylation Overlap at 4 Months Readaptation

Given that there were significant changes in gene expression in the combined exposure to
HLU+LDR mice at the 4-month time point, we next determined whether these changes in gene
expression reflected modifications to cytosine methylation using RRBS analysis. RRBS revealed
137, 71 and 170 differentially methylated promoters (DMPs) in the LDR, HLU, and HLU+LDR
animals, respectively (Table 1). To find overlap across assays and experimental conditions, gene
sets were created from DEG (upregulated/downregulated) and genes corresponding to DMPs
(hypermethylated/hypomethylated). Overlapping genes between these sets were determined
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(Table 2) and summarized in an UpSet diagram (Khan and Mathelier, 2017) (Fig 4). Overall,
there was little overlap between assays and experimental conditions (grey bars/dots/line). Most
overlap was observed between DMPs from different experimental conditions (red
bars/dots/lines). Overlap between DEGs from different experimental conditions was minimal
(blue bars/dots/lines). Overlap between DEGs and DMPs from the same experimental condition
or from different experimental conditions were also minimal (black bars/dots/lines). Collectively,
these results indicated most DEGs and DMPs are unique to their experimental condition with
minimal overlap between exposure groups.

3.3.3 Readaptation at 4 Months Following Exposure to Combined HLU+LDR Involves Gene

Expression Changes in Multiple Brain-Associated Pathways

To determine the associated mechanisms involved in readaptation and neuroplasticity
from simulated spaceflight combined HLU+LDR exposure, we used WebGestalt to detect
enriched gene ontology (GO) terms in sets of up- and downregulated genes in post-HLU+LDR
animals (Fig 5A, B). The downregulated set was enriched for GO terms associated with
neurogenesis, transmembrane transport, cell signaling, and neurosynaptic and brain architecture
deficits (Fig 5A). The upregulated DEG set was enriched for terms associated with cell
proliferation, neurogenesis, and hormonal regulation (Fig 5B). Mouse Reactome pathway
analyses of DEGs in the post-HLU+LDR animals indicated biological processes associated with
signal transduction, neurodevelopment and neurohomeostasis (Sup Fig 1A). Human Reactome
pathway translational analyses identified human orthologs involved in neurotransmission and
cellular signaling (Sup Fig 1B). Collectively, brain-readaptation post-combination HLU+LDR
resulted in altered expression in pathways governing biological processes associated with
neuroplasticity, neurogenesis, neurostructural reorganization and neuropeptide production.

2.4 Discussion

Herein, we identified that chronic exposure (21 days) to single or combined HLU and LDR
resulted in long-term transcriptional alterations in CNS brain tissue in female mice at 4 months
post-exposure. The gene expression changes observed here imply reduced transcriptional
machinery, increased neurogenesis and neuropeptide production, and dysregulated cell structure
and cell signaling. These studies offer translational value into pathways regulated in humans, as
gene ontology analyses identified similar genetic overlap between mice and human profiles, in
particular in pathways involved in neurodevelopmental homeostasis and signal transduction.
Collectively, brain-related transcriptional changes that are dynamic in readaptation from
exposure to spaceflight-like conditions may lead to long-term neurological consequences.
Indeed, 21 days of exposure to combined HLU+LDR did not result in immediate
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neurobehavioral deficits (1 week post-exposure); however, increased risk-taking behavior was
observed at 9 months post-exposure (Bellone et al., 2016), indicating delayed neurological
impairments in a combination of HLU+LDR, that was not apparent in HLU or LDR only.

To assess CNS effects, 4-month post-experimental conditions mid/hindbrain (sans
cerebellum and brainstem) were collected, sectioned, and total RNA was isolated for RNA-seq
analysis. This portion of the brain houses the hippocampus, basal ganglia, substantia nigra, and
thalamus, and is a major signaling hub for the neuroendocrine system (hypothalamus and
pituitary gland). Mid/hindbrain sections were assessed to localize the transcriptional profile to a
region that is central to neurogenesis (hippocampus) and hypothalamic–pituitary axis (HPA)
responses, in order to better assess neurofunctional output without potential contamination from
the cerebral cortex or cerebellum. The results displayed robust DEG alterations within
combination HLU+LDR at 4 months readaptation compared to controls, and marginal DEG
alterations in single HLU or LDR at 4 months readaptation. At 4 months post-HLU exposure,
DEGs including EphrB3 and Sh2d5 were altered, suggesting cell morphological and structural
changes are active at this time point. At 4 months post-LDR exposure, only five DEGs were
found, four of which have an unknown function. One DEG, Rps13, was reduced, suggesting
impaired protein synthesis and/or other functional outputs mediated by ribosomes. Interestingly,
Rps13 was also reduced in HLU alone at 4 months readaptation along with other protein
synthesis-related genes, including Hist1h2bc and Rpl36a-ps2, collectively suggesting
fundamental translational pathways are altered during chronic HLU and LDR during
readaptation. In line with this, another group has reported that chronic LDR whole brain
irradiation resulted in protein synthesis impairment (A. Kovalchuk and Kolb 2017) that can
affect adult neurogenesis (Mizumatsu et al., 2003). Interestingly, no notable protein synthesis
pathway deficits were identified in combined HLU+LDR exposures, suggesting distinct
responses are generated within each experimental condition at readaptation. Moreover, very
limited DEG overlap was observed between experimental conditions, further validating unique
responses to each condition and highlighting the importance of implementing combined
exposure studies to better assess spaceflight-like readaptation effects on the nervous system.
Other spaceflight-like factors such as hypoxia and social isolation were not assessed in this study
and merit further investigation. Nonetheless, the usefulness of this model provides a scaffold for
future studies to assess the long-term effects of combination HLU+LDR on the health of the
nervous system.

Brain structural damage through disruption of the blood–brain barrier (BBB) is associated
with neurodegeneration and subsequent behavioral dysfunctions (Najjar et al., 2013). Our
previous study showed that aquaporin-4 (AQP4), a water-channel protein involved in brain water
homeostasis, was up-regulated following combined exposure to irradiation and unloading
(Bellone et al., 2016), suggesting a disturbance in BBB integrity may lead to edema (Song et al.,
2016). Furthermore, AQP4 induction was seen in concert with subtle behavioral changes at 9
months post-exposure (Bellone et al., 2016), indicating a potential role for BBB dysfunction and
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neurobehavioral consequences. Although Aqp4 was not identified in this study, Aqp1 gene
expression was induced following the combination of HLU+LDR at 4 months readaptation,
suggesting similar BBB disturbances and possible shifts in brain water homeostasis (Song et al.,
2016). In line with this, the induction of aquaporins may be linked to neuroinflammation (L. Li
et al., 2011; Ikeshima-Kataoka 2016; Meli, Pirozzi, and Pelagalli 2018), while the upregulation
of additional immune activation markers including Cd74, H2-Ab1, C1ql2 and Ifit-3 were also
identified in combination HLU+LDR at 4 months readaptation, along with hypomethylated Cfi
and Mx1, collectively suggesting chronic neuroinflammation may persist during brain
readaptation post-combined HLU+LDR exposure.

In response to extracellular cues (i.e., edema), cells rearrange their structures and ion
transport proteins to maintain equilibrium (Meli, Pirozzi, and Pelagalli 2018; Kotas and
Medzhitov 2015; Medzhitov 2008). Furthermore, neuroplasticity is a homeostatic repair
mechanism that involves the formation of new synapses and neural processes to compensate for
their communication loss following brain infarct, injury or disease (Smart 2017). These new
formations result in brain restructuring and function, which may be occurring during
readaptation post-combined HLU+LDR exposures. Indeed, our results fall in line with responses
that were observed within brains isolated hours post-LDR (10 cGy) exposure, whereby multiple
synaptic ion transport genes were altered (Lowe et al., 2009). Herein, multiple cell structural
genes, i.e., Drc7, Dnah7b and Fmnl1 and ion transport genes, i.e., Gria3, Grin2a, Calb2, Scn5a,
Clcn5, Kcnj13, Kcnn1 and Kcnh1, were altered post-combination HLU+LDR conditions.
Moreover, hypomethylation analyses indicated altered cytoskeletal organization, i.e., Ndel1,
Cald1 and Lmod3 were observed in both LDR and HLU, suggesting cellular structural changes
involved in neuroplasticity and readaptation processes are active, in order to restructure and/or
maintain brain homeostasis.

Tight junctions, including claudins, connexins, and occludins contribute to BBB
permeability and maintenance. A reduction in these molecules has been implicated in acute BBB
disruption in neuroviral (Paul et al., 2017) and neuroinflammatory diseases (Yamazaki et al.,
2019). In line with this, Cdh12 was downregulated, whereas, Cldn2 was induced in combination
of HLU+LDR. Furthermore, Cdhr4 was hypomethylated in both LDR alone and HLU+LDR at 4
months readaptation, while Cdhr2 was hypomethylated in LDR and HLU alone, but not in
combination HLU+LDR at 4 months readaptation, suggesting BBB restructuring, and further
indicating the dynamic process of brain physiology during readaptation.

Adult neurogenesis is a process of neural and glia self-renewal and the generation of
progenitor cells from radial glial cells (RGCs) within the subventricular and subgranular zones of
the hippocampus (C. Zhao, Deng, and Gage 2008). RGCs are quiescent and are activated to
initiate neurogenesis in response to a stimulus (Zhang and Jiao 2015), such as LDR (Mizumatsu
et al., 2003; X. Z. Sun et al., 1997) or models of increased intracranial pressure (Kleindienst et
al., 2005; D. Sun et al., 2009). Indeed, the majority of highly upregulated DEGs
post-combination HLU+LDR were involved in HPA signaling, neuropeptide growth factors, and
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neurogenesis, i.e., Otp, Uncx, Ucn3, Avp, Pmch, Prox1, Calb2, Tbr-1, and Hcrt. While the
magnitude of gene expression does not always result in observable phenotypes, these notable
DEGs may serve an important purpose in neuromaintenance during readaptation. Interestingly,
Crh, a stress-induced hormone, was hypermethylated post-exposure to LDR and combination
HLU+LDR at 4 months readaptation, implying transcriptional silencing of Crh may be engaged
to suppress robust HPA activity during readaptation, which warrants further studies.

Readaptation results from combined exposures to HLU+LDR are in agreement with
literature that spaceflight can alter neurofunction. Indeed, neurocognitive and behavioral effects
via altered decision making, problem solving, visual perceptions, motor controls, and
sleep–wake cycles have all been identified in flight (De la Torre 2014). While “space-brain”
characteristics have suggested astronauts are at risk of developing neurological sequelae in flight
(Jandial et al., 2018) and post-flight (Garrett-Bakelman et al., 2019; J. K. Lee et al., 2019). Due
to the limitations of human neurological studies, mouse models provide an excellent alternative,
with the caveat that fluid shifts in mice are marginal in comparison to their human counterparts.
Therefore, follow-up studies utilizing larger mammals, i.e., rats, may provide more robust
responses. Further, readaptation effects from radiation have been described to cause differential
nervous system responses in sex, age, type of irradiation, duration of exposure and total doses
(Anna Kovalchuk and Kolb 2017b; Smart 2017; Grammaticos, Giannoula, and Fountos 2013),
while the readaptation effects of prolonged HLU on the neurohealth of different sexes and age
groups are still unclear. Therefore, future studies approaching these additional demographics,
both modeled in mice or rats, are required. Nonetheless, our readaptation study in mice exposed
to combined HLU+LDR displayed a panel of neurological changes that were translational to
humans, suggesting this is a suitable animal model to study spaceflight-related readaptation
effects on the nervous system. Additionally, future studies should expand the types of radiation
exposure animals experience in order to fully capture the spectrum of radiation that bombards
astronauts during spaceflight. The space radiation environment beyond LEO contains several
types of ionizing radiation. Galactic cosmic radiation (GCR) with relatively high linear energy
transfer (LET) and proton radiation due to solar particle events (SPEs) contribute a significant
portion of the radiation dose accumulated by astronaut crew members (Chancellor, Scott, and
Sutton 2014). High-energy heavy ions (HZE radiation) can produce distinct patterns of energy
deposition in cells and tissues (Cucinotta and Cacao 2019; Walker, Townsend, and Norbury
2013). However, secondary particles produced by the interaction of SPE protons and
heavy-charged GCR particles with the spacecraft structure include γ-rays and x-rays (Chancellor,
Scott, and Sutton 2014). These radiation sources can also deliver a significant fraction of the
total mission dose and pose a hazard to astronauts’ health (Chatterjee et al., 2019). For chronic
irradiation exposure, we used flood sources consisting of plastic sheets embedded with the
isotope 57Co that emits medium energy (122 and 136 keV) γ-rays. Additional research is needed
to elucidate the CNS damage and readaptation response induced by the full spectrum of space
radiation.
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In summary, a multitude of neurological effects and persistent brain transcriptional
alterations were observed at 4 months post-HLU+LDR in 21-day exposures. Changes included
reduced transcriptional machinery, increased neurogenesis and neuropeptide production, and
dysregulated cell structure and signaling genes. Thus, brain-related transcriptional changes are
dynamic and plastic during readaptation from exposure to spaceflight-like conditions, and while
these exposures may lead to long-term neurological consequences, the active processes of
neuroplasticity and repair are engaged to maintain neural homeostasis.

2.5 Materials and Methods

2.5.1. Animals

Six-month-old, female C57BL/6J mice (Jackson Laboratory), as previously reported (Xiao Wen
Mao et al., 2016), were utilized in this report. Upon arrival, they were acclimatized for 7 days in
standard habitats at 20 °C with a 12 h:12 h light:dark cycle. Commercial pellet chow and
hydrogel were available ad libitum. Animal health status, water and food intake were monitored
daily. The study followed recommendations in the Guide for the Care and Use of Laboratory
Animals (National Research Council et al., 2010) and was approved on April 30, 2014, by the
Institutional Animal Care and Use Committee (IACUC) at Loma Linda University (Protocol
number 8130028).

2.5.2. Experimental Conditions

Following acclimatization, animals were housed one per cage and assigned to one of four
groups: (1) control (n = 3); (2) hindlimb unloaded (HLU) (n = 6); (3) low-dose irradiated (LDR)
(n = 6); and (4) combination hindlimb unloaded and low-dose irradiated (HLU+LDR) (n = 4) for
21 days. Post-experimental exposure animals were group housed (3 per cage) for up to 4 months
(4M).

2.5.3. Hindlimb Unloading and Whole-Body Irradiation

Hindlimb-unloaded animals (HLU) were treated as previously described (Morey-Holton et al.,
2005), with animals maintained at a 35–40 head-down tilt with the hindlimbs elevated above the
bottom of the cage. LDR gamma irradiation was performed by placing 57Co plates (185 MBq
activity; GPI, Stoughton, WI) under the cages (1 plate per 2 cages). These cobalt plates deliver
chronic low-dose/low-dose-rate γ-ray irradiation. A total dose of 0.04 Gy was delivered at a rate
of 0.01 cGy/h over 21 days. HLU+LDR animals were both unloaded and irradiated as described
here. Control animals received no treatment. All animals were handled similarly.
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2.5.4. Euthanasia, Dissection, Tissue Storage, and Nucleic Acid Extraction

Mice were euthanized with 100% CO2 followed by immediate exsanguination by cardiac
puncture. Immediately after euthanasia brains were removed and bisected along the midline and
coronally within the half hemispheres, with the brainstem and cerebellum removed. The right
caudal half hemisphere of the brain (containing mid- and hindbrain) from each mouse was placed
in a sterile cryovial, snap frozen in liquid nitrogen and kept at −80 °C. AllPrep
DNA/RNA/miRNA Universal Kit (Qiagen, Hilden, Germany) was used to extract RNA and
DNA according to the manufacturer’s instructions. Tissue homogenization was performed using
the Tissue homogenizing CKMix (Bertin Instruments, Montigny-le-Bretonneux, France) on a
Minilys homogenizer (Bertin Instruments). RNA and DNA concentrations were measured using
a Qubit 3.0 Fluorometer (Thermo Fisher Scientific, Waltham, MA, USA) and stored at −80 °C.

2.5.5. RNA Sequencing

The Ovation Mouse RNA-Seq System 1–96 (NuGEN Technologies, Redwood City, CA, USA)
was used per manufacturer’s instructions to construct RNA-Seq libraries. A total of 100 ng of
total RNA was used as input. First and second strands of cDNA were synthesized from total
RNA spiked with 1 µL of 1:500 diluted ERCC ExFold RNA Spike-In Mix 1 (Life Technologies,
Carlsbad, CA, USA) at the appropriate ratio. Following primer annealing and cDNA synthesis,
the products were sheared using Covaris S220 Focused-ultrasonicator (Covaris Inc., Woburn,
MA, USA) to obtain fragment sizes between 150–200 bp. This was followed by end-repair,
adaptor index ligation and strand selection. Barcodes with unique indices out of 96 indices, were
used per sample for multiplexing. Strand selection was performed using a custom InDA-C
primer mixture SS5 Version5 for mice (NuGEN Technologies). Libraries were amplified by PCR
with 17 cycles on a Mastercycler Pro (Eppendorf) and purified with RNAClean XP Agencourt
beads (Beckman Coulter, Pasadena, CA, USA). These libraries were sequenced on a HiSeq 4000
(Illumina, Mira Loma, CA, USA) to generate 15–30 M 75-bp single end reads per sample. Raw
data are available at NASA GeneLab (genelab.nasa.gov, accession GLDS-202) (“GLDS-202:
Low Dose (0.04 Gy) Irradiation (LDR) and Hindlimb Unloading (HLU) Microgravity in Mice:
Brain Transcriptomic and Epigenomic Data” n.d.).

2.5.6. Reduced Representation Bisulfite Sequencing (RRBS)

The RRBS library was constructed with 100 ng of gDNA as input using Ovation RRBS
Methyl-Seq System (NuGEN Technologies) according to the manufacturer’s protocol. Briefly,
MspI enzyme, which cuts the DNA at CCGG sites, was used to digest gDNA into fragments.
The fragments were directly subject to end blunting and phosphorylation followed by ligation to
a methylated adapter with a single-base T overhang. The ligation products were finally repaired
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in a thermal cycler under the program (60 °C for 10 min, 70 °C for 10 min, held at 4 °C). The
product of the final repair reaction was used for bisulfite conversion using the EpiTect Fast DNA
Bisulfite Kit (Qiagen). Bisulfite-converted DNA was then amplified on a Mastercycler Pro
(Eppendorf, Hamburg, Germany) and bead-purified with Agencourt RNAClean XP Beads
(Beckman Coulter). The RRBS libraries were sequenced on Illumina HiSeq 4000 at Loma Linda
Center for Genomics to generate 15–55 M 70-bp single end reads per sample. Raw data are
available at NASA GeneLab (genelab.nasa.gov, accession GLDS-202) (“GLDS-202: Low Dose
(0.04 Gy) Irradiation (LDR) and Hindlimb Unloading (HLU) Microgravity in Mice: Brain
Transcriptomic and Epigenomic Data” n.d.).

2.5.7. Differential Expression and Pathway Enrichment Analysis

Sequencing reads were first trimmed with Cutadapt (Martin 2011) using the Trim Galore!
wrapper. Reads were mapped with STAR (Dobin et al., 2013), expression quantified with RSEM
(B. Li and Dewey 2011) and tximport (Soneson, Love, and Robinson, n.d.) was used to import
counts into DESeq2 (Love, Huber, and Anders 2014) for the detection of differentially expressed
genes. Log2 fold-change and adjusted p-value cutoffs of 0.263 and 0.05 were used, respectively.
Enriched GO terms were detected with WebGestalt (Liao et al., 2019) using the biological
process database. Enriched pathways were detected with Reactome version 67 (Jassal et al.,
2020) using an overrepresentation analysis and the full list of DEGs. Human pathways were
found using Reactome’s “Project to human” option. Heatmaps were generated using the webtool
Morpheus, from the Broad Institute (https://software.broadinstitute.org/morpheus/) by
performing hierarchical clustering using Euclidean distance. The volcano plots in Figure 2 were
generated with the R package EnhancedVolcano. The UpSet diagram in Figure 4 was generated
using Intervene (Khan and Mathelier 2017).

2.5.8. Differential Methylation Analysis

Sequencing reads were first trimmed with Cutadapt (Martin 2011) using the Trim Galore!
wrapper using the “--RRBS” flag before processing with the “bismark” and
“bismark_methylation_extractor” scripts from Bismark (Krueger and Andrews 2011). The
differential methylation of gene bodies and promoters was performed with RnBeads version
1.10.8 and R version 3.4.1 (R Foundation, Boston, MA, USA) (Assenov et al., 2014). The
combined ranking score was utilized to detect differential methylation. It combines absolute and
relative effect sizes as well as p-values from statistical modeling into a single score.
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2.6 Tables
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2.7 Figures

Figure 1

Figure 1. Experimental timeline and body weights during- and post-hindlimb unloading (HLU),
low-dose irradiation (LDR) or combined HLU+LDR. (A) Whole brains were isolated from
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C57BL/6J at 4 months post-experimental conditions of hindlimb unloading (HLU, 21 days),
low-dose irradiation (LDR, 0.04 Gy for 21 days) or combined LDR and HLU timeline. (B) Body
weights were monitored throughout the experiment (21 days) and during readaptation (4 months
post-experimental exposure). Baseline weights were taken on day 0, prior to the initiation of
HLU and LDR exposure. An unpaired t-test with Welch’s correction compared experimental
groups with controls. A * denotes significance of HLU only compared to controls at the 7-day
timepoint. Error bars denote standard error of means. Dashed gray arrows highlight start and
endpoints of experimental LDR and HLU treatments, and the final time point of the experiment
when tissue was collected for transcriptomic analysis.

Figure 2

Figure 2. HLU in combination with LDR results in a heightened differentially expressed gene
(DEG) profile in brains isolated at 4 months post-experimental conditions. DEG identified in
brain isolated at 4 months post-LDR (0.04 Gy for 21 days), HLU (21 days) or combined
HLU+LDR. (A) Principal component analysis (PCA) displays sample clustering within each
experimental condition (n = 3–6). (B) Volcano plots indicate DEG profiles at 4 months
post-experimental conditions. Vertical dashed lines indicate the Log2 fold-change cutoff used
(0.263), while horizontal dashed lines indicate the adjusted p-value cutoff used (0.05). Red dots
indicate differentially expressed genes that meet our adjusted p-value and Log2 fold-change
cutoffs and compose our set of differentially expressed genes. Green dots indicate genes that do
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not meet our adjusted p-value cutoff and, therefore, are not differentially expressed. Darker
saturation of color represents overlap of genes.

Figure 3
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Figure 3. DEG profiles of brains isolated at 4 months post-HLU, LDR or combined HLU+LDR.
(A, left panel) Graph depicts LDR versus control samples Log2 fold-change mean values (n =
3–6); (A, right panel) Heatmap displays individual DEG. (B, left panel) Graph depicts HLU
versus control samples Log2 fold-change mean values (n = 3–6); (B, right panel) Heatmap
displays individual DEG. (C, left panel) Graph depicts a subset of the largest Log2 fold-change
gene set within combined HLU+LDR (combination) verses control samples Log2 fold-change
mean values (n = 3–4); (C, right panel) Heatmap displays individual DEG.

Figure 4
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Figure 4. Minimal brain differential gene expression and promoter methylation overlap across
different simulated spaceflight experimental conditions. Gene lists of DEGs and the genes
corresponding to the differentially methylated promoters (DMPs) were created for each
condition: LDR, HLU, or HLU+LDR combined versus controls. The dotted region depicts all
conditions, and the connecting lines depict DEG/DMP overlap between experimental conditions.
The vertical bars indicate the size of that overlap. A single, grey dot indicates the number of
DEG/DMP that do not overlap with any other DEG/DMP. The red dots indicate DMP overlap
across different conditions. The blue dots indicate DEG overlap across different conditions. The
black dots indicate DEG and DMP overlap. “Upregulated/downregulated” denotes gene
expression of DEG and “hypermethylated/hypomethylated” denotes methylation patterns of
DMPs.

Figure 5
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Figure 5. Altered biological processes and pathways identified at 4 months post-combined
HLU+LDR exposure. (A,B) WebGestalt graphs depict enriched gene ontology (GO) terms for
downregulated (A) and upregulated (B) DEGs. The x-axis measures the enrichment ratio for
each GO term on a Log2 scale. The y-axis measures -Log10 (false discovery rate, FDR). The
size and color tone of the dot is proportional to the size of the category. The displayed categories
are from WebGestalt’s “Weighted set cover” option, which displays the GO categories that
minimize redundancy.

2.8 Supplemental Figures

Sup Figure 1

Supplemental Figure 1. Abridged Reactome pathway analyses. (A) Mouse Reactome
pathway analysis for DEG. (B) Human Reactome pathway analysis for DEG. Reactome
pathways and subpathways are displayed hierarchically. Red lines indicate aspects that are
enriched in DEG; Mouse DEG were converted to their human orthologs before pathway analysis
using Reactome’s “Project to human” option.
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Chapter 3: RNA-Sequencing of the Murine Retina Post-Spaceflight Reveals
Similarities to Retinitis Pigmentosa

Chapter 3 is adapted with minimal modification from:

Spaceflight influences gene expression, photoreceptor integrity, and oxidative stress-related
damage in the murine retina. Eliah G. Overbey, Willian Abraham da Silveira, et al. Scientific
Reports. 2019.

3.1 Abstract

Extended spaceflight has been shown to adversely affect astronaut visual acuity. The purpose of
this study was to determine whether spaceflight alters gene expression profiles and induces
oxidative damage in the retina. Ten week old adult C57BL/6 male mice were flown aboard the
ISS for 35 days and returned to Earth alive. Ground control mice were maintained on Earth
under identical environmental conditions. Within 38 (+/−4) hours after splashdown, mice ocular
tissues were collected for analysis. RNA sequencing detected 600 differentially expressed genes
(DEGs) in murine spaceflight retinas, which were enriched for genes related to visual perception,
the phototransduction pathway, and numerous retina and photoreceptor phenotype categories.
Twelve DEGs were associated with retinitis pigmentosa, characterized by dystrophy of the
photoreceptor layer rods and cones. Differentially expressed transcription factors indicated
changes in chromatin structure, offering clues to the observed phenotypic changes.
Immunofluorescence assays showed degradation of cone photoreceptors and increased retinal
oxidative stress. Total retinal, retinal pigment epithelium, and choroid layer thickness were
significantly lower after spaceflight. These results indicate that retinal performance may decrease
over extended periods of spaceflight and cause visual impairment.

Keywords: Transcriptomics, RNA sequencing, Gene expression, Experimental models of
disease

3.2 Introduction

We are entering an era of renewed interest in space exploration. Although officially the
space race ended decades ago, humanity is crossing the threshold into a second space age that
includes new global partnerships and private companies. This new infrastructure and
organization has brought the concept of long duration space missions, such as permanent moon
settlements and manned missions to Mars, from a distant goal to a tangible reality (Dawson
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2017). However, the space environment is fundamentally different from Earth. Microgravity and
ionizing radiation compose a unique set of physiological stressors, the effects of which remain to
be fully characterized (Xiao W. Mao et al., 2013; Overbey et al., 2019).

In humans, one of the most apparent physiological responses to the space environment is
the redistribution of fluid throughout the body that occurs due to microgravity. This
redistribution shifts fluid upward from the lower parts of the body (Nelson, Mulugeta, and Myers
2014). An increased intracranial pressure caused by this fluid shift has been attributed as a major
cause of spaceflight-associated neuro-ocular syndrome (SANS) (A. G. Lee et al., 2018). 40% of
astronauts have experienced SANS (Stenger et al., 2017), including the spaceflight subject of the
NASA twins study (Garrett-Bakelman et al., 2019). The physiological impact of SANS
encapsulates multiple components of the eye and includes optic disc edema, globe flattening
(GF), choroidal and retinal folds, hyperopic refractive error shifts, and nerve fiber layer infarcts
(i.e., cotton wool spots) (A. G. Lee et al., 2018; Mader et al., 2011). While the physiological
characteristics of SANS are well documented, the mechanisms that drive SANS are still poorly
understood.

To date, despite evidence showing ocular functioning impairment following exposure to
the space environment, few studies have investigated molecular mechanisms involved in the
spaceflight-associated changes in retinal structure and function. A previous study from our group
characterized the effects of a 13-day exposure to the space environment aboard the Space Shuttle
Atlantis (STS-135) in mice. This study found that spaceflight conditions induced oxidative
damage that resulted in mitochondrial apoptosis in the mouse retina (Xiao W. Mao et al., 2013).
Subsequent work with low-dose proton radiation and a simulated microgravity mice model
showed a major role of simulated space radiation in the increase of oxidative stress, with
synergistic effects when simulated microgravity was applied (X. W. Mao, Boerma, Rodriguez,
Campbell-Beachler, Jones, Stanbouly, Sridharan, Nishiyama, et al., 2018; X. W. Mao, Boerma,
Rodriguez, Campbell-Beachler, Jones, Stanbouly, Sridharan, Wroe, et al., 2018). In our current
study, mice were exposed to the space environment for 35 days aboard the International Space
Station (ISS) to determine whether the space environment induces oxidative damage on ocular
structure and to characterize gene expression profiles of mouse retina exposed to spaceflight.

3.3 Results

3.3.1 The space environment causes changes in gene expression related to visual and RNA
regulation pathways

The space environment caused a wide array of changes in gene expression, the most
prominent were changes in ocular pathways and RNA processing. Twenty mice spent 35 days on
the International Space Station as part of NASA’s ninth Rodent Research experiment (RR-9). An
additional twenty mice were housed on Earth in the same housing hardware used in flight for the
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ground control group. RNA sequencing was performed on sixteen mice (n = 8/group). 600
differentially expressed genes (DEGs) were identified between the spaceflight and ground
control groups using DESeq2 (Love, Huber, and Anders 2014) with an adjusted p-value
threshold of 0.01. Hierarchical clustering was performed on the DEGs according to their
expression values to determine which mice have similar DEG expression profiles. Mice clustered
according to their inclusion in the ground control or spaceflight group. The spaceflight group had
286 upregulated genes and 314 downregulated genes compared to the ground control (Fig 1A).

An overrepresentation analysis (ORA) of gene ontology (GO), pathway, and phenotypic
categories was performed on the DEGs using WebGestalt (Wang et al., 2017). From this analysis,
46 GO, 5 pathway, and 14 phenotypic categories were found with a false discovery rate (FDR) of
less than 0.05 (Fig 1B–D). Included in the overrepresented categories are categories related to
ocular function (GO categories: ‘visual perception’, ‘response to light stimulus’, ‘sensory
perception of light stimulus’, ‘retina development in camera-type eye’; Pathways: ‘the
phototransduction cascade’ ‘inactivation, recovery and regulation of the phototransduction
cascade’; Phenotype: electrophysiology, morphology, and degeneration of the retina, rods, and
cones), various RNA processing, splicing, and metabolism functions (GO categories: ‘RNA
processing’, ‘rRNA processing’, ‘mRNA processing’, ‘RNA splicing’, via transesterification
reactions’, ‘mRNA splicing, via spliceosome’, ‘rRNA metabolic process’, ‘ncRNA metabolic
process’, ‘mRNA metabolic process’, ‘RNA transport’), and direct responses to the physical
pressures of spaceflight (GO categories: ‘response to abiotic stimulus’, ‘response to radiation’,
‘cellular response to stress’).

Some genes were highly differentially expressed, but were not included in any of the GO
category, pathway, or phenotype gene lists from the ORA (Sup Fig 1). Drd4 was the most
significantly differentially expressed gene and was upregulated in the spaceflight group (adjusted
p-value: 4.31E-51; log2 fold-change: 0.812). Drd4 is a dopamine receptor that control circadian
rhythm in the mammalian retina (Jackson et al., 2011). Similarly, Hist1h2bc was not found in
any categories of the ORA, but was upregulated in the spaceflight group (adjusted p-value:
1.66E-09; log2 fold-change: 0.526). Hist1h2bc has been previously shown to be upregulated in
the aging retina (Banday et al., 2014). Together, these genes support previous studies suggesting
that spaceflight disrupts circadian rhythms and is a potential model for aging (Banday et al.,
2014; Demontis et al., 2017).

3.3.2 Genes associated with retinitis pigmentosa are differentially expressed in the space
environment

We sought to determine whether any of the DEGs from the spaceflight samples were also
differentially expressed in common retinal diseases. We compiled a list of disease-associated
genes for the following retinal diseases: retinitis pigmentosa, diabetic retinopathy, age-related
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macular degeneration, and retinal detachment. Human disease-associated gene lists were found
using the DisGeNET database (Piñero et al., 2017). Genes in the DisGeNET database were
filtered by their gene-disease association score (GDA). Only genes with a GDA greater than 0.2
were included in the analysis. This included disease-associated genes from expertly curated and
animal model databases, but excluded disease-associated genes from inferences and text-mining
databases. Disease-associated genes were converted to their mouse ortholog using the Mouse
Genome Informatics database (Smith et al., 2018). Genes that did not pass the DESeq2 threshold
for the number of mean counts (i.e., they had an adjusted p-value equal to ‘NA’), were filtered
out from the analysis.

Present in the DisGeNet database were 75 genes associated with the disease retinitis
pigmentosa, 14 genes with diabetic retinopathy, 8 genes with age-related macular degeneration,
and 5 genes with retinal detachment. Most of the disease-associated genes were unique to a
single retinal disease, with the exception of Abca4, Nmnat1, Casp3, and Crb1, which were each
shared across two diseases (Fig 2A). None of the disease-associated genes that were shared
across multiple diseases were differentially expressed in spaceflight.

Of the 75 genes associated with retinitis pigmentosa, 12 were differentially expressed
during spaceflight (Sag, BC027072/Pcare, Guca1b, Rbp3, Ahi1, Guca1a, Prpf8, Rp1, Gucy2e,
Cacna2d4, Pde6b, Dhdds), the most of any of the four retinal diseases examined. Diabetic
retinopathy had one disease-associated gene that was differentially expressed during spaceflight
(Hif1a). Age-related macular degeneration and retinal detachment disease-associated genes were
not differentially expressed during spaceflight (Fig 2B).

3.3.3 Differentially expressed transcription factors hint that spaceflight changes chromatin
organization

DEGs reported in Fig 1A were filtered by their PANTHER protein class in order to find
differentially expressed transcription factors (DETFs) (Mi et al., 2019). Out of the 600 DEGs, 29
are DETFs. Hierarchical clustering was performed on the DETFs according to their expression
values. Mice clustered according to their inclusion in the ground control or spaceflight group
(Fig 3A). Eight of the DETFs are necessary for development and maintenance of the retina and
other structures of the eye: Mafg, Isl1, Atf5, Kdm6b, Hmgb3, Prox1, Casz1 and Hif1a (Anand
and Lachke 2017; Bejarano-Escobar et al., 2015; Yasuda et al., 2014; Terada and Furukawa
2010; Mattar et al., 2018; Barben et al., 2018; Pérez de Sevilla Müller et al., 2017; Iida et al.,
2015). Of special interest are Cazs1 and Hif1a. Cazs1 is a heterochromatin regulator that acts in a
splice-variant specific manner (Mattar et al., 2018) and Hif1a inactivation has been shown to
significantly mitigate photoreceptor degeneration in a chronic hypoxia-like stress model (Barben
et al., 2018).
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An overrepresentation analysis (ORA) of gene ontology (GO) terms was performed on
the DETFs. 47 GO categories were found with an FDR of less than 0.05. The affinity
propagation filter from WebGestalt was applied in order to find a reduced number of GO terms
that are representative of all GO enrichment results. We found enrichment of GO categories
related to DNA transcription (‘positive regulation of transcription’, DNA-templated, ‘negative
regulation of transcription, DNA-templated’), further affirming the role of these genes as
transcription factors. Additionally, there were enriched GO categories relating to chromatin
organization, including regulation of histone modification, histone lysine demethylation,
negative regulation of histone H3K9 trimethylation (Fig 3B). The genes in these GO categories
include Kdm4a, Kdm4b, and Kdm6b, which are known regulators of lysine methylation. Kdm4a
and Kdm4b are regulators of H3K9me2/me3 (Labbé, Holowatyj, and Yang 2013), which is a
regulator of constitutive heterochromatin and an indicator for the presence of constitutive
heterochromatin. Kdm6b is a regulator of H3K27me2/me3 (Labbé, Holowatyj, and Yang 2013)
and is primarily responsible for the silencing of gene expression.

3.3.4 The space environment decreases the thickness of retinal tissue and increases oxidative
stress and cone photoreceptor damage

Micro-computed tomography (MicroCT) images were generated in order to characterize
global ocular morphology and to measure the thickness of the retina and surrounding tissues for
ground control and spaceflight mice (Fig 4A). Total retina, retinal pigment epithelium (RPE),
and choroid layers of the eye decreased significantly in thickness (p < 0.05) during spaceflight
(Fig 4B). Additionally, choroid deformation and folds were noticed in spaceflight mice (Fig 4C).

Immunofluorescence staining with peanut agglutinin (PNA), a specific marker for cone
photoreceptors, was performed in order to view cone photoreceptors in the eye. Cone
photoreceptors show signs of degradation during spaceflight (Fig 5A). Our quantitative
assessment (Fig 5B) revealed a strong trend decrease in density of cones in the spaceflight mice
(950 counts/mm2) compared to ground control group that had an average of 1199 counts/mm2

(p = 0.06).

The occurrence of lipid peroxidation was evaluated with antibody against
4-hydroxynonenal (4-HNE), which is an indicative marker of oxidative damage to the retina.
Increased 4-HNE staining was seen in cone photoreceptors, retinal inner nuclear layer (INL), and
ganglion cell layer (GCL) after spaceflight compared to ground controls (Fig 5C). As shown in
Fig 5D, the fluorescent intensity profiles in the photoreceptor cones which reflects endogenous
level of HNE, was also significantly increased (p < 0.05) in the spaceflight group compared to
the ground controls. Fluorescent intensity from the HNE marker was also significantly increased
in the GCL/INL of the spaceflight group for the retina (p < 0.01) (Fig 5E). Our RNA-seq
experiment identified three DEGs - Pde8a, Hif1a, Hgf - that are part of the GO Biological
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Process category for ‘negative regulation of oxidative stress-induced cell death’ (GO:1903202)
(Fig 5F). Pde8a is a member of the phosphodiesterase family. Phosphodiesterase specific
member inhibition has been previously shown to attenuate oxidative stress in diverse tissues
(Masood et al., 2008; Zhuo et al., 2016; Koka et al., 2013; J. Li et al., 2016). Hif1a was shown to
protect against oxidative stress directly at the mitochondria (H.-S. Li et al., 2019), but the effects
of this gene were shown to be highly contextual in the presence of reactive oxygen species
(Movafagh, Crook, and Vo 2015). Hgf activates an antioxidant signaling pathway that culminates
in increased levels of nitric oxide and the activity of antioxidant enzymes regulated by this
molecule (Guoguo et al., 2012; Romero-Puertas and Sandalio 2016). Taken together, the
upregulation of Pde8a and the downregulation of the Hif1a and Hgf are linked to the
development of increased oxidative stress in the retina.

3.4 Discussion

We have found a distinct gene expression signature in the retina of mice exposed to the
spaceflight environment compared with the ground control. This signature is enriched for genes
related to visual perception, the phototransduction pathway, and numerous retina and
photoreceptor phenotype categories. Other studies have also shown changes of gene expression
involved in cell structure, growth, migration and adhesion in the retinal cells exposed to
simulated microgravity (J. E. Roberts et al., 2006; Corydon et al., 2016). Less anticipated was the
overrepresentation of genes related to RNA processing, metabolism, and transport pathways for
the first time described as relevant for spaceflight in mammals. A recent study in Arabidopsis
thaliana has discovered mRNA isoforms created by alternative splicing that are unique to their
spaceflight exposed samples (Beisel et al., 2019). Our results indicate that in addition to
Arabidopsis thaliana, there may be splice isoform alterations in mammals during spaceflight as
well that should be explored in future work and included in the risk assessment for long duration
space missions.

Differential RNA splicing has also been implicated as a potential disease-causing
mechanism for retinitis pigmentosa. Mutations in the gene Rho, which creates a protein that
composes rod photoreceptors and is essential for vision in low-light conditions, can alter its
splice isoforms. These alternate isoforms lead to the construction of abnormal RHO proteins and
trigger the pathology of retinitis pigmentosa (Hernan et al., 2011). Additionally, proper
alternative splicing of Nxnl1 from rod photoreceptors and other ocular cell types has been
associated with cone photoreceptor maintenance (Léveillard et al., 2004; Byrne et al., 2015).
Disruption of these splice isoforms can reduce the density of cone photoreceptors and the
thickness of the outer nuclear layer of the retina (Cronin et al., 2010). Overall, our results
indicate that the space environment might create unique epigenetic events and differential RNA
splicing, in addition to the altered gene expression profile reported. Future studies should address
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which genes are alternatively spliced to understand potential changes in protein structure and
find further associations with retinal diseases. Furthermore, mouse models for retinitis
pigmentosa are available. Determining which mouse model is most similar to mice exposed to
the space environment will help determine the appropriate model to perform Earth-analog
experiments. Finding an appropriate Earth-based analog will accelerate the speed of research
dedicated to finding a countermeasure for the retinal damage caused by spaceflight.

Several transcription factors were identified as necessary for development and
maintenance of the retina and other structures of the eye (Anand and Lachke 2017). Although
eight of the DETFs are known for their importance for the retinal development and maintenance
in Earth conditions, 21 of the DETFs have no reports in the literature linking them to the eye
tissue. From the DETF overrepresentation analysis, transcription factors were identified that are
known to influence chromatin architecture. Changes in chromatin architecture indicate that the
cause for changes in retinal structure observed during spaceflight is more complex than solely
alterations in RNA processing. The overrepresentation analysis showed enrichment of
transcriptional regulators for H3K9 demethylation, which is a marker for constitutive
heterochromatin. Demethylation of H3K9 can result in the unraveling of this heterochromatin,
which can then influence the accessibility of genes and regulatory elements in the genome
(Lachner, O’Sullivan, and Jenuwein 2003). This can further drive changes in gene expression
and either create abnormal and potentially harmful cellular behavior or act as a compensatory
mechanism to mitigate damage the retinal tissue has experienced from spaceflight. The
connections between chromatin reorganization as a disease-causing or disease-mitigating
mechanism during spaceflight has not yet been explored. Determining the locations of chromatin
reorganization could provide insight to these questions. Furthermore, the literature does not
report any of the DETFs directly related to retinitis pigmentosa, which could indicate that these
genes, although not yet described, could have a role in retinitis pigmentosa or that they are part
of spaceflight specific expression network that can be explored as biomarkers and/or drug
targets.

Compensatory mechanisms to mitigate cellular damage have been observed in response
to oxidative stress. Our immunostaining for marker 4-HNE showed evidence of oxidative stress
within the retina. Evidence of a response to this oxidative stress was also observed in the gene
expression data. The gene Bnip3 was differentially expressed, showing upregulation during
spaceflight (adjusted p-value: 2.94E-03; log2 fold-change: 0.309). Bnip3 is known for its role in
removing misfolded proteins from the cell (Awan et al., 2014). Misfolded proteins can occur as a
result of oxidative stress. Also upregulated in the spaceflight data are heat shock genes
Hsp90aa1, Hsp90b1, and Hspa4l which can assist correct protein folding and are known to
protect against oxidative stress (Kalmar and Greensmith 2009; Ciechanover and Kwon 2017).
From this, we see evidence of a potential compensatory mechanism becoming activated in
spaceflight in order to correct and mitigate cellular damage accumulating in retinal tissue. One
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consideration for long duration space missions are the compensatory mechanisms that are
activated in the space environment. For long duration missions, it becomes imperative to
evaluate for how long these compensatory mechanisms can be sustained and how to extend or
amplify its beneficial effects. Additionally, the nearest Earth-analog disease that we identified,
retinitis pigmentosa, has known links to oxidative stress and mitochondrial dysfunction.
Although no cure is currently known, supplementation with certain minerals and vitamins,
especially vitamin A, has been demonstrated to delay the disease progression (Y. Zhao et al.,
2019) and should be considered a possible countermeasure to spaceflight induced retinal
damage.

We also found evidence that the circadian rhythm of the retina was altered in spaceflight.
The circadian rhythm regulates behavioral and physiological processes over a 24-hour period,
principally controlled by day/night patterns. Disruptions in the circadian rhythm can lead to
irregular sleep patterns, mood, and metabolism function, as well as the development of cancer49.
The differentially expressed gene with the smallest adjusted p-value, Drd4 (adjusted p-value:
4.31E-51; log2 fold-change: 0.812), is a dopamine receptor that has been associated with the
circadian rhythm. Specifically, Drd4 downregulates the gene Adcy1 (Jackson et al., 2011), which
was also found to be differentially expressed in this study (adjusted p-value: 1.45E-09; log2
fold-change: −0.427). Adcy1 produces cyclic AMP, a signalling mechanism in numerous retinal
functions, such as retinomotor movements, disc shedding, certain types of retinal degeneration,
and apoptosis of photoreceptors (Besharse, Dunis, and Burnside 1982; Weiss et al., 1995; Fassina
et al., 1997). Circadian rhythm genes are of special interest in the space environment, where
day/night light signals are irregular. For example, astronauts aboard the ISS will experience up to
16 sunsets and sunrises a day (Thirsk et al. 2009). However, the mice in our experiment were in
constant 12-h light/dark cycle, which leads us to believe that events other than the light/dark
cycle itself are driving the changes in the circadian rhythm.

Increased photoreceptor cone damage, reduced thickness of the retinal ONL, retinal INL,
RPE, and choroid layers of the eye in the spaceflight group compared to ground control were
reported in our study. Proton radiation-induced damage to the photoreceptor layer was also
observed in our previous rodent study (X. W. Mao et al., 2009). It is important to note that
changes in global ocular structure and retinal layer thickness could have clinical and/or
pathological significance (Movafagh, Crook, and Vo 2015). The ONL contains the nuclei of the
photoreceptor cells and the INL contains the cell bodies of bipolar, horizontal, amacrine, and
Müller cells. Our published study from a Space Shuttle Mission (STS-135) showed a significant
increase of apoptosis in the ONL and INL of the photoreceptor layer in spaceflight mice (Xiao
W. Mao et al., 2013). Photoreceptor loss is responsible for irreversible blindness in many retinal
diseases (MacLaren et al., 2006) and photoreceptors are more sensitive to environmental damage
(LaVail, Anderson, and Hollyfield 1989). Retinal damage, retinal photoreceptor cell loss, and
thinning of the inner retina precede subsequent capillary degeneration (Zheng et al., 2007; Ueda
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et al., 2010). Our findings strongly implicate the space environment causes retinal injury and the
potential development and progression of retinal degeneration.

The potential benefit of micro-CT in quantitative evaluation of ophthalmologic structure
was encouraging. Our results showed degradation in ocular structures by spaceflight, particularly
of the retina, RPE, and choroid layers of the eye, as evidenced by their decreased thickness.
MicroCT provides an easy and non-destructive technique to image without any modification.
Additionally, it shows the entire region of interest digitally, thereby increasing accessibility and
reproducibility of the findings. Future work should use volumetric data to perform other analyses
that take advantage of the micro-CT imaging capabilities, since it has been used successfully for
studying many normal and pathologic tissues (Hann et al., 2011).

One area of concern is whether observed degradation of photoreceptors, retinal damage,
and ocular structure alteration will persist or whether it will reverse once the organism is returned
to Earth. Future studies should investigate the long-term impact of observed structural changes of
the retina and retinal photoreceptors function that may lead to late retinal degeneration.
Additional studies are needed to determine which aspects of spaceflight are responsible for
photoreceptor damage and oxidative stress. Leading causes include radiation and possible
alterations in intracranial pressure (ICP) or intraocular pressure (IOP) (Tymko, Boulet, and
Donnelly 2017; Nelson et al., 2017) induced by microgravity. It is possible that both space
radiation and microgravity work in conjunction with one another to cause a more severe
pathological result than either would in isolation. Other factors that may be driving differential
gene expression include increased stress an organism experiences due to the physiological
pressures of spacecraft takeoff and landing and the psychological pressures of spaceflight. The
body size of an organism also impacts the amount of interstitial fluid per gram of body weight,
which could impact the magnitude of fluctuating pressures influencing the retina
(Andreev-Andrievskiy et al., 2018). Studies using larger organisms could better model the degree
of fluctuating pressures experienced by humans during spaceflight.

There are many potential avenues left to explore in order to understand the response of
the mammalian retina to spaceflight. In this study we have characterized the physical response of
the retina, the degradation of photoreceptors, and the presence of oxidative stress markers. We
have also observed several genes with significant differential expression in the spaceflight
condition were also differentially expressed in the disease retinitis pigmentosa. Additionally, we
suspect the changes that we are observing during spaceflight are influenced by alternative
splicing and chromatin reorganization. There remains much work to be done on understanding
the mechanism of spaceflight-induced oxidative stress on retinal damage. Additional work will
need to be done to separate disease-causing changes in gene expression from compensatory
changes. We also believe these data will be useful for understanding other spaceflight-related
health concerns, such as misregulation of the circadian rhythm and accelerated aging. A full list
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of DEGs has been provided as a resource (Sup Table 1) toward further understanding of
associations between spaceflight, retinal function, and overall mammalian health.

3.5 Methods

Flight and control conditions

SpaceX successfully launched the 12th Commercial Resupply Service (CRS-12) payload at the
Kennedy Space Center (KSC) on a 35-day mission in August, 2017. 10-week-old male C57BL/6
mice (n = 20) (Jackson laboratories, Inc. Bar harbor, ME) were flown for NASA’s ninth Rodent
Research experiment (RR-9). The mice lived in NASA’s Rodent Habitats (RH) aboard ISS for 35
days before returning to Earth via SpaceX’s Dragon capsule. All mice were maintained at an
ambient temperature of 26–28 °C with a 12-h light/dark cycle during the flight. GC mice were
placed into the same housing hardware used in flight, and environmental parameters such as
temperature and carbon dioxide (CO2) levels were matched as closely as possible based on
telemetry data. GC mice were fed the same special NASA food bar diet as the space flown mice.
All mice received the same ad libitum access to food and water. The study followed the
recommendations in the Guide for the Care and Use of Laboratory Animals of the National
Institutes of Health (NIH) and was approved by the Institutional Animal Care and Use
Committee (IACUC) of Loma Linda University (LLU) and The National Aeronautics and Space
Administration (NASA).

Post-flight evaluation of the mice

Upon return to the Earth, mice were transported to Loma Linda University (LLU) within
28 hours of splashdown. At LLU, animals were removed from the animal enclosure hardware
and assessed for survival and health. It was reported that all the mice survived the 35-day space
mission and were in good condition, i.e. no obvious deficiencies/abnormalities as described by
the inspecting personnel.

Dissecting and preservation of mouse eyes after spaceflight

The mice were rapidly euthanized in 100% CO2 and eyes were collected within 38+/−4 hours of
splashdown (n = 20/group). The retinas from rights were dissected and placed individually in
sterile cryovials, snap frozen in liquid nitrogen and kept at −80 °C prior to use. The left eyes
were fixed in 4% paraformaldehyde in phosphate buffered saline (PBS) for 24 hours and then
rinsed with PBS for immunohistochemistry (IHC) assays. The right eyes from 2 experimental
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groups: ground control and spaceflight (n = 8 mice per group) were dissected to obtain the retina.
The retinas were flash-frozen and stored at −80 °C for genomic analysis.

Immunostaining assays and histology

Paraffin-embedded sections (Six µm) of left eye, roughly 100 µm apart, were used for
analysis (n = 6/group). To evaluate oxidative damage in the retina, Immunostaining was
performed on ocular sections using 4-HNE antibody specific for lipid peroxidation. Sections
were incubated with the anti-4-HNE antibody (catalog no. HNE11-S, Alpha Diagnostic
International Inc., San Antonio, TX) at 4 °C for 2 hours followed by a donkey anti-rabbit IgG
fluorescence-conjugated secondary antibody (catalog no. A21206, Invitrogen Corp., Waltham,
MA) for 2 hours at room temperature and counterstained with DAPI. For double labeling of HNE
and PNA, sections were incubated with fluorescein isothiocyanate (FITC)-conjugated Peanut
agglutinin (1:100 in 1% BSA) for an hour at room temperature for labeling the photoreceptor
cones. Sections were then incubated overnight (18-21 hours) at 4 °C with primary antibody
against rabbit anti-4-HNE (Alpha Diagnostic Intl. Inc. San Antonio, TX). After washing three
times in PBS, sections were further treated with secondary antibody Alexa Fluor 568 goat
anti-rabbit IgG (Life Technologies, Eugene, Oregon). PNA was obtained from (Vector
Laboratories, Burlingame, CA). The cell nuclei were counterstained with DAPI and were
mounted and coverslipped with Vectashield Hard-Set Mounting Medium (Vector Laboratories).
To characterize layers of retinal structure, a series of 6 µm sections were also stained with
hematoxylin and eosin (H&E). Images were captured with a BZ-X710 All-in-One inverted
fluorescence microscope. In each sample, a total of 5 fields of images were sampled
systematically at 20X magnification spanning the entire retina sections.

Quantification of immunostaining

For quantitative analysis, the number of PNA- positive cells were counted in three
sections of tissue from each animal using Image J counting plugin 1.41 software (National
Institutes of Health, Bethesda, MD; http://rsbweb.nih.gov/ij/). The density profiles were
expressed as the mean number of PNA cells/mm2, and counts were averaged across each group.
To determine HNE immunoreactivity, fluorescence intensity was measured on 5 randomly
selected fields on each section and calculated using Image J software. The data were extracted
and averaged within the group. A detailed method was described in Mao et al. (Xiao W. Mao et
al., 2013).

Sample preparation for MicroCT scanning

A subset of eye samples (n = 6/group) were fixed in 4% formaldehyde in PBS. After
fixation, the mice eyes were dehydrated in ethanol. To prevent an abrupt shrinkage of the fixed
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sample, a graded series of ethanoic solutions were used. Afterwards, the mice eyes were stained
in 10% phosphomolybdic acid solution (PMA) for 6 days. Samples were washed in absolute
ethanol and then placed each eye in the same rotation in individual 2 mL plastic containers filled
with absolute ethanol for scanning.

Micro CT scanning and analysis

Samples were scanned using a high resolution micro-computed tomography system
(SkyScan 1272 desktop micro-CT system, Bruker, Kontich, Belgium), with an accelerating
source voltage of 50 keV, a source current of 80 mA with an integration time of 90 min. During
the scanning process, the samples were rotated at 180 degrees, with an imaging voxel size of
4.5 um, frame averaging of 4, rotation step of 0.4 and no filter. These images were saved for the
reconstruction of the 3D object. The thickness of the retina and surrounding tissues were
measured on MicroCT images by descriptive analysis. Measurements of the lens, retina, RPE
layer, choroid and sclera were performed in the middle slice of the sagittal view of each sample
using the optical nerve as reference. Three measurements were recorded of each structure to
finally obtain an average.

RNA/DNA extraction

Retina tissues (n = 8/group) were homogenized with Precellys CKM beads (Hilden,
Germany) in 600 µl of RLT plus buffer. Total RNA and DNA were extracted using the QIAGEN
AllPrep DNA/RNA/miRNA Universal Kit according to the manufacturer’s protocol. After
isolation, RNA and DNA were frozen and kept at −80 °C until further use. Isolated RNA
samples were quantified and purity checked by NanoDrop spectrophotometry (Thermo Fisher
Scientific, Chino, CA). DNA and RNA were further quantified using the Qubit dsDNA High
Sensitivity Kit and RNA Broad Range Kit, respectively (Life Technologies, Carlsbad, CA). RNA
quality was evaluated using the Agilent 2200 TapeStation and RNA ScreenTape with 1ul of
randomly selected RNA denatured at 72 °C for three minutes per manufacturer’s instructions
(Santa Clara, CA). RNA integrity numbers (RIN) of tested RNA samples had values between 7.7
and 8.9.

RNA-Seq library construction

The Ovation® Mouse RNA-Seq System 1-16 (NuGEN Technologies, #0348) was used
per manufacturer’s instructions to construct stranded RNA-seq libraries. 100 ng of total RNA
was used as input. First and second strands of cDNA were synthesized from total RNA (100 ng)
spiked with 1 µl of 1:500 diluted ERCC ExFold RNA Spike-In Mix 2 (Life Technologies,
Carlsbad, CA) at the appropriate ratio. Following primer annealing and cDNA synthesis, the
products were sheared using Covaris S220 Focused-ultrasonicator (Covaris Inc., Woburn, MA).
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130 µl of each sample was sheared according to the manufacturer's instructions. The parameters
were set as follows: 10% duty factor, peak power 175 and 200 cycles per burst at 4 °C for
200 seconds to obtain fragment sizes between 150–200 bp. This was followed by end-repair,
adaptor index ligation and strand selection. Strand selection was performed by using custom
InDA-C primer mixture SS5 Version5 for mice with cytoplasmic and mitochondrial ribosomal
RNA depletion. Finally, libraries were amplified using 17 cycles (Mastercycler® pro, Eppendorf,
Hamburg, Germany), and purified with RNAClean XP Agencourt beads.

Library quantification and quality control (QC) test

The final amplified libraries were purified using Agencourt RNAClean XP beads
(Beckman Coulter, Indianapolis, IN) and quantified using Qubit dsDNA HS Kit on Qubit 3.0
Fluorometer (Life Technologies, Carlsbad, CA). Quality and peak size was determined using
D1000 ScreenTape on the Agilent 2200 TapeStation (Agilent Technologies, Santa Clara, CA).

Sequencing

Final libraries were each diluted to 4 nM and further quantitated to ensure high accuracy
quantification for consistent pooling of barcoded libraries and maximization of the number of
clusters in the Illumina flow cell. Libraries of different indices were pooled for sequencing
together in equimolar amounts. Pooled libraries were quantified by Qubit prior to sequencing.
For sequencing, clusters were generated on cBot with HiSeq3000/4000 PE cluster kit (Illumina,
Inc., San Diego, CA) from 5 ul of 2 nM final library pool (200 pM at cBot loading). Sequencing
was performed on an Illumina HiSeq4000 (Loma Linda University Center for Genomics) using
75 cycles SBS reagents (Illumina, Inc., San Diego, CA). Single-indexed and single-end reads
with 75 nucleotides length (1 × 75 bp) were generated. Fastq files generated from the sequence
run were demultiplexed (Loma Linda University Center for Genomics), quality checked (quality
score >38), trimmed from adapters with Trimmomatic (version 0.01) and mapped against mouse
reference genome (NCBI_build_37.2) with TOPHAT2 (version 2). Overall mapping rate was
~85%. Expressed transcripts were counted with Multi HTSeq (version 0.02).

Computational pipeline/RNA-Seq analysis tools

Differential Expression analysis was carried out using raw counts from input to the R
package DEseq2 Version 1.22.2 using R version 3.5.1. A gene was considered differentially
expressed (DE) if was below a false discovery rate (FDR) adjusted p-value of 0.1 (Benjamini and
Hochberg 1995). Heatmaps were generated using the webtool Morpheus, from the Broad
Institute (https://software.broadinstitute.org/morpheus/). Hierarchical clustering was performed
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on rows and columns using one minus Pearson correlation. DEGs that are transcription factors
were annotated using the Panther database version 14.1 (Mi et al., 2019).

GO, gene network analysis, and phenotype graphs were created by performing an
overrepresentation enrichment analysis using WebGestalt (Wang et al., 2017). GO analysis was
carried out using the biological process database. Gene network analysis was carried out using
the Reactome database (Fabregat et al., 2018). Phenotype analysis was carried out using
mammalian phenotype ontology. FDRs were calculated using the Benjamini-Hochberg
procedure.

Human disease associated genes were found for the diseases retinitis pigmentosa,
age-related macular degeneration, diabetic retinopathy, and retinal detachment using the database
DisGeNET version 6.0 with a gene-disease association (GDA) score greater than 0.2 (Piñero et
al., 2017). Human genes were converted to their mouse orthologs using the Mouse Genome
Informatics database (Smith et al., 2018). The genes KIZ, PCARE, RP2, and RP9 did not have
their orthologs listed in the Mouse Genome Informatics database and were manually annotated
using the GeneCards database (v4.10.0 Build 4) (Rebhan 1997).

3.6 Figures

Figure 1
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Figure 1. DEG clustering and functions between spaceflight and control mice. (A)
Hierarchical clustering of the 600 DEGs between spaceflight and control mice using an adjusted
p-value threshold of 0.1. The spaceflight group had 286 upregulated genes and 314
downregulated genes compared to the ground control; (B) Enriched gene ontology (GO)
biological process categories for DEGs. The affinity propagation option from WebGestalt was
applied to the select representative display categories; (C) Enriched networks among DEGs from
the Reactome database; (D) Enriched phenotypes impacted by the DEGs from the Mammalian
Phenotype Ontology; (B-D) Overrepresented categories were found relating to ocular function
(GO categories: ‘visual perception’, ‘response to light stimulus’, ‘sensory perception of light
stimulus’, ‘retina development in camera-type eye’; Pathways: ‘the phototransduction cascade’
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‘inactivation, recovery and regulation of the phototransduction cascade’; Phenotype:
electrophysiology, morphology, and degeneration of the retina, rods, and cones), various RNA
processing, splicing, and metabolism functions (GO categories: ‘RNA processing’, ‘rRNA
processing’, ‘mRNA processing’, ‘RNA splicing’, via transesterification reactions’, ‘mRNA
splicing, via spliceosome’, ‘rRNA metabolic process’, ‘ncRNA metabolic process’, ‘mRNA
metabolic process’, ‘RNA transport’), and direct responses to the physical pressures of
spaceflight (GO categories: ‘response to abiotic stimulus’, ‘response to radiation’, ‘cellular
response to stress’).

Figure 2
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Figure 2. Retinal disease-associated gene expression. (A) UpSet diagram showing the number
of genes in each disease set from DisGeNet. Genes that are distinct to each set are in the first
four columns. Genes shared among sets are in the last three columns; (B) Log2 fold-change
values of disease-associated genes. Genes are plotted from left to right in order of adjusted
p-value. Bars are colored by the magnitude of the adjusted p-value. Adjusted p-values are
further annotated based on their order of magnitude. The plot for retinitis pigmentosa displays
the top 20 most significant genes based on adjusted p-value. All other diseases are displaying all
of their associated genes.

Figure 3
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Figure 3. Transcription factor clustering and functions between spaceflight and control
mice. (A) Hierarchical clustering of the 29 DETFs between spaceflight and ground control mice;
(B) Enriched gene ontology (GO) biological process categories for DETFs.

Figure 4
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Figure 4. Spaceflight decreases the thickness of multiple layers of the eye. (A) Sagittal view
of of a ground control mouse. Layers of the eye on the right side of the image are annotated,
from top-to-bottom, retina (0.077mm), retina pigment layer (RPE, 0.038mm), choroid
(0.041mm), sclera (0.059mm); (B) Average thickness of the retinal layer, RPE layer, and the
choroid layer measured by MicroCT in the spaceflight and control groups. Counts were averaged
across five retinas per group. Values were represented as mean thickness + standard error (SEM).
SEM of the mean is marked with error bars. Significantly lower in cross section thickness in the
spaceflight group compared to the ground control group is denoted ‘*’ (p<0.05). (C) Cross
sections of the retina from control and spaceflight mice. GCL: ganglion cell layer; INL: inner
nuclear layer; ONL: outer nuclear layer; IS: inner segment; OS: outer segment, RPE: pigment
epithelium layer.

Figure 5
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Figure 5. Spaceflight causes photoreceptor degradation and oxidative stress. (A)
Immunofluorescence staining for PNA, a marker for cone photoreceptors (green), and HNE, a
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marker for oxidative stress (red), in the photoreceptor layer. The nuclei were counterstained with
DAPI (blue); Scale bar =50 mm. (B) Immunofluorescence staining for HNE (red) in the retina
layer. Scale bar = 50 µm; (C) Log2 fold-change of DEGs under the GO category “negative
regulation of oxidative stress-induced cell death”; (D) Cell density for PNA–positive cone
photoreceptors; (E) Fluorescent intensity of the HNE marker in the photoreceptor layer of rods
(arrow) and cones (arrow); (F) Fluorescent intensity of the HNE marker across the retina; (D-F)
Counts were averaged across five retinas per group. Values are represented as mean density +
SEM. Significance values of the spaceflight group compared to ground controls are denoted with
‘*’ (p<0.05), ‘**’ (p<0.01), and ‘T’ (strong trend decrease compared ground controls; p=0.06).

3.7 Supplemental Figures

Sup Fig 1

Supplementary Figure 1. Log2 fold-change of Drd4 and Hist1h2bc. Drd4 has an FDR of
4.31E-51 and is related to circadian rhythms. Hist1h2bc has an FDR of 1.66E-09 and is related to
the aging retina.
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Chapter 4: A Standardized Pipeline for RNA-seq Data Analysis
Chapter 4 is adapted with minimal modification from:

NASA GeneLab RNA-Seq Consensus Pipeline: Standardized Processing of Short-Read
RNA-Seq Data. Eliah G. Overbey, Amanda M. Saravia-Butler, et al. Under review at iScience.

4.1 Abstract

With the development of transcriptomic technologies, we are able to quantify precise

changes in gene expression profiles from astronauts and other organisms exposed to spaceflight.

Members of NASA GeneLab and GeneLab-associated analysis working groups (AWGs) have

developed a consensus pipeline for analyzing short-read RNA-sequencing data from

spaceflight-associated experiments. The pipeline includes quality control, read trimming,

mapping, and gene quantification steps, culminating in the detection of differentially expressed

genes. This data analysis pipeline and the results of its execution using data submitted to

GeneLab are now all publicly available through the GeneLab database. We present here the full

details and rationale for the construction of this pipeline in order to promote transparency,

reproducibility and reusability of pipeline data, to provide a template for data processing of

future spaceflight-relevant datasets, and to encourage cross-analysis of data from other databases

with the data available in GeneLab.

4.2 Introduction

Opportunities to perform biological studies in space are rare due to high costs and a

limited number of funding sources, rocket launches, and spaceflight crew hours for experimental

procedures. Additionally, spaceflight research is decentralized and distributed across numerous

laboratories in the United States and abroad. As a result, studies performed in different

laboratories often utilize different organisms, strains, cell lines, and experimental procedures.

100



Adding to this complexity are variance in spaceflight factors and/or confounders within each

study, such as degree of radiation exposure, experiment duration, CO2 concentration, light cycle,

and water availability, all of which can have effects on an organism’s health and gene expression

profiles during spaceflight (Rutter et al., n.d.). In order to optimize the integration of data from

this diverse array of spaceflight experiments, it is paramount that variations in data processing

are minimized.

There is presently no consensus on how best to analyze RNA-seq data and the impact of

analysis tool selection on results is an active field of research. Indeed, selections of trimming

parameters (Williams et al., 2016), read aligner (Yang et al., 2015), quantification tool (Teng et

al., 2016), and differential expression detection algorithm (Costa-Silva, Domingues, and Lopes

2017) all affect results. Because of such challenges, groups like ENCODE and MINSEQE have

developed standardized analysis pipelines for better comparison of RNA-seq datasets (ENCODE

Project Consortium et al., 2020; “FGED: MINSEQE” n.d.).

The NASA GeneLab database (https://genelab-data.ndc.nasa.gov/genelab/projects) was

created as a central repository for spaceflight-related omics-data. The repository includes data

from experiments that profile transcription (RNA-seq, microarray), DNA/RNA methylation,

protein expression, metabolite pools, and metagenomes. The most prevalent data type in this

repository is RNA-seq from organisms exposed to spaceflight conditions. As of August 2020, the

NASA GeneLab database has over eighty datasets with RNA-sequencing data (Sup Table S1).

These datasets include Homo sapiens (human), Mus musculus (mouse), Drosophila

melanogaster (fruit fly), Arabidopsis thaliana (model higher plant), Oryzias latipes (Japanese

rice fish), Helix lucorum (land snail), Brassica rapa (Fast Plant®), Eruca vesicaria

(arugula/edible plant), Euprymna scolopes (Hawaiian bobtail squid), Ceratopteris richardii

(aquatic fern), and the bacterium, Bacillus subtilis from experiments performed during true

spaceflight on various orbital platforms such as the Space Shuttle and International Space Station

(ISS), as well as spaceflight-analog studies, such as hindlimb unloading and bed rest studies

(Berrios et al., n.d.).

NASA’s GeneLab and Ames Life Sciences Data Archive (ALSDA) projects have put

forward an ambitious strategy focused on integrating data, metadata, and biospecimens to fully
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utilize the 40+ years of archived NASA Life Sciences data (Scott et al., 2020). One of the first

steps in this effort is the ability to analyze how experimental factors common to multiple datasets

impact molecular signaling. Such meta analysis can only occur if metadata, data, and processed

data are harmonized. As part of this strategy, GeneLab engaged with the scientific community

and held its first Analysis Working Group (AWG) workshop in 2018. Spaceflight researchers

from universities and organizations across the United States and abroad met to begin the creation

of a standardized, consensus data-processing pipeline for one of the most common types of

spaceflight datasets: transcription profiling via RNA-sequencing. Scientists at this workshop met

to discuss the merits of various bioinformatic software tools for processing RNA-sequencing

data, and ultimately agreed on a single pipeline of these tools.

The main driver for developing the consensus pipeline was to present consistently

processed data to the public, therefore making space-relevant multi-omics data more accessible

and reusable. The overall goals were: 1) To get more consistently processed data to the public; 2)

To provide output data from every step of the consensus pipeline so users can download and use

these “intermediate” data; 3) To support easier and more consistent analysis of space-relevant

data by users including those in the NASA AWGs ; and 4) To allow easier cross-analysis of

experiments to identify effects that result from the spaceflight environment, independent of

confounding factors. In addition, many of these data in the GeneLab database have not been

previously analyzed, as their generation was relatively recent. Therefore, providing new and

processed datasets to the public allows biologists and others to more easily interpret these data,

and contributes significantly to our collective knowledge of the effects of spaceflight on

terrestrial organisms.

Here we present the RNA-seq consensus pipeline (RCP) developed by the GeneLab

AWG along with the rationale behind the tool settings and options selected. The RCP includes

three distinct steps: data pre-processing, data processing, and differential gene expression

computation/annotation (Fig 1A]) These steps use tools for quality control (FastQC, MultiQC)

(Andrews and Others 2010; Ewels et al., 2016), read trimming (TrimGalore) (Krueger 2019),

mapping (STAR) (Dobin et al., 2013), quantification (RSEM) (B. Li and Dewey 2011), and

differential gene expression calculation/annotation (DESeq2) (Love, Huber, and Anders 2014)
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(Fig 1B). The RCP has been integrated into the GeneLab database and files produced by the RCP

for each RNA-seq dataset hosted in GeneLab are and will continue to be publicly available for

download.

4.3 Results

4.3.1 Data Pre-processing: Quality Control and Trimming

There are three distinct steps to the RCP, the first of which is data preprocessing (Fig 2A).

The pipeline begins with quality control (QC) of raw FASTQ files from a short-read Illumina

sequencer using the FastQC software (Andrews and Others 2010) (Fig 2B). FastQC is one of the

most widely used QC programs for short-read sequencing data. It provides information which

can be used to assess sample and sequencing quality, including base statistics, per base

sequencing quality, per sequence quality scores, per base sequence content, per base GC content,

per sequence GC content, per base N content, sequence length distributions, sequence

duplication levels, overrepresented sequences and k-mer content.

The FastQC program is run on each individual sample file. However, reviewing the

FastQC results for each sample file can be tedious and time consuming. Experiments typically

have many sample files (biological and/or technical replicates) for multiple experimental

conditions (spaceflight, ground control, etc). For this reason, we also use the MultiQC package

(Ewels et al., 2016) (Fig 2C) to create a summary statistics report that includes the same quality

control result categories from FastQC across all experiment samples.

After performing quality control on the raw FASTQ data, reads are trimmed using

TrimGalore (Krueger 2019) to remove sequencing adapters that would disrupt read mapping

during the data processing pipeline step (Fig 2D). Quality trimming is not performed as this has

been shown to decrease the accuracy of quantification results (Williams et al., 2016). TrimGalore

is a wrapper program that uses the cutadapt program (Martin 2011) for read trimming.

TrimGalore was selected for the RCP due to its simplified command line interface, thorough

output of trimming metrics, and ability to automatically detect adapters. In this step, bases that

are part of a sequencing adapter are removed from each read and reads that become too short will
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subsequently be removed. After trimming, the quality control programs, FastQC and MultiQC,

are again run on the trimmed FASTQ files for viewing the quality control metrics of the reads

that will be used for data processing. Once the data has been preprocessed, the sequenced reads

are ready for mapping and quantification.

4.3.2 Data Processing: Read Mapping and Sample Quantification

In the data processing step (Fig 1; Step 2A), the trimmed reads are first aligned to the

reference genome (Fig 3A) with STAR, a splice-aware aligner (Dobin et al., 2013). STAR must

be run in two steps. The first step is to create indexed genome files (Fig 3B). These files are used

to assist read mapping and only need to be generated once for each reference genome file. This

step requires reference FASTA and GTF files (Sup Table S2). Some datasets include the External

RNA Control Consortium (ERCC) spike-in control - a pool of 96 synthetic RNAs with various

lengths and GC content covering a 220 concentration range (Jiang et al., 2011). If ERCC spike-ins

were included, the spike-in FASTA and GTF files are appended to the reference FASTA and

GTF files, respectively. The second step of STAR mapping is to use the indexed reference

genome and the trimmed reads from the preprocessing step in order to map the reads to the

genome and the transcriptome (Fig 3C). STAR will also produce genome mapped data, which

can optionally be used to find reads that map outside of annotated reference transcripts. STAR

mapping output data are in BAM format, which has a separate entry for each mapped read and

states which transcript each read mapped to. In order to improve the detection and quantification

of splice sites, STAR is run in “two-pass mode”. Here, splice sites are detected in the initial

mapping to the reference and used to build a new reference that includes these splice sites. Reads

are then re-mapped to this dynamically generated reference to improve the quantification of

splice isoforms (Dobin et al., 2013).

The second part of processing is quantifying the number of reads mapped to each

annotated transcript and gene (Fig 1A; Step 2B). For this task, the RCP uses RSEM (B. Li and

Dewey 2011). The main reasons for using RSEM are its ability to account for reads that map to

multiple transcripts and distinguish gene isoforms. In short-read sequencing experiments it is

likely that some number of reads will map to multiple regions in the genome. RSEM computes
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maximum likelihood abundance estimates to split the read count across multiple genes. Similar

to STAR, RSEM is run in two distinct phases. The first phase uses the reference genome and

GTF files (with or without ERCC as appropriate) (Sup Table S2) to prepare indexed genome

files (Fig 4B]) The second phase uses the indexed files and the mapped reads from STAR to

assign counts to each gene (Fig 4C). There are two output files generated for each sample: counts

assigned to genes and counts assigned to isoforms. Gene counts are used to calculate differential

gene expression. Isoform counts are also generated as an option to look at differential isoform

expression, but are not used during differential gene expression calculation in the RCP. Once the

RSEM count files are generated, the data are used to compute differentially expressed genes. A

list of the reference genomes used in the GeneLab pipeline is available in Supplemental Table 2

(Sup Table 2). These reference genomes were the most recent releases at the time each STAR

and RSEM indexed references were created. While it is possible to run STAR mapping through

the RSEM toolkit, we elected not to do this because the alignment parameters used in this case

are from ENCODE's STAR-RSEM pipeline and are not customizable. Thus we would have been

precluded from using the precise mapping parameters agreed to by the GeneLab AWG.

We elected to adopt a mapping-based approach rather than rapidly quantifying the reads

via a k-mer-based counting algorithm, pseudo-aligners, or a quasi-mapping method that utilizes

RNA-seq inference procedures such as Kallisto (Bray et al., 2016) or Salmon (Patro et al., 2017)

despite their speed advantages. This is because alignment-free quantification tools do not

accurately quantify low-abundant and small RNAs especially when biological variation is

present (Wu et al., 2018). Furthermore, alignment of reads allows for additional analyses beyond

transcript and gene quantification such as measurement of gene body coverage and detection of

novel transcripts.

There are several alignment-based mapping tools available and each has advantages and

disadvantages. An alignment tool that is sensitive to splice-isoforms is critical to accurately

identify how expression of splice-isoforms is affected by the spaceflight environment.

DNA-specific aligners such as BWA (H. Li and Durbin 2009) and Bowtie (Langmead et al.,

2009) cannot handle intron-sized gaps and thus an RNA-seq specific aligner is needed (Baruzzo

et al., 2017). In addition to splice-awareness, when selecting an aligner the following criteria
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were also considered: ability to input both single- and paired-end reads, handle strand-specific

data, applicability to a variety of different model organisms with both low- and high-complexity

genomic regions, efficient runtime and memory usage, ability to identify chimeric reads, high

sensitivity, low rate of false discovery, and ability to output both genome and transcriptome

alignments. Several studies have been conducted to compare the wide variety of available

RNA-seq specific alignment tools, and of these, the STAR aligner consistently performs better

than, or on par with the tools tested for the indicated criteria (Baruzzo et al., 2017;

Schaarschmidt et al., 2020; Raplee, Evsikov, and Marín de Evsikova 2019).

4.3.3 Experimental Results: Differential Gene Expression Calculations and Addition of Gene

Annotations

Once reads have been mapped and quantified, differential expression analysis is

performed using the DESeq2 R package (Figs 1, 5A; Step 3). Unlike the previous steps, a custom

R script(Fig 5B) is used to run DESeq2, to create both unnormalized and normalized counts

tables, and to generate a differential gene expression (DGE) output table containing normalized

counts for each sample, DGE results, and gene annotations. The GeneLab DGE R script also

creates computer-readable tables that are used by the GeneLab visualization portal to generate

various plots so users can easily view and begin interpreting the processed data. These scripts are

provided in the NASA GeneLab_Data_Processing Github repository

(https://github.com/nasa/GeneLab_Data_Processing). In the following sections we describe each

step of these sections in order.

The GeneLab DGE R script requires three inputs: the quantified counts data from the

previous (RSEM) step, sample metadata from the Investigation, Study, and Assay (ISA) tables in

the ISA.zip file (provided in the GeneLab repository with each dataset) (Sansone et al., 2012;

Rocca-Serra et al., 2010), and the organisms.csv file (Sup Table 3), which is used to specify the

organism used in the study and relevant gene annotations to load. Since samples from some

GeneLab RNA-seq datasets contain ERCC spike-in and others do not, there are two versions of

the GeneLab DGE R script, one for datasets with ERCC spike-in and one for those without. Prior

to running either script, paths to directories containing the input data and the output data location
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must be defined. Each script starts by defining the organism used in the study, which should be

consistent with the name in the organisms.csv file so that it matches the abbreviations used in the

PANTHER database (Mi, Muruganujan, and Thomas 2013; Thomas 2003) for each organism.

Next, the metadata from the ISA.zip file are imported and formatted for use with the DESeq2

package. During metadata formatting, groups for comparison are defined based on experimental

factors and a sample table is created to specify the group to which each sample belongs. Next, a

contrasts matrix is generated, which specifies the groups that will be compared during DGE

analysis; each group is compared with every other group in a pairwise manner in both directions

(i.e. spaceflight vs. ground and ground vs. spaceflight). This approach provides the user with the

results for all possible group comparisons, allowing each user to select the most relevant

comparisons for their particular scientific questions. After metadata formatting, the RSEM gene

count data files from each sample are listed and re-ordered (to match the order the samples

appear in the metadata), then imported with the R package, tximport (Soneson, Love, and

Robinson, n.d.), and sample names are assigned. Prior to running DESeq2, a value of 1 is added

to genes with lengths of zero, which is necessary to make a DESeqDataSet object. A

DESeqDataSet object is then created using the formatted metadata and the count data that was

imported with tximport.

For datasets that contain samples with ERCC spike-in, we use the

GeneLab_DGE_wERCC.R script. To reduce the possibility of skewing the data during DESeq2

normalization (McIntyre et al., 2011; Risso et al., 2011; Conesa et al., 2016; Law et al., 2016), all

genes that have a sum of less than 10 counts across all samples are removed. The cutoff value of

10 is a best-practice recommended by the DESeq2 tutorial on Bioconductor. These filtered data

are then prepared for normalization and DGE analysis with DESeq2. Since there is no consensus

for whether or not ERCC-normalization improves the accuracy of the results (Risso et al., 2014),

the GeneLab project and its AWG members decided to perform the DGE analysis both with and

without ERCC-normalization (for datasets with samples containing ERCC spike-in).

To enable DESeq2 analysis with and without considering ERCC reads, the

DESeqDataSet object is used to create a DESeqDataSet object containing only ERCC reads.

Since all samples must contain ERCC spike-in for ERCC-normalization, the DESeqDataSet

107

https://paperpile.com/c/4OTWtP/SfsGV+BKC4c
https://paperpile.com/c/4OTWtP/OiFx
https://paperpile.com/c/4OTWtP/OiFx
https://paperpile.com/c/4OTWtP/u5ZvG+wU1Ux+n5MVX+YFntj
https://paperpile.com/c/4OTWtP/x0a8B


object containing only ERCC reads is used to identify and remove any samples that do not

contain ERCC reads. Next, a DESeqDataSet object containing only non-ERCC reads is created

by removing rows containing ERCC reads. These data are then used for DESeq2 analysis.

For DESeq2 analysis with ERCC-normalization, the size factor object of the non-ERCC

data is replaced with ERCC size factors for re-scaling in the first DESeq2 step. For DESeq2

analysis without ERCC-normalization, the DESeq2 default algorithm is applied to the

DESeqDataSet object containing only non-ERCC reads. The unnormalized and

DESeq2-normalized counts data as well as the sample table are then outputted as CSV files. The

‘Unnormalized_Counts.csv’, ‘Normalized_Counts.csv’, and ‘ERCC_Normalized_Counts.csv’

files for each RNA-seq dataset are available in the GeneLab Data Repository; the

‘SampleTable.csv’ file is used internally for verifying and validating the processed data prior to

publication.

There are two types of hypothesis tests that can be run with DESeq2, the likelihood ratio

test (LRT), which is similar to an analysis of variance (ANOVA) calculation in linear regression

and allows for comparison across all groups, and the Wald test, in which the estimated standard

error of a log2 fold change is used to compare differences between two groups. The DGE step of

the RCP performs both of these analyses. After normalization, the DESeq2 likelihood ratio test

design is applied to the normalized data (both ERCC- and nonERCC-normalized data) to

generate the F statistic p-value, which is similar to an ANOVA p-value and reveals genes that are

changed in any number of combinations of all factors defined in the experiment.

To prepare for building a gene/pathway annotation database, the STRINGdb (Szklarczyk

et al., 2019) and PANTHER.db (Thomas 2003) libraries are loaded and the organisms.csv file is

read and used to indicate the Bioconductor AnnotationData Package needed (Huber et al., 2015;

Gentleman et al., 2004). The current gene annotation database for the organism specified at the

beginning of the R script is then loaded.

Next, DGE tables containing normalized counts for each sample, pairwise DGE results,

and current gene annotations as well as computer-readable DGE tables (that will be used for

visualization) are created first with nonERCC-normalized data and then with ERCC-normalized

data. For pairwise DGE analysis, first normalized count data are used to create two output tables,
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one that is used to create the human-readable DGE output table provided to users with processed

data for each dataset, and the respective computer-readable DGE output table that contains

additional columns and is used to visualize the data. Next, normalized count data are iterated

through Wald Tests to generate pairwise comparisons of all groups based on the contrasts matrix

that was generated during metadata formatting. The pairwise DGE analysis results are then

added as columns to both DGE output tables.

Then an annotation database is built by first defining the “keytype”, which indicates the

primary type of annotation used (for most GeneLab datasets this is ENSEMBL). The keytype is

then used to map to annotations in the organism-specific Bioconductor AnnotationData Package,

and the following annotation columns are added to the annotation database: SYMBOL,

GENENAME, ENSEMBL (if not the primary), REFSEQ, and ENTREZID. STRING and

GOSLIM annotation columns are also added to the annotation database using the STRINGdb

and PANTHER.db R packages, respectively. All of the aforementioned annotation columns are

added to the annotation database to enable users to perform downstream analyses without having

to map gene IDs themselves. Once the annotation database is complete, additional calculations

are performed on the normalized count data before assembling the final DGE output tables.

Means and standard deviations of normalized count data for each gene across all samples,

and for samples within each respective group, are calculated and added as columns to the DGE

output tables. A column containing the F statistic p-value, calculated previously, is also added to

the DGE output tables. The following columns are added only to the computer-readable DGE

output table (used for visualization): a column to indicate whether each gene (or pathway) is up-

or down-regulated for each pairwise comparison, a column to indicate genes that are

differentially expressed using a p-value cutoff of ≤0.1 and another column using a p-value cutoff

of ≤0.05, a column indicating the log2 of the p-value for each pairwise comparison and another

column indicating the log2 of the adjusted p-value, both of which are used to create Volcano

plots. After all columns are added to the DGE tables, both the human- and computer-readable

DGE tables are combined with the current annotation database to create the complete human-

and computer-readable DGE tables. Principal component analysis (PCA) is also performed on

the normalized count data and used to create PCA plots for the GeneLab data visualization
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portal. DGE analysis of datasets without ERCC spike-in is performed exactly the same way as

the nonERCC-normalized approach described above, except that no ERCC reads have to be

removed from the DESeqDataSet object prior to DESeq analysis.

Both the GeneLab_DGE_wERCC.R and the GeneLab_DGE_noERCC.R scripts produce

the following output files: Unnormalized_Counts.csv (*), Normalized_Counts.csv (*),

SampleTable.csv (#), contrasts.csv (*), differential_expression.csv (*),

visualization_output_table.csv (**), visualization_PCA_table.csv (**) (Fig 5B). The

GeneLab_DGE_wERCC.R script will also produce the following additional output files:

ERCC_rawCounts_unfiltered.csv (#), ERCC_rawCounts_filtered.csv (#),

ERCCnorm_contrasts.csv (*), ERCC_Normalized_Counts.csv (*),

ERCCnorm_differential_expression.csv (*), visualization_output_table_ERCCnorm.csv (**),

visualization_PCA_table_ERCCnorm.csv (**) (Fig 5B).

4.4 Discussion

The differentially expressed genes calculated by the RCP can be further explored with a

variety of tools designed for higher-order analysis. For example, there are tools which can look

for enriched pathways, gene ontology terms, or protein and/or metabolite networks. Popular

software tools among the GeneLab working group members include WebGestalt (Liao et al.,

2019), STRING (Szklarczyk et al., 2019), GSEA (Subramanian et al., 2005), PIANO (Väremo,

Nielsen, and Nookaew 2013), Reactome (Szklarczyk et al. 2019), and ToppFun (Chen et al.

2009). There is no universal consensus on which tools are the most useful for higher-order

analysis (Nguyen et al., 2019). RCP users are encouraged to try multiple tools in order to analyze

their data from a variety of perspectives.

The RCP has been designed to handle sequencing experiments that either lack or include

the ERCC RNA spike-in mix - a set of 96 polyadenylated RNAs that can be used during

differential gene expression calculation to normalize read counts across samples (Munro et al.,

2014). However, the use of normalization according to ERCC spike-ins remains controversial

among AWG members, and Munro et al., suggested its usage only for determining limit of

110

https://paperpile.com/c/4OTWtP/j31Y
https://paperpile.com/c/4OTWtP/j31Y
https://paperpile.com/c/4OTWtP/OnB6L
https://paperpile.com/c/4OTWtP/1TEFm
https://paperpile.com/c/4OTWtP/YOsJJ
https://paperpile.com/c/4OTWtP/YOsJJ
https://paperpile.com/c/4OTWtP/OnB6L
https://paperpile.com/c/4OTWtP/yzBCa
https://paperpile.com/c/4OTWtP/yzBCa
https://paperpile.com/c/4OTWtP/UfYFz
https://paperpile.com/c/4OTWtP/hSDsE
https://paperpile.com/c/4OTWtP/hSDsE


detection of ratio (LODR), expression ratio variability and measurement bias (Munro et al.,

2014). For this reason, ERCC normalization remains optional in the GeneLab pipeline and both

kinds of DGE outputs are provided in the GeneLab database.

A high number of biological replicates can increase certainty in the differentially

expressed genes determined by the RCP. However conducting experiments in spaceflight often

limits the number of biological replicates that a researcher can include. Therefore it is important

to note that at least three biological replicates are required for the pipeline, specifically for

DESeq2, to perform its statistical methods. However, at least six replicates are suggested in order

to minimize the false discovery rate (FDR) (Schurch et al., 2016). Finally, RNA-seq datasets

hosted on GeneLab that do not contain biological replicates are only processed up until

unnormalized (raw) counts are obtained, the step right before DESeq2 is used for DGE

calculation.

More advanced RCP users might have additional data inquiries that fall beyond the scope

of this pipeline. For this reason, there are two parts of the pipeline that include additional output

that are not used in our differential gene expression computation. The first is in the output from

STAR, mapping output is also provided in genomic coordinates. This is useful for obtaining

reads that are mapped outside of the reference transcriptome. For example, this may be used to

find novel genes, transcripts, or exons that have not yet been annotated by consortiums. The

second part of the pipeline with alternative output files is RSEM. This also provides

transcript-level counts which can be used to investigate differential isoform expression.

Moreover, intermediate files are provided as outputs to allow users to use components of the

pipeline that they find useful.

The GeneLab database also includes other types of transcriptomic data. As discussed in

this article, the RCP is not used for microarray data which are fundamentally different, and the

AWG is still debating the best approach for cross-dataset comparisons between microarrays.

GeneLab also accepts data from long read experiments, such as those produced by Pacific

Biosciences’ (PacBio) single-molecule real-time (SMRT) sequencing (R. J. Roberts, Carneiro,

and Schatz 2013) and Oxford Nanopore Technologies’ (ONT) nanopore sequencing (Jain et al.,

2016). Long-read data would be processed with similar steps to the RCP, but will require tools
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specifically designed for the intricacies of long-read data, such as reads that contain multiple

splice junctions and reads which currently have a higher base-calling error-rate. Currently,

long-reads are typically used for DNA sequencing and were recently highlighted on board of the

ISS using ONT for de novo assembly of the E. coli genome from raw reads (Castro-Wallace et

al., 2017). However, even though throughput and accuracy remain far inferior to short-reads,

long-reads offer some advantages for RNAseq as well, with less ambiguity for genes and

isoforms detection, much faster mapping, potential identification of genes not yet known from

reference genomes and eventually less bias in DGE.

To conclude, the RCP is specifically designed for RNA-seq data from short-read

sequencers and has been developed in order to encourage and facilitate analysis of spaceflight

multi-omic data. The creation of the RCP by a large community of scientists (GeneLab AWG:

https://genelab.nasa.gov/awg) and the sharing of pipeline details in a peer-reviewed article

provide analysis transparency and enable data reproducibility.

4.5 Methods

The tools used in the consensus pipeline are documented in Supplemental Table 4:

Pipeline Tools and Links (Sup Table 4). Due to NASA security requirements, all software is

updated monthly with security patching. Therefore, tool versions used to process each RNA-seq

dataset hosted on the GeneLab Data Repository are provided in the RNA-seq protocol section.

Specific commands, options, and flags for each tool used in the RCP are reported in the figures

of the main text. Note that some packages listed here are dependencies of the packages used in

the RCP. More information about such dependencies can be found in the tool documentation.

This pipeline has been run on short-read RNA-seq data in the GeneLab database
(https://genelab-data.ndc.nasa.gov/genelab/projects) and is applied to new submissions to the
database. Any updates to the software used in the pipeline will be noted in the Github repository
GeneLab_Data_Processing (https://github.com/nasa/GeneLab_Data_Processing).
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4.6 Figures

Figure 1
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Figure 1: GeneLab RNA-seq Consensus Pipeline (RCP). (A) The three broad steps of the
RCP. The RCP handles: 1) Data preprocessing to trim sequencing adapters and to provide quality
control metrics; 2) Data processing to map reads to the reference genome and quantify the
number of read counts per gene; and 3) Differential gene expression calculation, which will
provide a list of differentially expressed genes that can be sorted by adjusted p-value and log
fold-change. (B) The full RCP annotated with tools, input files, and output files.

Figure 2
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Figure 2: Data preprocessing (pipeline step 1): Quality control and trimming. (A) Data
Preprocessing pipeline. FastQ files from Illumina base-calling software are quality checked using
FastQC and MultiQC. Data is then trimmed using TrimGalore and are re-checked for quality; (B)
Flags used for FastQC program; (C) Flags used for MultiQC program; (D) Flags used for
TrimGalore program; trimmed reads (*fastq.gz) are then used as input data for FastQC (B)
followed by MultiQC (C) to generate trimmed read quality metrics. Tool versions used to
process each dataset are included in the RNA-seq processing protocol in the GLDS Repository.

Figure 3
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Figure 3: Data processing (pipeline step 2A): Read mapping. (A) Data processing pipeline.
Trimmed reads are mapped to their reference genome and transcriptome with STAR. Gene
counts are then quantified with RSEM; (B) Flags used for generating the indexed STAR
reference files; (C) Flags used for mapping reads with STAR. Tool versions used to process each
dataset are included in the RNA-seq processing protocol in the GLDS Repository.

Figure 4
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Figure 4: Data processing (pipeline step 2B): Gene quantification. (A) Data processing
pipeline. Mapping results from STAR are quantified by RSEM; (B) Parameters for RSEM
indexed reference files generation; (C) Parameters for quantifying gene and isoform counts with
RSEM. Tool versions used to process each dataset are included in the RNA-seq processing
protocol in the GLDS Repository.

Figure 5
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Figure 5: Differential gene expression calculation (pipeline step 3). (A) Data processing
pipeline. The R program DESeq2 is run in order to determine which genes are differentially
expressed between experimental conditions using gene count files from RSEM. (B) Output files
generated. The table columns distinguish which script produces each output. The columns
distinguish how those output files are used.

4.7 Supplemental Tables and Scripts

Supplemental Tables S1-S4 and Supplemental Scripts S1-2 are in Appendix A: Chapter 4
Supplemental Tables and Scripts

4.8 Author Contributions

All authors developed the initial analysis scheme at the 2018 GeneLab AWG workshop. EGO,

ZZ, KSR, HF, WAdS, RB and JMG refined this into a draft pipeline. EGO and AMSB wrote and
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validated the final processing scripts. EGO and AMSB wrote the original manuscript draft and

generated figures. All authors reviewed and edited the final draft.
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Chapter 5: Epitranscriptomic Landscape of Naive and Primed Pluripotent
Stem Cells

5.1 Abstract

Compared to DNA and protein modifications, the role and function of RNA
modifications is understudied and poorly understood. Methods of profiling multiple RNA
modifications in parallel is necessary to scale studies of RNA modifications. To address this, we
have used direct-RNA sequencing with the Oxford Nanopore MinION to create universal
modification maps of three distinct states of pluripotency (5i/L/A, 2i/L/I/F, mTeSR) in human
embryonic stem cells. Over 1900 genes were modified in each state and these modified genes
were enriched for known functions of individual modifications, allowing us to create a universal
modification map. Additionally, enriched modified 5-mer sequences were identified across all
three states and showed variation between states. Many of these 5-mers were associated with
RNA binding proteins, particularly EIF4B which is known to associate with the motif for the
m6A modification. Of special interest is the landscape of the m6A modification, the role of which
has had conflicting results in pluripotent stem cells. We found unique modified genes between
the different pluripotent states, which offers an explanation to previous conflicting results.

5.2 Introduction

Over 170 RNA modifications have been detected (Boccaletto et al., 2018), yet the
epitranscriptomic landscape and its role in human health and disease remains largely unknown.
To date, RNA modifications have connections to cancer (Lin et al. 2016; Jun Liu et al., 2018; Ma
et al., 2017), infertility (Zheng et al., 2013; Ivanova et al., 2017; Hsu et al., 2017), obesity
(Church et al., 2010; Jia et al., 2011), among many other diseases (Jonkhout et al., 2017) In order
to further our understanding of the epitranscriptome landscape and its impact on disease, the
molecular effects of RNA modifications need to be further characterized.

The most common epitranscriptomic modifications identified in humans are m6A, m1A,
m5C, hm5C, 8-oxoG, and pseudouridine (Ψ) (Roundtree et al., 2017). These modifications are
reversible and have specific proteins related to dynamic writing and erasing of RNA
modifications (F. Liu et al., 2016; Jia et al., 2011; Jianzhao Liu et al., 2014). Moreover, these
modifications are linked to changes in translation efficiency (Dominissini et al., 2016; X. Li et
al., 2017; Simms et al., 2014), RNA degradation (Karijolich and Yu 2011; Lee et al., 2020),
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stability (X. Zhang et al., 2012), structure (Tanzer, Hofacker, and Lorenz 2019), and splicing
(Zhou et al., 2019).

Of particular interest is the influence of m6A on cell fate determination and pluripotency.
Previous studies in stem cells have linked m6A to differentiation potential, yet have presented
contradictory results. Two studies have concluded that m6A is necessary for transcriptome
turnover and elimination of this modification will inhibit differentiation out of the pluripotent
state (Batista et al., 2014; Geula et al., 2015). In another set of studies it was found that inhibiting
the deposition of m6A led to decreased self-renewal and triggered differentiation (Wen et al.,
2018; Wu et al., 2019; Aguilo et al., 2015). One hypothesis that has been put forward is that
differences in the state of pluripotency may be responsible for the contradictions in
differentiation potential (M. Zhang et al., 2020).

Pluripotency can be defined by two distinct states: naive and primed (Nichols and Smith
2009). The naive state is an earlier developmental state and corresponds to the pre-implantation
embryo in vivo. In contrast, the primed state occurs when stem cells are ready for
lineage-specific differentiation and correspond to the post-implantation embryo. Pluripotent stem
cells exist in these states along a pluripotency spectrum depending on their growth conditions
(Sperber et al., 2015). One of the earliest growth conditions is the 5i/L/A state, which contains a
mixture of five kinase inhibitors + leukemia inhibitory factor + Activin A (Theunissen et al.,
2014). On the other end of the spectrum is the mTeSR growth condition, which is the end stage
of primed pluripotency (Ludwig and Thomson 2007). Located between these two states is the
2i/L/I/F growth condition, which contains two inhibitors + leukemia inhibitory factor +
insulin-like growth factor + fibroblast growth factor and represent a state of late naive
pluripotency (Ware et al., 2014). It has been well documented that different pluripotent states
have unique transcriptional and epigenetic profiles (Battle et al., 2019; Sperber et al., 2015).

Previous studies characterizing RNA modifications in stem cells used
immunoprecipitation assays. Batista et al., used m6A RNA immunoprecipitation sequencing
(RIP-seq), which fragments RNA fragments, uses an antibody to select for fragments with the
m6A modification, and peak calling to find modified regions (Batista et al., 2014). In contrast,
Molinie et al., have used m6A-level and isoform-characterization sequencing (m6A-LAIC),
which is similar to m6A RIP-seq, but skips the fragmentation step, allowing for the detection of
ratios of modified-to-unmodified transcripts of a single gene (Molinie et al., 2016). The
drawback of these methods is that the technical skill required, along with the cost of reagents to
perform the immunoprecipitation step.

Nanopore sequencing has been put forth as an alternative method for detecting RNA
modifications. In nanopore sequencing, poly(A) RNA is passed through a small pore
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simultaneous to an electrical current (Jain et al., 2016). The fluctuations in electrical current can
be analyzed using deep learning in order to basecall the poly(A) RNA molecule (Garalde et al.,
2018). Recently, it has been demonstrated that these current fluctuations are sensitive enough to
detect base modifications. The software tool ‘epitranscriptional landscape inferring from glitches
of ONT signals’ (ELIGOS) is capable of predicting the location of RNA modifications using
basecalling errors, where the sequenced base differs from the reference genome (Jenjaroenpun et
al., 2021). The accuracy of ELIGOS is variable based on the modification being detected. The
m6A modification in the context of the DRACH motif (AGT/AG/A/C/ACT) demonstrated a
ROC (receiver operating characteristic) value of 0.973, achieving high prediction performance.

Alternate calculation methods using basecalling error rates have been published for viral
RNA (Price et al., 2020; Smith et al., 2019), Arabidopsis thaliana (Parker et al., 2020),
Saccharomyces cerevisiae (Garalde et al. 2018), and a human B-lymphocyte cell line (Workman
et al., 2019). We present below the first study to use direct-RNA nanopore sequencing to derive
novel findings about the epitranscriptome of stem cells. Here, we demonstrate that the results
from previous, distinct studies of different RNA modifications are present within our single
epitranscriptomic landscape, that our modification sites are enriched for RNA binding protein
motifs, and we have created a catalog of changes in the m6A landscape through different phases
of pluripotency.

5.3 Results

5.3.1 Developmental States and their Epitranscriptomic Modification Landscape

Human embryonic stem cells (hESCs) from two cell lines, Elf1 and WIBR3, were grown
in three distinct media conditions, 5i/L/A, 2i/L/I/F, and mTeSR (Figure 1A). Transcript per
million (TPM) values for gene expression were correlated between cell lines grown in the same
media condition, having a Pearson correlation of 0.93 or higher (Figure 1B). Principal
component analysis of the top 500 most variable genes clusters samples by media condition
(Figure 1C). Similarly, a heatmap quantifying samples by Euclidean distance also clusters
samples by media condition, with 5i/L/A samples having the largest distance from the other
media conditions.

While biological replicates are highly correlated with one another, they are not as high as
correlations we expect from sequencers with high base-calling accuracy. This is due, in part, to
the effect that RNA modifications cause on the recorded current signal during sequencing as
current ONT basecaller does not have the capacity to detect RNA modifications. The tool
ELIGOS was used to detect current aberrations that are caused by RNA modifications, which
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uses the error rate during alignment to make these predictions. An unmodified stretch of RNA
will follow the typical standard model closely, only occasionally producing noisy aberrations
(Fig 2A). Compare this to modified 5-mer predictions, which have observably noisier signal
patterns (Fig 2B).

In particular, we notice modified 5-mers on transcribed genes responsible for
pluripotency maintenance (Fig 2B). There are (216, 144, 263) predicted modifications on
DNMT3B, (145, 18, 127) on NANOG, and (81, 0, 265) on SOX2 in the (5i/L/A, 2i/L/I/F, mTeSR)
states respectively. In total, modifications were detected on (1930, 2168, 2727) genes in the
(5i/L/A, 2i/L/I/F, mTeSR) states respectively. We then used the genes from PluriNet (Müller et
al., 2008), a set of 299 genes linked to pluripotency, to broaden our search for modifications on
stem cell specific genes. We find that modifications are present on nearly half (49.5%) of the
genes during at least one of our pluripotency stages (Fig 2C). In Fig 2C, the log2-transformed
modification count for each gene in the PluriNet gene set is displayed (Fig 2C rows), along with
the average number of modifications across all expressed genes, including genes outside the
PluriNet set. PluriNet genes with no detectable expression in our data are shaded gray. 104
(34.8%) of PluriNet genes have gene expression across all three states, yet have no predicted
modifications. This is lower than the proportion of all genes, including genes outside the
PluriNet set, that are expressed in all three states and have no modifications in any state, 48.0%.
From comparing the distribution of modification counts between PluriNet and non-PluriNet
genes, we observe that pluripotency related genes show greater enrichment for RNA
modifications than the set of all expressed genes (Fig 2D).

Locationally, modifications are distributed near 5’UTR and 3’UTR boundaries with the
coding sequence, with a smaller number of modifications located within the coding sequence
(Fig 2E). To determine similarities in the modification landscape between developmental states,
the number of modifications per gene in each state was summarized into a matrix where each
row represents a gene and each column represents a biological replicate (Elf1 or WIBR3). The
matrix was filtered for genes expressed in all three developmental states to eliminate
modifications only present due to gene expression differences. The rows with the top 200
variance were selected and PCA was performed on the log2 transform of this matrix (Fig 2F).
Samples form clusters that are linearly separable from one another, indicating a unique gene
modification landscape for each state. The modification landscape of 5i/L/A state samples were
more tightly clustered and distant from the 2i/L/I/F and mTeSR states, indicating a more unique
modification landscape than that between the 2i/L/I/F and mTeSR states.

5.3.2 Biological and Functional Predictions of Highly Modified Transcripts
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Of notice for each developmental state, there is a set of highly modified genes. Most
genes had an average of 1-2 modifications per 100 bases, however, each state had a pool of genes
with between 5-40 modifications per 100 bases (Fig 3A). The top 10% of highly modified genes
were identified and compared between each developmental state (Fig 3B). Most highly modified
genes were shared between all three developmental states. Enriched functions of all highly
modified genes were determined using overrepresentation analysis in WebGestalt (Liao et al.,
2019) to find enriched gene ontology (GO) terms and Reactome pathways. Among enriched GO
biological process categories are “cell cycle” (FDR=2.0x10-4), “regulation of cell cycle G1/S
phase transition” (FDR=5.2x10-3), “positive regulation of nucleic acid-templated transcription”
(FDR=4.2x10-4), “negative regulation of nucleic acid-templated transcription” (FDR=2.5x10-2),
and “positive regulation of developmental process” (FDR=3.9x10-3). The GO molecular function
categories are composed almost entirely of various binding functions, including “RNA binding”
(FDR=2.5x10-12), “transcription factor binding” (FDR=1.0x10-4), and “double stranded DNA
binding” (FDR=1.6x10-4). The Reactome pathways that are enriched include “G2/M Transition”
(FDR=3.3x10-2), “PCP/CE Pathway” (FDR=8.5x10-3), “Translation” (FDR=1.7x10-3), and
“Metabolism of RNA” (FDR=1.3x10-4) (Fig 3C).

There were also small sets of genes unique to each developmental state. Within these
sets, PluriNet genes were identified. The 5iLA-unique set had one gene from the PluriNet set,
TRIM28, which acts as an epigenetic corepressor during stem cell reprogramming (Klimczak et
al., 2017). Similarly, the 2iLIF-unique set had a sole gene, GADD45A, which promotes DNA
demethylation (Schüle et al., 2019). The mTeSR-unique set had the seven genes CDT1, HMGA1,
MYC, NANOG, PMAIP1, PNN, and RASL11B and the intersection of all three states had the three
genes COPS6, NOP56, and POP7. The full sets of genes for each state were input into
GeneWalk (Ietswaart et al., 2021) to determine significant functions of these genes by assigning
them enriched GO terms. For 5i/LA state, TRIM28 is related to binding functions, as well as the
RAS signaling pathway (Fig 3D). GADD45A from the 2i/L/I/F-unique set performs various
regulatory activities related to cell migration, mechanical stimulus, and cell cycle arrest (Fig 3E).
From the set of mTeSR-unique genes, NANOG is known for its role as a core transcriptional
regulator in pluripotency (Pan and Thomson 2007; Heurtier et al., 2019; Loh et al., 2006).
Genewalk found that NANOG is involved in various DNA binding functions in addition to its
known function in stem cell and pluripotency maintenance (Fig 3F).

5.3.3 Common Motifs and Associated RNA Binding Proteins

RNA transcripts are known to interact with RNA binding proteins, some of which have
been associated with specific sequence motifs. While some RNA modifications have been linked
to specific protein interactions, the role of RNA modifications in protein interactions is largely

135

https://paperpile.com/c/KiQ81C/6PcS
https://paperpile.com/c/KiQ81C/6PcS
https://paperpile.com/c/KiQ81C/BFam
https://paperpile.com/c/KiQ81C/BFam
https://paperpile.com/c/KiQ81C/ezDw
https://paperpile.com/c/KiQ81C/1t5U
https://paperpile.com/c/KiQ81C/nxoo+6cu9+sU68


unknown. To investigate whether there were differences in motifs across developmental states,
fold-changes and p-values were calculated for 5-mer frequencies identified by ELIGOS
compared to the background frequency of 5-mers in from all sequenced reads. Fold-change
values and are plotted in Fig 4A, and enriched 5-mers (p-values < 0.001) are indicated in color.
Homopolymer sequences of 3-bases or longer were removed prior to calculations, reducing the
set of unique 5-mers from 1024 to 864. A matrix of fold-change values for each developmental
state was generated for PCA. The 5-mers with the top 200 variance scores were used for analysis
(Fig 4B). Samples are not tightly clustered by developmental state, but they do trend in different
directions, indicating unique shifts in modification enrichment among the different states.

Enriched 5-mers were compared for similarity across developmental states (Fig 4C). The
enriched 5-mer counts are (279, 279, 272) for the (5i/L/A, 2iL/I/F, mTeSR) states respectively.
202 5-mers are shared across all three states, which covers the majority of 5-mers. However,
each state did have smaller sets of unique 5-mers, which explain what drives the subtle
differences observed in PCA. Enriched 5-mers were searched for RNA-binding motifs using the
database the RNA-binding Proteins Database (RBPBDB) (Cook et al., 2011) and the motifs
listed in the supplement of Van Nostrand et al. (Van Nostrand et al., 2020). 107 k-mers with
associated RNA binding motifs were identified and their fold-change values for each state were
summarized in a heatmap (Fig 4D), where grey boxes indicate the associated k-mer was not
enriched in that particular developmental state. Of note, three 5-mers matching the DRACH
motif, which is associated with the m6A modification, were enriched across all three
developmental states. The mTeSR state in particular had the most enrichment of the DRACH
motif across all three 5-mers. Corresponding to the 107 enriched k-mers are 38 RNA binding
proteins. The EIF4B protein was related to the three DRACH motifs. The protein HNRNPA0 is
associated with the enriched 5-mers CTAGG and TTAGG, particularly in the 2i/L/I/F state. The
RBM4 protein has two associated 5-mers that are enriched, CGCGA in the 2iL/I/F state and
ACGCG in the 5i/L/A state. The EIF4B, HNRNPA0, and RBM4 proteins are the only RNA
binding proteins associated with enriched 5-mers that have a fold-change score greater than 3.
These 3 proteins all have expression detected in the RNA-seq data across all three states (Fig
4E). The EIF4B gene is highly expressed across all three states, with the highest expression in
the mTeSR state. HNRNPA0 is highly expressed across all three states, particularly in the 2i/L/I/F
and mTeSR states. RBM4 has moderate expression across all states. Overall, expression was
detected for 26 of the 38 RNA binding proteins.

A variety of proteins related to writing, reading, and erasing proteins have been
previously identified (Nie et al., 2020). Each cell state shows expression of at least one writer,
reader, or eraser protein (Fig 4F). Proteins for writing, reading, and erasing the m6A modification
was detected in each cell state. The proteins with the highest gene expression are HNRNPA2B1
and HNRNPC, which are known m6A reader proteins. A single writer protein for m1A was
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detected across all three states, TRMT61B, which the other known writer proteins had no
expression (TRMT61B, SUN3). Expression of the m6A reader proteins YTHDC1 and YTHDC2
also had no expression, though five other reader proteins associated with this modification were
expressed.

5.3.4 DRACH Motifs and the m6A Modification

The m6A modification has been previously characterized in the mTeSR developmental
state in the human embryonic stem cell line H1 using m6A RIP-seq and m6A-LAIC (Batista et
al., 2014; Molinie et al., 2016). Collectively, the m6A RIP-seq and m6A-LAIC data cover 11,039
out of 55,765 genes (19.8%) in the hg19 GENCODE annotation of the human genome. This
breaks down into 2814 genes detected by m6A RIP-seq, 3045 genes detected in m6A-LAIC and
5180 genes detected in both assays (Fig 5A). All m6A RIP-seq peaks and m6A-LAIC peaks with
detection on transcripts 25% of transcripts were used for analysis. To compare our ability to
detect previously identified m6A modifications, we sequenced H1 cells grown in the mTeSR state
using direct-RNA nanopore sequencing and ran ELIGOS to detect modified DRACH motifs.
Our detected H1 expression clustered with mTeSR data from Elf1 and WIBR3 cells (Sup Fig
S1). We detected a total of 795 DRACH modified genes with enriched representation of
previously identified m6A modified genes. 528 (66.4%) of these genes were previously identified
by either m6A RIP-seq or m6A-LAIC. Specifically, 258 genes were uniquely identified by m6A
RIP-seq, 42 by m6A-LAIC and 228 by both assays. The positions of these modifications are
distributed around the end of the coding sequence and the beginning of the 3’ UTR (Fig 5B).
Overrepresentation analysis of GO biological process and molecular function categories was
performed on the novel genes and in the genes previously identified m6A RIP-seq + m6A-LAIC
to compare the functions of these distinct gene sets. Multiple similarities in gene processes and
functions were identified, and included “RNA binding”, “structural molecule activity”, and
“cellular protein localization” (Fig 5C).

Modified DRACH motifs were identified in the 5i/L/A, 2i/L/I/F, and mTeSR states for
Elf1 and WIBR3 cell lines. Similar to the H1 data, these modifications were distributed around
the end of the coding sequence and the beginning of the 3’ UTR (Fig 5D). The different
developmental states have (785, 871, 1012) genes with these motifs in the (5i/L/A, 2i/L/I/F,
mTeSR) states respectively. To identify genes that are modified in one cell state but absent in the
others, m6A-modified genes were filtered for genes with detected expression in all three states.
549 of these genes have m6A modifications across all three developmental states (Fig 5E). There
are (82, 72, 177) state-specific genes that are m6A-modified in the (5i/L/A, 2i/L/I/F, mTeSR)
states respectively (Fig 5E) despite having expression across all three states (Fig 5F). GO
overrepresentation analysis was performed on these distinct gene sets to identify enriched
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biological processes. There were no GO sets with an FDR < 0.05 in the 5i/L/A and 2i/L/I/F
states, however, there were GO sets with high enrichment ratios. The GO sets with the 10 lowest
FDR values for each state are displayed in Fig 5G. The GO categories were primarily unique
among the different cell states, with a few exceptions. The categories “amide biosynthetic
process”, “peptide biosynthetic process”, and “translation” were shared between the 5i/L/A and
mTeSR states. All states also had enriched functions related to various mitochondrial functions.

5.4 Discussion

Characterization and annotation of the epitranscriptome is still in its infancy. In this
study, we have demonstrated that a direct-RNA nanopore sequencing is a potential method for
accelerating our understanding of epitranscriptomics. In a single experiment, we were able to
determine precise locations of candidate modification sites that are not constrained to any
specific modification.

We observed that the locational distribution of RNA modifications is consistent with
previous observations. Specifically, the m6A modification is heavily distributed towards the
3’UTR with more moderate representation throughout the rest of the sequence (Mao et al.,
2019). Additionally, there is a spike around the 5’UTR in the global modification distribution
that is not as prominent in the DRACH distribution, which can be explained by the typical
binding sites for m1A and m5C (X. Li et al., 2016; Squires et al., 2012). Modifications in the
coding sequence that do not correspond to the DRACH motif could be explained by the hm5C or
Ψ modifications, which as been associated with exonic regions and splice sites respectively
(Delatte et al., 2016; Chen et al., 2010).

We determined that the modification landscape of individual genes varies based on
developmental state and is significant enough to drive differences in cell clustering (Fig 2E).
This is consistent with previous studies that have used immunoprecipitation methods to compare
the m6A profiles between different cell and tissue types. Zhang et al. have demonstrated that
different human tissues including the brain, liver, lung, spleen, heart, muscle, testis, and kidneys
have distinct m6A profiles (H. Zhang et al., 2020). The m6A modification has also been shown to
be necessary for various differentiation processes. Mice T cells that are deficient for METTL3,
the protein responsible for writing m6A modifications, have their homeostasis patterns disrupted
and undergo proliferation (H.-B. Li et al., 2017). Conversely, in order for human embryonic stem
cells to exit the primed state and undergo endoderm differentiation, the m6A modification is
required and elimination of this modification will maintain cellular homeostasis (Batista et al.,
2014). We have shown here that both m6A and global modification patterns change across the
naive to primed pluripotency spectrum, occurring earlier in human development than previously
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demonstrated. It is likely that changes in m6A landscape occur even earlier in development than
the naïve pluripotency states captured by the 5i/L/A and 2i/L/I/F growth conditions. While it has
not yet been demonstrated in human cells, it has been observed that zebrafish require m6A in
order to facilitate the maternal-to-zygotic transition. The removal of m6A binding protein Ythdf2
decreases the turnover of m6A modified transcripts in the maternal state and inhibits activation of
the zygotic genome (Zhao et al., 2017).

In addition to the unique modification landscapes detected, there was also a large set of
overlapping, highly modified genes shared between each of the three developmental states.
Common themes among their GO biological processes and Reactome pathways were related to
the cell cycle, transcription, and developmental processes. This correlates with the previous
study of the m6A modification in primed H1 hESCs obtained with m6A RIP-seq, which found
enrichment of the GO biological process categories “regulation of transcription” and “regulation
of cell morphogenesis” (Batista et al., 2014). Additionally, gene set enrichment analysis found
high enrichment of the m6A modification on transcripts related to cell cycle (Batista et al., 2014).

Similarly, a previous study of the m1A modification in a human cell line revealed that the
m1A modification affected genes related to binding activity using GO molecular function
analysis. More specifically, protein binding, poly(A) RNA binding, RNA binding, mRNA
binding, ubiquitin protein ligase binding, nucleotide binding and DNA binding are functions
associated with transcripts containing the m1A modification (X. Li et al., 2017). Our GO
molecular function analysis on the set of highly modified transcripts shared between all
developmental states indicated similar enrichment for binding activity.

Less studied is the m5C modification on mRNA, which has been associated with a
stabilization of mRNA and decrease of transcript turnover (X. Zhang et al., 2012). A previous
study of m5C has associated the modification with GO biological processes for “translation” and
“peptide metabolic process” across multiple tissue types (Yang et al., 2017). Expression of the
NSUN2 writer protein, along with writer, reader, and eraser proteins for the m1A and m6A
modifications, was detected across all three pluripotent states (Fig 4F). Overall, the functions of
modified transcripts detected in our epitranscriptome map contain known functions from
previous assays of individual modifications, a sign that nanopore sequencing is a promising
assay for profiling multiple modifications simultaneously.

Future studies will need to focus on differentiating the distinct modifications from the
pooled modification landscape generated by nanopore sequencing. For m6A this is already
possible given its strong association with the DRACH motif. Motif sequences for other
modifications are less defined. However, we have noticed that there are other enriched 5-mer
sequences in our list of modified regions. Additionally, some of these enriched 5-mers are
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associated with various RNA binding proteins, many of which also have gene expression in our
data (Fig 4D-E). It is possible that these RNA binding proteins are influenced by modification
status and that links exist between these binding proteins and RNA modifications. As these links
become clearer, more RNA modifications will become associated with particular motifs.

We also observed that there are unique distributions of modified 5-mers among different
developmental states. For example, we observed that certain motifs for the RNA binding proteins
HNRNPL, NOVA1, PUM1, RBM4, RBM41, RBM45, and SFRS1 are enriched in only one
developmental state. Similarly, we observe that the DRACH motif GGACT is almost twice as
enriched in the mTeSR state (fold-change=6.4) than in the 5i/L/A state (fold-change=3.3).
Previous studies using m6A RIP-seq have shown that the DRACH 5-mer AAACH is strongly
enriched in cortex tissue, whereas the GAACH motif is enriched in liver tissue (H. Zhang et al.,
2020).

Additionally, we were able to detect novel m6A modifications not detected from previous
studies. Analysis of m6A RIP-seq overlapping peaks vary 30-60% between experiments of the
same cell type (McIntyre et al., 2020). Even with this limitation, 66.4% of modified DRACH
positions were on genes previously reported to have the m6A modification. The set of novel
DRACH-modified genes share many functional similarities with the set of previously reported
m6A containing genes. This combined with the high accuracy rate of ELIGOS specifically for
DRACH motifs, supports the premise that this is not merely a set of false positive detections and
nanopore sequencing is able to detect a more expansive set of m6A modifications.

The m6A modification is the most well-studied RNA modification, yet its role in
pluripotency is still unclear. Here, we have demonstrated that the modification landscapes
between different pluripotent states is unique, which could be the cause of the conflicting results
between previous experiments. Additionally, the link between RNA binding proteins and RNA
modifications is poorly understood. The ability to link enriched modified k-mers to RNA binding
protein sites will be an aide in discovering how modifications impact the function of these
binding proteins. Overall, we believe that use of nanopore sequencing to detect RNA
modifications will lead to a deeper understanding of the difference in epitranscriptome
landscapes between cell states and is a promising approach for future epitranscriptomic studies.

5.5 Methods

Cell Culture
Elf1 and WIBR3 cells were cultured in 5i/L/A, 2i/L/I/F, and mTeSR1 (Stem Cell Technologies)
conditions. Naive hESCs (5i/L/A and 2i/L/I/F) were grown on g-irradiated primary mouse

140

https://paperpile.com/c/KiQ81C/Jac5
https://paperpile.com/c/KiQ81C/Jac5
https://paperpile.com/c/KiQ81C/L1zv


embryonic fibroblasts (MEFs), dose 3000g. Before hESC plating, the irradiated fibroblasts were
“ghosted” with a lysis mix (PBS containing 0.5% SDS, 5mM NH4OH) (Abbondanzo et al.,
1993) to create a cell-free feeder matrix. Primed hESCs (mTeSR1 from StemCell Technologies)
were grown on Matrigel. All cultures were incubated at 37oC in 5% C02, 5% O2, 90% N2 and
were passaged with accutase. Specific inhibitors used in the naive conditions were performed as
previously described (Sperber et al., 2015). Cells were harvested with trypsin, rinsed with PBS,
and snap frozen before library preparation.

Library Preparation and Sequencing
Total RNA was isolated using the AllPrep DNA/RNA Mini Kit (Qiagen). mRNA was

purified by performing two rounds of cleanup with Dynabeads mRNA Purification kit
(Invitrogen). Direct RNA sequencing is performed using the SQK-RNA001 kit from Oxford
Nanopore Technologies (ONT). 500 ng of each sample was used for each run. Library
preparation was performed according to manufacturer’s instructions (version:
DRS_9026_v1_revP_15Dec2016, ONT). In brief, this protocol added adapters for reverse
transcription off of the poly-A tail. Reverse transcription was performed with SuperScript III
reverse transcriptase (ThermoFisher Scientific) to unravel and RNA secondary structure. ONT
adapters were ligated to the RNA and the primary RNA strand was sequenced on the MinION.
Each sample was run on its own flow cell.

Bioinformatic Pipeline

Basecalling the raw data is performed using Guppy (v3.2.2) from ONT. Mapping was
performed with Minimap2 by aligning transcripts to the human reference genome hg19 (options
-ax --secondary=no) (v2.17) (H. Li 2018). Modified bases were detected using ELIGOS
(function: eligos2 rna_mod) (v2.0.0) (Jenjaroenpun et al., 2021). Signal visualizations were
generated with Tombo (function: tombo plot genome_locations) (v1.5.1) (Stoiber et al., 2016).
All gene annotations are from GENCODE GRCh37, version 19 (Ensembl 74). The list of
pluripotency-relevant genes was obtained from GSEA, gene set MUELLER_PLURINET
(Müller et al., 2008). Relevant functions of individual genes were calculated by GeneWalk
(Ietswaart et al., 2021). Functions of gene sets were calculated with WebGestalt (Liao et al.,
2019). PCA from gene expression was performed with PCAExplorer (Marini and Binder 2019).

5.6 Figures

Figure 1
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Figure 1: Distinct Stem Cell States Profiled by Direct Nanopore Sequencing. (A) Early naïve
(5i/L/A), late naïve (2i/L/I/F) and primed (mTeSR) stem cells used in this study. Two cell types
(Elf1 and WIBR3) were sequenced (direct RNA) for each state. 10X magnification. (B)
Correlation of biological replicates using transcripts per million (TPM). R-squared values are
between 0.93-0.94. (C) Principal component analysis. Samples cluster by media state; (D)
Sample-to-sample heatmap measuring Euclidean distance between samples. Samples cluster by
media state. 5i/L/A condition creates the most dissimilar gene expression profile.

Figure 2
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Figure 2: Epitranscriptomic Modification Landscape Detected from Current Aberrations.
(A) An unmodified region of the transcriptome detected by ELIGOS on the gene TMEM97.
Position given in genomic coordinates. (B) Three modified regions of the transcriptome detected
by ELIGOS on pluripotency-related genes (DNMT3B, NANOG, SOX2). Position given in
genomic coordinates. (C) Modification counts of the 299 PluriNet genes for each stem cell state,
with one gene per row. The average number of modifications per gene across all expressed genes
(including non-PluriNet genes) is displayed on the bottom. Gray cells indicate no expression of
the PluriNet gene. (D) The density distributions of modification counts per gene. The left panel
is specific for the PluriNet set. The right panel contains all genes not in PluriNet. (E) Kernel
density (kde) distribution of modification locations within transcripts with respect to the
boundaries of the transcript coding sequence (CDS) with the 5’ UTR and 3’ UTR. Reads were
filtered for full length transcripts. Transcript lengths were normalized within each segment type
(5’UTR, CDS, 3’UTR). Heights are “stacked” for visualization and density heights between
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samples are comparable. (F) Principal component analysis (PCA) of samples based on the
number of modifications per gene in each sample. Genes were filtered for detection of
expression in all three cell state and the genes with the top 200 variances were used for analysis.

Figure 3

Figure 3: Functions of Highly Modified Genes. (A) Distribution of the number of
modifications per 100 bases. Inset plot is zoomed-in on 5+ modifications per 100 bases. (B) The

144



number of shared and distinct genes with modification enrichment (top 10%) between cell states.
(C) WebGestalt overrepresentation analysis for the set of all highly modified genes. (D-F)
GeneWalk annotations for TRIM28 (5i/L/A), GADD45A (2i/L/I/F), and NANOG (mTeSR).

Figure 4

Figure 4: Motif Analysis. (A) Fold change distribution of all 864 5-mers with homopolymer
sequences of 3 or greater removed. Fold change was calculated by dividing the number of
modified 5-mers by the expected number of 5-mers from the sequencing experiment background.
5-mers with a p-values less than 0.001 are colored. Dashed line indicates fold-change of 1 (i.e.
no fold-change) (B) Principal component analysis of the number of modified 5-mer occurrences
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for all 864 5-mers with homopolymer sequences of 3 or greater removed. PCA was performed on
fold-change values. The fold-change values with the top 200 variances were used for PCA. (C)
The number of shared and unique 5-mers detected between cell states. (D) 38 RNA binding
proteins associated with the enriched 5-mer motifs (p-value < 0.001). Heatmap intensity is
determined by fold-change value. DRACH motifs, associated with the m6A modification, are
annotated. (E) Gene expression log-transformed TPM of the 26 RNA binding protein genes with
motif representation in enriched 5-mers in each of the three cell states. (F) Expression of known
writer, reader, and eraser proteins of RNA modifications from the RNAWRE database.

Figure 5
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Figure 5: m6A Modification Profile. (A) The number of genes with modifications compared to
the number of genes in the reference genome from m6A RIP-seq and m6A-LAIC studies (top).
The number of genes detected by ELIGOS with the DRACH motif that overlap with m6A
RIP-seq and m6A-LAIC assays, and the number of genes that are novel modification sites in H1
cells in the mTeSR state (bottom). (B) Locational distribution of modified DRACH positions that
are in concurrence with the m6A RIP-seq, m6a-LAIC assay, and novel modification candidates.
Positions were normalized with respect to the 5’ and 3’ UTRs. (C) Shared GO biological process
and molecular function categories between the novel genes and genes identified with m6A
RIP-seq and m6A-LAIC studies. (D) Locational distribution of DRACH positions in ELIGOs
predictions in the 5i/L/A, 2i/L/I/F, and mTeSR states with respect to the 5’ and 3’ UTRs by cell
type. (E) Similarity of m6A modified genes between cell states. Genes were first filtered for
detectable expression in all three states. (F) Expression of state-specific m6A -modified genes.
(G) Gene ontology (GO) biological processes overrepresentation analysis on the state-specific
m6A modified genes
.

5.7 Supplemental Figures

Supplemental Figure 1

Supplemental Figure S1: H1 Clustering. (A-B) H1 cells cultured in the mTeSR state cluster
with other cell lines grown in the mTeSR state in PCA (A) and Euclidean distance (B).
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Conclusion

Gene Expression: Natural Variation versus Spaceflight-Induced Perturbation

Throughout the course of my projects, I examined two types of variation due to gene
expression. The first was natural variation in gene expression among different cell and tissue
types. The second were the affects of perturbation on terminal cell states caused by the
environmental factors of spaceflight. One noticeable difference between the differentially
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expressed genes was the magnitude of expression differences between cell types vs
environmental perturbations.

More specifically, in the chicken intestine data from Chapter 1, 3903 DEGs were
observed between the jejunum and ileum, 2306 between the jejunum and proximal cecum, and
4270 between the ileum and the proximal cecum. Similarly, in the chicken immune system, there
are 4911 DEGs observed between B cells and monocytes, 5907 between B cells and bursa tissue,
and 3951 between bursa and thymus tissue. On the other hand, the number of differentially
expressed genes that occur when mice are exposed to hindlimb unloading and low-dose
irradiation is 270. However, this was after the mice had four months to recover from exposure,
likely reducing the number of differentially expressed genes that would be observed right after
exposure. However, for the experiment examining retinal tissue after spaceflight in Chapter 3,
RNA was collected within 38 hours of terrestrial return. In this case, 600 DEGs were observed
between spaceflight and ground control samples. From these experiments I have observed that
the differences in the number of differentially expressed genes between cells with natural
variation in gene expression is an order of magnitude larger than the differences observed due to
spaceflight.

Since a relatively small number of genes are differentially expressed during spaceflight,
the question remains as to whether or not these new gene expression profiles are stable cellular
states or whether cells will revert back to their natural gene expression profiles after terrestrial
return. Since a smaller number of genes are differentially expressed, we might anticipate changes
in epigenomic and epitranscriptomic regulatory mechanisms to also be smaller and potentially
capable of shifting back to their natural mechanistic state after exposure to spaceflight has ended.
This is of particular interest in the case of the retinal structure changes observed after mice were
flown aboard the ISS. Future studies should examine whether mice can recover from the effects
of spaceflight and reestablish normal gene expression profiles after returning to Earth, or whether
the environmental perturbations have permanently altered cell state and have created irreversible
damage. Additionally, the tipping point between the ability of the retinal structure to recover and
when a state of irreversible changes has been reached should be explored to determine the
duration that astronauts can safely remain in spaceflight without irreversibly changing the
structure of their retinal tissue.

For all studies mentioned, the epigenetic profiles of gene expression in Gallus gallus and
cephalad tissue types exposed to spaceflight environmental factors are relatively unknown.
Future studies will need to profile the regulatory mechanisms that create and stabilize these gene
expression profiles, such as ATAC-seq, ChIP-seq, and bisulfite-seq in order to characterize
chromatin accessibility, histone modifications, and DNA methylation respectively. While a select
number of studies have been conducted to study epigenomic profiles of the Gallus gallus
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genome, these studies are few in number and cover a limited set of tissues. Similarly, the
epigenome of tissues exposed to the spaceflight environment are limited. Some studies do exist
in the GeneLab database for bisulfite-seq profiling of DNA methylation, however this is limited
to a total of 22 studies spanning Homo sapiens, Mus musculus, and Arabidopsis thaliana.
Additionally, these studies contain a mixture of simulated spaceflight experiments (i.e. on-Earth
simulations) and studies aboard the ISS as well as a mixture of different tissue types. This
experimental diversity is useful for determining commonalities across tissues and species
attributable to the spaceflight environment, but prevents us from commenting on the
reproducibility of any particular experimental result. This problem also persists for RNA-seq
data, where around 100 datasets are available. This means that, in addition to performing
additional epigenome studies, the experimental capacity of the spaceflight environment must be
expanded to accommodate a greater number of experiments. Given the modular nature of the
ISS, this can be accomplished by adding additional scientific habitat modules or by utilizing
biosatellites for experiments that do not require astronaut oversight.

Limitations of the Murine Model Organism To Study Cephalad Tissue Functions

The two spaceflight environment studies in Chapters 2 and 3 both use mice as a model
organism. However, we are most interested in the impact of spaceflight on the human body in
order to understand changes in astronaut health. The two cephalad tissues studied, the brain and
the retina, have some key differences between humans and mice that may limit the translatability
of results from the mouse model to the human astronaut.

While the general cell types composing the brain are similar between humans and mice
(Hodge et al., 2019), there are some key differences that must be taken into account. The first is
the differences in ion channels (Lowe 2019; Hodge et al., 2019). Given the increased intracranial
pressure caused by fluid-shift, changes in ion channels could lead to differential distributions of
fluids and ions within the brains of humans and mice. Understanding these changes is of
particular importance due to the difference in expression of blood-brain barrier and ion channel
genes, such as Aqp1, Gria3, Grin2a, Calb2, Scn5a, Clcn5, Kcnj13, Kcnn1 and Kcnh1, observed
from hindlimb-unloading and low-dose radiation in Chapter 2. Another consideration are the
changes in the ratios of expression of serotonin and glutamate receptor subtypes. Both of these
receptors play a role in depression (Moriguchi et al., 2019; Albert and Benkelfat 2013), which
may be significant for long duration space travel where astronauts must endure long periods of
isolation and limited human interaction (Palinkas 2001). Due to the invasive nature of RNA-seq,
it is not possible to perform this assay on human astronauts. Alternative, non-invasive methods
for quantifying changes in human brain structure will need to be integrated with the information
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that we are able to obtain from mice in order to create a clearer picture of changes in the human
brain during spaceflight.

Humans and mice share similar eye and retinal structures, but have some key structural
differences. One of these differences is that mice lack a macula, which is a retinal structure that
sharpens visual acuity in humans (Volland et al., 2015). As a result, mice are insufficient to use
as a model to study any possible links between macular degeneration and the spaceflight
environment. Additionally, mice do not have a fovea, an area of concentrated cone cells present
in the human retina (Volland et al., 2015). These additional cone cells present in humans may
explain why humans do not have the dramatic vision changes that we may expect from mice
after observing the structural integrity changes of the mouse retina in Chapter 3. From a body
structure standpoint, mice may not be as affected by fluid-shift as humans. Since humans are
bipedal, their body structure places their head directly above the rest of their body and results in
a longer vertical distance for gravity to distribute fluid, whereas the quadrupedal body of mice
places their head on a much closer geometric plane to the rest of their body. Due to these
differences in body structures, the fluid-shift that occurs in mice during spaceflight may be less
dramatic than the fluid-shift observed in humans. All of these differences must be taken into
consideration when making predictions about human changes in retinal structure based off of
murine-specific studies.

Speculation on the Stem Cell Epitranscriptome During Spaceflight

One curiosity of spaceflight is the impact it has on stem cells. Previous experiments have
demonstrated the behavior of stem cells is altered by the microgravity environment aboard the
ISS. Specifically, embryonic stem cells have displayed a resistance to differentiation. One study
flew mouse embryonic stem cells aboard the ISS for 15 days to perform an embryoid body
differentiation protocol in microgravity. Cells did not complete embryoid body differentiation in
microgravity and analysis of gene expression found differential expression in stem cell related
pathways, including the genes Neurog2, Sox1, and Sox2 compared to the ground control. After
the cells were returned to Earth, they displayed greater stemness and more easily differentiated
into cardiomyocyte colonies (Blaber et al., 2015).

Another study cultured induced pluripotent stem cells (iPSCs) from mice aboard the
TianZhou-1 spacecraft to further characterize pluripotency during spaceflight. The iPSCs
exposed to spaceflight produced larger colony sizes than their ground control counterparts over
the course of a 10 day experiment. The spaceflight exposed iPSCs also displayed stronger
expression of Oct4 when colonies became overgrown, as measured by a GFP reporter assay.
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However, the ground control cells reported reduced expression of Oct4 over the same timespan
(Zhou et al., 2019).

To date, the connection between the epitranscriptome and pluripotent stem cells exposed
to spaceflight remains unexplored. From previous studies, we know that the m6A modification
also impacts pluripotent state (Wen et al., 2018; Wu et al., 2019; Aguilo et al., 2015; Batista et
al., 2014; Geula et al., 2015). Given the connection between the m6A modification, transcript
turnover, and stem cell differentiation, the m6A landscape might differ under the environmental
changes of spaceflight and be a possible contributor to the differences in stemness and
differentiation potential of stem cells grown in spaceflight.

Direct-RNA Nanopore Sequencing: A New Standard Aboard ISS?

With recent advances in genomic technology, it is now possible to perform nanopore
sequencing and the necessary library preparation aboard the ISS. To sequence RNA with the
nanopore MinION, there are two options: cDNA sequencing and direct-RNA sequencing. Unlike
direct-RNA sequencing, cDNA sequencing cannot be used to detect RNA modifications. This is
because modifications do not get duplicated during PCR amplification.

There are certain advantages to cDNA sequencing. First, less RNA sample is required.
This is because PCR, the part of the process that is erasing RNA modifications, will create the
necessary mass of molecules needed for sequencing. As of today, 1 ng of RNA is required for
cDNA sequencing. On the other hand, since it is performed without PCR, the direct-RNA
sequencing protocol requires 500 ng of RNA. Second, cDNA sequencing will produce more
reads. According to Oxford Nanopore Technologies, the anticipated number of reads from a one
flow cell of a cDNA experiment is 7-12 million full-length reads, whereas direct-RNA
sequencing will produce 1 million full-length reads per flow cell.

However, if an experiment can be accomplished with the specifications of direct-RNA
sequencing, it offers clear advantages over cDNA sequencing. First, there are so few
opportunities to collect spaceflight-omics data. Each experiment performed should be seeking to
gain the maximum amount of information possible. Direct-RNA sequencing will add
epitranscriptomic information to the differential gene expression and isoform information
obtained by cDNA sequencing. Second, this additional data can be collected without any
additional library preparation steps compared to cDNA experiments. In fact, without PCR, the
library preparation time is less than for cDNA sequencing. This has the advantage of saving
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astronaut-time, which is very limited and tightly managed by coordinators at Johnson Space
Center, and could free time for astronauts to work on additional experiments.

There is still much progress to be made in order to fully utilize and understand the
epitranscriptome information that is collected by nanopore sequencing. In Chapter 5, I
demonstrated the ability of direct-RNA nanopore sequencing to identify differences in the global
epitranscriptome and the m6A modification landscape between different pluripotent states. Future
developments in algorithms will make it easier to identify specific modifications and detect a
variety of modified bases with greater accuracy. Even though we do not yet have the algorithm
and analysis methods perfected, we should not waste the opportunity to begin data collection. It
would be more advantageous to have the data available for when analysis methods are perfected
than to be required to regenerate it from scratch, especially since experiments are rarely
duplicated on the ISS.

Precise connections between spaceflight, gene expression, and the epitranscriptome
remain unknown. Additionally, experiments profiling DNA methylation, chromatin state, and
enhancer interactions will continue to elucidate the regulatory changes that are happening during
spaceflight. We are still at the beginning of understanding the differences in gene expression
during spaceflight and their connection to the epitranscriptome. Slightly more studied than the
link between gene expression during spaceflight and the epitranscriptome is the impact of
epitranscriptomic modifications between the natural variation of cell types. However, further
improvements in modification detection with direct-RNA sequencing will accelerate our ability
to profile these modifications.
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Appendix A: Chapter 4 Supplemental Tables and Scripts

Supplemental Table 1: GeneLab RNA-Seq Datasets

Organism Method Identifier Study Name Link
Mus
Musculus Spaceflight

GLDS-47

Rodent Research-1 (RR1) National Lab
Validation Flight: Mouse liver
transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-47/

GLDS-48

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse liver
transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-48/

GLDS-98

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse adrenal gland
transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-98/

GLDS-99

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse extensor
digitorum longus muscle transcriptomic
and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-99/

GLDS-100

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse eye
transcriptomic and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-100/

GLDS-101

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse gastrocnemius
muscle transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-101/

GLDS-103

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse quadriceps
muscle transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-103/

GLDS-104

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse soleus muscle
transcriptomic and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-104/

GLDS-105

Rodent Research-1 (RR1) NASA
Validation Flight: Mouse tibialis
anterior muscle transcriptomic,
proteomic, and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-105/

GLDS-137

Rodent Research-3-CASIS: Mouse
liver transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-137/
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GLDS-161

Rodent Research-3-CASIS: Mouse
adrenal gland transcriptomic,
proteomic, and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-161/

GLDS-162
Rodent Research-3-CASIS: Mouse eye
transcriptomic and proteomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-162/

GLDS-163

Rodent Research-3-CASIS: Mouse
kidney transcriptomic, proteomic, and
epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-163/

GLDS-164

Effects of spaceflight on the
immunoglobulin repertoire of
unimmunized C57BL/6 mice

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-164/

GLDS-168

RR-1 and RR-3 mouse liver
transcriptomics with and without ERCC
control RNA spike-ins

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-168/

GLDS-173
STS-135: Mouse Liver Transcriptomics
using RNA-Seq

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-173/

GLDS-194
Rodent Research-3-CASIS: Mouse
retina transcriptomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-194/

GLDS-238

Transcriptomic analysis of dorsal skin
from mice flown on the MHU-2
mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-238/

GLDS-239

Transcriptomic analysis of femoral skin
from mice flown on the MHU-2
mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-239/

GLDS-240
Transcriptional analysis of dorsal skin
from mice flown on the RR-5 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-240/

GLDS-241
Transcriptional analysis of femoral skin
from mice flown on the RR-5 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-241/

GLDS-242

Effect of spaceflight on liver from mice
flown on the ISS for 33 days:
transcriptional analysis

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-242/

GLDS-243
Transcriptional analysis of dorsal skin
from mice flown on the RR-6 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-243/

GLDS-244
Transcriptional analysis of thymus from
mice flown on the RR-6 Mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-244/

GLDS-245
Transcriptional analysis of liver from
mice flown on the RR-6 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-245/

GLDS-246
Transcriptional analysis of spleen from
mice flown on the RR-6 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-246/

GLDS-247
Transcriptional analysis of colon from
mice flown on the RR-6 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-247/
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GLDS-248
Transcriptional analysis of lung from
mice flown on the RR-6 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-248/

GLDS-253
Transcriptional analysis of kidneys
from mice flown on the RR-7 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-253/

GLDS-254
Transcriptional analysis of dorsal skin
from mice flown on the RR-7 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-254/

GLDS-255

Spaceflight influences gene expression,
photoreceptor integrity, and oxidative
stress-related damage in the murine
retina

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-255/

GLDS-270

Spatially resolved transcriptional
analysis of hearts from mice flown on
the RR-3 mission

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-270/

GLDS-288
Transcriptome analysis of murine
spleen in space

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-288/

GLDS-289
Impact of spaceflight on gene
expression in the thymus

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-289/

Ground
Study

GLDS-49

Multi-omic investigations of mouse
liver subjected to simulated spaceflight
freezing and storage protocols

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-49/

GLDS-141

Validation of Methods to Assess the
Immunoglobulin Gene Repertoire in
Tissues Obtained from Mice on the
International Space Station

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-141/

GLDS-201

Impact of Antiorthostatic Suspension
on Mouse response to Tetanus Toxoid
and CpG

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-201/

GLDS-202

Low dose (0.04 Gy) irradiation (LDR)
and hindlimb unloading (HLU)
microgravity in mice: brain
transcriptomic and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-202/

GLDS-203

Low dose (0.04 Gy) irradiation (LDR)
and hindlimb unloading (HLU)
microgravity in mice: retina
transcriptomic and epigenomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-203/

GLDS-211

Transcriptomic analysis of spleens from
mice subjected to chronic low-dose
radiation, hindlimb unloading or a
combination of both

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-211/

GLDS-214
Impact of Antiorthostatic Suspension
on Mouse response to Tetanus Toxoid

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-214/
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and CpG: bone marrow transcriptomic
data

GLDS-235

Transcriptomic analysis of liver from
mice subjected to simulated spaceflight
euthanasia, freezing, and tissue
preservation protocols

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-235/

GLDS-236

Transcriptomic analysis of quadriceps
from mice subjected to simulated
spaceflight euthanasia, freezing, and
tissue preservation protocols

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-236/

GLDS-237

Transcriptomic analysis of skin from
mice subjected to chronic low-dose
radiation, hindlimb unloading or a
combination of both

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-237/

GLDS-272

Transcriptional analysis of spleens from
mice preserved with the Rapid Freeze
hardware

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-272/

GLDS-273

Transcriptional analysis of livers from
mice preserved with the Rapid Freeze
hardware

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-273/

GLDS-274

Transcriptional analysis of soleus from
mice preserved with the Rapid Freeze
hardware

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-274/

GLDS-287 Murine TCR-beta repertoire sequencing

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-287/

GLDS-294

Efficient Identification of Multiple
Pathways: RNA-Seq Analysis of Livers
from 56Fe Ion Irradiated Mice

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-294/

GLDS-295

RNA-Seq transcriptome profiling of
soleus from adult and aged mice
following disuse muscle atrophy and
recovery

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-295/

GLDS-308

Differential expression profiles of long
non-coding RNAs during the mouse
pronucleus stage under normal gravity
and simulated microgravity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-308/

GLDS-318

RNA seq of tumors derived from
irradiated versus sham hosts
transplanted with Trp53 null mammary
tissue and fed either Control diet versus
Caffeic Acid Phenethyl Ester (CAPE)
diet

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-318/

GLDS-319
Muscle atrophy, osteoporosis
prevention in hibernating mammals

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-319/
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GLDS-322

Comparative RNA-Seq transcriptome
analyses reveal dynamic time
dependent effects of 56Fe, 16O, and
28Si irradiation on the induction of
murine hepatocellular carcinoma

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-322/

Homo
sapiens Spaceflight

GLDS-258

Effects of Spaceflight on Human
Induced Pluripotent Stem Cell-Derived
Cardiomyocyte Structure and Function

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-258/

Ground
Study

GLDS-91

A study of gene expression influenced
by simulated microgravity in human
lymphoblastoid cells

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-91/

GLDS-127

Global gene expression profiles of
cardiac progenitors differentiated from
human pluripotent stem cells in 3D
culture under simulated microgravity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-127/

Drosophila
melanogaste
r Spaceflight

GLDS-96
The development of Drosophila
melanogaster during space flight

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-96/

GLDS-207

Correlated Gene and Protein Expression
in heads from Drosophila reared in
microgravity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-207/

GLDS-278

Spaceflight and simulated microgravity
conditions increase virulence of Serratia
marcescens in the Drosophila
melanogaster infection model

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-278/

Ground
Study

GLDS-85

Transcriptomic response of Drosophila
melanogaster pupae developed in
hypergravity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-85/

Arabidopsis
thaliana Spaceflight

GLDS-37

Comparison of the spaceflight
transcriptome of four commonly used
Arabidopsis thaliana ecotypes

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-37/

GLDS-38

Proteomics and Transcriptomics
analysis of Arabidopsis Seedlings in
Microgravity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-38/
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GLDS-120

Genetic Dissection of the Spaceflight
Transcriptome Responses in Plants: are
some responses unnecessary?

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-120/

GLDS-218

Characterization of Epigenetic
Regulation in an Extraterrestrial
Environment: The Arabidopsis
Spaceflight Methylome [RNA-seq]

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-218/

GLDS-223

The effect of spaceflight on transgenic
Arabidopsis plants with compromised
signaling

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-223/

GLDS-251

RNAseq analysis of the response of
Arabidopsis thaliana to fractional
gravity under blue-light stimulation
during spaceflight

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-251/

Ground
Study

GLDS-208

Comparative gene expression analysis
in the Arabidopsis thaliana root apex
using RNA-seq and microarray
transcriptome profiles

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-208/

Oryzias
latipes Spaceflight

GLDS-83

Comparative Transcriptomic Analysis
of Adult Medaka Tissues Sampled after
Adaptation to a Space Environment

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-83/

GLDS-133 Medaka Osteoclast

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-133/

Helix
lucorum Spaceflight

GLDS-192

Adaptive changes in the vestibular
system of land snail to a 30-day
spaceflight and readaptation on return
to Earth

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-192/

Brassica
rapa Spaceflight

GLDS-59

RNA-Seq transcriptome analysis of
reactive oxygen species gene network
in Mizuna plants grown in long-term
space flight

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-59/

Eruca
vesicaria Spaceflight

GLDS-301 Eruca sativa Rocket Science RNA-seq

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-301/
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https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-192/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-192/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-192/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-59/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-59/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-59/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-301/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-301/
https://genelab-data.ndc.nasa.gov/genelab/accession/GLDS-301/


Euprymna
scolopes

Ground
Study

GLDS-119
Effect of microgravity on an
animal-bacteria symbiosis

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-119/

Ceratopteris
richardii

Ground
Study

GLDS-57

RNA-Seq analysis identifies potential
modulators of gravity response in
Ceratopteris spores: Evidence for
modulation by calcium pumps and
apyrase activity

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-57/

Bacillus
subtilis Spaceflight

GLDS-138

BRIC-23 GeneLab Process Verification
Test: Bacillus subtilis transcriptomic,
proteomic, and metabolomic data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-138/

GLDS-185
BRIC-21 Bacillus subtilis transcriptome
profile data

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-185/

Escherichia
coli Spaceflight

GLDS-95
A Molecular Genetic Basis Explaining
Altered Bacterial Behavior in Space

https://genelab-data.ndc.n
asa.gov/genelab/accession
/GLDS-95/
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Supplemental Table 2: Reference Genome and Annotation Files

GeneLab RNAseq Reference Genome and Annotation Files

Organism Genome / Annotation Files Used

Arabidopsis
thaliana

Ensembl Plants release 44
Genome file:
ftp://ftp.ensemblgenomes.org/pub/plants/release-44/fasta/arabidopsis_thaliana/dna/Arabidopsi
s_thaliana.TAIR10.dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensemblgenomes.org/pub/plants/release-44/gtf/arabidopsis_thaliana/Arabidopsis_thali
ana.TAIR10.44.gtf.gz

Bacillus subtilis

Ensembl Bacteria release 46
Genome file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-46/fasta/bacteria_0_collection/bacillus_sub
tilis_subsp_subtilis_str_168/dna/Bacillus_subtilis_subsp_subtilis_str_168.ASM904v1.dna.top
level.fa.gz
Annotation file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-46/gtf/bacteria_0_collection/bacillus_subtil
is_subsp_subtilis_str_168/Bacillus_subtilis_subsp_subtilis_str_168.ASM904v1.46.gtf.gz

Brassica rapa

Ensembl Plants release 43
Genome file:
ftp://ftp.ensemblgenomes.org/pub/plants/release-43/fasta/brassica_rapa/dna/Brassica_rapa.Bra
pa_1.0.dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensemblgenomes.org/pub/plants/release-43/gtf/brassica_rapa/Brassica_rapa.Brapa_1.
0.43.gtf.gz

Drosophila
melanogaster

Ensembl release 98
Genome file:
ftp://ftp.ensembl.org/pub/release-98/fasta/drosophila_melanogaster/dna/Drosophila_melanoga
ster.BDGP6.22.dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensembl.org/pub/release-98/gtf/drosophila_melanogaster/Drosophila_melanogaster.B
DGP6.22.98.gtf.gz

ERCC

Thermo Fisher
Genome file:
https://assets.thermofisher.com/TFS-Assets/LSG/manuals/ERCC92.zip

(Note it’s the ERCC92.fa file in the zipped directory)

Annotation file:
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https://assets.thermofisher.com/TFS-Assets/LSG/manuals/ERCC92.zip

(Note it’s the ERCC92.gtf file in the zipped directory)

Escherichia coli

Ensembl Bacteria release 47
Genome file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-47/fasta/bacteria_159_collection/escherichi
a_coli_gca_001284565/dna/Escherichia_coli_gca_001284565.7790_1_86.dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-47/gtf/bacteria_159_collection/escherichia
_coli_gca_001284565/Escherichia_coli_gca_001284565.7790_1_86.47.gtf.gz

Homo sapiens

Ensembl release 98
Genome file:
ftp://ftp.ensembl.org/pub/release-98/fasta/homo_sapiens/dna/Homo_sapiens.GRCh38.dna.pri
mary_assembly.fa.gz
Annotation file:
ftp://ftp.ensembl.org/pub/release-98/gtf/homo_sapiens/Homo_sapiens.GRCh38.98.gtf.gz

Mus musculus

Ensembl release 96
Genome file:
ftp://ftp.ensembl.org/pub/release-96/fasta/mus_musculus/dna/Mus_musculus.GRCm38.dna.to
plevel.fa.gz
Annotation file:
ftp://ftp.ensembl.org/pub/release-96/gtf/mus_musculus/Mus_musculus.GRCm38.96.gtf.gz

Mycobacterium
marinum

Ensembl Bacteria release 47
Genome file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-47/fasta/bacteria_8_collection/mycobacteri
um_marinum_m/dna/Mycobacterium_marinum_m.ASM1834v1.dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensemblgenomes.org/pub/bacteria/release-47/gtf/bacteria_8_collection/mycobacteriu
m_marinum_m/Mycobacterium_marinum_m.ASM1834v1.47.gtf.gz

Oryzias latipes

Ensembl release 99
Genome file:
ftp://ftp.ensembl.org/pub/release-99/fasta/oryzias_latipes/dna/Oryzias_latipes.ASM223467v1.
dna.toplevel.fa.gz
Annotation file:
ftp://ftp.ensembl.org/pub/release-99/gtf/oryzias_latipes/Oryzias_latipes.ASM223467v1.99.gtf.
gz
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Supplemental Table 3: Organism to Annotation Mapping

name species taxon annotations

HUMAN Homo sapiens 9606 org.Hs.eg.db

MOUSE Mus musculus 10090 org.Mm.eg.db

RAT Rattus norvegicus 10116 org.Rn.eg.db

ZEBRAFISH Danio rerio 7955 org.Dr.eg.db

FLY Drosophila melanogaster 7227 org.Dm.eg.db

WORM Caenorhabditis elegans 6239 org.Ce.eg.db

YEAST

Saccharomyces cerevisiae (strain ATCC

204508 / S288c) 559292 org.Sc.sgd.db

ARABIDOPSIS Arabidopsis thaliana 3702 org.At.tair.db

ECOLI Escherichia coli (strain K12) 83333 org.EcK12.eg.db

BACSU Bacillus subtilis (strain 168) 224308 *org.Bsubtilis.eg.db

*Since there is no publicly available annotation package that contains ensebml IDs, the

`makeOrgPackageFromNCBI` function of the AnnotationForge Bioconductor Package was used

to create an annotation package for Bacillus subtilis. The exact script used to create this

package along with the package created for GeneLab datasets involving Bacillus subtilis are

provided in the GitHub repository

(https://github.com/nasa/GeneLab_Data_Processing/tree/master/RNAseq/GLDS_Processing_S

cripts) for each respective dataset. See the GLDS-138 processing scripts for an example

(https://github.com/nasa/GeneLab_Data_Processing/tree/master/RNAseq/GLDS_Processing_S

cripts/GLDS-138).
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Supplemental Table 4: Pipeline Tools and Links

Program Relevant Links
FastQC https://www.bioinformatics.babraham.ac.uk/projects/fastqc/

MultiQC https://multiqc.info/

Cutadapt https://cutadapt.readthedocs.io/en/stable/

TrimGalore https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/

STAR https://github.com/alexdobin/STAR

RSEM https://github.com/deweylab/RSEM

Bioconductor https://bioconductor.org

DESeq2 https://bioconductor.org/packages/release/bioc/html/DESeq2.html

tximport https://bioconductor.org/packages/release/bioc/html/tximport.html

tidyverse https://www.tidyverse.org

Risa
https://www.bioconductor.org/packages/release/bioc/html/Risa.ht

ml

STRINGdb
https://www.bioconductor.org/packages/release/bioc/html/STRING

db.html

PANTHER.db
https://bioconductor.org/packages/release/data/annotation/html/P

ANTHER.db.html

org.Hs.eg.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.Hs.eg.db.html

org.Mm.eg.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.Mm.eg.db.html

org.Dm.eg.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.Dm.eg.db.html

org.Ce.eg.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.Ce.eg.db.html

org.At.tair.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.At.tair.db.html

org.EcK12.eg.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.EcK12.eg.db.html

org.Sc.sgd.db
https://bioconductor.org/packages/release/data/annotation/html/or

g.Sc.sgd.db.html
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Supplemental Table 5: Sample Names

GLDS-168
Mmus_C57-6J_LVR_RR1_FLT_wERCC_Rep1_M25
Mmus_C57-6J_LVR_RR1_FLT_wERCC_Rep2_M26
Mmus_C57-6J_LVR_RR1_FLT_wERCC_Rep3_M28
Mmus_C57-6J_LVR_RR1_FLT_wERCC_Rep4_M29
Mmus_C57-6J_LVR_RR1_FLT_wERCC_Rep5_M30
Mmus_C57-6J_LVR_RR1_GC_wERCC_Rep1_M36
Mmus_C57-6J_LVR_RR1_GC_wERCC_Rep2_M37
Mmus_C57-6J_LVR_RR1_GC_wERCC_Rep3_M38
Mmus_C57-6J_LVR_RR1_GC_wERCC_Rep4_M39
Mmus_C57-6J_LVR_RR1_GC_wERCC_Rep5_M40

GLDS-245
Mmus_C57-6T_LVR_FLT_ISS-T_Rep1_F5
Mmus_C57-6T_LVR_FLT_ISS-T_Rep2_F8
Mmus_C57-6T_LVR_FLT_ISS-T_Rep3_F9
Mmus_C57-6T_LVR_FLT_ISS-T_Rep4_F10
Mmus_C57-6T_LVR_FLT_ISS-T_Rep5_F7
Mmus_C57-6T_LVR_FLT_ISS-T_Rep6_F1
Mmus_C57-6T_LVR_FLT_ISS-T_Rep7_F2
Mmus_C57-6T_LVR_FLT_ISS-T_Rep8_F3
Mmus_C57-6T_LVR_FLT_ISS-T_Rep9_F4
Mmus_C57-6T_LVR_FLT_ISS-T_Rep10_F6
Mmus_C57-6T_LVR_GC_ISS-T_Rep1_G4
Mmus_C57-6T_LVR_GC_ISS-T_Rep2_G9
Mmus_C57-6T_LVR_GC_ISS-T_Rep3_G10
Mmus_C57-6T_LVR_GC_ISS-T_Rep4_G7
Mmus_C57-6T_LVR_GC_ISS-T_Rep5_G8
Mmus_C57-6T_LVR_GC_ISS-T_Rep6_G1
Mmus_C57-6T_LVR_GC_ISS-T_Rep7_G2
Mmus_C57-6T_LVR_GC_ISS-T_Rep8_G3
Mmus_C57-6T_LVR_GC_ISS-T_Rep9_G5
Mmus_C57-6T_LVR_GC_ISS-T_Rep10_G6
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