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Abstract

Introduction: Space is an extreme environment exposing astronauts to microgravity and cosmic
radiation resulting in immune dysfunction. To overcome the complex challenges of studying astronauts
in space, bed rest studies represent an alternative model simulating microgravity exposure on Earth. We
sought to characterize the steady-state transcriptome changes in leukocytes isolated from two
microgravity models: (1) participants to 60 days of bed rest and (2) astronauts to ~6 months of
spaceflight. Methods: The bed rest study recruited twenty healthy men receiving a nutritional
supplement or not; the spaceflight study had fourteen male and female astronauts participate. For both
studies, ten blood samples were collected over three study phases, leukocytes were isolated, and
transcriptomes were quantified using high throughput RNA-sequencing. My pipeline of data analysis
applied differential expression (DE) methods and functional enrichment to identify gene expression
changes and pathways responding to the altered gravity environments of both bed rest and spaceflight
models. Results: Temporal differential expression identified transcriptome modulation reflecting
multisystem shifts and immune dysregulation in response to the transitions to and from bed rest (2,415
DE genes) and spaceflight (247 DE genes). Interestingly, later bed rest and in-flight timepoints trended
towards stable RNA levels with no differential expression. The bed rest study found the nutritional
intervention had no mitigating effects on transcriptome changes (0 DE genes), and the spaceflight study
revealed down-regulation in response to spaceflight followed by an opposite up-regulation upon return
to Earth. Conclusion: The altered gravity environments of bed rest and spaceflight significantly
modulated leukocyte transcriptome compositions revealing immune dysfunction at the molecular level.
Future analyses utilizing the higher quality bed rest dataset is required to isolate the effect of
microgravity from other space stressors and apply validation experiments to develop gene biomarkers

indicative of immune deconditioning.



Résumé

Introduction: L'espace constitue un environnement extréme exposant les astronautes a la
microgravité et au rayonnement cosmique entrainant un dysfonctionnement immunitaire. Pour
surmonter les défis complexes de I'étude des astronautes dans I'espace, les études d'alitement
représentent un modele alternatif simulant I'exposition a la microgravité sur Terre. Nous avons cherché a
caractériser les modifications du transcriptome a I'état d'équilibre dans les leucocytes isolés de deux
modeles d'étude: (1) participants a 60 jours d'alitement et (2) astronautes séjournant environ 6 mois
dans I'espace. Méthodes: L'étude d'alitement a recruté vingt hommes en bonne santé recevant ou non
un supplément nutritionnel; I'étude de vols spatiaux a inclus la participation de quatorze astronautes; 11
hommes et 3 femmes. Pour les deux études, dix échantillons de sang ont été prélevés au cours des trois
phases d'étude, les leucocytes ont été isolés et les transcriptomes ont été quantifiés a |'aide du
séquencage de I'ARN a haut débit. Ma stratégie d'analyse de données a appliqué des méthodes de
mesure d'expression différentielle (ED) et d'enrichissement fonctionnel pour identifier les changements
d'expression génique et les voies répondant aux environnements de gravité différents associés aux
modeéles d'alitement et de vol spatial. Résultats: L'expression différentielle temporelle a identifié la
modulation du transcriptome reflétant les changements multisystémiques et une dérégulation
immunitaire en réponse aux transitions vers et a la sortie de I'alitement (2 415 genes DE) et aux vols
spatiaux (247 genes DE). Fait intéressant, I'alitement prolongé et les temps de récolte en vol tendaient
vers des niveaux d'ARN stables soit sans expression différentielle. L'étude d'alitement a révélé que
I'intervention nutritionnelle n'avait aucun effet atténuant sur les changements du transcriptome (génes 0
DE), et I'étude des vols spatiaux a révélé une régulation a la baisse en réponse au vol dans I'espace suivie
d'une régulation a la hausse opposée lors du retour sur Terre. Conclusion: Les environnements de gravité
modifiés d’alitement et de vols spatiaux ont modulé de maniére significative les compositions du

transcriptome des leucocytes, révélant un dysfonctionnement immunitaire au niveau moléculaire. De



futures analyses utilisant I'ensemble de données d'alitement qui est de qualité supérieure sont
nécessaires pour isoler I'effet de la microgravité des autres facteurs associés au stress spatiaux et
effectuer des expériences de validation pour identifier des biomarqueurs génétiques indicatifs du

déconditionnement immunitaire.
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Introduction

Spaceflight-induced deconditioning

Short and long-term spaceflight is an extreme environment exposing the human body to cosmic
radiation and microgravity. Most physiological functions are negatively affected leading to the
deconditioning and reduced functional capacity of multiple organ systems (1,2). For astronauts
sojourning in space, the most rapid physiological change occurring within days in microgravity is the
redistribution of blood and bodily fluids from the lower to upper part of the body (3,4). In microgravity,
the loss of gravitational pull downwards means the body’s hydrostatic pressure gradient disappears and
blood moves upwards toward the head and upper body by the actions of smooth muscles and veins (5).
This creates the appearance of “puffy face bird leg” syndrome observed in astronauts from facial edema
and decreased leg volume (Figure 0.1) (4).This also results in symptoms of “space motion sickness”
including anorexia, vomiting, nausea, headache, and malaise caused by altered responses of
baroreceptors, nervous and endocrine systems (6). Additionally, the headward fluid shift has been
proposed as an etiology for spaceflight-associated neuro-ocular syndrome (SANS); ophthalmic
abnormalities in astronauts after long-duration spaceflight caused by increased intracranial pressure
(7,8). At the cellular level, loss of hydrostatic pressure gradients alters the Starling-Landis equilibrium of
blood plasma, causing it to shift towards extravascular tissues including the lymphatic system resulting in
pronounced diuresis and plasma volume reduction by 10-15% within 24-48 h in space (9,10). Reduced
plasma volume implies increased concentration of blood cells that must be returned to normal
homeostatic levels achieved through hemolysis, which has been proposed as a major contributor to

anemia observed in astronauts (11,12).
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Figure 0.1 | Headward fluid shift during spaceflight. Expected distributions of body fluids (shading) and
mean arterial pressure (numerical values in mm Hg) at the head, heart and feet during pre-flight (left)

and microgravity (right). Figure modified from Watenpaugh and Hargen, 1996 (5).

Spaceflight also affects the musculoskeletal system, mainly resulting in loss of bone and muscle
mass attributed to the unloaded state of microgravity (13). These effects are dependent on the role of
each body region in counteracting gravity. For instance, sites that support weight bearing in normal
gravity such as the legs and lower extremities typically show greater degeneration than in regions that
are non-weight bearing such as the neck (14,15). Bone density loss experienced in microgravity occurs at
an average rate of about 1-1.5% per month resulting in increased risk of bone fracture post-flight (16).
Skylab missions from the 1970s have shown increased bone resorption and reduction in Ca?* balance
(17). Bone formation is typically unchanged or decreases during spaceflight without effective exercise-

induced bone loading (18). Taken together, increased bone resorption and decreased or unchanged bone



formation yield a negative calcium balance that results in bone loss and increased risk of developing
kidney stones (19).

Muscle atrophy is driven by a reduction in fiber size and protein synthesis, bearing similarities to
catabolic patients undergoing metabolic breakdown (1,2). The National Aeronautics and Space
administration (NASA) Twins Study collected samples from an astronaut during a one-year mission
aboard the International Space Station (ISS) with comparisons to his identical Earth-bound twin (20).
Biochemical profiling of blood samples collected on day 1 of post-flight found significant rises in
inflammatory cytokines IL-6, IL-10, IL-1ra, CCL2 and CRP when compared to pre-flight. These cytokines
are associated with muscle metabolism and suggests muscle regeneration in response to microgravity
(21). Twin’s studies provide the unique opportunity of controlling for genetic variation; however, these
findings are limited in generalizability to the broader population given the sample size was n = 1.

Despite the strong health and preventive isolation of astronauts from terrestrial pathogens
before and during spaceflight missions, they still experience complicated patterns of immune system
dysregulation mostly manifesting at the subclinical level; mainly from changes of leukocyte cell
distributions, reduced function of leukocyte sub-populations, and altered cytokine profiles (1). However,
these outcomes can trigger adverse clinical events in some astronauts including infections from bacteria
and viruses, chronic inflammation, atypical allergies, and atopic dermatitis (22). For instance, Th1/Th2
cytokine imbalances lead to shifts in Th2-cell mediated immunity and persistent inflammation resulting
in subclinical reactivation and shedding of herpesvirus particles (23-25). At the molecular level, the
underlying mechanisms responsible for these outcomes are less understood. One study measured
transcript level changes for 234 known stress-response genes in the blood of six astronauts before and
after spaceflight, and found differentially regulated transcripts involved in DNA repair, oxidative stress,
and protein folding (26). However, this study lacked in-flight measurements and used an older technique

of microarrays that does not allow genome-wide measures of transcript levels. The NASA Twins study



found inflammation-associated transcriptomic signatures in peripheral blood mononuclear cells (PMBCs)
(20), consistent with increases of inflammatory cytokines in the plasma of astronauts (21,25). Another
study isolated blood exosomes from three astronauts who flew short missions to the ISS (~5-13 days)
and identified 27 differentially regulated long non-coding RNAs (IncRNA) with previously documented
activities regulating gene expression (27). However, this study also lacked in-flight measurements. More
studies with larger sample sizes of astronauts sampled during spaceflight are required for a more
comprehensive understanding of the biological processes underlying immune deconditioning in

astronauts during spaceflight.

Studying long-term space travel

The Artemis Lunar Missions aim to return humans to the Moon including plans to build the
Gateway Lunar Outpost for long-term crewed missions (28). Several agencies and private companies
have expressed interest in conducting long-term crewed missions to Mars lasting several years (29).
Besides lunar and Mars missions, there is a growing interest in deep space exploration to destinations in
our solar system such as asteroids or moons of Jupiter and Saturn. Additionally, there are many
commercial space initiatives to build private space stations and even develop space tourism. Given the
growing demand for manned long-term space exploration, there must be a proportional need for
biomedical research to further understand and mitigate spaceflight-induced deconditioning. The Marrow
Adipose Reaction: Red or White (MARROW) project lead by my laboratory represents one such initiative
focusing on the bone marrow and blood cell changes occurring during spaceflight (11). This longitudinal
study recruited fourteen male and female astronauts scheduled for ~6-month long missions aboard the
ISS and collected biological samples during pre-flight, in-flight, and up to one-year post-flight (Figure 2.1)
(30). The study design, samples collection days, and collection protocols were all controlled and dictated

by NASA. Collected samples included breath, stool, and blood to study various biological systems



including bone, microbiome, hematology, and immunology. The focus of my thesis is on total RNA
measures extracted from leukocytes within the blood (Chapter 2) (30).

Studying astronauts during spaceflight provides invaluable and unique opportunities to gain
knowledge on human physiology while adapting to the extreme environment of space. However, this
process is far from straightforward and entails complex logistical and technical challenges that are
difficult to overcome; mainly low sample sizes, and technical obstacles for sample collection and
processing in microgravity. Astronaut samples are scarce given the current infrequency of human space
travel. Typically, there is only 3 or 6 people onboard the ISS at any given time
(https://www.nasa.gov/feature/facts-and-figures). Sample collection is also associated with numerous
technical challenges, including both natural barriers imposed by the space environment or artificially by
NASA protocol. In addition to microgravity, astronauts face many other spaceflight hazards and stressors
including confinement and isolation, hostile and closed environments, and exposure to cosmic radiation
(2). All these hazards induce downstream physiological and psychological issues making it impossible to
isolate the effect of microgravity on its own. Given the tight constraints and environmental hazards
associated with in-flight studies, ground-based analogs are both practical and attractive to isolate the

microgravity effect.

Bed rest model: an Earth-based microgravity analog

The bed rest model confines healthy participants to 24/7 bed rest in the horizontal supine or
head-down tilt (HDT) position for prolonged periods of time. This is an experimental analog designed to
simulate microgravity exposure through unloading and hypokinesia of the body by altering the gravity
vector experienced by participants and induce physiological adaptations similar to those experienced by
astronauts during spaceflight (31,32). Bed rest study standardizations to enhance reliability, repeatability

and validity of studies have been published by the International Academy of Astronautics (IAA) with a



report entitled “Guidelines for standardization of Bed Rest Studies in the Spaceflight Context”
(https://www.nasa.gov/hrp/important_documents). Guidelines include study durations, position (HDT),
management, nomenclature, subject inclusion and exclusion criteria, subject monitoring, physiotherapy,
medical care, psychological support, ethics, nutritional intake, and handling of biological samples (31).
However, its important to note that all bed rest studies vary in experimental design, lengths, and tested
interventions (2). For instance, the use of -6° head-down tilt has become an informal standard over time,
with the purpose of mimicking the headward fluid shift experienced by astronauts (Figure 0.2) (31).
Studies typically recruit 9-25 participants of one sex with most studies using only males, but female only
studies have been conducted (33). Study designs usually include three phases: before, during and after
bed rest with each phase varying in the number of days. Bed rest durations vary from 5-90 days in bed,
with most studies using 60 days. Lastly, essentially all bed rest studies test a different countermeasure
involving exercise regimens, artificial gravity, pharmacological or nutritional interventions attempting to

mitigate the negative effects of unloading (2).
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Figure 0.2 | -6° head down-tilt (HDT) bed rest model. Expected distributions of body fluids (shading) at
the head, heart and feet for bed rest participants in the horizontal (top) and head down-tilt positions

(bottom). Figure modified from Hargens and Vico, 2016 (9).

The advantages of using ground-based microgravity analogs such as the bed rest model to study
the impact of microgravity on health are numerous. As discussed above, bed rest study standardization
for participant recruitment increases reproducibility between experiments and reduces confounding
variables. Controlled study environments under 24/7 medical surveillance also contributes to the
reduction of confounders and greatly improves technical support to measure more biological outcomes.
Experimental hazards are fewer relative to spaceflight and there are less constraints imposed on
researchers for biological measures. Sample sizes are larger given the substantial increase in recruitment
pools compared to astronauts. Lastly, bed rest models offer the opportunity to develop and test
countermeasures to mitigate the negative effects of microgravity. Overall, insights gained from bed rest
studies can inform and enhance future space missions, contributing to astronaut health and

performance in space.



Many of the physiological changes observed in astronauts during spaceflight are also observed in
bed rest participants. However, these changes are usually not as severe and are subclinical in many cases
(9). For instance, head down-tilt bed rest induces a headward fluid shift resulting in a 10-15% plasma
volume reduction similar to astronauts (34), but no immediate symptoms of headache, nausea, or
vomiting occur. Additionally, evidence of ocular impairments during bed rest have only been reported at
the cellular level (9,35), and low-grade hemolysis has been measured during bed rest but with no
symptoms of anemia (36). Bone modifications in both bed rest and spaceflight studies are characterized
by diminished bone mineral densities, augmented calcium in urine, and increased risk of renal stone
formation (37). Although reported changes are often more severe during spaceflight than with bed rest
(9). Skeletal muscle changes are also similar between bed rest and spaceflight models including major
losses of fiber mass and force that’s greater in the weight-bearing regions such as the legs (38,39).
Clinical immune symptoms or evidence of infection have not been reported in bed rest participants, the
only evidence of immune dysfunction occurs at the cellular and molecular levels. Immune cell count
changes are mixed with reports of no significant changes in lymphocyte subsets or B-cell homeostasis
(40) but increases in granulocytes and natural killer T cells with decreases in CD4* and CD8* T cells during
bed rest (41,42). This is consistent with astronaut studies showing no changes in specific adaptive
immunity during spaceflight (25). Inflammatory changes are consistently reported with neutrophil
shedding of L-selectin, increases in the number of polymorphonuclear cells, and shifts in various
cytokine concentrations (43,44). The bed rest model simulates many aspects of microgravity but cannot
account for all other spaceflight hazards that likely contribute to deconditioning. This makes many of the
immune function changes to only manifest at the subclinical level stressing the importance of focusing
on the molecular aspects of immune deconditioning during bed rest.

The Toulouse Cocktail Bed Rest Study was conducted in Toulouse, France between 2017 and

2018. Twenty healthy male participants were recruited to undergo a three phase bed rest study: 15 days



in baseline, 60 days in -6° head-down tilt bed rest, and 30 days in reambulation. To test the efficacy of a
nutritional intervention at mitigating bed rest-induced deconditioning, participants were divided into
two equal groups: “control” and “cocktail”. The “cocktail” group received a daily oral dosage of pills
containing anti-inflammatories, anti-oxidants, and vitamins during the bed rest phase (45). Details on the
contents of the nutritional intervention can be found in the methods section of Chapter 1. Various
biological samples and data were collected from 16 different international research teams during
baseline, bed rest, and up to 30 days reambulation (Figure 1.1) (45). The European Space Agency (ESA)
financed the study and dictated participant recruitment, study design, blood sample collection days, and
integration of all protocols. Our lab collected blood samples to extract the total RNA from leukocytes and

measure the transcriptome changes over time (Chapter 1) (45).

Transcriptomics: genome-wide expression analysis

The transcriptome is defined as the set of all RNA transcripts (coding and non-coding) produced
by a population of cells (46). It represents the steady-state of RNA transcript levels as a consequence of
multiple processes within the cell, mainly RNA transcription and degradation (47). Steady-state analysis
hinders the distinction between transcriptional and post-transcriptional strategies to regulate RNA levels.
Nevertheless, measuring transcriptome changes provides valuable insight into the dynamic gene
expression patterns and molecular responses that underly the physiological processes when cells adapt
to novel conditions (48). As such, measuring the transcriptome changes in blood leukocytes offers a
molecular understanding of immune system deconditioning resulting from spaceflight and bed rest.
Additionally, leukocytes circulate throughout the entire body contacting multiple organ systems and thus
may reflect multisystem changes outside of the immune system. For future applications, blood sampling

represents a simple and convenient method for measuring gene biomarkers to monitor physiological or



subclinical changes, assess efficacy of interventions, and provide personalized interventions for
astronauts during space travel (49).

RNA-sequencing (RNA-seq) is the combination of high-throughput sequencing with
computational methods to capture and quantify genome-wide transcript levels (50). Currently, RNA-seq
is the superior and dominant method to quantify transcriptomics over microarrays with advantages such
as wider dynamic ranges, genome-wide profiling, increased sensitivity, improved accuracy and precision,
greater statistical power, and decreasing costs (50,51). Figure 0.3 depicts an oversimplified summary of
the steps of RNA-seq. In vitro steps include library preparation and sequencing: extracted RNA is
fragmented, and reverse transcribes it into complimentary (c) DNA, which are sequenced producing
millions of short read sequences. Sequencing was performed at the Genome Quebec Innovation Center
in Montreal, Canada using the NovaSeg6000 system to perform Next Generation Sequencing (NGS).
Specifically, this system utilizes the sequencing-by-synthesis (SBS) method to process multiple samples
simultaneously while also applying paired-end sequencing that sequences both ends of a DNA fragment
(52). In silico mapping then aligns these read sequences to a reference genome to quantify relative
transcript abundance (Figure 0.3) (50). Read mapping accuracy is improved with paired-end sequencing,
which also provides the necessary information to detect and characterize splice variants by defining

intron-exon boundaries (53).
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Figure 0.3 | RNA-sequencing summary. In vitro steps (blue). Library preparation: extracted RNA from a
population of cells is fragmented, then reverse transcribed into double-stranded complimentary (ds-c)
DNA; sequencing: ds-cDNA fragments are sequenced using Next Generation Sequencing (NGS) methods
producing millions of short read sequences. In silico steps (green). Mapping: reads are aligned to a
reference genome sequence to annotate relative levels of gene expression. Figure modified from Lowe

et al, 2017 (50).

Other computational methods exist for different experimental purposes such as de novo
assembly of reads to identify novel transcripts, or transcript and exon-level mapping to study alternative
splicing events (54). However, these were not the focus of my thesis, which was focused on gene-level
mapping to annotated genes and quantify their expression level changes. Gene-level mapping resulted in
a matrix of integer read counts for tens of thousands of genes in each RNA sample. The data analysis of
read count tables marks the start of my involvement in the Toulouse bed rest and MARROW spaceflight

projects.
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Pipeline of data analysis

The first step of my analyses was to normalize the raw read count for between-sample effects,
mainly read depth and RNA composition (Figure 0.4). Accounting for these technical effects is necessary
to ensure the read count data is accurately reflecting differences in expression (55). Read depth refers to
the total number of reads in a sample, which usually differs between samples as the result of sequencing
variability (Figure 0.4 left) (56). Ignoring this effect results in inaccurate sample comparisons and biased
differential expression results (55). RNA composition refers to several highly differentially expressed
genes between samples that skews the expression of other genes (Figure 0.4 right) (57). To account for
both read depth and RNA composition, | used the size factor normalization method from the DESeq2
package in R (58). In summary, this method estimated size factors for each sample, divided the raw count
data by these size factors, and applied a log transformation to stabilize variance across expression values
(59). Read normalization was necessary for gene differential expression analyses, but also essential for

exploratory analyses or data visualizations whenever between sample comparisons were made.
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RNA composition
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Figure 0.4 | Read count normalization for between-sample effects. Left, read depth differences
between samples. Genes in Sample A appear to have more reads relative to Sample B, however this is a
consequence of Sample A having a higher read depth. Right, RNA composition differences between
samples. The differentially expressed (DE) gene takes up most of the read counts in Sample A, but not
Sample B. Normalizing each sample by dividing by the total number of read counts would make most
other genes in Sample A appear less expressed than those same genes in Sample B. Pink and green
rectangles represent reads aligned to a gene. Reads connected by dashed lines connect to a read
spanning an intron. Source from:

https://hbctraining.github.io/DGE_workshop/lessons/02_DGE_count_normalization.html

To quantify significant changes in gene expression levels, | used the DESeq2 package in R (58) to
identify specific gene candidates responding to bed rest and spaceflight. The main advantage of DESeq2’s
statistical strategies are to address the limitations of low read count genes represented in RNA-seq data.

Low read count genes are more susceptible to sampling variability and technical noise introducing higher
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levels of variation (60). Essentially, low read count genes have poor signal to noise ratios making
statistical analysis more unreliable. To overcome this issue, DESeq2 includes a preprocessing step that
employs independent filtering to remove low count or uninformative genes. Gene-specific dispersion is
then estimated and encompasses both biological and technical variability in gene expression (57,61).
Generalized linear models assuming negative binomial distributions are fitted and statistical testing
accounting for multiple comparisons yield genes considered differentially expressed (58). Further
interpretations can be made from gene log2 fold changes (LFC) with the option to shrink them to
improve the precision of lowly expressed genes (58). Conventional transcriptome studies with
longitudinal study designs have typically focused on the differential expression changes at specific
timepoint comparisons and rarely integrate time-dependent analyses that capture temporal patterns
and expression trajectories. This is true for the NASA Twins study, which segregated in-flight from pre-
flight, post-flight and ground samples focusing on differential expression between pre-flight/ground vs
in-flight and post-flight (20). This approach missed the expression trends and patterns over time,
specifically failing to uncover any transitional responses to and from spaceflight and did not take
advantage of the multiple timepoints collected during each study phase of the mission. My main goal
was to overcome these limitations by incorporating temporal differential expression analyses integrating
all three phases of both studies: Toulouse bed rest (baseline, bed rest, and reambulation); MARROW
spaceflight (pre-flight, in-flight, and post-flight). For both studies, | used the same statistical strategies
and DESeq?2 to find specific genes that were differentially expressed between any timepoint and plotted
the expression values for these genes across time to reveal their temporal expression changes. For the
MARROW spaceflight study, | included further differential expression analyses of certain timepoint
comparisons selected based on the temporal results. Mainly, the focus of these comparisons was on the

transition periods to and from spaceflight.
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Summarizing the biological functions of differentially expressed genes was achieved through the
enrichment of gene ontology (GO) terms, which are standardized annotations describing functional
attributes and biological properties of genes (62). GO terms are developed and maintained by the GO
Consortium and stored in the GO database for public access (63). One widely used strategy for extracting
GO terms that are significantly enriched is through an overrepresentation analysis (ORA). This compares
the number of differentially expressed genes within a particular GO term to the total number of genes in
the genome associated with that term. The Fisher Exact Test is then applied to calculate statistical
significance and determines if a GO term is more prevalent in a list of differentially expressed genes than
expected by chance (64). The ORA functional enrichment method utilized the lists of differentially
expressed genes from both studies to identify functional themes responsive to both bed rest and
spaceflight environments. Another common approach is the Gene Set Enrichment Analysis (GSEA) (65).
This approach requires a list of genes ranked based on numerical values such as LFC or normalized read
counts, which are used to calculate normalized enrichment scores (NES) that measure the cumulative
deviation of the gene list from the expected distribution. NES values are then compared to a null
distribution of enrichment scores determined through permutations testing and statistical significance is
calculated to yield enriched GO terms from the ranked list of genes. GSEA was only performed on the
bed rest transcriptome at baseline.

Overall, | used a pipeline of data transformations and statistical techniques to normalize read
counts, isolate differentially expressed gene candidates changing over time, and summarize the
biological functions of those gene candidates. Figure 0.5 depicts the pipeline of data analysis | used to
investigate the transcriptome changes in leukocytes taken from bed rest participants and astronauts in

space.
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Toulouse bed rest study MARROW astronaut study

Size factor scaling
normalization (DESeq?2)

[ Read normalization ]

Baseline
transcriptome

Differential expression Temporal analysis: baseline, Temporal analysis: pre-flight, Selective timepoint
(DESeq?2) bed rest, and reambulation in-flight, and post-flight comparisons

Gene Set Enrichment Overrepresentation Overrepresentation
Analysis (GSEA) Analysis (ORA) Analysis (ORA)

[ Functional enrichment]

Figure 0.5 | Pipeline of read count data analysis. Strategies for read normalization, differential
expression, and functional enrichment for both the Toulouse bed rest (orange) and MARROW astronaut

studies (blue).

Purpose and objectives

The purpose of my thesis was to characterize the composition of human blood leukocyte
transcriptome changes over time in response to altered gravity environments using two experimental
models: participants to 60 days in bed rest (Chapter 1), and astronauts to ~6 months in spaceflight
(Chapter 2). Chapter 1 is a hypothesis-generating study examining the temporal response of leukocyte
transcriptome changes in healthy participants to a 60-day bed rest study combined with a hypothesis-
testing aspect measuring any mitigating effect of a nutritional intervention (45). My hypothesis is the
nutritional intervention will not alter the transcriptome over time and predict transcriptome changes will
not differ between control and cocktail groups. Chapter 2 does not test any countermeasure and is
therefore solely hypothesis-generating evaluating the temporal expression changes with focus on
selective timepoint comparisons to capture transcriptional shifts in astronauts during the transition to

and from ~6 months of spaceflight (30).
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Chapter 1

The characteristic response of the human leukocyte transcriptome to 60 days of bed rest and to
reambulation
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ABSTRACT

Introduction: We sought to isolate the microgravity effect of spaceflight from other space
stressors by characterizing the leukocytes’ transcriptome of participants to a 60-d bed rest study; an
Earth model of microgravity. Methods: Twenty healthy men received a nutritional supplement or not
and 10 blood samples were collected throughout three study phases: baseline data collection (BDC)
(BDC-12, BDC-11), head-down tilt (HDT) bed rest (HDT1, HDT2, HDT30, HDT60), and reambulation (R1,
R2, R12, R30). We measured gene expression through RNA sequencing of leukocytes, applied
generalized linear models to assess differential expression followed by enrichment analysis to identify
temporal changes (model 1) and to measure the impact of a nutritional supplement (model 2). Results:
Baseline transcriptomes included 14,624 protein-coding transcripts and showed both high intra-
individual correlations (mean Kendall coefficient, 0.91 + 0.04) and inter-individual homogeneity (0.89 +
0.03). We identified 2,415 differentially expressed protein-coding transcripts grouping into six clusters
(C1-C6). At phase transitions, clusters showed either a decrease-then-increase (C3 and C5) or an
increase-then-decrease (C1, C2, C6) pattern. All six clusters converged toward average expression at
HDT30 and HDT60. Gene ontology terms at baseline related to immune functions while in bed
rest and reambulation related to sequestration of ions, immune response, cellular stress, and
mineralization. The nutritional intervention had no effect. Conclusions: The temporal profiles
of leukocytes’ transcriptomes emphasized the dynamic nature of gene expression occurring during and
after bed rest. Enriched biological processes among the differentially expressed genes included immune
related and unrelated responses. The convergence toward no differential expression at days 30 and 60
of bed rest suggests a hypometabolic state. Current findings can guide future work on the complex

responses and adaptation mechanisms to microgravity.
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INTRODUCTION

Space is a challenging environment for the human body affecting multiple organs and systems
simultaneously (1-4). Spaceflight is also associated with adverse effects, such as muscle atrophy, bone-
density loss, and impaired immune response (5-8). Astronauts are prone to bacterial and viral infections
shortly after returning to Earth (9, 10). Infections, mild inflammation, atopic dermatitis, and the
reactivation of latent herpes viruses characterize the reduced ability of astronauts to fight pathogens
(10-12). At the cellular level, in-orbit measurements conducted during a 6-month mission onboard of the
International Space Station was associated with elevated circulating white blood cells counts, primarily
granulocytes and lymphocytes, and impairments of immune cell functions upon returning to Earth (13).
In a different study, a transient increase in neutrophils (the first responder to infection) along with
reduced lymphocyte counts, specifically a decrease in T- and B-cell counts was reported postflight (14).
Overall, an increase in granulocytes is consistently reported in space travel studies, whereas changes of
lymphocyte subpopulations are inconsistent. Discrepancies have been attributed to spaceflight
characteristics, such as mission duration and astronaut inter-individual variations characterizing the
immune system (15). Elucidating the mechanisms involved in the regulation of the immune response in
microgravity is of importance for space traveling.

At the molecular level, few studies have examined gene differential expression in circulating
immune cells exposed to microgravity. The NASA Twins Study included a longitudinal assessment of the
immune system through gene expression in white blood cells combined with measures of blood cytokine
concentrations (16). Differentially expressed genes associated with immune-related pathways included
the adaptive immune system, innate immune response, and NK cell-mediated immunity (16) but source
of samples was limited to two individuals. The scarcity of astronauts’ biological samples and technical
challenges hampers our ability to monitor blood cells and study the mechanisms of altered cellular

functions while in microgravity. However, bed rest studies represent an Earth-based analog to
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microgravity with advantages such as direct access to participants for sample collection and technologies
for analyses. Healthy volunteers are confined to 24/7 bed rest with the head at a -6° inclination over
predefined durations in a highly controlled environment with continuous medical monitoring (17-20). In
addition, bed rest experimental designs can incorporate the testing of specific countermeasures to
mitigate the negative effects (e.g.; nutrition, exercise) (17, 18).

The multisystem nature of space-induced physiological adaptations requires a temporal design
combined with genome wide molecular approaches to decipher the cellular and molecular mechanisms
involved (16). Peripheral blood constitutes a source of biological material containing a reservoir of cells
that circulate throughout the body and as such are in contact with multiple organs. Transcriptional
changes measured in leukocytes may thus reflect multisystem changes, making them rich in information
to probe and assess the status of health and disease. When combined with an integrated time-
dependent analysis, gene expression captures longitudinal processes better than studying the
physiological state at a particular time point. In the current study, we harvested circulating leukocytes of
healthy men transitioning to bed, during 60 d of head-down tilt bed rest and transitioning to
reambulation to establish their transcriptome responses. Half of the participants received a polyphenol
dietary supplement. The purpose of our study was to characterize the temporal effects of bed rest by
investigating the leukocyte transcriptome of healthy participants to a 60-d bed rest study and to measure
the effect of a nutritional intervention. We hypothesized that the expression of protein-coding
transcripts will change in response to transitioning to bed rest and reambulation after bed rest, and the

nutritional intervention will not alter the transcriptome over time.
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METHODS
Participants and ethics statements

Twenty male subjects were recruited according to the selection criteria listed in the Guidelines
for Standardization of Bed Rest Studies in the Spaceflight Context (20). The selection process included
medical and psychological examination and was conducted at the Space Clinic of the Institute of Space
Medicine and Physiology (MEDES-IMPS, Rangueil Hospital) in Toulouse (France). Participants remained in
the facility from the start of the baseline data collection (BDC) phase until day 14 of the reambulation (R)
phase and returned for the last sample collection at R30. Selected participants had no medical history,
were not taking drugs or medications, and were nonsmokers. Average age was 34 + 8 yr and weight 73.5
+ 1.5 kg. Research ethics approval was obtained from the Comité de protection des personnes Sud-ouest
et outre-mer (ID-RCB:2016-A00401-50) and was registered at ClinicalTrials.gov (A New Nutritional
Countermeasure to Prevent the Deconditioning Induced by 60 Days of Antiorthostatic Bed Rest
[LTBRCocktail] [NCT03594799]). The current investigation was conducted as a substudy within the
“cocktail” bed rest head-down tilt (HDT) trial and reviewed by the ethics committee at the Ottawa Health
Science Network REB (20160925-01H). All participants gave informed consent and were continuously

monitored by a medical team.

Study design

The “cocktail” Bed Rest Study consisted of three consecutive phases: 14 d of BDC, followed by 60
d of -6° HDT bed rest, and reambulation (R) for 14 d within the facility plus 16 d outside the facility
(Figure 1.1). The study tested the efficacy of a nutritional intervention to mitigate the negative effects of
bed rest. The study ran two identical campaigns of 10 participants each starting 8 months apart between
January 2017 and January 2018. For each campaign, five participants were randomly assigned to the

“control” group and five participants were part of the “cocktail” group receiving daily pills containing 741
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mg of bioactive polyphenols, 2.1 g of omega-3 and 138 mg vitamin E coupled with 80 pug selenium (XXS-
2A-BR2 nutrient cocktail; Spiral Cie, Dijon, France) throughout the HDT phase (detailed nutrient cocktail

composition in Culliton et al.) (21).

Blood collection and leukocyte capture

For each participant, ~4 mL of venous blood was collected in the morning after an overnight fast
on the following days: BDC (-12, -11), HDT (1, 2, 30, 60), R (1, 2, 12, 30). Blood was collected in a
Vacutainer with plasma separator tube (PST) gel and 83 units of lithium heparin (8362534; Becton
Dickinson, Franklin Lakes, NJ). The fresh blood samples were passed through a LeukoLOCK™ filter
(AM1923; ThermoFisher Scientific, Waltham, MA) to capture the leukocytes. The filters were flushed
with 3 mL of phosphate-buffered saline to remove residual red blood cells and then with 3 mL of
RNAlater solution (ThermoFisher Scientific) to stabilize leukocyte RNA. The two filter ports were sealed,

the filters were frozen at -80°C and shipped to our laboratory for RNA isolation.

RNA isolation, library preparation, and sequencing

RNA isolation from leukocytes immobilized on the filter was performed using the LeukoLOCK™
total RNA isolation system and manufacturer’s protocol (AM1923; ThermoFisher Scientific). Total RNA
was suspended in 50 pL of RNAase-free water and quality assessed using the Agilent BioAnalyzer 2100.
Samples with RNA Integrity Number (RIN) 2 8.0 were used to generate RNA sequencing libraries (23). Of
the 200 samples collected, 3 had RIN < 8.0 and were not further analyzed (cocktail group: B1-3, D1-4,
and control group: G1-3). RNA sequencing libraries were prepared from 1 pg of total RNA using the
[lumina Stranded mRNA Prep kit, and instructions from the manufacturer (AM1923; ThermoFisher
Scientific). Library quality was assessed using the Agilent BioAnalyzer 2100 and 197 samples passed the

quality metrics for sequencing, including a concentration above 10 nM. Libraries (125 pM) were
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multiplexed and sequenced with 100 paired-end reads to a depth of ~50 million reads per sample using
the Illumina NovaSeq 6000 System. Library preparation, quality assessment, high-throughput sequencing

and de-multiplexing were performed at Genome Quebec Innovation Center (Montreal, Canada).

RNA-Seq data analysis

Reads were aligned to the publicly available human transcriptome and genome (GRCh38.84)
using TopHat with default parameters (version 2.0.13) (24). Transcript abundance calculations were
performed using HTSeq with default parameters (version 0.6.1) (25). The expression dataset
corresponded to all transcripts from protein coding and non-protein coding genes measured at individual
study timepoints for each participant. Read count data for the two baseline timepoints (BDC-12 and
BDC-11) and for all 20 participants (total 40 baseline samples) were used to assess inter-individual
participant variability. Independent filtering using the DESeq2 package in R (26) excluded genes with
mean normalized read counts <2 resulting in 14,624 protein coding genes representing the baseline
transcriptome. The normalized read counts from each gene were averaged across the two baseline
timepoints to produce one combined baseline timepoint for each participant. The baseline
transcriptomes for each participant were then pairwise correlated generating a nonparametric Kendall
rank correlation matrix represented by a symmetrical heatmap to visualize the inter-individual
participant transcriptome variability. All sequence analyses and result visualizations were conducted
using the R environment (https://cran.r-project.org/doc/manuals/r-release/R-intro.html) and custom

scripts.

Principal component analysis
The variance stabilizing transformation (log2-transformation reducing variance of low read

counts) was applied to the normalized read counts using the vst() function built within the DESeq2
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package in R (26). The VST normalized read counts were used to calculate each sample’s principal
component scores using the prcomp() function in R. This was done for the subset of baseline samples (40
samples) and for every sample across all study phases (197 samples). Samples were then plotted along
PC1 and PC2 to visualize the variance explained by the individual participants, baseline timepoints and

individual study phases.

Temporal differential expression analysis
Temporal differential expression analysis across all timepoints of the study was generated using
the DESeq2 package in R (26) and two fixed-effect generalized linear models were fitted treating time as

factorial:

Model 1: read counts ~ replicate + group + time point + €

Model 2: read counts ~ replicate + group + time point + group:time point + €

Model 1 asks “what is the effect across time?,” whereas model 2 asks “what is the effect of the
nutritional intervention across time?” Repeated measures were controlled by including the “replicate”
term, which accounts for the number of biological replicates in each participant. The element “group”
refers to control or cocktail and the element “time point” reflects the inclusion of all 10 timepoints in the
differential expression analysis. The tests are conceptually similar to an analysis of variance (ANOVA) but
instead represent an analysis of deviance because DESeq2 estimates dispersion not variance. Briefly,
DESeq2 performed gene count normalization, sample dispersion estimation, model fitting and
significance testing using the likelihood ratio test generating one P value per gene (26). Adjustment for
multiple statistical tests was done using the Benjamini-Hochberg correction (27). Genes with false

discovery rate (FDR) adjusted P values <0.001 were considered statistically significant and identified as
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gene candidates that were differentially expressed between any time point across the three phases of
the study (model 1) or between nutritional and control groups over time (model 2). Of these identified
protein-coding genes, normalized read counts were averaged among the 20 participants at each time

point and scaled across genes as z-scores.

Gene cluster analysis

Gene candidates identified with Model 1 were further analyzed to extract clusters of genes
displaying similar profiles of expression changes throughout the entire study. Briefly, the Euclidean
distance between each of the model 1 gene candidates were calculated using the z scores scaled
normalized read counts from each sample across time. These values were then hierarchically clustered
using the hclust() function in R creating a tree dendrogram to visualize the gene clusters, which were
resolved by a static tree cut (Supplemental Figure 1.1A). The optimal number of clusters was determined
by visual inspection of the tree dendrogram and support from the “elbow method” (Supplemental Figure

1.1B) (28).

Enrichment analysis

Two enrichment analyses were performed separately; one for baseline timepoints only (BDC-12
and BDC-11) using gene set enrichment analysis (GSEA) (29), and one for all 10 timepoints across the
three study phases (BDC, HDT, and R), using overrepresentation analysis (ORA) (22). Gene set
enrichment analysis used the normalized read counts from the baseline transcripts’ list consisting of
14,624 protein-coding genes averaged across the two baseline timepoints and biological replicates.
Baseline GSEA was done through clusterProfiler 4.0’s gseGO() function with the min and max gene set
size set to 100 and 500, respectively, and enriched gene ontology (GO) terms grouped under “Biological

Processes” at any level. The enrichment analysis across time for the three study phases used the list of
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individual differentially expressed gene clusters over time and 14,624 protein-coding genes as the
reference list to perform an ORA with custom R scripts to detect significantly overrepresented GO terms
over time. Gene cluster ORA utilized clusterProfiler 4.0’s groupGO() function to map genes from each
cluster to their associated level 4 GO terms grouped under “Biological Processes.” Using custom R code,
a Fisher’s exact test was applied to test for significantly overrepresented GO terms between gene
clusters and the reference list. After adjustment for multiple comparisons using the Benjamini—
Hochberg correction, P values with FDR <0.05 were considered statistically significant. The list of
temporal differentially expressed genes was further analyzed to identify genes related to the ORA
enriched GO term “regulation of immune system process.” Expression levels of identified genes were
averaged across replicates for each timepoint, and log2 fold change values relative to baseline (BDC)
were calculated for each timepoint within HDT and R phases. A heatmap was then created using the
pheatmap package in R to display the log2 fold changes for each gene across all HDT and R timepoints

(https://cran.r-hub. io/web/packages/pheatmap/pheatmap.pdf).
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RESULTS
Transcriptome Variability at Baseline

Transcriptomes at baseline were compared to assess participant intraindividual and
interindividual variability. Baseline transcriptomes consisted of 14,624 protein-coding genes measured at
both baseline timepoints, BDC-12 and BDC-11. For intraindividual variability, the average of individual
Kendall correlation coefficients was 0.91 £ 0.04. Correlation plots of the two baseline samples from the
same participant and Kendall correlation coefficients are displayed in Supplemental Figure 1.2A. To
further assess variability of transcriptomes at baseline, a principal component analysis (PCA) was
performed with the 14,624 protein-coding genes and resulted in PC1 (47.4%) and PC2 (6.5%); explaining
53.9% of total read count variance (Supplemental Figure 1.2B). The 95% confidence ellipses of the two
baseline samples overlapped significantly; 15 of the 20 baseline values were included in the overlapping
region of the two ellipses (Supplemental Figure 1.2B) further demonstrating the reproducibility of
transcriptomes between the two baseline timepoints. The high intraparticipant correlation justified the
combination of the two baseline timepoints for interindividual variability analysis using pairwise
correlations of participants transcriptomes. The mean * SD of the pairwise Kendall correlation
coefficients was 0.89 £ 0.03 for the 20 participants, indicating a high participant homogeneity of
transcriptomes at baseline. Results from individual pairwise comparisons of the 20 participants’
transcriptomes at baseline are illustrated as a symmetrical correlation heatmap (Supplemental Figure

1.3).

Temporal Differential Expression Analysis
To measure the effect of time on transcriptomes, differential expression of protein-coding genes
was measured using two generalized linear models applied to all 10 timepoints of the study. Model 1

identified 2,415 protein-coding genes differentially expressed between any timepoint of the study. In
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model 2, transcriptomes of the 10 timepoints were also compared, and in addition, the model tested for
the interaction between the nutritional intervention and timepoints. Model 2 identified 0 protein-coding
genes differentially expressed between nutritional intervention and control groups across any timepoint.
The lack of significant effect of the nutritional intervention on transcriptomes over time justified the

combination of participants from control and cocktail groups in subsequent analyses.

Temporal changes of protein-coding genes

Visualization of the temporal changes of expression for the individual 2,415 differentially
expressed protein-coding genes are shown in Figure 1.2A, which plots the mean transcript levels for each
gene across all 10 timepoints of the study. Gene transcript levels are reported as z-scores, which
centered and scaled the normalized read counts for each gene by the mean and standard deviation
across the 2,415 protein-coding genes ensuring comparable scaling and visualization for all genes. A
positive z-score was interpreted as above average gene expression, a negative z-score indicated below
average gene expression, and zero corresponded to average levels. At 30 d (HDT30) and at 60 d (HDT60)
of bed rest, the levels of most mRNA showed convergent transcription toward average levels compared
with bed rest day 1 (HDT1) and day 2 (HDT2) (Figure 1.2A). Changes in gene expression during
reambulation after bed rest displayed variability at all four timepoints (R1, R2, R12, R30) (Figure 1.2A).
The dynamic changes in levels of protein-coding transcripts throughout the three phases of the bed rest
study was reiterated in Figure 1.2B, showing violin plots of scaled normalized read counts expressed as z-
scores and at each individual timepoint. The spread of average transcript levels at HDT30 and HDT60

displayed the smallest interquartile range compared with all other timepoints.
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Gene cluster analysis

Hierarchical cluster analysis of the 2,415 temporal differentially expressed transcripts identified
six gene clusters based on the similarity of expression changes across all three bed rest study phases
(Figure 1.2A) (Supplemental Figure 1.1A). Interestingly, gene clusters showed an inverse pattern of
expression changes at the onset of bed rest (HDT1 and HDT2) and reambulation phases (R 12). For
clusters 1, 2, and 6, the pattern of differential expression was characterized by an increase of expression
at the transition to the bed rest HDT phase and by a decrease of expression at reambulation day 12
(Figure 1.2A). We named this cluster profile a pattern of “increase-then-decrease” differential
expression. Conversely, clusters 3 and 5 displayed a pattern of decreased expression at the transition to
bed rest and subsequent increased expression at reambulation day 12 after bed rest, referring to a

“decrease-then-increase” pattern of differential gene expression (Figure 1.2A).

Principal Component Analysis

Principal component analysis was used to visualize differences in transcriptome variability
between all three phases of the study; BDC, HDT, and R. The analysis included the differentially
expressed 2,415 protein-coding genes across all 10 timepoints of the study and identified principal
components 1 and 2 (PC1 and PC2) corresponding to 55.0% and 8.5% respectively, explaining 63.5% of
total read count variance (Supplemental Figure 1.4). This was 9.6% higher than the PCA using the
baseline transcriptome consisting of 14,624 protein-coding genes, which indicates variations in
expression changes are better encapsulated by the profile of 2,415 differentially expressed genes than
the baseline profile of 14,624 genes. In addition, the 95% confidence ellipses show more overlap
between BDC and HDT transcriptomes compared with the overlap between baseline and reambulation.
This indicated a larger variability of changes in transcript levels during the reambulation phase compared

with the BDC and HDT phases (Supplemental Figure 1.4).
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Enrichment Analysis

For insight into the biological functions of expressed genes, two enrichment analysis of leukocyte
transcriptomes were performed separately: one for baseline transcriptomes only and one for
differentially expressed genes over time. For baseline transcriptomes, the normalized read counts of the
14,624 protein-coding genes at timepoints BDC-12 and BDC-11 were analyzed for the enrichment of
function using GSEA. At baseline, GSEA resulted in 20 GO terms including terms mainly describing
leukocyte functions (Figure 1.3A). The terms “immune effector process” and “response to bacterium”
had the largest gene counts (Figure 1.3A). Additional biological processes represented in baseline

” u.

transcriptomes included “circulatory system process,” “taxis” and “response to wounding” (Figure 1.3A).
The second enrichment analysis was conducted on differentially expressed genes measured across all 10
timepoints grouped in the six clusters, which were then analyzed individually using ORA. Results for the
enrichment analysis of the differentially expressed genes over time are displayed in Figure 1.3B. The

n

highest gene counts were in Cluster 6 and included the terms “regulation of signaling,” “cellular response
to stress,” and “cell population proliferation” among the most represented biological processes. Cluster 4
comprised immune-related biological processes including: “IL-6 production” and “regulation of cytokine
production.” The most represented terms for cluster 2 related to oxidative phosphorylation. In cluster 1,
the most represented biological processes had low gene counts and included terms related to
“sequestration of metal ions.” Biological processes related to biomineralization characterized three of
the six most represented terms in cluster 5. The most represented terms in cluster 3 included “protein
localization.”

In an additional analysis of the 2,415 protein-coding genes differentially expressed over time, we
performed an ORA enrichment of genes related to immune functions. A total of 155 protein-coding

genes mapped to the GO term “regulation of immune system process”; 85 genes from C1, 32 genes from

C3 and 38 genes from C5. Temporal changes of these genes are expressed as log2 fold changes relative
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to baseline and displayed in a heatmap (Figure 1.4). The profiles of changes of expression for most
immune-related genes had characteristics similar to patterns displayed by the six gene clusters identified
from the 2,415 differentially expressed genes. Similarities included changes in the patterns of expression
at study phase transitions characterized by either a “decrease-then-increase” pattern or an “increase-
then decrease” pattern. The near zero differential expression at days 30 and 60 of the bed rest HDT

phase relative to baseline was also a characteristic of immune-related genes (Figure 1.4).
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DISCUSSION

We conducted serial RNA sequencing on circulating leukocytes from 20 healthy male participants
transitioning to and from 60 d of bed rest to identify key protein-coding genes and enriched biological
terms characteristic of bed rest and to measure the impact of a nutritional intervention. Our primary
findings were: 1) Participants’ transcriptomes at baseline were homogeneous; 2) differentially expressed
genes over time grouped into six clusters displaying either decrease-then increase or increase-then-
decrease patterns of differential expression at phase transitions: baseline to bed rest and bed rest to
reambulation; 3) immune-related processes were most represented in leukocyte transcriptomes at
baseline while biological processes enriched among the differentially expressed genes at any timepoint
included; sequestration of ions, immune response, cellular stress, and mineralization; 4) transcripts
levels converged toward average levels after 30 and 60 d in bed; 5) the nutritional intervention did not

affect the expression profile of protein-coding genes throughout the bed rest study.

Baseline transcriptomes and interindividual variability

The high intraindividual correlations comparing transcriptomes from samples collected at two
consecutive days of the baseline phase (Supplemental Figure 1.2) testified to robust and reproducible
methods. In addition, the high inter-individual correlations comparing transcriptomes of the 20
participants at baseline (Supplemental Figure 1.3) is indicative of leukocyte transcriptome homogeneity
in our cohort, which is consistent with the stringent recruitment standards for this study limited to
healthy men within a narrow age range (20). But the transcriptome’s homogeneity at baseline is
inconsistent with immune variability characterizing healthy adult populations. A meta-analysis of 1,575
healthy adults across multiple cohorts documented differences in leukocyte subpopulations, cytokine
profile, and functional response indicating immune heterogeneity characterizing healthy adults (30).

However, immune variability was attributed to nonheritable influences such as exposure to pathogens
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rather than heritable factors as described in monozygotic twins (31). Interestingly, a report on the same
20 participants from our study showed no significant frequency changes in leukocytes, total
lymphocytes, B-cell concentrations during bed rest (32). This points to the controlled experimental
environment of bed rest studies contributing to immune transcriptome homogeneity. Future
experiments are necessary to validate leukocytes’ transcriptome homogeneity in larger populations of
healthy adults. Our experimental approach yielding both high intra-participant reproducibility and high
inter-participant homogeneity support the validity of the leukocyte gene expression to characterize the

effects of bed rest and of reambulation after bed rest.

Transcriptomes during bed rest and reambulation

The temporal profiles of leukocytes’ transcriptomes emphasized the dynamic nature of gene
expression occurring during and after bed rest. Differentially expressed genes over time clustered into 6
profiles and underwent major changes of expression timed with phase transitions: baseline to bed rest
and bed rest to reambulation. Remarkably, the gene clusters C3 and C5 displaying decreased expression
when going to bed rest, showed increased expression at reambulation day 1 (C5) and day 2 (C3 and C5).
In contrast, the gene clusters C1, C2, and C6 increased expression when going to bed, then decreased
expression at reambulation day 12. The timing and patterns of clusters at phase transitions coincided
with skeletal unloading and inactive antigravity muscles during bed rest, while loading and activation of
gravity muscles occurring at reambulation. Transcriptome changes suggest that specific biological
systems and processes are responsive to verticalization and weight bearing while other are more active
during rest in the horizontal position. Blood circulation, muscle action and bone stimulation constitute
examples of activity-, position- and gravity-dependent systems (33-35). More specific to circulating
leukocytes, the minus 6-° antiorthostatic bed rest position induced a fluid shift (2). Blood shifting

cephalad from the lower limbs triggers a 10% to 15% plasma volume reduction resulting in
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hemoconcentration (2). Leukocytes cellular stress pathways related to hemoconcentration may activate
intrinsic mechanisms to preserve function and adjust cell population (21) as will be discussed in the
functional enrichment analysis below. The display of transcriptome decrease-then-increase changes in
and out of bed rest would suggest that genes clusters are related to processes necessary during activity,
verticalization or gravity. Conversely, genes from the increase-then-decrease clusters would be related to
processes active during the horizontal unloaded state of bed rest.

The next transcriptome findings pertain to the phase after 60 d of bed rest when our cohort
initiated reambulation and gradually returned to their habitual level of physical activity. The
reambulation phase corresponded to the return from microgravity and integration of physiological
responses from multiple systems. Using a principal component analysis to compare transcriptomes
during the three phases, the current study found more variability at reambulation compared with
baseline and bed rest phases (Supplemental Figure 1.4). This finding suggests that despite participant

transcriptomic homogeneity at baseline, transcriptomes are variable at reambulation.

Bed rest and reambulation caused marked changes in leukocyte biological processes

During bed rest, the enrichment analysis pointed to gene differential expression unrelated to
leukocyte function as detected at baseline. An enrichment analysis of the 14,624 genes expressed at
baseline identified biological functions related to immunity, response to bacterium, circulatory system
processes, taxis and wounding; all typical and expected of leukocytes. However, the 2,415 differentially

expressed genes in response to bed rest and reambulation indicated a significant adjustment in

”n u ” u ” u

transcriptomes. GO terms “signaling,” “response to stress,” “regulation of cell population,” “oxidative

” u

phosphorylation,” “mineralization” and “cytokine production” dominated the leukocyte functions

modulated by bed rest and reambulation after bed rest. The altered transcriptome may indicate a shift in
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circulating leukocyte activity to address cellular stresses and adaptation to hemoconcentration and then
hemodilution, bone unloading then reloading typical of the bed rest model (21, 35).

In agreement with previously reported physiological changes of bed rest protocols, the current
study identified bone morphogenesis and muscle cell development as significant biological events
associated with HDT bed rest and reambulation (35-37). Genes from clusters 3 and 5 (decrease-then-
increase pattern) were associated with GO term descriptions such as dendrite development, synaptic
plasticity, regulation of growth, biomineralization, tooth mineralization, and biomineral tissue
development. Central nervous and bone systems are typically stimulated by limb movement and
coordination during activity, verticalization, and weightbearing (38, 39). Bed confinement abolishing
these actions is compatible with their strong down regulation of the transcriptomic response to bed rest.
Similarly, at reambulation, return to the vertical position and weightbearing may explain the switching to
increase expression of genes in clusters 3 and 5. These results connect with literature on bone
demineralization with bed rest and bone mass and mineralization accrual with weightbearing and return
to activity (39, 40). On the contrary, gene clusters 1, 2, and 6 with increased expression at bed rest and
reduced expression at reambulation included regulation of cell population and sequestering of metal
ions, among others. Blood cell population regulation is required with the fluid shifts inducing
hemoconcentration then hemodilution as previously measured with the bed rest model (17, 21). In
addition, skeletal unloading and bone demineralization during bed rest increases calcium and phosphate
ions availability into circulation (34, 37, 41). In these 20 participants, increased availability of ferrous ions
from increased hemolysis was previously reported during the bed rest phase (21). The significant
enrichment of the GO term “sequestering of metal ion” among cluster 1 genes correlates with a
leukocytes’ response to free heme release secondary to red blood cell hemolysis previously reported in

the same participants (21).
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Differential expression of “regulation of immune system process” genes

The transcriptomic response indicated that the immune system of healthy participants was
impacted by bed rest and reambulation. The representation of the GO term “regulation of immune
system process” corresponded to 6.4% (155/2415) of all the differentially expressed genes over time. Of
interest, three genes of the tumor necrosis factor (TNF) family; TNFSF13B, TNFAIP8L2, and TNFSF14 all
increased at reambulation. TNFSF14 is known as a herpesvirus entry mediator acting as a costimulatory
factor for the activation of lymphoid cells and as a deterrent to infection by herpesvirus (9). Upregulation
of TNFSF14 at reambulation day 1 might contribute to the protection against herpesvirus reactivation
observed in astronauts upon returning on Earth (11). Latent herpes virus reactivation was not reported
after 90 d of bed rest (10, 11). The bed rest model was designed and is used as an Earth-based
microgravity analog because it mimics many of the physiological changes taking place in microgravity
(17, 20). A second group of immune system genes identified in the current study corresponds to
members of the complement system. Complement 1q (C1q) can activate the classical pathway of the
complement system allowing protection against infections by targeting antigen-bound immunoglobulins,
C-reactive protein and apoptotic cells (42). The profiles of expression of genes C1QA, C1QB, C1QC, and
C2 suggest a repression of the complement system during bed rest and potentially explaining the

vulnerability to infection induced by bed rest in healthy adults.

No differential expression after prolonged bed rest

A striking characteristic of transcriptome changes was the convergence toward average
expression at days 30 and 60 of bed rest. This convergence was a path common to all 20 participants. To
our knowledge, such a phenomenon reported here for the first time and the biological meaning of this
discovery is unclear. The reduced level of physical activity, inherent to bed rest, and reduced energy

expenditure during the bed rest phase represent potential causal factors for transcriptome convergence
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toward no change. The general lack of expression changes after prolonged bed rest represents an
adaptation and is indicative of global mechanisms yet to be identified limiting variations of mRNA levels
in leukocytes. The transcriptomic convergence may indicate a generalized hypometabolic state and a
reduced energy expenditure compatible with the main clinical use of bed rest (43). Reversal of the
convergence during reambulation demonstrated a high degree of transcriptome flexibility with

participants adapting their transcriptomes to periods of bed rest and physical activity.

Nutritional intervention does not affect bed rest induced transcriptome changes

The current study tested the efficiency of a nutritional supplement in polyphenol, omega-3,
vitamin E, and selenium at mitigating the negative impact of bed rest in healthy male participants. Our
results are consistent with independent reports documenting a lack of effect of the nutritional
supplement on: cardiac circadian rhythms (44), muscle deconditioning (45), oxidative damage,
mitochondrial content and protein balance (45), lumbar vertebral fat fraction (46), hemolysis (21), bone
formation and resorption (41), neurobehavior (47), and B-cell homeostasis (32) on the same participants.
Austermann et al. (41) attributed the lack of effect of the nutritional intervention to the well-controlled
diet of bed rest participants containing sufficient amounts of micronutrients and therefore the

supplement might not have provided additional benefits on any outcome measured.

Limitations

We obtained and analyzed 10 blood samples at key moments over the 104 experimental days of
the bed rest study. Important changes happening in-between blood draws would have been missed;
preventing us from, for example, establishing the start time of convergence of transcriptome toward no
differential expression in late bed rest. We report changes of transcript levels, which represent steady

state levels, limiting our ability to comment on dynamic transcriptional and posttranscriptional changes

37



including RNA degradation, and translation. The number of individuals was limited to 20 participants.
The stringent anthropomorphic and demographic recruitment criteria prevent extrapolation to a wider,
heterogeneous or ill population. Importantly, the male-only cohort used in this study prevents the
extrapolation of results to women and preclude any sex-based comparisons. Finally, our gene expression
analysis was performed on circulating leukocytes; it is therefore not possible to allocate the individual
contribution of cell subpopulations; e.g., lymphocytes, neutrophils, monocytes, etc., to the expression

profiles.
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CONCLUSIONS

Temporal leukocyte transcriptome variations reflect the significant biologic perturbations caused
by microgravity. Leukocyte biological processes changing from immune function to stress reactions may
explain the vulnerability of astronauts to infections. Our study demonstrates that genetic tools
accurately mapped key elements of bed rest protocols with potential applications for space travelers.
Particularly at phase transition; entering bed rest and later reambulation constituted major stressors to
circulating leukocytes identified from differentially expressed genes represented by six cluster profiles
and a shift in biological functions. In addition, gene clusters presented transcriptomic convergence after
30 and 60 d of bed rest potentially reflecting common path to generalized hypometabolism related to
preserving energy. Gene clusters also presented transcriptomic decrease-then-increase and increase-
then-decrease patterns at transitions to bed and to ambulation after bed rest possibly distinguishing
metabolic pathways responsive to rest and unloading and to opposite activities, verticalization and
weight bearing. Current findings can guide future work on the nature of the complex response to

microgravity and integrated responses from multiple systems toward homeostasis.
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Figures

BDC: Baseline Data Collection
HDT: Head Down Tilt
R R: Reambulation
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Figure 1.1 | Experimental design. Twenty healthy male participants were randomly assigned to either
the “control” (n = 10) or “cocktail” (n = 10) and underwent a three-phase bed rest study; 14 d in baseline
(BDC), 60 d in —6° HDT bed rest, and 30 d of reambulation (R). The “cocktail” group received a daily oral
dosage of an antioxidant/anti-inflammatory cocktail at mealtime throughout the HDT bed rest phase as a
nutritional intervention. For each participant, venous blood was collected in the morning after an
overnight fast at 10 different timepoints (indicated by arrows); two baseline samples 12 and 11 d before
HDT bed rest (BDC-12, -11), four samples during the HDT phase (HDT1, 2, 30, 60), and four samples after

HDT phase (R1, 2, 12, 30).
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Figure 1.2 | Temporal profiles of differential gene expression during the three phases of the bed rest
study. Gene expression values represent the mean scaled normalized read counts for the 2415 protein-
coding transcripts differentially expressed between any timepoint. A, Transcript levels represent the
average of normalized read counts for the 20 participants at individual timepoints and expressed as z
scores. Black lines follow individual transcripts and colored lines represent the profiles of the six gene

clusters identified through hierarchical clustering. The number of protein-coding genes identified in each
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cluster is indicated. The shaded area represents the HDT phase. B, Levels of the differentially expressed
2415 protein-coding transcripts measured at individual timepoints displayed as violin plots of z scores:
medians indicated by open squares and upper and lower quartiles indicated by black squares. Colors

denote the study phase. BDC (blue), HDT (red), and R (green).
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Figure 1.3 | Functional enrichment analysis. Dot plots displaying the GO terms obtained from the GSEA
of baseline timepoints only (BDC-12 and BDC-11) (A) and ORA of gene clusters across all study phases
(B). For both plots, the size of each dot is proportional to the number of genes mapping to that specific
GO term. The color of each dot is based on the FDR adjusted P values, where brighter points have lower
values (color scale). Panel A displays the enrichment results for the baseline transcriptomes only and all
20 statistically significant GO terms obtained from GSEA. NES are based on the weighted KS statistic.
Panel B displays the top six most enriched GO terms for each cluster of differentially expressed genes at
any timepoint of the study and obtained from ORA. Enrichment corresponds to the ratio of mapped
gene counts to a given GO term between each gene cluster (C1-C6) and the reference list. Enriched GO
terms were grouped under “Biological Processes” at level 4. Using the Benjamini-Hochberg correction for
multiple comparisons, P values with FDR < 0.05 were considered statistically significant. NES, normalized

enrichment score; KS, Kolmogorov-Smirnov.
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Figure 1.4 | Differential expression of immune processing genes at bed rest HDT and reambulation (R).
Heat map illustration of the log2-fold changes of expression at HDT bed rest and R relative to baseline
levels for differentially expressed genes involved in the regulation of immune processes. Among the 2415
differentially expressed genes at any timepoint of the study, 155 were represented in “regulation of
immune system process” GO term. Expression levels of individual genes at HDT and reambulation
relative to BDC values and expressed as log2-fold changes displayed as a heatmap. The color bar

represents values of log2-fold changes ranging from -2 (red) to +2 (green).
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The transcriptome response of astronaut leukocytes to long missions aboard the International Space
Station reveals immune modulation
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ABSTRACT

Introduction: Spaceflight leads to the deconditioning of multiple body systems including the
immune system. We sought to characterize the molecular response involved by capturing changes in
leukocyte transcriptomes from astronauts transitioning to and from long-duration spaceflight. Methods:
Fourteen male and female astronauts with ~6-month long missions aboard the International Space
Station (ISS) had 10 blood samples collected throughout the three phases of the study: one pre-flight
(PF), four in-flight (IF) while onboard the ISS, and five upon return to Earth (R). We measured gene
expression through RNA sequencing of leukocytes and applied generalized linear modeling to assess
differential expression across all 10 time points followed by the analysis of selected time points and
functional enrichment of changing genes to identify shifts in biological processes. Results: Our temporal
analysis identified 276 differentially expressed transcripts grouped into two clusters (C) showing opposite
profiles of expression with transitions to and from spaceflight: (C1) decrease-then-increase and (C2)
increase-then-decrease. Both clusters converged toward average expression between ~2 and ~6 months
in space. Further analysis of spaceflight transitions identified the decrease-then-increase pattern with
most changes: 112 downregulated genes between PF and early spaceflight and 135 upregulated genes
between late IF and R. Interestingly, 100 genes were both downregulated when reaching space and
upregulated when landing on Earth. Functional enrichment at the transition to space related to immune
suppression increased cell housekeeping functions and reduced cell proliferation. In contrast, egress to
Earth is related to immune reactivation. Conclusion: The leukocytes’ transcriptome changes describe
rapid adaptations in response to entering space followed by opposite changes upon returning to Earth.
These results shed light on immune modulation in space and highlight the major adaptive changes in

cellular activity engaged to adapt to extreme environments.
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INTRODUCTION

The journey to space and sojourn in this extreme environment expose astronauts to health
hazards such as cosmic radiations and microgravity (1). Short- and long-term spaceflight negatively
affects most physiological functions: musculoskeletal, cardiovascular, respiratory, metabolic, endocrine,
cognitive, gastrointestinal, microbial, genito-urinary, dermatological, ocular, and immune (1-3). A rapid
physiological change occurring immediately upon entering space is the prompt redistribution of blood
from the lower to upper part of the body (4). In response, plasma shifts toward extravascular tissues
including the lymphatic system, resulting in diuresis and reduction in blood volume by ~10%-15% within
the first days in microgravity (5). An opposite response occurs upon return to Earth; blood redistributes
to the lower limbs, requiring an increase of total blood volume achieved by increasing fluid intake (6).
These fluid shifts represent opposite physiological adaptations when transitioning to and from
microgravity environments.

At the cellular level, plasma volume redistribution during spaceflight alters blood cell
concentration —triggering mechanisms to restore homeostasis. An analysis of astronaut blood samples
collected onboard the International Space Station (ISS) reported a ~17% elevation in white blood cell
counts persisting during long-term spaceflight and accompanied by impairments of immune cell
functions upon returning to Earth (7, 8). Early studies have also reported that, within 1 week in
microgravity, red blood cell mass decreases ~10% (9). In a recent study, a temporal analysis including
before, during, and after mission measurements of hemoglobin from 14 astronauts sojourning onboard
of the ISS for ~6 months documented ongoing hemolysis in space (10). At the molecular level, studies
have focused on the transcriptomic changes of astronauts during spaceflight. The National Aeronautics
and Space Administration (NASA) Twin Study monitored simultaneously one twin experiencing
spaceflight for ~1 year and compared data to his twin brother in the terrestrial environment.

Transcriptional changes were found in multiple immune cell types including Peripheral Blood
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Mononuclear Cells (PBMCs), CD4 and CD8 T lymphocytes, and CD19 B lymphocytes. Gene expression in
lymphocytes remained disrupted even after spaceflight (11). Those studies offered valuable insight into
the molecular interactions occurring during spaceflight but suffer from small astronaut sample sizes and
lack an integrated time-dependent analysis.

Genome-wide expression analysis provides a rich source of information to characterize
molecular processes that underlie physiological adaptions associated with spaceflight (11). Peripheral
blood cells are an ideal candidate to probe systemic effects due to their contact with multiple organ
systems through blood circulation. Transcriptional changes in circulating blood cells may thus reflect
multisystem changes rich in information to assess astronaut health in response to the space
environment and guide the design of personalized interventions. In the current study, we took advantage
of the rare opportunity to sample a cohort of 14 astronauts onboard the ISS for ~6-month missions. We
harvested the circulating leukocytes of ISS crewmembers before, during, and after spaceflight to
establish the transcriptional composition and dynamic changes. This hypothesis-generating study
combined an integrated time-course analysis followed by a time-point analysis at phase transitions to ISS
missions. This approach captured the longitudinal changes in transcript levels and characterized the
effect of transitioning to and from space, the adaptation in space, and state up to 1-year post-flight. We
predict that the greatest transcriptional changes will occur at phase transitions entering spaceflight and

returning to Earth, whereas minimal changes will be observed later in spaceflight.
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METHODS
Participant selection, study design, and ethics

Twenty astronauts scheduled to travel to the ISS voluntarily attended a presentation of the
Marrow Adipose Reaction: Red Or White (MARROW) project approximately 1 year before an astronaut’s
scheduled flight. Inclusion criteria included male or female astronauts that were non-smokers, without
any metal implants, and were scheduled to remain on the ISS for a minimum of four months. Fourteen
astronauts, 11 men (46.7 + 7.3 years old) and three women (39.7 + 2.1 years old) consented to
participating in the study on the temporal analysis of the leukocyte transcriptomes from blood samples
collected throughout the three phases of their mission: pre-flight (PF), in-flight (IF), and return to Earth
(R). All participants gave informed consent and were monitored by a medical team at NASA. Ethics
approval was obtained from the NASA Human Research Multilateral Review (#Pro1283), Johnson Space
Center Institutional Review Board (JSCIRB), European Space Agency Medical Board, Japanese Aerospace

Exploration Agency, and the Ottawa Health Science Network Research Ethics Board (#2009646-01H).

Blood sample collection and storage

Ten blood samples were collected from each astronaut: one sample at PF between 90 and 60
days before liftoff, four samples IF onboard the ISS (IF1: between days 4 and 6; IF2: between days 8 and
12; IF3: between days 65 and 95; IF4: 30 to 1 day before returning on Earth), and five samples upon
return to Earth (R) (R1: day 1; R2: between days 3 and 7; R3: between days 12 and 15; R4: between days
23 and 37; R5: between days 335 and 395) (Figure 2.1). Approximately 4 ml of venous blood was
collected after an overnight fast in a Vacutainer with plasma separator tube gel and 83 units of lithium
heparin (#8362534, Becton Dickinson, Franklin Lakes, NJ, USA). Immediately after harvesting, blood
tubes were inverted, centrifuged at 1,500g for 15 min at room temperature, and stored at -80°C. PF and

post-flight blood samples were collected and centrifuged at the NASA Johnson Space Center in Houston
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Texas (USA) by a certified phlebotomist, and IF samples were collected, centrifuged, and frozen by
crewmembers. The protocol for blood collection, centrifugation, and storage was the same for all blood
samples including those collected onboard of the ISS. Frozen samples were shipped to our institution
within 2-3 months after collection. A total of 139 blood samples were collected from 14 crewmembers

during 12 different ISS missions (Supplementary Figure 2.1).

Leukocyte capture, RNA isolation, library preparation, and sequencing

Frozen blood samples were thawed at room temperature for ~15 min, and leukocytes layered on
top of the gel were resuspended by gentle inversion of the tube. Total RNA was isolated from leukocytes
using the LeukoLOCK™ total RNA isolation system and manufacturer’s protocol (#AM1923, ThermoFisher
Scientific, Waltham, MA, USA). Total RNA was suspended in 20 mL of RNAse-free water, and quality was
assessed using the Agilent BioAnalyzer 2100 (Model G2939B, Agilent, Santa Clara, CA, USA). All 139
samples had RNA integrity number (RIN) = 8.0. RNA sequencing libraries were depleted of rRNA using
the NEBNext® ribosomal RNA (rRNA) Depletion Kit (Human/ Mouse/Rat) (#6310L, Ipswich, MA, USA) or
using the NEBNext® Ultra™ Il Directional RNA (rRNA) Library Prep Kit for lllumina® (#E7760L, Ipswich,
MA, USA). Library quality was assessed using the Agilent BioAnalyzer 2100, and 72 samples passed the
quality metrics for sequencing including a concentration above 10 nM (Supplementary Figure 2.1).
Details of the inventory of libraries included with randomly assigned astronaut identifiers and time
points that passed quality metrics are provided in Table 2.1. Libraries (125 pM) were multiplexed and
sequenced with 100-base paired-end reads to a depth of ~50 million reads per sample using the lllumina
NovaSeq 6000 System (lllumina, San Diego, CA, USA). Library preparation, quality assessment, high-
throughput sequencing, and de-multiplexing step were performed at Genome Quebec Innovation Center

(Montreal, Canada).
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RNA-seq mapping

Reads were aligned to the publicly available human transcriptome and genome (GRCh38.84)
using HISAT with default parameters (v2.0.13) (12). Transcript abundance calculations were performed
using HTSeq with default parameters (v0.6.1) (13). For consistency with rRNA depletion library
preparation, rRNA genes were excluded leaving an expression dataset that corresponded to 59,901
transcripts from coding and non-coding genes measured at the individual study time points for each

astronaut.

Sample quality control

Gene read counts for the 59,901 genes from each sample were normalized for sample read
depth using DESeq2’s median of ratios (14), and the variance stabilizing log2 transformation (VST) was
applied reducing variance of low read counts for principal component analysis. Principal component
scores were calculated using the prcomp() function in R for all 72 samples. Samples were then plotted
along PC1 and PC2 to visualize the variance explained by the individual astronauts and study time points.
This showed significant deviation of the PF sample a2068.1 from other samples (Supplementary Figure
2.2). Therefore, this sample was treated as a technical outlier and excluded from further analyses leaving
71 samples for analysis in silico. All sequence analyses and result visualizations were conducted using the

R environment (https://cran.r-project.org/doc/manuals/r-release/R-intro.html) and custom scripts.

Differential expression analysis
Two separate differential expression analyses were completed with both using the same fixed-

effect generalized linear model (GLM) within the DESeq2 package in R environment (14).

Model: read counts ~ replicate + sex + cumulative time in space + time + €
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This model measures the effect across time treating the “time” variable as categorical and
included all 10 time points of the study. Confounding variables —sex and astronaut cumulative lifetime
in space— were controlled while also accounting for repeated measures of biological replicates. The first
differential expression analysis tested the temporal effect through applying likelihood ratio testing (LRT)
on the “time” variable using the normalized read counts of all 59,901 genes. The temporal analysis was
conceptually similar to analysis of variance (ANOVA) but instead represented an analysis of deviance
(ANODEV) because DESeq2 estimates dispersion not variance. Adjustment for multiple comparisons was
done through independent hypothesis weighting (IHW) using the IHW package in R environment (15).
This method increased power by assigning weights to each hypothesis test while controlling for the false
discovery rate using the Benjamini-Hochberg correction (16). Genes with adjusted p-values < 0.1 were
considered statistically significant and identified as gene candidates that were differentially expressed
between any time point of the study.

For more specific insight into the IF and post-flight specific effects, differential expression
analyses were done on a subset of time points. This used the same GLM as in the temporal differential
expression analysis but instead applied the Wald’s test on log2 fold changes (LFCs) for significance testing
followed by LFC shrinkage using the ashr method (17). Comparisons of selective time points were
conceptually similar to a post-hoc analysis testing the effect of specific time points within the “time”
variable. Adjustment for multiple comparisons was done using only the Benjamini-Hochberg correction
(16). Genes with adjusted p-values < 0.1 and LFC values > |0.5| were identified as gene candidates

differentially expressed between a given time-point comparison.

Transcriptome expression visualizations
The normalized read counts of gene candidates identified as differentially expressed between

any of the 10 time points (temporal analysis) were averaged among all astronauts at each time point and
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scaled across genes as z-scores. These genes were then further analyzed to extract gene clusters
displaying similar patterns of expression throughout the entire study. Briefly, the Euclidean distance
between each gene candidate was calculated using their z-score scaled normalized read counts from
each sample across time. These values were then hierarchically clustered using the hclust() function in R
environment creating a tree dendrogram to visualize the gene clusters, which were resolved by a static
tree cut (Supplementary Figure 2.3). Gene z-scores of temporal gene clusters were then plotted across
time using lines and split violin plots overlayed by box plots to visualize the relative expression of genes
over the course of the study (Figure 2.2).

As part of the temporal analysis, independent filtering of genes using DESeq2 excluded genes
with mean normalized read counts < 45 resulting in a profile of 15,410 genes representing the expressed
transcriptome across time. The normalized read counts for this profile of expressed genes were scaled
separately as z-scores. Gene z-scores for the 15,410 genes were then plotted across time as violin plots

(Supplementary Figure 2.4).

RNA bio-typing

Gene candidate profiles identified from both temporal and timepoint differential expression
analyses were bio-typed according to the functionality of RNA transcribed from these genes. Bio-type
annotation was done using the biomaRt package in R environment (18, 19), which utilized the Vega
archive gene classifications (https:// vega.archive.ensembl.org/info/about/gene_and_transcript_
types.html). The relative proportions of RNA bio-types within each differentially expressed gene profile

were then displayed as stacked bar plots (Figures 2.2B; 2.3C, F).
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Log fold change heatmap

The LFC values relative to PF were calculated for a subset of gene candidates identified from the
differential expression analysis of selective time points. This subset of genes was identified from the
Venn diagram overlap between the differentially expressed gene profiles for PF vs. IF2 and IF4 vs. R1
(Figure 2.4A). LFC values relative to PF were then displayed as a heatmap across all IF and post-flight time

points along with their gene identities (Figure 2.4B).

Enrichment analysis

For insight into the broader biological functions of the differentially expressed gene profiles,
functional enrichment of leukocyte transcriptomes using two separate overrepresentation analyses
(ORAs) (20) of gene ontology (GO) terms was performed: one is to assess the temporal effect across all
time points using the differentially expressed gene clusters and the other is to assess the spaceflight
phase transitions using the differentially expressed genes from the selective time-point comparisons. A
custom R script was used to detect significantly overrepresented GO terms between the list of
differentially expressed gene profiles and the 15,410 expressed genes used as the reference list. ORA
utilized clusterProfiler 4.0’s groupGO() function (21) to map genes to their associated level 4 GO terms
grouped under “Biological Processes”. A Fisher exact test was applied to test for significantly
overrepresented GO terms between genes and the reference list. After adjustment for multiple
comparisons using the Benjamini-Hochberg correction, GO terms with FDR p-values < 0.05 were
considered statistically significant.

Significant GO terms from the temporal gene clusters with > 1.5 enrichment were displayed onto
a dot plot. The median LFC values relative to PF for the genes mapping to a specific GO term were
displayed as a heatmap across all IF and post-flight time points (Figure 2.2C). For differentially expressed

genes between specific time-points, significant GO terms were summarized by cluster networks based
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on semantic similarity (Figures 2.3B) using REVIGO via a web browser (https://revigo.irb.hr) (22). The GO

term cluster networks were further processed for clarity and aesthetics using Cytoscape (v3.9.1.0) (23).
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RESULTS
Temporal analysis of leukocyte transcriptomes

To report the effects of space mission to the ISS, we determined the composition of astronauts’
transcriptomes and measured differential expression over time using a GLM within the DESeq2 package.
LRT of all 10 time points identified 276 genes differentially expressed between any time point of the
study. In addition, we found 15,410 genes represented the expressed transcriptome of astronauts over
all 10 time points and corresponded to genes with average normalized read counts > 45 according to

DESeq2’s independent filtering threshold.

Transcriptome changes at transition to and from space

Temporal changes for the 276 differentially expressed genes are shown in Figure 2.2, which plots
the mean transcript level for each gene across all 10 time points of the study. Transcript levels were
reported as z-scores, which centered and scaled the normalized read counts for each gene by the mean
and standard deviation across the 276 genes, ensuring comparable scaling and visualization for all genes.
A positive z-score was interpreted as above average gene expression, a negative z-score indicated below
average gene expression, and zero corresponded to average levels. Hierarchical clustering identified two
gene clusters (C) based on the similarity in z-score changes over time (Figure 2.2A; Supplementary Figure
2.3). The two gene clusters consisted of 247 (C1) and 29 (C2) genes, respectively, and mirrored each
other; average levels changed in opposite directions at individual time points. Both showed inverse
patterns of expression changes at transition to space and at the transition back to Earth (Figure 2.2A).
Specifically, gene C1 was characterized by decreased expression after 8-12 days in space (IF2) followed by
increased expression on day 1 after return to Earth (R1) (Figure 2.2A). Conversely, gene C2 displayed

increased expression transitioning to space and decreased expression at return to Earth (Figure 2.2A).
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Gene expression changes in C1 were less variable than C2 as shown by the narrower spread in violin

plots and smaller interquartile ranges (IQR) of box plots (Figure 2.2A).

Protein-coding genes dominate temporal gene clusters

Bio-typing of gene RNA revealed distinct bio-type proportions of the two temporal gene clusters.
C1 consisted mostly of protein-coding genes (68.8%), 19.4% long non-coding RNAs (IncRNA), and 11.7%
genes coding for other various RNA biotypes (Figure 2.2B). C2 genes consisted mostly of protein-coding

genes (93.1%), zero IncRNA, and 6.9% other RNAs (Figure 2.2B).

The two temporal gene clusters differ in biological function

Functional enrichment of the two differentially expressed gene clusters across all 10 time points
produced terms describing different biological functions. Shown in a dot plot are the GO terms from
each temporal gene cluster with an enrichment > 1.5 (Figure 2.2C). In C1, seven of the top eight most
enriched terms described immune system and leukocyte functions. Among these, the terms “regulation
of immune system”, “lymphoid organ development”, and “leukocyte and lymphocyte activation” had the
largest gene counts (Figure 2.2C). In contrast, C2 was composed of terms describing diverse biological
processes including anatomical structure and development and molecular regulation such as “DNA-
binding transcription factor” (Figure 2.2.C). Interestingly, the second most enriched term of C2 was
“regulation of body fluid levels” (Figure 2.2C). The heatmap in Figure 2.2C displays the median LFC values
relative to baseline for the genes associated with a given GO term throughout IF and post-flight time
points. LFC values reiterated the opposite profiles of changes characterizing the two clusters of genes:

inverse pattern of expression at IF and post-flight transitions (Figure 2.2A).
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Gene expression converges toward average levels after long-duration exposure to space

Gene expression between 2 and 6 months IF (IF3 and IF4) converged toward average levels. This
pattern was observed for the 276 temporally differentially expressed genes (Figure 2.2A) and was also
evident with the profile of 15,410 genes obtained from independent filtering in DESeq2 (Supplementary
Figure 2.4). The spread of average transcript levels for all expressed genes at IF3 and IF4 displayed the

smallest IQR compared to all other time points (Supplementary Figure 2.4; Supplementary Table 2.1).

Leukocyte transcriptome at spaceflight phase transitions

To assess the effects of space transitions on astronauts’ transcriptomes, four time-point
comparisons were selected on the basis of the most important changes in transcript levels displayed in
the temporal profiles of clusters (Figure 2.2A). The time-point comparisons included space phase
transitions (PF vs. IF2 and IF4 vs. R1), transcriptional convergence after long-duration in space (IF3 vs.
IF4), and 1 year after return from space (PF vs. IF5). The differential expression results for PF vs. IF2 and
IF4 vs. R1 are shown in (Figures 2.3A, B respectively). All four differential expression results are

summarized in Table 2.2.

Differential expression was strongest during transitions to space and return to Earth

Comparing transcriptomes at PF and IF2 time points, we identified 112 downregulated genes
and eight upregulated genes (Figure 2.3A). The return to Earth was associated with 16 downregulated
genes and 135 upregulated genes differentially expressed between IF4 and R1 transcriptomes (Figure
2.3D). Substantial gene expression changes at space transitions were dominated by genes
downregulated during early spaceflight (IF2) and upregulated during the return to Earth (R1). These
results confirm the decrease-then-increase pattern of gene C1 identified in the temporal gene cluster

analysis (Figure 2.2). In addition, RNA bio-typing of the differentially expressed genes at space transitions
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(PF vs. IF2 and IF4 vs. R1) replicated results from the temporal gene clusters with protein coding as most

represented RNA (Figures 2.3C).

Space transition responses differ in biological function

Enrichment analysis of the 112 downregulated genes between PF and IF2 and 135 upregulated
genes between IF4 and R1 identified biological functions differing between the transitions to and from
space. GO terms are summarized in a cluster network on the basis of semantic similarity shown in
Figures 2.3B, E. The transition to space enriched terms is related to cellular growth such as “cell
population proliferation” (most enriched), “cell differentiation”, and “cellular component organization”
(Figure 2.3B). In contrast, the return to Earth resulted in two clusters of enriched terms both describing
different biological processes than the transition to space (Figure 2.3E). One cluster consisted of terms
related to cellular transport such as “intracellular transport” and “protein transport and localization”
(Figure 2.3E). The other cluster included terms describing the regulation of immune system processes

such as “leukocyte activation” and “lymphoid organ development” (Figure 2.3E).

One hundred genes were both downregulated when reaching space and upregulated when landing on
Earth

Among the 112 downregulated genes when reaching space and 135 upregulated genes when
returning to Earth, 100 were the same genes (Figure 2.4A). Figure 2.4B lists the 100 genes along with a
heatmap displaying the LFC values relative to PF for each gene. The three most represented gene
families were Zinc-Finger Protein (ZNF) genes (n = 6), Cluster of Differentiation (CD) genes (n = 3), and

Long Intergenic Non-Protein Coding (LINC) RNA (n = 3).
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Leukocyte transcriptome in-flight and 1-year post-flight
No differential expression occurs during late in-flight

Our results found zero genes differentially expressed between 65-95 days IF and 30-1 day prior
to return to Earth (IF3 vs. IF4) (Table 2.2). The convergence toward no changes later in flight is also
evident from standardizing scaled expression to z-scores. The distribution of mean scaled expression (z-
scores) for all genes at each time point are shown in Figure 2.2A; Supplementary Figure 2.4. Late IF time
points corresponding to IF3 and IF4 had the lowest IQRs compared to all 10 time points (0.29 and 0.32,

respectively) (Supplementary Table 2.1).

Transcriptome 1-year post-flight is similar to pre-flight

Analysis between PF and 1-year post-flight time points (PF vs. R5) revealed zero differentially
expressed genes (Table 2.2). From the 15,410 expressed genes, transcriptional variability between PF
and 1 year after returning from space appeared similar on the basis of the spread of violin plots and IQR
(Supplementary Table 2.1; Supplementary Figure 2.4). However, Figure 2.2A shows C1 and C2 having
reversed expression 1-year post-flight when compared to PF. C1 genes had above average expression PF

but had below average expression 1-year post-flight, and vice versa for C2.
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DISCUSSION

We analyzed the leukocyte transcriptome of 14 female and male astronauts before their launch
to space, upon reaching the ISS, in space for 6 months, at egress to Earth, and up to 1 year after landing.
Differential expression was measured using an integrated time-course analysis followed by a focused
analysis of mission phase transition time points. The salient findings were as follows (1): temporal
analysis identified the decrease-then-increase expression pattern at transitions to and from space as the
main profile of change with immune system processes most represented; (2) phase transition analysis
identified downregulated genes mainly associated with “regulation of cell population” and upregulated
genes at the return to Earth associated with “regulation of immune system process”; (3) 100 genes were
both downregulated when reaching space and upregulated upon returning to Earth; and (4) transcript
levels converged toward average levels displaying no differential expression between ~2 and ~6 months

IF.

Differential expression at phase transition

The first analysis of the leukocyte transcriptomes provided an overview of the relative
transcriptional changes occurring at 10 time points across the three phases of a space mission: PF, IF, and
R. Astronauts’ leukocyte transcriptomes showed opposite directions of gene expression changes upon
reaching the space environment compared to the return on Earth. Cluster analysis grouped the
differentially expressed genes into two clusters characterized by major changes in opposing directions:
(C1) decrease-then-increase and (C2) increase-then-decrease.

The biological processes represented among the 247 genes from C1 were mainly specialized
leukocyte functions and immune system processes. Temporal transcriptome data indicated a reduction
of immune functions when transiting to space and the opposite when returning on Earth: an increase of

immune function. Our findings are consistent with previous reports of decreased immunity in space
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including reductions in T-cell function, NK-cell function, altered plasma cytokine profiles, and persistent
inflammation (7, 8, 24-26). Our analysis at both transition to a different gravitational environment
revealed novel genes and pathways not previously documented in astronauts traveling to space. The
decreased expression of the cell surface receptor CD3E and CD3G genes, both members of the CD3 T-
cell receptor compley, is likely contributing to the reduced immunity while in space. The CD3 complex is
involved in the recognition of antigens and subsequent signal transduction, leading to the activation of T
lymphocytes (27, 28). The reduction of CD3 expression in response to microgravity was previously
observed in vitro in a human cell line of T lymphocytes and Jurkat cells exposed to microgravity (29). Our
data from astronauts’ leukocytes provide additional evidence for the CD3 complex dynamic response to
microgravity and changes occurring within the first few days after transitioning to and from space.
Considering the rapid changes of CD3 complex gene expression, adaptive immunity such as the response
to foreign antigens is likely affected by changing microgravity environments, rather than innate immune
systems (30). The impact of the differential expression on the adaptive immune system can not be
excluded as both immune systems are highly interconnected and previously documented to be impacted
by microgravity (31, 32). Few studies have examined the dynamic changes of markers of adaptive and
innate immune response throughout ISS missions, and published data are from either short-duration
missions (8-15 days) or to comparisons between pre- and post- flight (33, 34). A comprehensive study of
eight astronauts sojourning ~6 months onboard of the ISS reported no or very little effects on B-cell
number, phenotype, and antibody output after returning on Earth (35). In this study, total B-cells and
immunoglobulin A increased after 90 days in flights and returned to baseline at return day. Our data on
leukocytes’ transcriptome agree with the previous observations of transitional changes in immune cells
while transitioning to and from space and the return toward baseline levels later after returning to Earth.
The lower number of genes in C2 (n = 29) limited the conclusions for enrichment analysis and

identification of represented biological processes. Of interest, the biological term “regulation of body
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fluid” represented in the short list of genes in C2 displayed a pattern of upregulation when reaching
space. The gene SLC4A1 associated with the term “regulation of body fluid” encodes for an anion
exchanger protein localized in the plasma membrane of erythrocytes and mediates carbon dioxide
transport to the lungs (36). Increased expression of SLC4A1 gene when reaching space may respond to
the increase of carbon dioxide levels in conditions of low red blood cell mass, with the latter being
previously documented in astronauts (10). The gene AQP3 with changes in opposite directions at both
phase transitions functions as a water and urea exit mechanism of antidiuresis in collecting duct cells —a
mechanism regulating body fluids (37). Therefore, reaching space promoted leukocyte gene expression
related to basic housekeeping cell functionality as well as specific space adaptations like headward body
fluid shifts leading to loss in plasma volume and hemoconcentration (38). Restoring blood cells
concentrations to homeostatic levels requires a decrease in the number of circulating leukocytes and red
blood cells whose population is decreased by ~10% in the first 10 days in space (39). Therefore, in
addition to immune functions, the leukocyte transcriptome identified cellular functions and physiological
systems affected by spaceflight.

The opposite directions of expression changes in the gene clusters at space transitions replicated
the results obtained from participants subjected to a microgravity analogue (40). The -6° head down tilt
bedrest model replicates the microgravity component of spaceflight with many of the physiological
changes happening in space including fluid shift, muscle atrophy, bone loss, and hemolysis (41-44).
Transcriptome composition changed in opposite directions at transitions between ambulation and
bedrest and between bedrest and re-ambulation in 20 healthy participants submitted to 60 days of
bedrest (40). While the space missions were longer with an average of 6 months compared to the 60
days period in bed, the transcriptome changes at phase transition coincided. Comparable changes in the
leukocyte transcriptome may, therefore, indicate a characteristic response to the negative

mechanotransduction, inactivity, and fluid shift brought about by prolonged exposure to both bedrest
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and space. Leukocyte transcriptomes are therefore highly sensitive to changes in the gravity vector and
appear to mount an adaptive response toward restoring homeostasis.

The next characteristic of leukocyte transcriptome temporal changes observed was the
transcriptional convergence toward average levels displaying no differential expression after 2 months of
space exposure. This is a novel finding revealed through the temporal analysis. The biological meaning is
unclear but indicative of global mechanisms yet to be identified that limit variations of mRNA levels in
leukocytes in space. Interestingly, the gene expression convergence of astronauts replicated the results
of participants to the 60 day bedrest study (40), supporting that gene expression convergence is related
to inactivity and redirected gravity isolated from other space specific stressors. In addition, this might be
compatible with a generalized loss of specialized cell functions upon removal of normally oriented
gravity and activity. The lack of mechanotransduction and inactivity would then focus cellular activity on
core housekeeping functions.

The comparison of transcriptomes between PF and 1-year postflight showed that the two gene
clusters were reversed in expression. This may suggest that some molecular space adaptations acquired
while living in space for 6 months were maintained for at least 1 year after return to life on Earth. This
may bear physiological significance given the ~20% increases in hemolysis in the same astronauts 1 year

after returning from space (10, 39).

Shift in biological functions at spaceflight transitions to and from microgravity

Transiting to and from microgravity was associated with the differential expression of 120 and
151 genes from the reference list of 15,410 genes expressed in leukocytes. The majority (93.3%) of the
differentially expressed genes when reaching space were down regulated and 95.7% were up regulated
when returning. Differential expression measured at mission transitions is consistent with the temporal

profile of C1 characterized by down and up- expression. Downregulated genes identified between PF and
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early IF were associated with the biological term “regulation of cellular population proliferation”. This
transcriptomic response is consistent with the head ward fluid shift and subsequent hemoconcentration
of blood cells occurring when entering space (38). A decrease in circulating red and white blood cells
restores blood cell concentrations to maintain homeostasis, consistent with the downregulation of genes
involved in cellular proliferation (10). A suppression of blood cell proliferation represents an adaptation
to the reduced blood volume in space.

At transition from space to Earth, transcriptomes were characterized by an up regulation of
expression, opposite to changes measured when reaching space. Enrichment analysis of the upregulated
genes between late IF and return to Earth resulted in biological processes describing the regulation of
immune system, leukocyte activation, and lymphoid organ development. Returning to Earth’s surface
gravity after ~6 months in microgravity reversed the down regulation of genes involved in immune
processes. Many immune alterations persist during long-duration spaceflight (8). Reactivation of
immune- related genes in response to the re-entry to Earth is needed to reverse immune dysregulation
occurring during spaceflight. The composition of the leukocytes’ transcriptome was influenced by the
transition to the different gravity environments.

Of the 112 genes downregulated early IF, 100 (89.3%) of those same genes were upregulated
immediately upon return to Earth. This means that the same genes responded to both transitions to and
from microgravity despite the occurrence of different physiological changes. To our knowledge, this
represents a novel finding. Most differentially expressed genes at space transitions coded for proteins
with the second most important being long non-coding RNAs. The notable modulation of transcription
factors (ZNF and CD) and IncRNAs that regulate expression of downstream target genes may explain why
the same differentially expressed genes are regulating different physiological responses. Zinc Finger
proteins are transcriptions factors that have a wide range of molecular functions including DNA

recognition, RNA packaging, transcriptional activation, regulation of apoptosis, protein folding and
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assembly, and lipid binding (45). Changes in ZNF expression would potentially alter these molecular
processes that would then manifest at the cellular and physiological levels. For instance, we identified
Zinc-Finger Antiviral Proteins (ZAP) ZNF776, ZNF585B, and ZNF83 as downregulated during early
spaceflight and upregulated upon return to Earth. ZAPs help prevent the spread of viruses by targeting
viral mRNA (46). The downregulation of these genes when reaching space corresponds to reported
reactivation of herpesvirus in astronauts during spaceflight (27). Whereas, the following upregulation of

ZAPs when returning to Earth may be a response to suppress the replication of herpes viral particles.

Contributions and limitations

Our access to unique astronauts’ blood samples and RNA analysis of the leukocytes’
transcriptome using high- throughput sequencing technique represents the strength of this study. The
finding of genes responding to both the transition to and from space with decreased and then increased
profile of changes that related to immune processes represents a novel finding. Our study also identified
additional expression changes at phase transitions in genes unrelated to specific immune functions, such
as cell population regulation. This provides evidence of changes at the molecular level by which the body
adapts to the headward fluid shift observed in microgravity environments. This study bears a number of
limitations. Blood draws were taken at 10 different time points throughout astronaut missions; changes
of interest to establish the onset of transcriptional convergence in space timed in-between blood draws
may have been missed. Technical limitations onboard the ISS hampered sample acquisition, processing,
and analysis. For instance, blood samples were collected within a window of days rather than on a
specific day that introduced variability. Leukocyte and RNA isolation were not possible on the ISS and
blood samples were frozen at -80°C for their journey back to Earth, leading to cell lysis and RNA
degradation. This resulted in samples with inadequate RNA quality for sequencing, which were rejected,

leading to an unbalanced final sample size. In addition, a potential contribution of altered leukocyte
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subpopulations to gene differential expression can not be excluded. RNA sequencing removed ribosomal
RNA and was biased toward protein-coding genes; changes in other RNA biotypes would have been
missed. The limited sample size and heterogeneous cohort of 14 astronauts with unequal sex

distribution limited statistical power and prevented sex-specific comparisons.
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CONCLUSIONS

The analysis of transcriptome composition identified changes during the transitions to and from
space characterized mainly by a decrease and an increase of transcript levels respectively. When
reaching space, the transcriptomic changes are indicative of decreased immune functions and increased
basic cellular activities linked to adaptive changes. The transcriptomic changes egressing back to Earth
were in opposite direction —increased expression, mainly for genes related to the immune system.
These results shed light on immune modulation in space, the timing of differential expression at
transition to and from space, and highlight the major adaptive changes in leukocyte activity engaged to

adapt to extreme environments.
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Figures and tables
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Figure 2.1 | Experimental design. Fourteen astronauts (11 men and 3 women) sojourned aboard the ISS.
Ten venous blood samples were collected from each astronaut throughout the three phases of their
mission: one sample at pre-flight (PF) between 90 and 60 days before liftoff, four samples in-flight (IF)
onboard the ISS (IF1: between days 4 and 6; IF2: between days 8 and 12; IF3: between days 65 and 95;
IF4: 30 to 1 days before returning on Earth), and five samples upon return to Earth (R) (R1: day 1; R2:
between days 3 and 7; R3: between days 12 and 15; R4: between days 23 and 37; R5: between days 335
and 395). “n” is the sample size of male and female astronauts that participated in the study. “s” is the
number of RNA samples with libraries that passed quality metrics and used for sequencing at each

timepoint.
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Figure 2.2 | Temporal analysis of leukocyte transcriptomes before, during, and after spaceflight. (A)

Gene expression levels plotted as scaled Z-scores across individual time points. Z-scores represent the

average normalized read counts scaled across the 276 temporal differentially expressed genes at each
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individual time-point for the 14 astronauts. Black lines follow individual transcripts over time. Colored
lines, split violin, and box plots represent the profiles of temporal gene clusters identified through
hierarchical clustering. The number of genes identified in each cluster is indicated. Above brackets
indicate the mission phases of time points. (B) RNA bio-type proportions for the two temporal gene
cluster profiles displayed as stacked bar plots. RNA bio-type, gene counts, and percentages are indicated.
The “other” category includes miscellaneous RNA, pseudogenes,and RNA to be experimentally
confirmed (TEC). (C) Dot plot displaying the gene ontology (GO) terms obtained from the
overrepresentation analysis (ORA) of temporal gene clusters across all mission phases. Terms with >1.5
enrichment in each temporal cluster were plotted with the number of genes mapping to that specific GO
term indicated in brackets. The size of each dot is proportional to the enrichment factor (size scale) and
the color represents the FDR adjusted p-values, where darker points have lower values (color scale).
Enrichment corresponds to the ratio of mapped gene counts to a given GO term between each temporal
gene cluster and the reference list of 15,410 genes. Enriched GO terms were grouped under “Biological
Processes” at level 4. Using the Benjamini—Hochberg correction for multiple comparisons, p-values with
false discovery rate (FDR) < 0.05 were considered statistically significant. The heatmap displays the
median log fold change (LFC) values throughout in-flight and post-flight time points relative to baseline
for the genes associated with each GO term. The color bar represents values of log2 fold changes ranging

from +2 (red) to -2 (blue).
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Figure 2.3 | Genes differentially expressed at spaceflight phase transitions and functional enrichment.
Cluster network of gene ontology (GO) terms was obtained from the phase-specific overrepresentation
analysis (ORA) of 112 downregulated genes between PF and IF2 (A, B), and 135 upregulated genes
between IF4 and R1 (D, E) with stacked bar plots (C, F) displaying the RNA Bio-type proportions for these
genes. RNA Bio-type, gene counts, and percentages are indicated. The “other” category includes
miscellaneous RNA, pseudogenes, and RNA's to be experimentally confirmed (TEC). Networks (B, E)
illustrate semantic similarity of GO terms using REVIGO. The size of each dot is proportional to the
enrichment factor (size scale) and color represents the FDR adjusted p-values, where darker points have
lower values (color scale). Cluster headers are the GO term with the highest enrichment factor within
that cluster. Enrichment corresponds to the ratio of mapped gene counts to a given GO term between
each differentially expressed gene profile [PF vs. IF2 (A) and IF4 vs. R1 (D)] and the reference list of

15,410 genes. Enriched GO terms were grouped under “Biological Processes” at level 4. Using the
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Benjamini-Hochberg correction for multiple comparisons, p-values with false discovery rate (FDR) < 0.05
were considered statistically significant. Asterisk (*) in bar plots (A, D) indicate the genes use in the

enrichment analysis.
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Figure 2.4 | Log2 fold change of 100 genes displaying downregulation when reaching space and
upregulation when landing on Earth after 6 months in space. Heatmap illustration of the log2 fold
changes (Log2FC) of expression relative to pre-flight across all in-flight and post-flight time points for the
100 genes both downregulated when reaching space and upregulated when landing on Earth. The Venn
diagram (A) indicates the profile of genes being displayed in the heatmap (B). Expression levels of
individual genes relative to pre-flight values are expressed across in-flight and post-flight time points as
log2 fold changes displayed as a heatmap (B). The color bar represents values of log2 fold changes
ranging from -2 (red) to +2 (green). Gene identities are shown by their ensembl ID and corresponding

HGNC symbol (if applicable) in brackets. Asterisk (*) indicates non-coding genes.
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Table 2.1 | Sample inventory: libraries that passed quality metrics and used for sequencing.

Astronaut Time-point
n=14 PF IF1

(n=3) (n=6)

IF2 IF3

IF4

R1
(n=8)

R2
(n=9)

R3 R4

R5

(n=8) (n=8) (n=8)

a2073
a2017
a2029
a2005
a2096
a2049
a2052
a2020
a2068
a2036
a2084
a2091
a2057
a2031

*

*1

*

(n=3) (n=10) (n=8)

*

L

EE . B

*

L R

L .

* ¥ X ¥

L I

*
* ¥ ¥ %

1Sample excluded as an outlier (Supplementary Figure 2.2).

Table 2.2 | Summary of selective time-point differential expression results.

Test! Differentially expressed genes (DEGs)
Total Up-regulated? Down-regulated?
PF vs IF2 120 112
PF vs RS 0 0
IF3 vs IF4 0 0
IF4 vs R1 151 135 16
1pairwise time-point significance testing using the Wald'’s test and ashr log,fold change (LFC) shrinkage.
2LFC>0.5
3LFC<-0.5
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Discussion

My analysis of leukocyte transcriptomes extracted from twenty healthy participants to 60 days in
bed rest and fourteen astronauts to ~6 months in spaceflight revealed dynamic gene expression changes
in response to both altered gravity environments. In addition, the bed rest study tested a nutritional
intervention for any mitigating effects on bed rest induced deconditioning; this intervention had no
effect at the transcriptome level. In contrast, the spaceflight study was observational with no
intervention tested and included further analysis of transcriptomes at selective timepoints. The salient
findings common to both studies were: (1) temporal analyses of leukocyte transcriptomes identified
clusters of genes with inverse patterns of expression changes occurring at phase transitions to and from
bed rest or to and from spaceflight; (2) the expression changes were in genes related to immune system
processes; and (3) transcriptome levels converged towards average levels with no differential expression

during late bed rest (days 30 and 60) and late spaceflight (between ~2-6 months).

Bed rest specific findings

The high inter-individual correlations of normalized read counts between the twenty participants
(Supplementary Figure 1.3) indicated high transcriptome homogeneity among this cohort. This attests to
the stringent recruitment standards limited to healthy men in a controlled experimental environment
minimizing the number of confounding variables, reducing transcriptome variability, and increasing
statistical power and precision when measuring differentially expressed genes (66). However,
transcriptome homogeneity is inconsistent with immune variability in large populations of healthy adults
characterized by differences in leukocyte subpopulations, cytokine profiles, and functional responses
indicating immune heterogeneity (67). Interestingly, a study on these same twenty participants showed
no significant changes in leukocytes, lymphocytes, and B-cell concentrations during bed rest (40)
supporting our findings of immune homogeneity in this small cohort. Consequently, generalizability or
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extrapolation of our results to the broader human population is limited. Future experiments are required
to validate the transcriptome homogeneity in leukocytes from larger populations of healthy adults.
Additionally, correlational analysis at baseline could not be completed with the astronauts in pre-flight
due to limited sample availability and sex representation differences. To prevent fluid leaks while in
space, NASA protocols dictated that extracted blood samples be frozen for their journey back to Earth
prior to RNA extraction. For consistency, pre-flight samples taken on Earth were also frozen. Sample
freezing induces cell lysis and RNA degradation (68) resulting in only four samples collected at pre-flight
having sufficient quality for sequencing. Freezing and thawing procedures of samples also introduce
variability, which was measured in one pre-flight sample through PCA and consequently excluded from
further analyses (Supplemental Figure 2.2). Therefore, three pre-flight samples were insufficient to
characterize the transcriptome variability for all fourteen astronauts when compared to all twenty
participants included in the bed rest baseline analysis.

Specific to the bed rest study was the testing of the nutritional intervention at mitigating the
negative effects of bed rest. My analysis found zero differentially expressed genes between control and

|ll

“cocktail” intervention groups during bed rest indicating the nutritional intervention was unable to
diminish the leukocyte transcriptome changes. This is consistent with other studies reporting a lack of
effect for various physiological processes including cardiovascular (69), musculoskeletal (70),
hematological (71), nervous (72), and immune systems (40) on the same participants. Additionally,
another 21 day bed rest study with ten healthy men found a high protein diet was not effective in
mitigating the changes in lumbar vertebral fat fraction (VFF) during bed rest (73). For our study, the
European Space Agency (ESA) provided funding and chose to test the nutritional intervention because of
its anti-inflammatory and anti-oxidant properties. The motivation likely being to find an intervention that

reduces the immune inflammation and oxidative stress experienced by astronauts during spaceflight (1).

Based on our results, the nutritional intervention was not responsive to the change in the gravity vector
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during bed rest. However, benefits from nutritional supplementation take time to manifest given
individual differences in metabolism and microbiomes (74,75). Perhaps 60 days of the nutritional
supplement was not enough time to observe any measurable improvements or differences in the

|”

“cocktail” group. Testing in astronauts during spaceflight may produce quantifiable results given their
longer exposure to the space environment with additional oxidative stressors such as exposure to cosmic

radiation. Regardless, prior validation of intervention effectiveness and safety using Earth based

microgravity analogs such as bed rest is necessary.

Spaceflight specific findings

Leukocyte transcriptome measures in astronauts revealed the main profile of expression
changes to be a decrease during the transition into spaceflight, followed by an increase in expression
upon return to Earth (Figure 2.2A). Functional enrichment of genes with this increase-then-decrease
pattern of expression were mainly immune related (Figure 2.2C) suggesting opposite changes of immune
suppression and activation in response to the transitions to and from spaceflight. Immune suppression
upon entering spaceflight may be explained in part by the 10-15% blood plasma volume reduction
triggered by the fluid shift when astronauts are exposed to microgravity (9,10). Plasma volume reduction
increases blood cell concentrations that must be returned to homeostatic levels through decreasing
immune cell populations; mainly T cells, NK cells and neutrophils with downstream consequences on
immune cell function, surveillance, cytokine secretion, and inflammatory responses (76—78). Acute
stress responses induced by short durations of 3-5 g hypergravity exposure during the journey to the ISS
may also play a role in immune suppression. The release of cortisol during a stress response modulates
various immune processes; mainly inhibiting the production and function of T cells and reducing the
release of pro-inflammatory cytokines (79,80). These effects are made worse with prolonged release of

cortisol from chronic stress induced by confinement and isolation in space. Rooney et al., 2019 reported
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14 out of 23 (61%) astronauts shed at least one or more herpes virus particles during long duration
missions aboard the ISS measured in their saliva or urine (81). Documented viruses with latent
reactivation include the Epstein-Barr virus (EBV) responsible for infectious mononucleosis, varicella-
zoster virus (VZV) responsible for chickenpox and shingles, herpes simplex virus (HSV) responsible for
cold sores, and cytomegalovirus (CMV) responsible for various inflammatory diseases (81). Although
mostly subclinical, Crucian et al., 2016 reported clinical symptoms related to immune dysregulation in
46% of 46 1SS crew members during spaceflight missions (82); likely prompted by an immune response
to the accumulation of viral herpes particles. The reactivation of latent viruses is consistent with our
findings of gene expression increases in the same immune related genes suggesting immune activation
when returning to Earth. The trigger for immune activation may be elucidated by the opposite fluid shift
occurring in astronaut’s post-flight. Normal gravity redistributes blood to the lower limbs requiring an
increase in plasma volume achieved through increasing fluid intake (83). The increase in plasma volume
results in blood cell dilution and subsequent increases in immune cell production and function (84); an
opposite reaction to the fluid shift experienced when astronauts enter microgravity.

Additional analysis of specific timepoints found 100 genes that were both down-regulated and
up-regulated at spaceflight phase transitions (Figure 2.4). This further supports the increase-then-
decrease expression profile and indicates the same genes responded to both spaceflight transition
periods despite opposite immune responses. Several of these differentially expressed genes coded for
long non-coding (Inc) RNA’s, which can regulate gene expression in many ways including: acting as
transcriptional activators or repressors, control of DNA methylation, form structural scaffolds to organize
chromatin, and regulate RNA processing events such as alternative splicing and mRNA stability (85).
Processes influenced by regulatory IncRNA likely explain how the same genes can modulate
transcriptome changes that result in different physiological responses. Unfortunately, the detection and

guantification of IncRNA’s may have been influenced by our library preparation method, which

94



prioritized the enrichment of messenger (m) RNA’s leading to an underrepresentation of non-
polyadenylated IncRNA’s. Many IncRNA’s are also still poorly annotated in the reference genome we used
to align sequenced reads (86). Additionally, IncRNA’s are inherently expressed at lower levels compared
to protein-coding RNA from faster degradation making their detection more challenging (86). More
advanced methods are required to obtain a more comprehensive understanding of the IncRNA changes

occurring during spaceflight phase transitions as will be discussed in the future directions section below.

Bed rest and spaceflight findings

The primary finding common to both bed rest and spaceflight models was the identification of
major transcriptome changes occurring at phase transitions to and from bed rest or to and from
spaceflight. The timing of transcriptome changes demonstrates leukocytes are respondent to the change
in gravity vectors common to both models despite being buoyant cells in the blood. Bone and muscle
cells represent cell types typically under constant load from gravity and any removal or change to the
gravity vector results in molecular and cellular modifications that manifest at the physiological level;
mainly reduced muscle fiber sizes and lower bone density (16,38). Blood cells such as leukocytes
experience buoyant forces that counteract gravity and as such do not encounter constant load, yet our
results show leukocytes responding at the molecular level to gravity changes; an interesting outcome
given the cells environment in blood. As discussed in the previous section, | suggest this is a
consequence of the fluid shift that occurs relatively early during the transition to both bed rest and
spaceflight. The characteristic profiles of gene clusters displaying inverse or opposite patterns of
expression changes at phase transitions is consistent with the opposite physiological responses
associated with the fluid shifts during unloading and reloading of the body.

Differences in the number of differentially expressed genes and enriched pathways between

both studies can be explained mainly by the discrepancy in RNA quality. As mentioned previously, NASA
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restrictions and protocols during spaceflight required astronaut blood samples to be frozen, which
caused reduced RNA stability and degradation prior to its extraction resulting in overall lower quality and
amount of RNA when compared to the bed rest samples that did not require sample freezing. To
compensate, astronaut RNA samples underwent different library preparation steps to improve detection
of protein-coding RNA’s through mRNA enrichment or ribosomal (r) RNA depletion. However, many
libraries did not pass quality metrics for sequencing due to the initially poor RNA quality culminating in
just over half (~52%) of the astronaut RNA samples being sequenced. This resulted in unbalanced sample
sizes at each timepoint producing various downstream statistical issues; mainly reduced power. This is
the reason for the vast differences in independent filtering thresholds, number of identified differentially
expressed genes, and p-value cutoffs between both studies. Another source of variability arises from
logistical issues aboard the ISS resulting in astronaut samples being taken within a window of days rather
than on a specific day. Additionally, both studies consist of different timepoints collected over different
durations; 60 days of bed rest and ~6 months of spaceflight. The timing of transcriptome changes differs
between both models, specifically at the transition to bed rest on day 2 and spaceflight on days 8-12.
However, both studies detected consistent shifts on day 1 of reambulation and return to Earth. Lastly,
the bed rest model is not a perfect analog to simulate the microgravity experienced by astronauts given
there is still weight-bearing involved. Bed rest does not remove the gravity vector but merely shifts its
orientation from the vertical head-to-toe position to the horizontal chest-to-back position (9). Most
sampled astronauts also had previous microgravity exposures from prior missions, whereas only one
participant had previously engaged in a bed rest experiment.

Functional enrichment analysis of differentially expressed genes in both studies revealed mainly
immune related processes, a result not surprising given the transcriptome measures were in leukocytes.
The enrichment analysis provides further support for immune system changes in response to changing

gravity environments detected at the molecular level. However, comparing specific immune processes
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between both studies is difficult given the vast differences in number of identified differentially
expressed genes (2,415 and 276 genes for the bed rest and spaceflight studies respectively). In general,
larger gene sets result in increased statistical power and likelihood of detecting more enriched biological
processes with an overrepresentation analysis (64). This is evident with the bed rest model as it was able
to detect more enriched biological processes including other multisystem changes outside of the
immune system. The variety of biological processes identified reinforces the idea that leukocytes may
reflect diverse transcriptome changes given their circulation and contact with multiple organ systems
throughout the body.

The most novel and unexpected finding to both studies was the discovery of transcriptome
convergence during both late bed rest and spaceflight. This finding suggests two outcomes: (1) no
differential expression between late bed rest (HDT30 vs HDT60) and spaceflight timepoints (IF3 and IF4);
and (2) reduced transcriptome variability at these timepoints. No differential expression is evident by the
lack of change in z-score levels for both studies, which may be explained by leukocytes successfully
adapting to the altered gravity environments and stabilizing their transcriptome to maintain gene
expression patterns that support their adjusted physiological state. Z-score scaling transformed the
normalized read counts of differentially expressed genes to a standard normal distribution, enabling
comparisons and interpretations of gene expression levels relative to the overall distribution of data (87).
The general reduction in spread of z-scores indicates that leukocyte transcriptomes were converging
towards average levels with reduced variability between genes. Statistically, regression towards the
mean may be involved but doesn’t explain the greater variability observed for later reambulation and
post-flight timepoints. The presence of unidentified general mechanisms specifically limiting transcript
levels during late bed rest and spaceflight remains unknown. Transcription factors which tightly regulate
and coordinate gene transcription in response to environmental signals are likely strong candidates.

Similarly, post-transcriptional modifications regulating RNA degradation may also contribute to the
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reduced variability but cannot be determined with RNA-seq data, which measures steady-state levels of
transcripts and is unable to differentiate RNA synthesis from degradation (47). Global Run-On (GRO)
sequencing represents an alternative method to measure nascent RNA transcription to capture RNA
molecules actively being transcribed by RNA polymerase at a given time (88). Incorporating both RNA-
seq steady state levels with GRO-seq transcription rates would allow RNA degradation to be inferred,
providing a more complete overview of the mechanisms involved limiting RNA transcript level variability.
Unfortunately, GRO-seq cannot be performed in the future as it requires the isolation of cell nuclei
where transcription occurs, but RNA extraction protocols which homogenized the nuclear RNA prevent

the use of this approach.

Implications and applications

Most of the evidence for immune dysfunction in astronauts occurs at the subclinical level (89).
Nevertheless, immune-related changes have significant implications for the overall health of astronauts
during and after space missions even if symptoms do not manifest. For instance, increased viral shedding
of various herpes viruses present in the saliva and urine of astronauts (81) may evolve towards severe
symptoms such as swollen lymph nodes, shingles, or flu with limited access to medical care while
isolated in space (22). Issues like this may be exacerbated in longer term missions lasting years where the
estimated incidence of immune-related symptomatic events is 3.4 events per year (82); a profound issue
for long duration missions such as travel to Mars. Even if symptoms do not appear, presence of viral
particles means astronauts are infectious to others when returning to Earth. Studying subclinical and
molecular changes is therefore crucial to understand and prevent immune dysfunction during space
travel. Specifically, identifying gene biomarkers to monitor and mitigate the progression of immune or
multisystem deconditioning in response to microgravity would be beneficial for space travelers. A more

comprehensive and comparative analysis between both bed rest and spaceflight models is required as
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well as validation experiments focused on individual genes rather than GO terms to better understand
the molecular response to microgravity isolated from other space stressors. Additionally, the superior
quality data collected from bed rest participants represents an excellent argument for their primary use
in further analyses, whereas the astronaut spaceflight data should be used for confirmational purposes.
The bed rest data has the added advantage of the model being comparable to bedridden and unloaded
patients suffering from injury or hospitalization. Leukocyte transcriptome changes during inpatient
rehabilitation have been measured in patients with hospital acquired deconditioning (HAD) (90).
However, this dataset of deconditioned patients suffers from low quality RNA and variability issues owing
to wide between-patient heterogeneity from their unique health conditions, medications, interventions,
and demographics. This highlights another case to prioritize the analysis of the higher quality bed rest
dataset and subsequently compare to the bedridden patients for validation to identify biomarkers of
systemic deconditioning. Lastly, hibernating (torpor) animals share resemblance to the unloaded state of
bed rest but do not experience the same deconditioning of physiological systems (91). Bears exit the den
with marginal loss in muscle mass and squirrels and bats have protective mechanisms preventing
leucopenia (91,92). Coupling available transcriptome studies in both bed rest and hibernating animal
models provides a thorough overview of the molecular mechanisms both causing and preventing
deconditioning during unloading. This has practical applications for developing strategies to induce
torpor states in humans for deep space exploration (91). Moreover, future bed rest studies provide the

ideal environment for testing mitigating interventions developed from researching animal torpor.

Limitations
Several limitations from logistical and technical constraints associated with sampling exist for
both studies. As previously discussed, NASA standard blood collection protocols preventing fluid leaks

onboard the ISS prohibited RNA extraction while in-flight resulting in blood samples being frozen for
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their journey back to Earth causing cell lysis and poor RNA quality with downstream issues in the
pipeline of data analysis. Blood samples were also collected from fourteen astronauts during twelve
different ISS missions. This meant that depending on specific mission objectives and astronaut
commitments to other studies, samples could not be obtained on the exact same days for every
astronaut and resulted in timepoints ranging within a window of days rather than specific days like the
bed rest study. Many of the protocol restrictions imposed on astronaut sampling also limited the applied
analyses to bed rest participants. For instance, no access to flow cytometry during spaceflight prevented
cell-sorting of leukocytes into individual sub-populations. For consistency between both studies, cell-
sorting was not applied for bed rest participants either preventing the identification of transcriptome
changes specific to individual cell types.

Limitations were also linked to RNA-sequencing method and the pipeline of data analysis. As
already mentioned, RNA-sequencing measures steady-state levels and cannot distinguish between
transcriptional and post-transcriptional strategies to regulate RNA levels (47). Individual contributions
from RNA transcription and degradation to changing transcript levels could not be determined.
Transcriptome measures were also biased to specific RNA types; mainly protein-coding mRNA. For
instance, RNA extraction missed the diverse population of small non-coding (snc) RNA’s that play crucial
roles in the regulation of gene expression (93). As previously discussed, library preparation for both
studies employed techniques to prioritize the enrichment of mRNA leading to an underrepresentation of
non-coding RNA’s. In fact, the bed rest analysis ignored all other RNA biotypes, favoring the evaluation to
protein-coding genes only. However, IncRNA’s identified as differentially expressed in astronauts were
the second most represented in the dataset. Inherent to RNA-seq data are the statistical power issues
that arise during differential expression analysis owing to the high variability among low read count
genes (60). Z-score scaling of normalized read counts also presents its own limitations; mainly its

robustness to normality and sensitivity to outliers. Differential expression analysis with the DESeq2 tool
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assumed a negative binomial distribution of normalized read counts (58), whereas z-score scaling
assumes a normal distribution (87). However, Central Limit Theorem (CLT) implies approximate normality
given that the scaling calculations were done with hundreds to thousands of genes (87). Z-score scaling is
also influenced by extreme values or outliers leading to significant distortions of z-scores for the
remaining data (87). This was the case for one of the pre-flight astronaut samples, which contained
extremely high read counts outliers for certain genes identified through PCA but was excluded from
further analyses preventing any distortions in the data. Lastly, enrichment analysis with GO terms has
several limitations including terms being species neutral applying to both prokaryotic and eukaryotic
organisms, bias to protein-coding genes given that non-coding genes are not well annotated in the GO
database, and hierarchical parent-child relationships among terms creating levels that were chosen

arbitrarily and effect enrichment results (62).

Future directions

As emphasized previously, future analyses will focus on individual genes displaying characteristic
expression changes to identify gene biomarkers responding to altered gravity environments. More
specifically, future analyses will involve utilizing the high-quality bed rest data to complete differential
expression analyses at selective timepoints, consistent with the strategy employed to analyze differential
expression at specific timepoints in astronauts. This approach will subgroup the bed rest study
timepoints to determine transcriptome changes in specific genes at each study phase including
unloading during bed rest, reloading during reambulation, and determine the recovery back to baseline
levels. Utilizing unsupervised machine learning (ML) methods that do not rely on predefined sample
labels or classes would enhance differential expression analysis through improving the predictive
accuracy of results (94). ML algorithms are more flexible with assumptions, can handle diverse variables

with complex relationships, and are robust to noisy or incomplete data compared to traditional linear

101



modelling strategies used in the current studies (87). Applying ML based analyses has the potential to
improve the shortcoming of low read count variability inherent to RNA-seq data and identify
differentially expressed genes normally missed by conventional methods (94). To verify the gene
expression changes are manifesting at the protein level, Enzyme-Linked Immunosorbent Assays (ELISA)
could be employed to measure the protein concentration changes and facilitate the development of
gene biomarkers. Unfortunately, these validation experiments would be limited to secreted proteins
outside of cells because only the flow-through of blood plasma were frozen and saved following
leukocyte extraction. Blood plasma also contains secreted extracellular vesicles (sEVs), which contain a
reservoir of small and long non-coding RNAs (27). Extracting the sEVs from frozen plasma samples and
employing specialized sequencing techniques more sensitive to short RNA sequences such as small RNA-
seq could prove valuable to further characterize transcriptomes (95). Measuring expression changes in
both small and long non-coding RNAs would provide a more thorough overview of the transcriptome
modulations occurring during bed rest and spaceflight. Another future prospect made possible through
the increased resolution of paired-end sequencing is the analysis of alternative splicing variants. Re-
mapping of sequenced raw reads at the transcript and exon-level would provide deeper insights into
alternative splicing patterns and expression changes of different isoforms in response to altered gravity
(96). However, this would only be possible with the bed rest data given that adequate sequencing depth

is required to improve sensitivity for accurate re-mapping.
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Conclusion

The altered gravity environments consistent with both bed rest and spaceflight models
significantly modulated the leukocyte transcriptome composition in humans confined to 60 days of bed
rest and to ~6 months in spaceflight. The transcriptome changes reflected multisystem shifts including
dynamic expression alterations in immune related genes responding to the transition to and from bed
rest and spaceflight environments. Conversely, an unexpected trend towards stable RNA levels with no
differential expression was measured during later timepoints in bed rest and spaceflight. The nutritional
intervention tested in the bed rest study had no mitigating effect on transcriptome changes and the high
transcriptome homogeneity among bed rest participants at baseline emphasizes the datasets superior
quality and power to characterize transcriptome changes. The spaceflight study revealed opposite gene
expression patterns of down and up-regulation in response to the transition to and from spaceflight
suggesting immune suppression during spaceflight and activation upon return to Earth. My analyses
emphasize the importance of utilizing temporal investigations that take advantage of multiple timepoints
to reveal a comprehensive overview of gene expression trajectories during bed rest and spaceflight.
Measuring the leukocyte transcriptome provided further insight into the immune dysfunction and
multisystem deconditioning experienced by astronauts during space travel. Additional analyses and
validation experiments using the bed rest dataset are required to develop gene biomarkers indicative of

immune dysfunction and isolate the effect of microgravity from other space stressors.
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Supplemental Figure 1.1 | Gene cluster analysis. (A) Dendrogram representing the hierarchical
clustering results of the 2,415 protein-coding differentially expressed genes across any time-point of the
study identified from Model 1. The Euclidean distance was calculated between each gene candidate
using their normalized read counts, which were then hierarchically clustered into the resulting tree
dendrogram revealing 6 gene clusters characterized similar patterns of expression changes throughout
the bed rest study. The horizontal red line represents where the static tree cut was made to separate and
define the 6 clusters of differentially expressed genes across time. Each cluster is represented in the
colored bar and identified by colors corresponding to cluster number (Figure 1.2A). (B) Elbow plot
displaying the within group sum of squared error (SSE) of the normalized read counts for the 2,415
protein-coding gene candidates as a function of the number of gene clusters. The “elbow” of the curve

determines the optimal number of gene clusters and increasing the number of clusters no longer
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substantially decreases the SSE. The vertical red line represents the “elbow” of the plot, which further

supports the identification of 6 gene clusters across time.
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Supplemental Figure 1.2 | Baseline intra-individual variability of transcriptomes. (A) Correlation plots

visualizing the Kendall correlation coefficients of normalized read counts from the 14,624 protein-coding

gene list obtained through independent filtering using DESeq2. Each plot represents the two baseline

time-points; BDC-12 and BDC-11, for the 20 individual participants. The Kendall rank correlation

coefficient (r) for each individual participant is displayed above each plot. (B) Principal component

analysis of the variance stabilizing transformation of normalized read counts from the 14,624 protein-

coding gene list and the 95% confidence ellipses. Each point represents a participant at the two baseline

time-points; BDC-12 in blue and BDC-11 in red.
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Supplemental Figure 1.3 | Baseline inter-individual variability of transcriptomes. For each participant,

the average normalized read counts across both baseline time-points (BDC-12 and BDC-11) for the
14,624 protein-coding gene list obtained through independent filtering using DESeq2 was used to
compare the transcriptomes of the 20 participants. Results of all pairwise comparisons are reported as
Kendall correlation coefficients displayed as a symmetrical correlation heatmap including both numbers

and colored squares. The color bar represents values of Kendall correlation coefficients.
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Supplemental Figure 1.4 | Principal component analysis of the differentially expressed genes across
study phases. Principal component analysis of the variance stabilizing transformation from normalized
read counts from the 2,415 protein-coding gene candidates identified from Model 1: read counts ~
replicate + group + time point + €. Each point corresponds to a sample and colored based on the study
phase; baseline (blue), bedrest HDT (red), and reambulation (green). The 95% confidence ellipses for

each phase are indicated.
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Supplemental Table 2.1 | Scaled expression summary statistics of 15,410 expressed genes.

Time-point Mean scaled expression (z-score)

Min Max Max-Min 25% quartile  Median  75% quartile IQR!
PF -1.51 2.07 3.58 -0.35 -0.11 0.14 0.49
IF1 -1.13 1.46 2.59 -0.40 -0.20 0.24 0.64
IF2 -1.85 2.63 4.48 -1.01 -0.61 0.90 1.91
IF3 -0.90 0.91 1.81 -0.20 -0.05 0.09 0.29
IF4 -1.21 1.20 241 -0.23 -0.08 0.09 0.32
R1 -1.19 1.40 2.59 -0.51 0.20 0.63 1.14
R2 -1.02 1.05 2.07 -0.27 0.12 0.39 0.66
R3 -0.78 1.47 2.25 -0.15 0.17 0.36 0.51
R4 -0.84 1.06 1.90 -0.25 -0.05 0.19 0.44
R5 -0.86 1.27 2.13 -0.25 -0.05 0.17 0.42

linter-quartile range.
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[ Enrollment ]

Assessed eligibility (n=20)

Excluded (n=6)
* = Declined to participate (n=5)
| Baseline ] * Not assigned a mission (n=1)

Allocated to intervention (n=14)
* Received allocated intervention (n=14)

l Sample Collection ]

Feasible astronaut samples (n=140)

Sample not collected (n=1)

L

| RNAsequencing |

Astronaut samples (n=139)

Excluded (n=68)
* Did not pass RNA guality metrics (n=67)
| Analysis ] *  Qutlying sample (n=1)

Samples analyzed in-silico (n=71)

Supplemental Figure 2.1 | Astronaut sample inventory. Twenty astronauts listened to an informed
consent briefing session approximately one year before an astronaut’s scheduled flight. Fourteen
astronauts, 11 men and 3 women consented to participating in the study. With 10 time-points (Figure
2.1) and 14 astronauts’, there were 140 potential blood samples for collection. One sample was not
collected leaving 139 blood samples for RNA-sequencing. RNA quality control excluded 67 samples (RIN
<8.0) and one sample was removed as an outlier (Supplementary Figure 2.2), leaving 71 samples for

analysis in silico.

121



PC2 -2.9%

samples passing RNA quality metrics (RIN 28.0). Sample principal component scores were calculated

200 1

100 1

]
a2068

9.9 .9 ®
a209622005 a2Q@1  a2049
a2005

$ 420059
. 32%’8 7.'1-‘ ".‘\é[_a 68

® 0%
04 PY a202%2031  a2091 a ]
> ®a200) a2073
X
a ry .
8?2%%2020 ® aﬁ@&g
2 9
@
a2052 a@gﬁ.’ég
b
aZ036
-300 -200 -100 100 200

0
PC1-64.4%

Time-points

Supplemental Figure 2.2 | Pre-flight sample outlier. Principal component analysis (PCA) of all 72

PF
IF1
IF2
IF3
IF4
R1

R3
R4
R5

from the variance stabilizing transformation (VST) of normalized read counts for the 59,901 genes. Each

point represents an astronaut RNA sample (Table 2.1) and colors indicates the time-point for sample

collection (Figure 2.1).
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Supplemental Figure 2.3 | Gene cluster dendrogram of the 276 differentially expressed genes
identified from the temporal analysis leukocyte transcriptomes. The Euclidean distance was calculated
between each of the 276 gene candidates using their z-scores scaled normalized read counts, which
were then hierarchically clustered into the resulting tree dendrogram revealing two distinct gene clusters
characterized by similar patterns of expression changes throughout the study. The horizontal red line

represents where the static tree cut was made to separate and define the two clusters of differentially
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expressed genes across time. Each cluster is represented in the colored bar and identified by cluster

number (Figure 2.2A).

Study phases

D Pre-Flight
- D In-Flight
L] L]
D Return to Earth

WITYY
Aad \agad

PF IF1 IF2 IF3 IF4 R1 R2 R3 R4 R5
Time-points

Mean scaled expression (z-score)
o - »N
. o
o
— . T
>’

Supplemental Figure 2.4 | Expression profile of 15,410 genes expressed before, during and after long-
duration spaceflight. Relative gene expression levels for the profile of 15,410 expressed transcripts
(genes with mean normalized read count >45) displayed as violin plots of scaled z-scores across time. Z-
scores represent the average normalized read counts for the 14 astronauts scaled across the 15,410
genes at each individual time-point. Medians indicated by white squares and upper and lower quartiles

indicated by black squares. Colors denote the study phase.
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