
Comprehensive Multi-omics Analysis Reveals Mitochondrial Stress as
a Central Biological Hub for Spaceflight Impact

da Silveira, W. A., Fazelinia, H., Rosenthal, S. B., Laiakis, E. C., Kim, M. S., Meydan, C., Kidane, Y., Rathi, K.
S., Smith, S. M., Stear, B., Ying, Y., Zhang, Y., Foox, J., Zanello, S., Crucian, B., Wang, D., Nugent, A., Costa,
H. A., Zwart, S. R., ... Beheshti, A. (2020). Comprehensive Multi-omics Analysis Reveals Mitochondrial Stress as
a Central Biological Hub for Spaceflight Impact. Cell, 183(5), 1185-1201.
https://doi.org/10.1016/j.cell.2020.11.002
Published in:
Cell

Document Version:
Peer reviewed version

Queen's University Belfast - Research Portal:
Link to publication record in Queen's University Belfast Research Portal

Publisher rights
Copyright 2020 Elsevier. This manuscript is distributed under a Creative Commons Attribution-NonCommercial-NoDerivs License
(https://creativecommons.org/licenses/by-nc-nd/4.0/), which permits distribution and reproduction for non-commercial purposes, provided the
author and source are cited

General rights
Copyright for the publications made accessible via the Queen's University Belfast Research Portal is retained by the author(s) and / or other
copyright owners and it is a condition of accessing these publications that users recognise and abide by the legal requirements associated
with these rights.

Take down policy
The Research Portal is Queen's institutional repository that provides access to Queen's research output. Every effort has been made to
ensure that content in the Research Portal does not infringe any person's rights, or applicable UK laws. If you discover content in the
Research Portal that you believe breaches copyright or violates any law, please contact openaccess@qub.ac.uk.

Download date:23. May. 2023

https://doi.org/10.1016/j.cell.2020.11.002
https://pure.qub.ac.uk/en/publications/61786868-02e2-4c2f-8a35-a5451233819b


Submitted Manuscript: Confidential 

1 
 

Comprehensive Multi-Omics Analysis Reveals Mitochondrial Stress as a 1 
Central Biological Hub for Spaceflight Impact 2 

Willian A. da Silveira1 †, Hossein Fazelinia2 †, Sara Brin Rosenthal3 †, Evagelia C. Laiakis4 †, Man 3 
S Kim2 †, Cem Meydan5 †, Yared Kidane6 †, Komal S. Rathi2 †, Scott M. Smith7, Benjamin Stear2, 4 
Yue Ying2, Yuanchao Zhang2, Jonathan Foox5, Susana Zanello8, Brian Crucian7, Dong Wang9, 5 
Adrienne Nugent10, Helio A. Costa11, Sara R. Zwart12, Sonja Schrepfer9, R. A. Leo Elworth13, 6 
Nicolae Sapoval13, Todd Treangen13, Jonathan C. Schisler14, Matthew MacKay5, Nandan S. 7 
Gokhale15, Stacy M. Horner15,16, Larry N. Singh17, Douglas C. Wallace17, 18, Jeffrey S. Willey19 +, 8 
Robert Meller20 +, J. Tyson McDonald21 +, Kathleen M. Fisch3 +, Gary Hardiman1,22 +, Deanne 9 
Taylor2,17,18 +, Christopher E. Mason5 +, Sylvain V. Costes23 +, Afshin Beheshti24 + * 10 

1School of Biological Sciences & Institute for Global Food Security, Queens University Belfast, 11 
Belfast BT9 5DL, UK. 12 
2Department of Biomedical and Health Informatics, The Children's Hospital of Philadelphia, PA 13 
19104, USA. 14 
3Center for Computational Biology & Bioinformatics, Department of Medicine, University of 15 
California, San Diego, La Jolla, CA 92093, USA. 16 
4Department of Oncology, Lombardi Comprehensive Cancer Center, Department of Biochemistry 17 
and Molecular & Cellular Biology, Georgetown University Medical Center, Washington D.C. 18 
20057, USA. 19 
5Department of Physiology and Biophysics, Weill Cornell Medical College, New York, NY, USA; 20 
The HRH Prince Alwaleed Bin Talal Bin Abdulaziz Alsaud Institute for Computational 21 
Biomedicine, Weill Cornell Medical College, New York, NY, USA; Feil Family Brain and Mind 22 
Research Institute, Weill Cornell Medical College, New York, NY 10065, USA. 23 
6Texas Scottish Rite Hospital for Children, Dallas, TX 75219, USA. 24 
7NASA Johnson Space Center, Houston, TX 77058, USA. 25 
8imec USA, Kissimmee, FL 34744, USA. 26 
9TSI-Lab, Department of Surgery, University of California San Francisco, San Francisco, CA 27 
94115, USA. 28 
10Cancer Research Center, Hampton University, Hampton, VA 23669, USA. 29 
11Department of Pathology, Stanford University School of Medicine, Stanford, CA 94305, USA. 30 
12Department of Preventive Medicine and Community Health, University of Texas Medical 31 
Branch, Galveston, TX 77555, USA. 32 
13Department of Computer Science, Rice University, Houston, TX 77005, USA. 33 
14McAllister Heart Institute, Department of Pharmacology, and Department of Pathology and Lab 34 
Medicine, The University of North Carolina at Chapel Hill, NC 27599, USA. 35 
15Department of Molecular Genetics and Microbiology, Duke University Medical Center, 36 
Durham, NC 27710, USA. 37 
16Department of Medicine, Duke University Medical Center, Durham, NC 27710, USA. 38 
17Center for Mitochondrial and Epigenomic Medicine, Children's Hospital of Philadelphia, 39 
Philadelphia, PA  19104, USA. 40 
18The Department of Pediatrics, Perelman School of Medicine, University of Pennsylvania, 41 
Philadelphia, PA  19104, USA. 42 
19Department of Radiation Oncology, Wake Forest School of Medicine, Winston-Salem, NC 43 
27101, USA. 44 



Submitted Manuscript: Confidential 

2 
 

20Department of Neurobiology and Pharmacology, Morehouse School of Medicine, Atlanta, GA 45 
30310, USA., 46 
21Department of Radiation Medicine, Georgetown University School of Medicine, Washington 47 
D.C. 20007, USA. 48 
22Department of Medicine, Medical University of South Carolina, Charleston, SC 29425, USA. 49 
23Space Biosciences Division, NASA Ames Research Center, Moffett Field, CA 94035, USA. 50 
24Space Biosciences Division, KBR, NASA Ames Research Center, Moffett Field, CA 94035, 51 
USA. 52 
 53 
† These authors are all co-first authors and provided equal contribution to the manuscript 54 
+ These authors are all co-senior authors and provided equal contribution to the manuscript 55 
 56 
*Correspondence and requests for materials should be addressed to Afshin Beheshti, 57 
afshin.beheshti@nasa.gov. 58 
 59 

Summary 60 

Spaceflight is known to impose changes on human physiology with unknown molecular etiologies. 61 
To reveal these causes, we used a multi-omics, systems biology analytical approach using 62 
biomedical profiles from fifty-nine astronauts and data from NASA’s GeneLab derived from 63 
hundreds of samples flown in space, to determine transcriptomic, proteomic, metabolomic, and 64 
epigenetic responses to spaceflight. Overall pathway analyses on the multi-omic datasets showed 65 
significant enrichment for mitochondrial function and innate immunity, as well as chronic 66 
inflammation, cell cycle, circadian rhythm, and olfactory pathways, which are all known to interact 67 
with mitochondrial function. Importantly, NASA’s Twin Study provided a platform to confirm 68 
several of our principal findings. Evidence of altered mitochondrial function and DNA damage 69 
was also found in the urine and blood metabolic data compiled from the astronaut cohort and 70 
NASA Twin Study data, indicating mitochondrial stress as a consistent phenotype of spaceflight. 71 
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 78 

Introduction 79 
Humanity is on the brink of a new era in space exploration, with NASA and international partners 80 
committed to returning to the Moon and planned manned missions to Mars (Dawson, 2016). 81 
Exposure to space radiation and microgravity are primary hazards to astronauts’ health in long-82 
duration space missions (Garrett-Bakelman et al., 2019). In addition to the known increased cancer 83 
risk from chronic low doses of radiation exposure (Durante and Cucinotta, 2008), astronauts that 84 
returned from missions on the International Space Station (ISS) presented with health issues 85 
similar to geriatric stress, including bone and muscle mass loss, central nervous system issues, 86 
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immune dysfunction, and cardiovascular health risks (Strollo et al., 2018). Future success in long-87 
duration space exploration requires a comprehensive understanding of the impact of spaceflight 88 
on human biology, and such knowledge could be used to design efficient countermeasures that 89 
would benefit astronauts and the health of people on Earth.    90 
 91 
Here, we provide an integrated analysis of mammalian space biology using a systems biology 92 
approach powered by multiple “omic” platforms. Realized by the existence of NASA’s GeneLab 93 
(https://genelab.nasa.gov/) (Ray et al., 2019), a dedicated space omics database, our work includes 94 
4 human cell models, 13 different tissues (11 mouse and 2 human), 2 mouse strains (C57BL/6 and 95 
BALB/C), and space missions ranging from 2006 to 2017, culminating in the measurement of 96 
astronaut blood and urine metabolites, as well as transcriptional data from the NASA Twin Study 97 
(Garrett-Bakelman et al., 2019; Gertz et al., 2020). 98 
 99 
Our data-driven approach resulted in three discoveries. First, spaceflight effects were more evident 100 
in isolated cells than whole organs, suggesting that tissue complexity plays an essential role in 101 
response to space-related stress. Second, the liver undergoes more differential gene and protein 102 
expression changes than other organs, consistent with the role the liver plays as a dynamic and 103 
critical hub in sensing changes in blood composition and maintaining homeostasis. Finally, our 104 
comprehensive pathway analyses identified how spaceflight impacts mitochondrial function at the 105 
genetic, protein, and metabolite levels of cellular, tissue, and organismal biology. Supporting this 106 
observation,  we identified other enriched pathways, including innate immunity, lipid metabolism, 107 
cell cycle, circadian rhythm, and olfactory activity pathways; all of which impact the mitochondrial 108 
stress response (Banoth and Cassel, 2018; Crucian et al., 2018; Fluegge et al., 2012; Suomalainen 109 
and Battersby, 2018). This finding is highly relevant to NASA’s mission as recent reports 110 
demonstrated mitochondrial stress, increased levels of mitochondrial DNA in the blood, and DNA 111 
methylation changes in oxidative stress-related pathways indicating increased mitochondrial 112 
dysfunction and possible immune system priming caused by long-term space missions, with 113 
specific increases in mitochondrial gene expression (Garrett-Bakelman et al., 2019; Iosim et al., 114 
2019; Zhang et al., 2010). Spaceflight results in several pathophysiological responses associated 115 
with mitochondrial impairment, including accelerated aging, metabolic diseases, sleep pattern 116 
alterations, and osteoporosis (Banoth and Cassel, 2018; Crucian et al., 2018; Fluegge et al., 2012; 117 
Garrett-Bakelman et al., 2019; Sardon Puig et al., 2018; Suomalainen and Battersby, 2018; Wu et 118 
al., 2018). Our results conclude that mitochondrial stress is a critical hub for the biological effects 119 
of spaceflight, with the liver as a central organ for metabolic alterations.  120 

Results 121 
 122 
Cellular and tissue dynamics altered by spaceflight 123 
Global analysis of the mRNA, protein, and metabolite responses to spaceflight across all GeneLab 124 
data (Fig. 1A-1D and Table S1) was performed by calculating the average number of differentially 125 
detected molecules between in-flight samples and ground controls. We found that cultured human 126 
cells and primary human hair follicles had the strongest response to spaceflight than other cells 127 
and tissues (vs genes regulated with adj. p<0.05). From the ten mouse tissues included in the 128 
analysis, we found that the soleus muscle, extensor digitorum longus (EDL) muscle, and liver had 129 
the highest number of differentially expressed genes (Table S1).  130 
 131 
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As gene expression can be regulated or maintained epigenetically by DNA methylation, we found 132 
that EDL muscle and liver had an association between hypomethylation and increased gene 133 
transcription (Fig. 1A-1D). Our results in muscle tissue are consistent with previous findings 134 
(Beheshti et al., 2018), suggesting reduced muscle loading due to microgravity is a strong driver 135 
of gene regulation that can influence transcriptional responses to spaceflight. Consistent with that 136 
concept, we analyzed global differences between two common inbred strains of mice with distinct 137 
genetic backgrounds and found that C57BL/6 was more responsive at a transcriptional level to 138 
spaceflight than BALB/c (Table S2).  139 
 140 
The systemic mitochondrial stress response pathway is induced by spaceflight at the 141 
cellular and tissue level.   142 
To uncover the underlying systemic impact of spaceflight on astronauts, we analyzed four human 143 
cell line in vitro datasets available on GeneLab. Since these datasets are from legacy microarray 144 
data, comparisons were performed by Gene Set Enrichment Analysis (GSEA) for the overlapping 145 
pathways, using a false discovery rate cutoff of less than 10% (Fig. 2A). We found one overlapping 146 
collection of gene sets across all four cell types (fibroblasts,  endothelial cells, primary T cells, and 147 
hair follicles). Remarkably, this overlap contained multiple mitochondrial function GO terms: 148 
mitochondrial ATP synthesis, mitochondrial electron transport, oxidative phosphorylation, and 149 
hydrogen ion transmembrane transportation (overlapping pathways in Fig. 2A). These data support 150 
the concept that spaceflight causes a universal change in gene expression related to energy 151 
generation. 152 
 153 
Next, we extended our network analyses to data from mouse tissues to identify changes that span 154 
DNA to RNA to protein in response to spaceflight. This collection included transcriptomics, 155 
proteomics, and epigenetics data of liver, kidney, eye, and adrenal gland tissues from two different 156 
mouse strains (C57BL/6 and BALB/c) housed on the ISS for 33 and 37 days, respectively. We 157 
linked mitochondrial stress in the tissues and cells to ribosomal and translational changes (Fig. 158 
2A-2C, S1, and Table S9). Specifically, we found ribosome assembly, mitochondrial, and 159 
cytosolic translation pathways altered, implying possible proteostasis failure induced by 160 
spaceflight (Lu and Guo, 2020). We observed a consistent change in mitochondrial activity 161 
pathways across most tissues we tested, except in the adrenal gland and soleus muscle (Figs. 2B 162 
and 2C). The direction of transcriptional changes repeats at the epigenetic level in the internal 163 
organs and muscles (Fig. 2D). Lastly, to determine specific mitochondrial activity per tissue from 164 
mice flown in space, we analyzed a panel of mitochondrial genes identified from the MitoCarta 165 
resource (Calvo et al., 2015) (Fig. 2E). Liver contained the most mitochondrial activity across all 166 
organs, while the soleus and EDL had the most mitochondrial activity amongst the muscles (Fig. 167 
2E).   168 
 169 
We analyzed metabolomic data from gastrocnemius and quadriceps muscle in C57BL/6 mice 170 
(RR9) from both flight and ground control mice to confirm potential metabolic changes in these 171 
tissues. Pathway enrichment analyses of metabolites from this data showed significant alterations 172 
in response to spaceflight (Fig. 3A, S2A, and Table S7), and we identified the enrichment of 173 
several mitochondrial and energy-related pathways, such as β-oxidation of long-chain fatty acids 174 
and tricarboxylic acid cycle (Fig. 3A). L-carnitine and malate (Fig. S2B), two examples of 175 
metabolites involved in ATP generating processes, showed distinguishable increases in the 176 
muscles. Our analyses suggest that tissues vary in their stress response to spaceflight as it pertains 177 
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to mitochondrial function. Alternatively, our observation could reflect different adaptive energy 178 
requirements of each tissue.  179 
 180 
Mitochondrial dysfunction as a consequence of spaceflight 181 
Several observations implicate mitochondrial damage as a consequence of prolonged space flight. 182 
The mitochondria generate much of the energy (ATP) used in post-mitotic tissues via oxidative 183 
phosphorylation (OXPHOS), along with reactive oxygen species (mROS), a byproduct of 184 
mitochondrial respiration. Mitochondrial ROS generated at physiological levels function as 185 
signaling molecules, but excessive mROS is cytotoxic. Mitochondrial metabolites are also 186 
essential substrates in regulating the epigenome (Kopinski et al., 2019a). The mitochondrial 187 
genome consists of between one and two thousand nuclear DNA (nDNA) coded mitochondrial 188 
gene plus hundreds to thousands of copies per cell of the maternally inherited mitochondrial DNA 189 
(mtDNA). To assemble OXPHOS requires 13 polypeptides encoded by mtDNA and 190 
approximately 100 polypeptides encoded from nDNA..  191 
 192 
We observed mitochondrial dysfunction as a significant consequence of long-term space fight in 193 
both mouse models and humans by comparing spaceflight versus ground-based twins  (Fig. 3).  194 
Observed changes include altered mitochondria-associated metabolites and modified nDNA and 195 
mtDNA OXPHOS gene expression (Fig. 3B), reduced antioxidant defenses and increased urinary 196 
markers of oxidative stress (Fig. 3F), and altered integrated stress response (ISR) gene expression 197 
(Fig. 3C). These and related observations suggest that mitochondrial dysfunction may alter 198 
metabolic flux through mitochondrial pathways, perturb mitochondrial gene expression, and 199 
activate the ISR.   200 
 201 
We also observed differential expression of nDNA versus mtDNA derived mitochondrial genes in 202 
the liver of the RR3 mouse experiment (BALB/c) (Fig. 3B), further supporting the concept of 203 
spaceflight-associated mitochondrial defects. In the liver, the nDNA-coded oxidative 204 
phosphorylation (OXPHOS) gene transcripts were all strongly down-regulated, including those 205 
for cytochrome c oxidase (COX or Complex IV: Cox4i1, Cox5a, Cox4i1, Cox5a, Cox5b, Cox6a1, 206 
Cox6b1, Cox6c, Cox7a2, Cox7a2l, Cox7b, Cox7c, Cox8a), as well as for coenzyme Q synthesis 207 
(Coq9) . By contrast, we found a strong upregulation of the liver mtDNA-coded OXPHOS genes 208 
mt-ND4 and mt-ND5. The kidney also showed the induction of the mtDNA-coded subunits (mt-209 
Nd2, mt-Nd4l, mt-ND5, mt-Co2, mt-Co3), and in the oxidative soleus muscle, the nDNA-coded 210 
COX genes were also down-regulated. In the extensor digitorum longus, a highly glycolytic tissue, 211 
we observed higher levels of mtDNA OXPHOS genes (mt-Co1, mt-Co3, mt-Nd4, mt-Nd4l, mt-212 
Nd5, mt-Atp6), although nDNA-coded mitochondrial genes were not decreased (Fig. 3B). These 213 
observations support the conclusion that spaceflight suppresses nDNA-coded mitochondrial 214 
OXPHOS gene expression predominantly in oxidative tissues, and the induction of the mtDNA 215 
genes partially compensates for the diminished mitochondrial oxidative metabolism.   216 
 217 
The question becomes, what is the cause of the reciprocal down-regulation of the nDNA OXPHOS 218 
genes and the up-regulation of the mtDNA OXPHOS genes? Assuming that the differential 219 
transcript levels reflect differences at the protein level, this would result in an imbalance in the 220 
assembly of OXPHOS complexes and promote the mitochondrial unfolded protein response 221 
(UPRMT) (Houtkooper et al., 2011). Activation of the UPRMT can activate the integrated stress 222 
response (Fig. 3C). A variety of metabolic and translational alterations can activate four kinases 223 
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(GCN2, PKR, HRI, PERK) that initiate the ISR by regulating the phosphorylation of the cytosolic 224 
translation elongation factor 2 alpha (eIF2α). A predominant factor preferentially activates each 225 
kinase: GCN2 by amino acid deprivation, PKR by double-stranded RNA, HRI by diminished heme 226 
primarily in erythroid cells, and PERK by unfolded proteins in the endoplasmic reticulum (ER).  227 
Other factors can also activate these kinases. For example, oxidative stress activates all four 228 
kinases (Pakos-Zebrucka et al., 2016).  Phosphorylation of eIF2α reduces the cytosolic initiation 229 
complex (eIF2-GTP-Met-initiation tRNA), resulting in the preferential translation of mRNAs with 230 
an upstream ORF (uORF1), including ATF4, ATF5, and CHOP, and activates the ISR (Balsa et 231 
al., 2019b; Pakos-Zebrucka et al., 2016; Quiros et al., 2017; Wong et al., 2019). ATF5 binds the 232 
amino acid receptor elements to upregulate 1-carbon folate metabolism, glutathione metabolism, 233 
and the stress response factors FGF21 and GDF15 (Forsstrom et al., 2019; Khan et al., 2017b). 234 
GADD34 (Growth arrest and DNA damage 34) dephosphorylates p-eIF2α, allowing protein 235 
synthesis to return to normal (Table S1).   236 
 237 
Our analysis of ISR-related genes expression from two murine space missions, RR1 and RR3 (Fig. 238 
3C), showed that Gadd34 was increased in the adrenal gland in both missions, whereas Gadd34  239 
was down-regulated in the oxidative soleus muscle and upregulated in the glycolytic anterior 240 
tibialis muscle, in the RR3 mission mice. Also, in the RR3 mission, the stress gene Atf5 was 241 
upregulated in both the anterior tibialis and in the extensor digitorum longus muscle, which is also 242 
a predominantly glycolytic muscle. Finally, we observed the downregulation of the stress response 243 
genes Fgf21 or Gdf15 in liver or soleus muscle, respectively. Therefore, during spaceflight, Atf5, 244 
Chop, and Gdf15 are downregulated in oxidative muscle, consistent with reduced ISR. In contrast, 245 
the increase in Atf5 and Gadd34 gene expression in glycolytic muscle suggests increased ISR. The 246 
modulation of Atf5, Chop, Gadd34, and Gdf15 (Fig. 3C) may indicate that the integrated stress 247 
response may be a critical retort to spaceflight-induced mitochondrial dysfunction. Activation of 248 
the ISR via mitochondrial dysfunction could be in response to the increased oxidative stress, which 249 
would impinge on all of the ISR kinases.  Alternatively, the imbalance between the nDNA and 250 
mtDNA coded OXPHOS proteins, and UPRMT could also activate ISR. 251 
 252 
The reason for the differential transcription of the nDNA- and mtDNA-coded mitochondrial 253 
OXPHOS genes is unclear. The transcriptional coactivator, PGC1α (Peroxisome proliferator-254 
activated receptor gamma coactivator 1-alpha), regulates both sets of mitochondrial genes 255 
(Spiegelman and Heinrich, 2004). The levels of PCG1α in the liver, anterior tibialis, and extensor 256 
digitorum longus (Fig. 3C) are consistent with increased mitochondrial biogenesis. However,  257 
nDNA genes are down, and mtDNA genes are up, suggesting that oxidative damage contributes 258 
to decreased nDNA OXPHOS transcripts.  259 
 260 
To support our predicted biological processes affected by spaceflight, we investigated astronaut 261 
data. First, we analyzed the global mitochondrial levels from different cell populations (T 262 
lymphocytes CD4+ and CD8+, B lymphocyte CD19+, and Lymphocyte Depleted (LD) cells) in the 263 
blood from the NASA Twin Study (Garrett-Bakelman et al., 2019) (Fig. 3D). Although the 264 
mitochondrial levels between the twin in space compared to the ground control differed pre-flight, 265 
we observed a significant shift in mitochondrial activity from in-flight to post-flight compared to 266 
pre-flight. CD19 cells had the greatest increase in mitochondrial activity post-flight for the twin in 267 
space, while mitochondrial activity in the CD4 population was significantly reduced in-flight and 268 
post-flight (Fig. 3D).  269 
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 270 
Next, we measured the expression of five mtDNA genes related to oxidative phosphorylation, 271 
isolated from whole-blood cell fractions samples from the NASA Twin Study (Garrett-Bakelman 272 
et al., 2019) including pre-, during, and post-flight samples, paired to ground control samples (Fig. 273 
3E). All five mtDNA genes showed a similar pattern in response to spaceflight, starting with a 2- 274 
to 3-fold increase in expression at the beginning of the twin’s time on the ISS, and the peak was at 275 
7- to 9-fold increase towards the end of the twin’s time on the ISS. In contrast, there were no robust 276 
changes in any of the genes from matched samples for the twin on Earth or in GAPDH, a key 277 
cytosolic enzyme in the glycolytic pathway. Remarkably, the mtDNA gene expression changes 278 
that occurred during spaceflight returned to baseline levels post-flight within a few weeks.  279 
 280 
It is interesting to note that, for the Twin Study, the astronaut who was in space for one year at the 281 
time of arrival back to Earth had passed only 2% of his lifespan in space (Garrett-Bakelman et al., 282 
2019), whereas the mice from the RR1 and RR3 mission studied passed approximated 25% of their 283 
life at the ISS. From the murine perspective, their time in space was a long-term mission, a 284 
particularly important consideration given the recent findings that mice and humans have different 285 
biochemical reaction speeds that affect development (Matsuda et al., 2020).  286 
 287 
While we observed an increase in mtDNA gene expression in the Twin Study, spaceflight reduced 288 
astronauts' antioxidant capacity (Fig. 3F), coupled with an increase in urinary markers of oxidative 289 
stress including 8OHdG and Prostaglandin F2 alpha (PDGF2-alpha) (Table S4 and Fig. 3F). 290 
Urinary 8-OHdG is a biomarker of generalized cellular oxidative stress, a marker of oxidized DNA 291 
that signals that DNA repair is occurring, and a risk factor for cancer, atherosclerosis, and diabetes 292 
(Wu et al., 2004). PDGF2-alpha levels in urine are primarily related to cyclooxygenase-293 
independent synthesis and oxidative stress (Yin et al., 2007). These data suggest that spaceflight 294 
increases oxidative stress as indicated by both blood and urinary markers.  295 

To further examine metabolic changes related to oxidative stress, we performed reconstructions of 296 
tissue-specific metabolic networks for liver and muscle, derived from the RR1 and RR3 297 
transcriptional data from mice flown to the ISS (Fig. 3G), using flux balance analysis (FBA). We 298 
optimized these models for NAD biosynthesis flux based on our interest in its central role in 299 
mitochondrial metabolism (Liu et al., 2018). Overall, the FBA results for liver show an increase 300 
in metabolic activity across spaceflight mice vs. ground controls from both missions. For example, 301 
NAD metabolism, which is heavily involved with oxidative stress and associated mitochondrial 302 
activity (Massudi et al., 2012), is increased during spaceflight. The muscle tissues with the highest 303 
mitochondrial activity (soleus, EDL) were also modeled (Fig. 3G). Results for flux comparisons 304 
between flight and control mice show several notable metabolic pathway groups with opposite 305 
trends in muscle versus liver in both mitochondrial activity and oxidative stress. An example is the 306 
citric acid cycle’s gatekeeping enzyme, Citrate Synthase (CSm, Citric Acid Cycle, Fig. 6C-6D). 307 
Modeled flux through CSm in flown versus control mice was significantly decreased in muscle 308 
but was up in liver. While metabolic flux activity does not necessarily directly relate to metabolite 309 
concentration, these analyses do not disagree with the MS/MS experimental observations, such as 310 
in increases in free L-carnitine and malate in muscle tissue. The malate dehydrogenase (MDHm) 311 
flux that converts malate to oxaloacetate in the citric acid cycle is significantly reduced in 312 
spaceflight mice muscle tissue vs. ground control (Fig. 6C-6D). Fluxes with significant changes 313 
between flight and ground control mice could contribute to increased levels of free carnitine, such 314 
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as an overall decrease in mitochondrial Carnitine O acetyltransferase (CSNATm), which converts 315 
carnitine into acetyl carnitine, and a decrease in Malonyl-CoA Decarboxylase (MCD), which 316 
converts the fatty acid metabolism antagonist malonyl-CoA (Brady et al., 1993). Fluxes related to 317 
carbohydrate metabolism are mapped in Figs. S7 and S8. Files associated with flux results and 318 
statistical tests are included as supplemental files.  319 

Using these results, we can identify the enrichment of mitochondria-localized substrates (MLS) 320 
versus the significance of the flux in a test of flight versus ground control mice. By partitioning 321 
MLS and the p-value status into four groups, a 2x2 chi-square test of independence can detect 322 
relationships between mitochondrial substrates and tests of differential flux results within each 323 
tissue. Our results show that liver fluxes (n=907) had 91 MLS (out of 316) significant fluxes, vs 324 
81 MLS (out of 591) non-significant fluxes, with a chi-square p = 5.47e-08.  In muscle, for all 325 
fluxes (n =872)  there were 18 MLS (out of 227) significant fluxes, vs 162 MLS (out of 645) non-326 
significant fluxes, with a chi-square p = 6.41e-08. There was a higher ratio of MLS in significant 327 
fluxes in liver. In muscle, we found the opposite pattern,   with a higher ratio of MLS in non-328 
significant fluxes. Together, this shows that in liver, those fluxes with significant differences 329 
between flight and ground control are dominated by mitochondrial substrates while muscle shows 330 
an opposite and significant effect. 331 

Systemic innate immunity pathway alteration at cellular, internal tissues, and 332 
muscle levels induced by spaceflight  333 
Our GSEA analysis identified additional pathways that are affected by the space environment, 334 
including immune-related pathways. Cell culture models found an overall upregulation in 335 
immune-related pathways during spaceflight (Fig. 4A). In the internal organs, there was also a 336 
high presence of activated innate immune system pathways. Immune response through interferon-337 
gamma (IFN-γ) and interferon-alpha (IFN-α) gene sets were down-regulated in the kidney and 338 
liver (Fig. 4B), with the epigenetic analysis showing differential methylation of these same gene 339 
sets (Fig. 5A). In all muscle tissues, we found an up-regulation in IFN-γ, IL-1, and tumor necrosis 340 
factor (TNF) gene sets (Fig. 4C), pathways linked to inflammation-induced muscle wasting 341 
(Londhe and Guttridge, 2015). Linked to these immune alterations, gene sets related to the 342 
proteasome were altered in both the internal organs and muscles (Fig. 4B and 4C), suggesting 343 
protein homeostasis is changed but not limited to the muscle degradation. At the epigenetic level, 344 
only EDL and GST muscles showed altered methylation, with EDL showing alteration in the IFN-345 
α (Fig. 5A). However, we observed T-cell activation in the Twins study. These omic datasets 346 
suggest that spaceflight alters inflammatory pathways, so we measured circulating inflammatory 347 
markers in astronauts. We found decreased 1,25 Vitamin D levels and increased levels of VEGF-348 
1, IGF-1, IL-1, IL-1 and IL-1ra during spaceflight in astronauts (Fig. 5B), that again resolved 349 
to baseline levels upon returning to Earth.  350 
 351 
Lipid dysregulation and the liver- a centralized role in the spaceflight response 352 
To further understand critical modules or gene hubs regulated by spaceflight, we used a weighted 353 
gene co-expression network analysis (WGCNA) on the liver datasets (Langfelder and Horvath, 354 
2008). We focused on the liver since we previously demonstrated that the liver regulates immune 355 
activity and lipid dysregulation during spaceflight (Beheshti et al., 2019). We observed two 356 
consensus networks significantly correlating with spaceflight in each group (denoted by arrows in 357 
Fig. 5C). ClueGO (Bindea et al., 2009) analysis of modules revealed significant enrichment of 358 
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genes associated with DNA repair and bone resorption and remodeling (Fig. 5D). This enrichment 359 
agrees with our findings of reduced 1,25 (OH)2 Vitamin D during spaceflight (Fig. 5B) and also 360 
with increased urinary 8-OHdG excretion (Fig. 3C).  361 
 362 
The third major grouping of GSEA pathway hits focused on lipid biology. As stated earlier, lipid 363 
dysregulation with spaceflight originates from the liver (Beheshti et al., 2019). From our analysis 364 
of tissue pathways, lipid metabolism gene sets were upregulated in the liver and kidneys and 365 
downregulated in the eyes and adrenal gland (Fig. 6A). Also, the lipid profile in astronauts changed 366 
with spaceflight. We found higher levels of total cholesterol and low-density lipoprotein (LDL) 367 
cholesterol, accompanied by decreased levels of high-density lipoprotein (HDL) cholesterol. 368 
Again, these levels reverted to normal after returning to Earth (Fig. 6B). These results indicate that 369 
spaceflight impacts lipid metabolism at the hepatic gene expression level, extending to the 370 
circulating lipid profile. We did not assess dietary intake before or after spaceflight. Still, it is 371 
worth noting that the spaceflight food system is limited, and astronauts' diets differ from a nominal 372 
(earth based) diet.  373 
 374 
Our tissue-specific FBA analysis results on liver tissues from flight versus control mice in both 375 
missions identified an increase in fluxes related to carbohydrate and lipid-related metabolic factors 376 
(Fig. 6C). Several conditions that lead to liver fibrosis are known to be marked by specifically 377 
dysregulated metabolic pathways, including significant increases in metabolites involved in 378 
glycolysis/gluconeogenesis, fructose and mannose metabolism,  tryptophan metabolism, valine, 379 
leucine, isoleucine metabolism, glycine, serine, and threonine metabolism, glutathione 380 
metabolism, glycerophospholipid metabolism, and tricarboxylic acid (citric acid) cycle 381 
metabolism (Chang and Yang, 2019). We found fluxes related to these fibrosis-related pathways 382 
significantly increased (p<0.05) in the pathways cited above (Fig. 6C).  383 
 384 
Circadian rhythm, olfactory activity, and muscle extracellular matrix (ECM)-related 385 
pathways and blood and urine parameters affected by spaceflight in vitro and in vivo 386 
Finally, our multi-omics analysis of spaceflight biology identified a grouping of pathways related 387 
to the circadian rhythm, olfactory activity, synapse/receptor signaling, and ECM (Fig. 7, Table 388 
S9). Cell cycle pathways were upregulated in all cell and tissue models except in human T cells, 389 
where these same terms were downregulated (Fig. 7A and 7B). Cell cycle dysfunction is heavily 390 
involved with all the other pathways discussed below. ECM related pathways were unaltered in 391 
the quadriceps, upregulated in SLS, EDL, GST, and TA muscles, and downregulated in the carotid 392 
artery (Fig. 7C). Circadian rhythm pathways were upregulated at the transcriptional level in all 393 
internal organs but the liver (Fig. 7C), suggesting that spaceflight impacts diurnal patterns of gene 394 
expression. Also, circadian rhythm pathways for the methylated genes were upregulated in the 395 
quadriceps and adrenal glands (Fig. 7D). Olfactory activity was also upregulated for methylated 396 
genes in the eyes, adrenal glands, kidneys, and GST muscle (Fig. 7D). Renin, an enzyme linked 397 
to vitamin D and calcium levels, significantly increased in 59 astronauts (Fig. 7E), and increases 398 
in renin impact circadian rhythm activity (Ohashi et al., 2017).   399 
 400 

Discussion 401 
Utilizing an integrated, comprehensive, and multi-omics systems biology approach, we have 402 
uncovered insights into fundamental biological mechanisms affected by spaceflight. Our analyses 403 
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suggest systemic shifts in mitochondrial function occur in spaceflight in most of the tissues we 404 
examined. Mitochondrial changes likely impact processes such as innate immunity, lipid 405 
metabolism, and gene regulation in both mice and humans, and the results from our analyses are 406 
consistent with those from previous studies (Beheshti et al., 2019; Suomalainen and Battersby, 407 
2018) and are supported by multiple other omics studies (Bezdan et al., 2020; Gertz et al., 2020). 408 
Raising awareness for adverse health outcomes during spaceflight will help guide scientific 409 
community responses to mitigate spaceflight associated health risks and develop appropriate 410 
countermeasures.  411 
 412 
We are not the first to propose changes to mitochondrial activity during spaceflight. Nikawa and 413 
collaborators first proposed a spaceflight-specific, induced mitochondrial activity alteration 414 
associated with muscle atrophy in 2004 (Nikawa et al., 2004). Another study reported decreased 415 
mitochondrial activity in the roots of space-flown soybean seedlings (Klimchuk, 2007). Low doses 416 
of radiation trigger severe mitochondrial damage (Shimura et al., 2016) and the lower diffusion 417 
rates of solutes in microgravity (Smith et al., 2009) reduce the hydrogen gradient at the 418 
mitochondrial intermembrane space, reducing electron transport chain and ATP synthesis (Nelson, 419 
2013). Our findings report transcriptomic, epigenetic, proteomic, and metabolomic patterns (Figs. 420 
2 and 3) consistent with mitochondrial stress in different cells and multiple organs, including 421 
muscle tissues (Jha et al., 2017; Topf et al., 2019). Specifically, mouse ISS data (Fig. 3B), astronaut 422 
studies (Fig. 3F), and the NASA Twin Study data (Fig. 3E) all strongly support an alteration in 423 
the electron transport chain reaction and ATP production in the mitochondria. Taken as a body of 424 
evidence, this suggests spaceflight induces mitochondrial stress in multiple organisms. 425 
 426 
The existence of spaceflight-induced mitochondrial stress is further supported by metabolite 427 
studies reporting increased urinary 8-OHdG and prostaglandin F2 alpha. 8-OHdG is a biomarker 428 
of cellular oxidative stress related to DNA repair (Wu et al., 2004). Increased prostaglandin F2 429 
alpha levels in urine are associated with oxidative stress and cyclooxygenase independent 430 
synthesis (Yin et al., 2007). These markers are consistent with our analysis suggesting 431 
mitochondrial stress and dysfunction due to oxidative stress during spaceflight (Figs. 3B, 3F, and 432 
3G). Oxidative stress is critical to mitochondria-mediated disease processes (Wallace, 2013). A 433 
decrease in antioxidant capacity has been observed in aging and patients with metabolic syndrome 434 
(Shimura et al., 2016; van Horssen et al., 2019). The longitudinal decrease in antioxidant capacity 435 
observed in astronauts during spaceflight (Fig. 3F) agrees with the development of mitochondrial 436 
and metabolic impairment dependent on space exposure. Energy homeostasis is of great 437 
importance when considering extended duration space missions, such as the possible mission to 438 
Mars, that will last at least 560 days (Pecaut et al., 2017). Our context-specific metabolic flux 439 
analysis (Fig. 3G) further demonstrates that spaceflight upregulates NAD metabolism in the liver, 440 
linking oxidative stress and mitochondrial dysfunction (Massudi et al., 2012). A time-dependent 441 
increase in oxidative stress could have cumulative effects on astronaut physiology, including 442 
impacts on cognition and the development of impairing conditions that can make the journey 443 
unviable without effective countermeasures. Future research is needed to evaluate the long-term 444 
consequences of oxidative stress on astronaut health. 445 
 446 
Interestingly, increased oxidative stress and mitochondrial stress were implicated in causing 447 
androgenetic alopecia (permanent hair loss) (Ho et al., 2019; Upton et al., 2015). Our analysis from 448 
the cell line data shows hair follicles exhibit increased expression of genes related to mitochondrial 449 
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activity, while other cells show reduced expression (Fig. 2A). Also, increases in PPARGC1α 450 
(PGC1α), similar to what we have observed in the mouse tissue (Fig. 2C), were implicated with 451 
androgenetic alopecia through oxidative stress and mitochondrial activity (Ho et al., 2019). PGC1α 452 
also interacts with PPARγ, and dysregulation of PPARγ has been shown in hair follicle stem cells 453 
(HFSCs) to produce similar results to scarring alopecia (i.e., hair loss disorder) (Karnik et al., 454 
2009). The hair root is rich in adult stem cells (aSC) and the electron transport chain is crucial to 455 
HFSCs (Kloepper et al., 2015; Owczarczyk-Saczonek et al., 2018). Interestingly, aSC have 456 
relatively inactive mitochondria and rely on anaerobic glycolysis to maintain their quiescent state 457 
(Ito and Suda, 2014). An increase in ROS, as encountered in spaceflight, triggers aSC 458 
differentiation, and rapidly switches to mitochondrial OXPHOS (Hamanaka et al., 2013; Ito and 459 
Suda, 2014). We hypothesize that the increase in ROS caused by the spaceflight derived 460 
mitochondria dysfunction causes the shift from glycolysis to OXPHOS, increasing HFSC 461 
mitochondrial activity, and a potential mechanism to explain astronaut hair grown inhibition.  462 
 463 
Skeletal muscle also depends on OXPHOS for energy production (Kelley et al., 2002) reported to 464 
play a role in regulating metabolism (Argiles et al., 2016; DeFronzo and Tripathy, 2009; Pratesi et 465 
al., 2013). The loss of skeletal muscle alters whole-body metabolism (Argiles et al., 2016). 466 
Microgravity-induced muscle degeneration is well reported (Demontis et al., 2017; Fitts et al., 467 
2001; Nikawa et al., 2004).  The reduction of muscle metabolic flux when comparing between 468 
spaceflight mice versus ground compared to the opposite result in liver (Figs. 3G, 6C, and 6D) 469 
may be due to the liver’s response to muscle wasting (sarcopenia). Sarcopenia is an independent 470 
risk factor for liver fibrosis in non-alcoholic fatty liver disease (NAFLD) cohorts, independent of 471 
obesity, inflammation, and insulin resistance (Koo et al., 2017). A recent comprehensive meta-472 
analysis across similar studies found increased risks of NAFLD and liver fibrosis in subjects with 473 
sarcopenia (Cai et al., 2020). It is also interesting to note that opposite trends in mitochondrial 474 
activity in liver and muscle are common in subjects with prediabetes or diabetes type 2  (Bhansali 475 
et al., 2017; Kelley et al., 2002; Pottecher et al., 2018). We suggest that muscle loss may relate to 476 
the increased metabolic flux changes in spaceflight for the mouse liver versus muscle, an area for 477 
future research.  478 
 479 
Our data indicate an overall dysregulation in lipid metabolism caused by the space environment, 480 
with particular attention to the liver being the body's central metabolic organ and where LDL is 481 
produced (Nelson, 2013). We observed lipid metabolism pathways altered in mice and humans 482 
exposed to the space environment (Fig. 6). However, since no lipid pathway changes were 483 
observed in cell line data, we suggest lipid metabolism changes are derived from complex 484 
interactions at the tissue and organ levels. Two mouse strains were previously found to have 485 
accumulated lipids in the liver due to spaceflight exposure (Beheshti et al., 2019). Besides, lipid-486 
related metabolic pathways were increased in the liver of the spaceflight mice (Fig 6C). Increased 487 
tryptophan, valine, leucine, isoleucine, TCA cycle, sphingolipid, and glycerophospholipid 488 
metabolites are reported in the development and onset of fibrosis, with valine and bile acid 489 
synthesis related to more advanced stages (Chang and Yang, 2019; Musso et al., 2018). The 490 
lipid/glycolytic metabolic flux imbalance occurring in liver for mice flown to space-related to the 491 
onset of fibrosis is directly involved with the mitochondrial process, which involves modulation 492 
of oxidative phosphorylation (Diamond et al., 2007) (Fig. 3B). Also, inflammation leads to 493 
changes in lipid metabolism, and the persistence of the inflammatory stimulus can lead to chronic 494 
lipid changes associated with metabolic syndrome (Esteve et al., 2005). Interestingly, 495 
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mitochondrial dysfunction is both a cause and a consequence of metabolic disorders (Bhatti et al., 496 
2017). Spaceflight induced dyslipidemia in mice and astronauts (Schmidt et al., 2020) can be one 497 
contributor to cardiovascular health risks during longer-term space missions (Stein et al., 2019).    498 
 499 
It is also well established that cardiovascular risk is related to lipid disorders (Stein et al., 2019) 500 
and associations between dysregulation of mitochondrial energy metabolism and poor cardiac 501 
health are common (Meyers et al., 2013). The renin-angiotensin system induces hyperpolarization 502 
of the inner mitochondrial membrane, culminating in cell death (Siasos et al., 2018). As we found, 503 
in the case of renin (Fig. 7E), the hormones in the renin-angiotensin-aldosterone system were 504 
reported as increased in spaceflight (Hughson et al., 2018). Early in 2020, the first occurrence of 505 
venous thrombosis was reported during spaceflight (Aunon-Chancellor et al., 2020). Limited 506 
knowledge exists for the effects of spaceflight in platelets (Vernice et al., 2020). However, 507 
mitochondrial dysfunction attenuates platelet survival and increased risk for thrombovascular 508 
events (Kunz et al., 2017; Melchinger et al., 2019), increasing stroke risk (Behrouzi and Punter, 509 
2018). Mitochondrial dysfunction may cause stroke-like episodes independent of hypoxia (Ng et 510 
al., 2019). Therefore, spaceflight-induced mitochondrial dysfunction could increase 511 
cardiovascular disease risk in long-term missions caused by microgravity cardiovascular 512 
deconditioning and space radiation (Hughson et al., 2018).  513 
 514 
Cardiovascular disease is also linked to mitochondrial dysfunction through proteostasis failure 515 
related to lipid accumulation and ROS activity (Alam et al., 2020; Arrieta et al., 2020). Alterations 516 
in ribosome assembly, mitochondrial, and cytosol translation pathway in the cell models, internal 517 
organs, and muscles (Figs. 2 and 3) suggest the presence of proteostasis failure (Lu and Guo, 518 
2020). Proteostasis refers to the maintenance of the proteome homeostasis by protein synthesis, 519 
folding, and degradation. Proteostasis failure occurs in C. elegans in response to spaceflight, 520 
although it was not clear if this response was due only to muscle wasting (Honda et al., 2012). 521 
Alterations in proteostasis were widespread in our cell models and internal organ tissues (Fig. 2). 522 
Mitochondrial dysfunction inhibits cytosolic protein synthesis and defective protein quality control 523 
(Lu and Guo, 2020; Topf et al., 2019). Since mitochondrial function can prevent age-related 524 
proteostasis collapse (Williams et al., 2020), we suggest countermeasures focused on re-525 
establishing the mitochondrial function will also recuperate the proteostasis condition. 526 
Interestingly, proteostasis loss is a hallmark of aged muscles (Fernando et al., 2019). 527 
 528 
Lipid metabolism changes can also be caused by inflammation (Esteve et al., 2005) which is 529 
related to our observed markers for innate immunity with dysregulation of adaptive immunity 530 
occurring during spaceflight, consistent with an increased innate immunity profile on spaceflight 531 
(Crucian et al., 2018). The complement system and pathways related to IFN-γ and IFN-α change 532 
in the internal organs (Fig. 4B). The complement system is active after oxidative stress (Collard 533 
et al., 1999). Mitochondrial debris were observed in blood in the Twin Study (Garrett-Bakelman 534 
et al., 2019) and mitochondrial damage-associated molecular patterns (DAMPs) activate innate 535 
immune pathways (Banoth and Cassel, 2018; Zhang et al., 2010). We found a similar pattern with 536 
IFN-γ, IL-1, and TNF-α up-regulation within muscle tissues and astronaut blood (Figs. 4 and 5B). 537 
Interestingly, we also found altered proteasome expression linked to innate immunity (Table S9). 538 
IFN-γ can induce a switch to aerobic glycolysis and has a significant role in proteasome regulation 539 
(Wang et al., 2018; Yang et al., 1992), linking mitochondrial dysfunction, innate immunity, and 540 
alterations in proteostasis. IFN-γ, IL-1, and TNF-α are known to be drivers of muscle wasting in 541 
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chronic inflammatory diseases (Londhe and Guttridge, 2015). Vitamin D can modulate the innate 542 
and adaptive immune responses as the vitamin D receptor is expressed on B cells, T cells, antigen-543 
presenting cells, and dendritic cells (Aranow, 2011). C57BL/6 mice have higher levels of Vitamin 544 
D than BALB/c, and are considerate sensitive to Vitamin D deficiency, where BALB/c are 545 
considered resistant (Malley et al., 2013; Misharin et al., 2009). The lower levels of 1,25 Vitamin 546 
D and higher IL-1 and IGF-1 levels measured from 59 astronauts are consistent with findings at 547 
the cellular and tissue levels (Fig. 5). Adequate energy, protein, and vitamin D supply are essential 548 
for bone mineral density maintenance after six months of spaceflight (Smith et al., 2012b). 549 
Astronauts had a decrease in 1,25 vitamin D levels (the active form of vitamin D) (Fig. 5B) 550 
consistent with other studies (Smith et al., 2005) Vitamin D3 (cholecalciferol) supplementation 551 
prevents 1,25 vitamin D loss, leading NASA to increase the vitamin D supplementation to 1000 552 
IU/d (Douglas, 2020). Vitamin D3 is modified through the mitochondria in the liver and kidney to 553 
assume its active form, 1,25 vitamin D (Bikle, 2014). Synthetic active vitamin D analogs may not 554 
help increase the health risks already associated with spaceflight such as hypercalcemia, kidney 555 
stone formation, and ectopic calcification (Bikle, 2014; Nicogossian et al., 2016; Smith et al., 556 
2015).  557 
 558 
Immune dysregulation is known to be strongly influenced by the cell cycle (Laphanuwat and 559 
Jirawatnotai, 2019). We found that cell cycle-associated genes were affected by spaceflight in both 560 
the in vitro and in vivo models (Fig. 7). Spaceflight caused an increased expression of cell cycle 561 
genes in fibroblasts, endothelial cells, and the hair follicles, but these genes were down-regulated 562 
in T cells (Fig. 7A). Intracellular ROS enhances fibroblasts, endothelial cells, and hair follicles 563 
cell proliferation (Day and Suzuki, 2006; Dong et al., 2005; Hamanaka et al., 2013). However, 564 
ROS causes T cell cycle arrest (Belikov et al., 2015; Yan and Banerjee, 2010) and T cell 565 
activation/proliferation requires a reducing extracellular microenvironment (Yan and Banerjee, 566 
2010).  567 
 568 
Cell cycle and mitochondrial activity directly control circadian rhythm in cells and organisms 569 
(Sardon Puig et al., 2018). Sleep disorders are common in astronauts (Wu et al., 2018) and patients 570 
with primary mitochondrial diseases (Ramezani and Stacpoole, 2014). Intriguingly, we have found 571 
alterations in circadian cycle on internal organs, particularly in the eyes. In this study, the mice in 572 
space and ground control were maintained in a 12/12 light/dark cycle. They were not subjected to 573 
any workload activities that commonly impact astronauts, which rules out both possible causes for 574 
this alteration. A return to mitochondrial homeostasis could help restore a healthy awake/sleep 575 
cycle in astronauts. The methylated genes demonstrated olfactory activity pathways upregulation 576 
in multiple tissues (Fig. 7D). The olfactory bulb pathways are closely linked to circadian rhythm 577 
affecting feeding times (Pavlovski et al., 2018) and immune functions (Mukhopadhyay et al., 578 
2016). Additionally, mitochondrial Ca(2+) is a critical element in olfactory signaling (Fluegge et 579 
al., 2012) and in astronauts, smelling behavior changes occur potentially due to microgravity 580 
causing an upward shift of body fluid (Mukhopadhyay et al., 2016). Olfactory signaling has even 581 
been directly linked to mitochondrial structure and glucose activity (Kovach et al., 2016), 582 
indicating we have uncovered a systemic impact on the body driven by the mitochondria.  583 
 584 
G proteins are ubiquitous inside cells and play an essential role in circadian regulation (Doi et al., 585 
2011). They also regulate a wide range of cellular processes, including a significant role in synapse 586 
formation and elimination, affecting memory formation (Leung and Wong, 2017; Ye and Carew, 587 
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2010). We identified potential alterations in receptor signaling in our cell models due to changes 588 
in the expression of several G protein-linked signal transduction genes (Figs. 1A, 4A, 7A, and 589 
Table S9). Interesting, G protein-coupled receptor kinase 2 (GRK2) was reported to act as a 590 
gatekeeper of mitochondrial function in the heart, and the inhibition of G protein-coupled receptor 591 
35 (GPR35) preserved mitochondrial function after myocardial infarction (Chen et al., 2020; 592 
Sorriento et al., 2019). The potential of targeting G protein-coupled receptor signaling as a 593 
spaceflight countermeasure should be investigated further. 594 
 595 
G proteins are heavily involved with the renin-angiotensin system, with the activation of G proteins 596 
resulting in similar to the increases in renin levels we observed (Fig. 7E). (Balakumar and 597 
Jagadeesh, 2014). Renin is an enzyme produced and secreted by the kidney involved in regulating 598 
blood pressure principally by two mechanisms: first, the synthesis of Angiotensin I and second the 599 
decrease of excretion of salt and water by the kidneys (Hall, 2015; Meisenberg and Simmons, 600 
2016). Both low levels of Vitamin D (as we have observed in astronauts during spaceflight, Fig. 601 
5B) and chronically elevated plasma calcium levels stimulate renin (Atchison and Beierwaltes, 602 
2013; Kaur et al., 2018). The renin-angiotensin system influences various metabolic disorders and 603 
alters mitochondrial activity (de Cavanagh et al., 2007). Increased renin during microgravity is 604 
associated with bone demineralization (Blaber et al., 2014), (Fig. 5C and D). The effect of 605 
microgravity, mechanical stress, and demineralization on whole-body metabolism, including bone, 606 
fat, and liver, is well documented (de Paula and Rosen, 2013; Sato et al., 2013; Styner et al., 2017; 607 
Yuan et al., 2017) along with microgravity induced fluid-shift in the vascular system (Lee et al., 608 
2016; Noskov, 2013). Demineralization and fluid-shift can alter renin levels (Bouissou et al., 1987; 609 
Grellier et al., 2017), and also increased renin-angiotensin levels in the tissue can lead to bone loss 610 
through osteoporosis from ROS activation due to mitochondrial impairment  (Kalani et al., 2014; 611 
Kato et al., 2017; Skov et al., 2014). Interestingly, high circulating LDL and HDL levels associated 612 
with lipid accumulation increases the renin-angiotensin system (Singh and Mehta, 2003) and 613 
correlates with our observations in this study (Figs. 6 and 7). This work advocates the importance 614 
of systemic mitochondrial stress caused directly by microgravity and space radiation as a unifying 615 
factor for astronaut health risks. 616 
 617 
Countermeasures for spaceflight consist of procedures or nutritional and therapeutic interventions 618 
to counteract the adverse effects of spaceflight on the human body, maintain health, reduce risk, 619 
and improve safety (Clément, 2011). The principal countermeasure applied to astronauts is to 620 
exercise (as mentioned above); astronauts onboard the ISS exercise on a cycle-ergometer, a 621 
treadmill, or a resistive exercise device for up to 2 hours per day, but there is still a considerable 622 
decrease in muscle mass, and bone loss is observed after landing (Clément, 2011). Exercise also 623 
counteracts the effect of microgravity on the cardiovascular system; nonetheless, neither exercise 624 
intensity nor duration showed sufficient to prevent vascular changes as increased arterial and 625 
intima-media thickness, cardiac atrophy, and the development of insulin resistance (Hughson et 626 
al., 2018). A study on acute exercise in individuals with a spectrum of insulin resistance showed 627 
that acute physical activity triggers molecular responses on the metabolic and energy-producing 628 
pathways, increasing glycolysis, TCA cycle, and fatty acid oxidation (Contrepois et al., 2020). In 629 
comparison, our results show an overall decrease in the TCA cycle and fatty acid metabolism in 630 
the muscle tissue based on the metabolic flux analysis (Fig. 6D). At the same time, these factors 631 
increase in the liver (Fig. 6C), indicating exercise may not be enough to counteract the stressors 632 
in space. With exercise currently utilized as an inflight countermeasure, the increases of acute 633 
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inflammatory markers seen during exercise (e.g., IL-6, TNF-a, IL1-RA, and IGF-1) could be 634 
problematic to an already increased inflammatory pattern we measured in astronauts (Fig. 5B), 635 
even though these markers are reduced by regular exercise in low-grade systemic inflammation 636 
patients (Contrepois et al., 2020; Khazaei, 2012). Subjects with insulin-resistance have significant 637 
differences in inflammatory factors related to oxidative stress and diminished capacity to oxidize 638 
free fatty acids and produce energy when exercising (Contrepois et al., 2020).  639 
 640 
In addition to exercise, we advocate that pharmacotherapy and nutritional interventions used in 641 
patients with mitochondrial dysfunction should be considered for future spaceflight 642 
countermeasures. An essential aspect of astronauts’ metabolic health is consuming the 643 
recommended energy intake consisting of carbohydrates, fats, vitamins, and minerals. Initially, 644 
ISS prepackaged food was high in sodium (5300 mg/d) to counteract cardiac arrhythmias and diets 645 
low in potassium for astronauts. More recently, high sodium was found to exacerbate bone loss 646 
and pressure-induced vision changes, which prompted NASA to reduce the daily sodium intake to 647 
3000 mg/d for astronauts. (Lane et al., 2013; Nicogossian et al., 2016). The field of nutritional 648 
mitochondrial therapeutics is still evolving, with some evidence pointing to effective treatments 649 
(Camp et al., 2016; Rinninella et al., 2018). The strongest candidate is the coenzyme Q10 (CoQ10) 650 
that should be administered to the majority of primary mitochondrial diseases (PMD), independent 651 
of CoQ10 deficiency (Camp et al., 2016). CoQ10 is an abundant lipid-soluble nutrient scavenging 652 
free radical and protecting cells against oxidative damage (Zhang et al., 2018). Administration of 653 
CoQ10 reduced insulin resistance in prediabetic patients (Yoo and Yum, 2018) and improved 654 
glycemic control in Type-2 Diabetics by decreasing triglycerides and improve HDL levels (Zhang 655 
et al., 2018). CoQ10 is currently being tested on the ISS as a countermeasure for retinal lesions, 656 
and data from this project could help elucidate if CoQ10 could be used as a more general 657 
intervention (Lulli et al., 2019). Of note, a secondary mitochondrial dysfunction acquired by 658 
exposure to the spaceflight environment could benefit from the same interventions used on PMD. 659 
Different genetic and life history backgrounds influence the development of PMD symptoms 660 
(Camp et al., 2016; Rinninella et al., 2018), suggesting that precision medical countermeasures 661 
could be applied to astronauts as a case-by-case basis. Our data show a difference in the magnitude 662 
of spaceflight impact comparing the C57BL/6 and BALB/c mouse lineages, with the BALB/c 663 
showing greater resistance to transcriptomic changes; we will explore this subject in a future 664 
publication.  665 
 666 
In summary, the effects of spaceflight on the mitochondria provides a unifying framework for 667 
integrating the various alterations observed in the astronauts. Reduced mitochondrial function with 668 
sustained calories would generate excess mitochondrial ROS and activate compensatory mtDNA 669 
replication, resulting in increased mtDNA transcripts. The combination of replicating mtDNA and 670 
ROS would oxidize the mtDNA, which would be released to activate the innate immune system 671 
inflammasome and the Type I interferon pathway (West and Shadel, 2017; Zhong et al., 2018). 672 
The reduced NADH and radiation-induced DNA damage would reduce NAD+ levels (Fig. 3G), 673 
which would impair the circadian rhythm system through perturbed Sirt1 regulation of BMAL 674 
acetylation (Nakahata et al., 2008). Alteration in mitochondrial protein production would activate 675 
the mitochondrial unfolded protein response (Fig. 7A), which would trigger the integrated stress 676 
response pathway (Fig. 3C), causing phosphorylation of the cytosolic initiation factor eIF2α. This 677 
would activate the ATF4 transcription factor to upregulate expression of FGF21 and GDF15 and 678 
induce the mitochondrial supercomplex assembly factor SCAF1 (Balsa et al., 2019a; Khan et al., 679 



Submitted Manuscript: Confidential 

16 
 

2017a). Finally, inhibiting the electron transport chain (Fig. 3G) would alter the mitochondrial 680 
metabolites, which serve as the substrates for the epigenome modification enzymes (Kopinski et 681 
al., 2019b).  682 
 683 
Overall, this work highlights the power of comparing and integrating multiple omics and data types 684 
to understand further how life adapts to spaceflight conditions and risks. We found that 685 
mitochondrial dysregulation is a central hub for space biology. This concept can guide new 686 
nutritional and pharmaceutical interventions and studies that will increase the viability of long-687 
term human-crewed space missions. Health effects from mitochondrial dysfunction (Suomalainen 688 
and Battersby, 2018) should be considered with spaceflight health risk models when planning 689 
future human-crewed missions to the Moon and Mars. 690 
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 737 

FIGURE CAPTIONS 738 
 739 
Figure 1. Global analysis of the transcriptomics, proteomics, and metabolomics datasets. To 740 
provide a global view of the changes occurring for all GeneLab data used in this manuscript we 741 
computed the overall mean levels of up (A) and down (B) regulated molecules across all data sets 742 
for each assay and normalized to the individual levels of up and down regulated 743 
gene/protein/metabolite by dividing by the average of each assay. Note that regulation here refers 744 
to flight versus ground samples. C) Overall summary of the Differential Gene Methylation for 745 
hyper- and hypo-methylated genes. D) The relationship between absolute methylation and 746 
expression for all genes in each dataset and correlating it to the median promoter methylation of 747 
that gene. Significance of the relationship between the methylation change and expression change 748 
was calculated by taking the log2 fold-change values for gene expression and methylation and 749 
fitting a linear model. The significance is displayed on the plot by * p-value < 0.05, ** p-value < 750 
0.01, and *** p-value < 0.001. 751 
 752 
Figure 2: Mitochondrial related pathways and mitochondrial genes affected by spaceflight 753 
in cells and mice. A), B) and C) Attention should be drawn to the connection between 754 
mitochondrial activity and translation related pathways, in special to alterations on mitochondrial 755 
electron transport, oxidative phosphorylation, ribosome assembly and both mitochondrial and 756 
cytosolic translation pathways. A) Pathway analysis of the impact of spaceflight on in vitro data. 757 
Gene Set Enrichment Analysis (GSEA) of human microarray datasets GLDS-13 (Human Primary 758 
T Cells), GLDS-52 (HUVECs), GLDS-114 (Human Fibroblasts), and GLDS-174 (Human Hair 759 
Follicles) comparing flight to ground treatments. Venn diagrams of statistically significant Gene 760 
Ontology (GO) gene sets with FDR < 10%. Cytoscape enrichment maps of GO and KEGG sets 761 
with FDR <10% in at least two GLDS datasets. Each node contains 4 wedges for each dataset 762 
(indicated by the legend in the figure) and the color of each wedge indicates if the gene set is 763 
downregulated (blue) or upregulated (red). The shade of the color indicates degree of regulation. 764 
The thickness of the edge (blue lines) represents the number of genes associated with the overlap 765 
of the gene sets (or nodes) that the edge connects. In addition, the green highlighted nodes represent 766 
the gene sets related to mitochondrial pathways. B) Liver, Kidney, Eye and Adrenal Gland Tissue 767 
Analysis from C57BL/6 and BALB/C mice from mission RR1 and RR3, C) C57BL/6 (RR1 768 
mission) Extensor digitorum longus (EDL), Gastrocnemius (GST), Quadriceps (Quad), Soleus 769 
(SLS), Tibialis anterior (TA), and BALB/C (RR3 mission) Carotid Artery  (Carotid). B) and C) 770 
Pathway results were integrated across multiple tissues and RNAseq and proteomics platforms to 771 
summarize the system-wide effects of spaceflight compared to ground control. Enriched GO terms 772 
and KEGG pathways were integrated using a network framework, where two pathways are 773 
connected by an edge if they share a significant fraction of genes. Pathways dysregulated in two 774 
or more tissues are displayed. Pathway up and down regulation is encoded by node color, and 775 
pathways dysregulated by multiple tissues are mapped to larger node size. D) Heatmap 776 
representation of GSEA analysis on the methylated genes from both mission. E) Heatmap 777 
representation of all mitochondrial genes that are significantly expressed (FDR < 0.05) between 778 
spaceflight vs ground comparisons for all tissues. The mitochondrial genes were obtained from 779 
MitoCarta.  780 
 781 
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Figure 3. Mitochondrial related metabolites, mitochondrial gene confirmation from NASA 782 
Twin Study data, and astronaut blood and urine parameters affected by spaceflight. A) 783 
C57BL/6 (RR9 mission) Gastrocnemius and Quadriceps Pathway enrichment analysis based on 784 
the subset of validated metabolites from Table S7. Blue letters highlight pathways with 785 
mitochondrial involvement. B) Heatmap representation of differential expression (log2(fold-786 
change) of spaceflight vs ground comparison) of down-regulated nDNA and up-regulated mtDNA 787 
coded mitochondrial genes in oxidative tissues from C57BL/6. (RR1 mission) and BALB/C (RR3 788 
Mission) C) Heatmap representation of differential expression (log2(fold-change) of spaceflight 789 
vs ground comparison) of Integrated Stress Response (ISR) Genes and PGC-1α. The figure legend 790 
for (B) and (C) are shared. D) Heatmap representation of the all the mitochondrial genes that are 791 
significantly expressed (FDR < 0.05) from RNA-sequencing on the T Lymphocyte CD4+ and 792 
CD8+, B Lymphocyte CD19+, and lymphocyte depleted (LD) cells in the blood from the NASA 793 
Twin study. Comparisons are shown in the heatmap between the Twin in space for pre-, in-, and 794 
post-flight compared to the Twin on the ground. The panel on the left of the heatmap shows the 795 
distribution of mitochondrial genes for each comparison. The colors in the heatmap represent the 796 
log2(fold-change) values for each comparison with red being upregulated and blue being 797 
downregulated. The mitochondrial genes were obtained from MitoCarta. E) qRT-PCR on NASA 798 
Twin study samples comparing ground and flight samples from whole-blood cell fractions for 799 
expression of the indicated mitochondrial genes has been plotted relative to 18S rRNA. Solid bars 800 
represent the ground samples (HR) over time and the patterned bars represent the flight samples 801 
(TW) over time. Expression in the 100215_CPT_HR ground sample (the second bar for ground 802 
samples) was set as 1. Sample details can be found in Table S8. The X-axis displays color-coded 803 
bars indicating which samples are pre-flight (black), during flight (yellow), and post-flight 804 
(orange). The error bars represent technical replicates. F) Levels of antioxidative capacity, 805 
8OHdG, and PGF2-alpha in astronauts’ blood and urine. Data were available for 59 crewmembers. 806 
Repeated measures analysis of variance was conducted to test for differences during and after 807 
flight compared to preflight, and comparisons among time points were made using a Bonferroni t-808 
test. Multiple comparisons were accounted for, and only those tests with p<0.001 are reported. 809 
Full data table available in Tables S4 and S5. G) Heatmaps show flux values (rows) vs mice 810 
(columns) from both RR1 and RR3 experiments for liver and muscle. Flux values are calculated 811 
as described in the methods, showing in the leftmost bar those fluxes whose differential testing 812 
results between FLT and GC result in p-values<0.05 (black) or suggestive where p-values fall 813 
between 0.05 and 0.1 (grey). Heatmap color scales indicate row-wise Z-scores for a particular flux, 814 
with Z-score ranges for that map indicated by key. Links to full heatmaps with all fluxes for all 815 
pathways in the tested tissues, as well as flux maps for the above can be found at 816 
https://osf.io/utmwf/ which also includes data used to generate these figures. Heatmaps were 817 
created using the pheatmap package in R 818 
 819 
Figure 4: Immune response related pathways and blood parameters affected by spaceflight 820 
in vitro and in vivo. A) Pathway analysis of the impact of spaceflight on in vitro data. Gene Set 821 
Enrichment Analysis (GSEA) of human microarray datasets human microarray datasets GLDS-13 822 
(Human Primary T Cells), GLDS-52 (HUVECs), GLDS-114 (Human Fibroblasts), and GLDS-823 
174 (Human Hair Follicles) comparing flight to ground treatments. Cytoscape enrichment maps 824 
of GO and KEGG sets with FDR <10% in at least two GLDS datasets. B) Liver, Kidney, Eye and 825 
Adrenal Gland Tissue Analysis from C57BL/6 and BALB/C mice from mission RR1 and RR3, C) 826 
C57BL/6 (RR1 mission) Extensor digitorum longus (EDL), Gastrocnemius (GST), Quadriceps 827 
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(Quad), Soleus (SLS), Tibialis anterior (TA), and BALB/C (RR3 mission) Carotid Artery  828 
(Carotid). B) and C) Pathway results were integrated across multiple tissues and RNAseq and 829 
proteomics platforms to summarize the system-wide effects of spaceflight compared to ground 830 
control. Enriched GO terms and KEGG pathways were integrated using a network framework, 831 
where two pathways are connected by an edge if they share a significant fraction of genes. 832 
Pathways dysregulated in two or more tissues are displayed. Pathway up and down regulation is 833 
encoded by node color, and pathways dysregulated by multiple tissues are mapped to larger node 834 
size.  835 
 836 
Figure 5: Immune response related methylated pathways, blood parameters, and bone loss 837 
pathways affected by spaceflight in vivo and in astronauts. A) Heatmap representation of 838 
GSEA analysis on the methylated genes. B) Blood levels of 1,25 Vitamin D, VEGF-1, IGF-1, IL-839 
1a, IL-1b and IL-1ra in astronauts. Data were available for 59 crewmembers. Repeated measures 840 
analysis of variance was conducted to test for differences during and after flight compared to 841 
preflight, and comparisons among time points were made using a Bonferroni t-test. Multiple 842 
comparisons were accounted for, and only those tests with p<0.001 are reported. Full data table 843 
available in Tables S4 and S5. C) WGCNA heatmap plot with arrows identify key hubs in 844 
spaceflight for liver samples. D) GO pathway analysis utilizing ClueGo from the genes identified 845 
in the spaceflight correlated WGCNA modules.  846 
 847 
Figure 6. Lipid metabolism related pathways and blood parameters affected by spaceflight 848 
in mice and in astronauts. A) Pathway results were integrated across multiple tissues (Liver, 849 
Kidney, Eye and Adrenal Gland Tissue Analysis from C57BL/6 and BALB/C mice from mission 850 
RR1 and RR3) and RNAseq and proteomics platforms to summarize the system-wide effects of 851 
spaceflight compared to ground control. Enriched GO terms and KEGG pathways were integrated 852 
using a network framework, where two pathways are connected by an edge if they share a 853 
significant fraction of genes. Pathways dysregulated in two or more tissues are displayed. Pathway 854 
up and down regulation is encoded by node color, and pathways dysregulated by multiple tissues 855 
are mapped to larger node size. B) Blood levels for cholesterol and LDL in astronauts. As of this 856 
writing, data were available for 59 crewmembers. Repeated measures analysis of variance was 857 
conducted to test for differences during and after flight compared to preflight, and comparisons 858 
among time points were made using a t-test. Multiple comparisons were accounted for using 859 
Bonferroni correction, and only those tests with p<0.001 are reported. Full data table available in 860 
Tables S4 and S5. C and D) Heatmaps show flux values (rows) vs mice (columns) from both RR1 861 
and RR3 experiments for liver (C) and muscle (D). Flux values are calculated as described in the 862 
methods, showing in the leftmost bar those fluxes whose differential testing results between FLT 863 
and GC result in p-values<0.05 (black) or suggestive where p-values fall between 0.05 and 0.1 864 
(grey). Heatmap color scales indicate row-wise Z-scores for a particular flux, with Z-score ranges 865 
for that map indicated by key. Links to full heatmaps with all fluxes for all pathways in the tested 866 
tissues, as well as flux maps for the above can be found at https://osf.io/utmwf/ which also includes 867 
data used to generate these figures. Heatmaps were created using the pheatmap package in R. 868 
 869 
Figure 7. Circadian rhythm, olfactory activity and extra-cellular matrix (ECM) related 870 
pathways and blood parameters affected by spaceflight in vitro, in vivo, and in astronauts. 871 
A) Human microarray datasets GLDS-13 (Human Primary T Cells), GLDS-52 (HUVECs), GLDS-872 
114 (Human Fibroblasts), and GLDS-174 (Human Hair Follicles)B) Liver, Kidney, Eye and 873 
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Adrenal Gland Tissue Analysis from C57BL/6 and BALB/C mice from mission RR1 and RR3, C) 874 
C57BL/6 (RR1 mission) Extensor digitorum longus (EDL), Gastrocnemius (GST), Quadriceps 875 
(Quad), Soleus (SLS), Tibialis anterior (TA), and BALB/C (RR3 mission) Carotid Artery  876 
(Carotid). A) Network representation only GO sets with FDR <10% in at least two GLDS datasets 877 
and,  KEGG gene sets with FDR < 10% in at least one GLDS dataset are depicted B) and C) 878 
Enriched GO terms and KEGG pathways were integrated using a network framework, where two 879 
pathways are connected by an edge if they share a significant fraction of genes. Pathways 880 
dysregulated in two or more tissues are displayed. Pathway up and down regulation is encoded by 881 
node color, and pathways dysregulated by multiple tissues are mapped to larger node size. D) 882 
Heatmap representation of GSEA analysis on the methylated genes. E) Blood levels for renin in 883 
astronauts’ blood. As of this writing, data were available for 59 crewmembers. Repeated measures 884 
analysis of variance was conducted to test for differences during and after flight compared to 885 
preflight, and comparisons among time points were made using a t-test. Multiple comparisons 886 
were accounted for using Bonferroni correction, and only those tests with p<0.001 are reported. 887 
Full data table available in Tables S4 and S5. 888 
 889 

SUPPLEMENTARY FIGURE AND TABLE TITLES 890 
Table S1. Overview of the Differential Expression and GSEA Analysis on Mice Tissues. Adj p-891 
value < 0.05.  892 
 893 
Table S2. GSEA Results from Methylation Data. Pval = p-values, padj = adjusted p-values (or 894 
FDR), NES = Normalized Enrichment Score, and Size represents the # of methylated genes 895 
involved in each prediction. 896 
 897 
Table S3. Astronaut data from blood validate mitochondrial stress response due to 898 
spaceflight. Data are mean ± SD. *** P<0.001 compared to L-45. ‡ The column labelled "L-45 899 
(on gel)" represents data from the sample frozen in the tube and stored for batched analysis 900 
alongside the flight samples. In most cases, this came from the same draw as the L-45 collection. 901 
‡‡ As described in methods, crewmembers on R+0 are not necessarily fasted prior to blood 902 
collection. Urines were collected and processed as described in the methods section.  For clarity, 903 
the average of the 2 preflight collections (each 2 24-h pools) were averaged, as shown here. 904 
 905 
Table S4. Chromatographic and mass spectrometry details for metabolomic profiling 906 
Column: Acquity UPLCr BEH C18 1.7 μm, Solvent A: Water and 0.1 % Formic acid, Solvent B: 907 
Acetonitrile and 0.1 % Formic acid, Solvent C: Isopropanol/acetonitrile 90/10 with 0.1% Formic 908 
acid.  909 
Putative metabolomic biomarkers. The time is representing the Retention Times. 910 
* FDR corrected 911 

Addu. = Adduct 912 

 913 

Table S5. Summary of the rtPCR RNA samples from NASA Twin Study 914 
Samples denoted with HR refer to samples from the ground controls. Samples denoted with TW 915 
refers to samples from the flight samples. CPT refers to whole-blood cell fractions. The * denotes 916 
that these samples were pooled together. 917 
 918 
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 919 
Table S6. Cluster and node annotation for Gene Set Enrichment Analyses (GSEA) of human 920 
microarray datasets GLDS-13, GLDS-52, GLDS-114, and GLDS-174 comparing flight to 921 
ground treatments. 922 
 923 
Table S7. Modeled fluxes by sample and statistics for Muscle FLT vs GC. 924 
 925 
Table S8. Modeled fluxes by sample and statistics for Liver FLT vs GC. 926 
 927 
Figure S1. Multi-omics and cross-tissue pathway analysis on data from mice flown in space. 928 
Complete set of pathway results were integrated across multiple tissues and RNAseq and 929 
proteomics platforms to summarize the system-wide effects of spaceflight compared to ground 930 
control. Enriched GO terms and KEGG pathways were integrating using a network framework, 931 
where two pathways are connected by an edge if they share a significant fraction of genes. 932 
Pathways dysregulated in two or more tissues are displayed. Pathway up and down regulation is 933 
encoded by node color, and pathways dysregulated by multiple tissues are mapped to larger node 934 
size. 935 
 936 
Figure S2. Spaceflight Mice Muscle Metabolomics. A) GEDI self-organizing maps showing 937 
global metabolomic shifts due to the effects of spaceflight. B) Carnitine and malate levels with 938 
their theoretical fragmentation spectra from Progenesis QI. Levels are depicted as mean ± standard 939 
error of the mean. * p<0.05, ** p<0.01. 940 
 941 
Figure S3. Multi-omics and cross-tissue pathway analysis on data from mice flown in space. 942 
Complete set of pathway results were integrated across multiple muscles and RNAseq and 943 
proteomics platforms to summarize the system-wide effects of spaceflight compared to ground 944 
control. Enriched GO terms and KEGG pathways were integrating using a network framework, 945 
where two pathways are connected by an edge if they share a significant fraction of genes. 946 
Pathways dysregulated in two or more tissues are displayed. Pathway up and down regulation is 947 
encoded by node color, and pathways dysregulated by multiple tissues are mapped to larger node 948 
size. Muscle name legend: Carotid Artery (Carotid), Gastrocnemius Muscle (GST), Quadriceps 949 
Muscle (Quad), Soleus Muscle (SLS), Tibialis Anterior Muscle (TA), Extensor Digitorum Longus 950 
Muscle (EDL). 951 
 952 
Figure S4. MS/MS spectra of A) Carnitine, B) L-Arginine, and C) Tetradecanoylcarnitine 953 
(myristoylcarnitine) by comparing fragmentation patterns of QC’s with fragmentation patterns of 954 
pure chemicals. 955 
 956 
Figure S5. MS/MS spectra of A) Glucose, B) Malic acid (malate), C) fructose-6-phosphate, and 957 
D. citric acid by comparing fragmentation patterns of QC’s with fragmentation patterns of pure 958 
chemicals. Fragments for glucose were matched to those in the database HMDB. 959 
 960 
Figure S6. MS/MS spectra of pantothenic acid with zoomed in regions. All fragmentation patterns 961 
in the QC were compared to fragmentation patterns of a pure chemical. 962 
 963 
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Figure S7. Significant changes in flux pathways displayed on carbohydrate-related metabolic 964 
pathways in muscle using an adapted version of the visualization Escher package. Colors on 965 
the thicker width flux lines indicate the mean difference between the fluxes from flight versus 966 
ground control mice in both tissues. Narrow faded grey lines are fluxes either not significant or 967 
not present in the model results. Data displayed is the same flux data shown in the heatmaps in 968 
Fig.3 and Fig 6. 969 
 970 
Figure S8. Significant changes in flux pathways displayed on carbohydrate-related metabolic 971 
pathways in liver using an adapted version of the visualization Escher package. Colors on the 972 
thicker width flux lines indicate the mean difference between the fluxes from flight versus ground 973 
control mice in both tissues. Narrow faded grey lines are fluxes either not significant or not present 974 
in the model results. Data displayed is the same flux data shown in the heatmaps in Fig.3 and Fig 975 
6. 976 
 977 
 978 

STAR★Methods 979 
 980 
RESOURCE AVAILABILITY 981 
Lead Contact  982 
Further information and request for resources, data and code availability should be directed to the 983 
corresponding author Afshin Beheshti (afshin.beheshti@nasa.gov). 984 
 985 
Data and Code Availability 986 
The following script for Weighted correlation network analysis (WCNA) is provided here for the 987 
readers reference. All other code referred in the Key Resources Table are standard code available 988 
through the link and references. Here is the WGCNA code that was utilized for analysis in this 989 
manuscript: 990 
#### WGCNA_ PCA _NASA LIVER STUDY ################# 991 
#11_SEPT_2019_RMELLER 992 
#____________________________________________________________________________993 
___ 994 
# first clean memory 995 
rm(list=ls()) 996 
#set working directory 997 
setwd("D:/R/WGCNA-PROJECTS/NASA/Project-1 Balbc/RR3") 998 
getwd() 999 
dir.create("Plots") 1000 
 1001 
# 1. Load library WCGNA and set number of processors for multithreading 1002 
#install.packages("BiocManager") 1003 
#BiocManager::install("WGCNA")  1004 
 1005 
library(WGCNA) 1006 
allowWGCNAThreads(8) 1007 
 1008 
# 2. Import data 1009 
# The following setting is important, do not omit. 1010 
options(stringsAsFactors = FALSE); 1011 
#Read in the liver data set 1012 
options(stringsAsFactors = FALSE); 1013 
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extdata.dir = "D:/R/WGCNA-PROJECTS/NASA/DATA" 1014 
#Read in the liver data sets 1015 
RR3Data = 1016 
read.table(paste(extdata.dir,"vsd_RR3_Liver_countdata_Deanne_Integers_April_01017 
8_19.txt", sep="/"), sep="\t", header = TRUE) 1018 
RR3Data[1:8,1:8] 1019 
dim(RR3Data) 1020 
# data contains ERCC data, so so only chose ENS gene IDS. First create 1021 
Dataframe with first column as rownames 1022 
temp=RR3Data[,-1]; rownames(temp)=RR3Data[,1] 1023 
filter = rownames(temp)[grep("^ENS", rownames(temp))] 1024 
LivData = as.matrix(temp[filter,]) 1025 
LivData[1:8,1:8] 1026 
 1027 
#Remove the BSL samples from the data 1028 
LivData=LivData[,-c(1:4)] 1029 
dim(LivData) 1030 
 1031 
# The data output from DeSeq will need to be transposed (WGCNA requires genes 1032 
on cols, samples on rows) removing the first 8 columns (these contain row 1033 
name data)  1034 
datExpr0 = as.data.frame(t(LivData)); 1035 
datExpr0[1:8,1:8] 1036 
 1037 
#Load experimental attributes data 1038 
RR3traitData <- read.table(paste(extdata.dir, "Groups_Liver_RR3.txt", sep 1039 
="/"), header=TRUE, sep="\t") 1040 
RR3traitData <- RR3traitData[-c(1:4),] 1041 
RR3traitData 1042 
temp <- rownames(datExpr0) 1043 
temp 1044 
trait<- as.data.frame(cbind(RR3traitData$Samples, RR3traitData$Samples, 1045 
RR3traitData$condition)) 1046 
colnames(trait) <-c("Tissue","Species", "Condition") 1047 
rownames(trait) = temp 1048 
trait 1049 
trait$Tissue <- "Liver" 1050 
trait$Species <- "Balbc" 1051 
traitData=trait 1052 
traitData 1053 
str(traitData) 1054 
 1055 
#Form a data frame and make sure attributes match 1056 
samples = rownames(datExpr0); 1057 
samples 1058 
traitRows = match(samples, rownames(traitData)); 1059 
traitRows 1060 
 1061 
# now convert to numerical values for correlation 1062 
traitData$Condition <- as.numeric(factor(traitData$Condition, levels=c("FLT", 1063 
"GC"))) 1064 
traitData$Tissue <- as.numeric("1") 1065 
traitData$Species <- as.numeric("1") 1066 
str(traitData) 1067 
 1068 
# check for samples with too many missing variables  1069 
gsg = goodSamplesGenes(datExpr0, verbose = 3); 1070 
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gsg$allOK 1071 
 1072 
# if not TRUE then you need to remove genes with too many missing values 1073 
if (!gsg$allOK) 1074 
{ 1075 
  # Optionally, print the gene and sample names that were removed: 1076 
  if (sum(!gsg$goodGenes)>0)  1077 
     printFlush(paste("Removing genes:", 1078 
paste(names(datExpr0)[!gsg$goodGenes], collapse = ", "))); 1079 
  if (sum(!gsg$goodSamples)>0)  1080 
     printFlush(paste("Removing samples:", 1081 
paste(rownames(datExpr0)[!gsg$goodSamples], collapse = ", "))); 1082 
  # Remove the offending genes and samples from the data: 1083 
  datExpr0 = datExpr0[gsg$goodSamples, gsg$goodGenes] 1084 
} 1085 
 1086 
#2.b use PCA to test for outlier 1087 
 1088 
Sample <- data.frame(t(na.omit(t(datExpr0)))) 1089 
pca <- prcomp(Sample, retx=TRUE) 1090 
library(ggfortify); library (ggplot2) 1091 
sizeGrWindow(12,9) 1092 
pdf(file ="Plots/NASA_Liver_PCA.pdf", width = 12, height = 9) 1093 
autoplot(pca, label = TRUE, label.size = 3) 1094 
dev.off() 1095 
 1096 
# then plot to screen 1097 
autoplot(pca, label = TRUE, label.size = 3) 1098 
 1099 
#3. use Hierarchical cluster to also identify outliers (can cut if needed) 1100 
sampleTree = hclust(dist(datExpr0), method = "average"); 1101 
#Open a graphic output window of size 12 by 9 inches 1102 
# The user should change the dimensions if the window is too large or too 1103 
small. 1104 
sizeGrWindow(12,9) 1105 
 1106 
# Plot the sample tree to a pdf:  1107 
pdf(file = "Plots/sampleClustering.pdf", width = 12, height = 9); 1108 
par(cex = 0.6); 1109 
par(mar = c(0,4,2,0)) 1110 
plot(sampleTree, main = "Sample clustering to detect outliers", sub="", 1111 
xlab="", cex.lab = 1.5,  1112 
     cex.axis = 1.5, cex.main = 2) 1113 
dev.off() 1114 
 1115 
# or print to screen 1116 
plot(sampleTree, main = "Sample clustering to detect outliers", sub="", 1117 
xlab="", cex.lab = 1.5,  1118 
     cex.axis = 1.5, cex.main = 2) 1119 
 1120 
# data are split in two- batching effect 1121 
 1122 
#2.e recluster data using clinical traits 1123 
sampleTree2 = hclust(dist(datExpr0), method = "average") 1124 
# Convert traits to a color representation: white means low, red means high, 1125 
grey means missing entry 1126 
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traitColors = numbers2colors(traitData, signed = FALSE, centered = FALSE, 1127 
colors = blueWhiteRed(100)) 1128 
 1129 
# Plot the sample dendrogram and the colors underneath and save as pdf. 1130 
sizeGrWindow(12,9) 1131 
pdf(file ="Plots/NASA_Liver_clustering.pdf", width = 12, height = 9) 1132 
plotDendroAndColors(sampleTree2, traitColors, 1133 
                    groupLabels = names(traitData),  1134 
                    main = "Sample dendrogram and trait heatmap") 1135 
dev.off() 1136 
 1137 
# print to screen 1138 
sizeGrWindow(12,9); plotDendroAndColors(sampleTree2, traitColors, 1139 
                    groupLabels = names(traitData),  1140 
                    main = "Sample dendrogram and trait heatmap") 1141 
 1142 
 1143 
#2.f save the data 1144 
save(datExpr0, traitData, file = "NASA_LIVER_RR3.RData") 1145 
 1146 
####################################################################### 1147 
###############################STEP TWO################################ 1148 
####################################################################### 1149 
 1150 
## 3 Create the network 1151 
# 3.a Choose a set of soft-thresholding powers 1152 
powers = c(c(1:10), seq(from = 12, to=20, by=2)) 1153 
# Call the network topology analysis function 1154 
sft = pickSoftThreshold(datExpr0, powerVector = powers, verbose = 5) 1155 
# Plot the results: 1156 
sizeGrWindow(9, 5); 1157 
par(mfrow = c(1,2)); 1158 
cex1 = 0.9; 1159 
# Scale-free topology fit index as a function of the soft-thresholding power 1160 
plot(sft$fitIndices[,1], -sign(sft$fitIndices[,3])*sft$fitIndices[,2], 1161 
     xlab="Soft Threshold (power)",ylab="Scale Free Topology Model Fit,signed 1162 
R^2",type="n", 1163 
     main = paste("Scale independence")); 1164 
text(sft$fitIndices[,1], -sign(sft$fitIndices[,3])*sft$fitIndices[,2], 1165 
     labels=powers,cex=cex1,col="red"); 1166 
 1167 
# this line corresponds to using an R^2 cut-off of h 1168 
abline(h=0.90,col="red") 1169 
# Mean connectivity as a function of the soft-thresholding power 1170 
plot(sft$fitIndices[,1], sft$fitIndices[,5], 1171 
     xlab="Soft Threshold (power)",ylab="Mean Connectivity", type="n", 1172 
     main = paste("Mean connectivity")) 1173 
text(sft$fitIndices[,1], sft$fitIndices[,5], labels=powers, 1174 
cex=cex1,col="red") 1175 
 1176 
## use connectivity of 10 1177 
 1178 
library(doParallel);cl <- makeCluster(6); registerDoParallel(cl) 1179 
 1180 
net = blockwiseModules(datExpr0, power = 10, maxBlockSize = 30000, 1181 
                       TOMType = "unsigned", minModuleSize = 50, 1182 
                       reassignThreshold = 0, mergeCutHeight = 0.25, 1183 
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                       numericLabels = TRUE, pamRespectsDendro = FALSE, 1184 
                       saveTOMs = TRUE, 1185 
                       saveTOMFileBase = "NASA_Expr-TOM",  1186 
                       verbose = 3) 1187 
# to list the number of modules and number of genes within 1188 
table (net$colors) 1189 
 1190 
#3c Now plot a graphical representation of the networks 1191 
sizeGrWindow(12, 9) 1192 
# Convert labels to colors for plotting 1193 
mergedColors = labels2colors(net$colors) 1194 
# Plot the dendrogram and the module colors underneath as a pdf 1195 
pdf(file = "Plots/NASA_Liver_Dendroandcolors.pdf", width = 12, height = 9) 1196 
plotDendroAndColors(net$dendrograms[[1]], mergedColors[net$blockGenes[[1]]], 1197 
                    "Module colors", 1198 
                    dendroLabels = FALSE, hang = 0.03, 1199 
                    addGuide = TRUE, guideHang = 0.05) 1200 
dev.off() 1201 
 1202 
# now plot on screen 1203 
plotDendroAndColors(net$dendrograms[[1]], mergedColors[net$blockGenes[[1]]], 1204 
                    "Module colors", 1205 
                    dendroLabels = FALSE, hang = 0.03, 1206 
                    addGuide = TRUE, guideHang = 0.05) 1207 
 1208 
# 4 Save output for further analysis 1209 
moduleLabels = net$colors 1210 
moduleColors = labels2colors(net$colors) 1211 
MEs = net$MEs; 1212 
geneTree = net$dendrograms[[1]]; 1213 
 1214 
save(MEs, moduleLabels, moduleColors, geneTree,  1215 
     file = "RR3_NASA_Liver_network.RData") 1216 
 1217 
####################################################################### 1218 
#################################Step THREE############################ 1219 
####################################################################### 1220 
 1221 
## 3 Relating Modules to External Experimental Traits 1222 
#3.a Quantifying module trait associations 1223 
# Define numbers of genes and samples 1224 
nGenes = ncol(datExpr0); 1225 
nSamples = nrow(datExpr0); 1226 
# Recalculate MEs with color labels 1227 
MEs0 = moduleEigengenes(datExpr0, moduleColors)$eigengenes 1228 
MEs = orderMEs(MEs0) 1229 
moduleTraitCor = cor(MEs, traitData, use = "p"); 1230 
moduleTraitPvalue = corPvalueStudent(moduleTraitCor, nSamples); 1231 
 1232 
# Graphical representation of correlation of ME and traits 1233 
sizeGrWindow(10,12) 1234 
# Will display correlations and their p-values 1235 
textMatrix =  paste(signif(moduleTraitCor, 2), "\n(", 1236 
                           signif(moduleTraitPvalue, 1), ")", sep = ""); 1237 
dim(textMatrix) = dim(moduleTraitCor) 1238 
par(mar = c(6, 8.5, 3, 3)); 1239 
# Display the correlation values within a heatmap plot 1240 
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pdf(file = "Plots/NASA_Liver-Traitheatmap3.pdf", width = 12, height = 10) 1241 
labeledHeatmap(Matrix = moduleTraitCor, 1242 
               xLabels = names(traitData), 1243 
               yLabels = names(MEs), 1244 
               ySymbols = names(MEs), 1245 
               colorLabels = FALSE, 1246 
               colors = blueWhiteRed(50), 1247 
               textMatrix = textMatrix, 1248 
               setStdMargins = FALSE, 1249 
               cex.text = 0.5, 1250 
               zlim = c(-1,1), 1251 
               main = paste("Module-trait relationships")) 1252 
dev.off() 1253 
 1254 
# and on screen.... 1255 
sizeGrWindow(10,10) 1256 
labeledHeatmap(Matrix = moduleTraitCor, 1257 
               xLabels = names(traitData), 1258 
               yLabels = names(MEs), 1259 
               ySymbols = names(MEs), 1260 
               colorLabels = FALSE, 1261 
               colors = greenWhiteRed(50), 1262 
               textMatrix = textMatrix, 1263 
               setStdMargins = TRUE, 1264 
               cex.text = 0.5, 1265 
               zlim = c(-1,1), 1266 
               main = paste("Module-trait relationships")) 1267 
 1268 
data <- as.data.frame(cbind(names(MEs), signif(moduleTraitCor), 1269 
signif(moduleTraitPvalue))) 1270 
dim(data)  1271 
write.table(data, file="MEtocond.txt", sep ="\t") 1272 
 1273 
#3.b Correlation of genetrait significance and Module Membership 1274 
# Define variable Condition containing the condition column of datTrait 1275 
dx = as.data.frame(traitData$Condition); 1276 
names(dx) = "dx" 1277 
# names (colors) of the modules 1278 
modNames = substring(names(MEs), 3) 1279 
 1280 
geneModuleMembership = as.data.frame(cor(datExpr0, MEs, use = "p")); 1281 
MMPvalue = as.data.frame(corPvalueStudent(as.matrix(geneModuleMembership), 1282 
nSamples)); 1283 
 1284 
names(geneModuleMembership) = paste("MM", modNames, sep=""); 1285 
names(MMPvalue) = paste("p.MM", modNames, sep=""); 1286 
 1287 
geneTraitSignificance = as.data.frame(cor(datExpr0, dx, use = "p")); 1288 
GSPvalue = as.data.frame(corPvalueStudent(as.matrix(geneTraitSignificance), 1289 
nSamples)); 1290 
 1291 
names(geneTraitSignificance) = paste("GS.", names(dx), sep=""); 1292 
names(GSPvalue) = paste("p.GS.", names(dx), sep=""); 1293 
 1294 
# print out traits as dataframe and order from highest to lowest correlation 1295 
of modules to condition. This is easier to search 1296 
Newdata <- as.data.frame(moduleTraitCor) 1297 
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Newdata2 <- as.data.frame(moduleTraitPvalue) 1298 
Newdata <- cbind(Newdata, Newdata2$Condition) 1299 
Newdata[order(-Newdata$Condition),] 1300 
 1301 
 1302 
 1303 
 1304 
#3.c Identifying genes with high GS and MM 1305 
# Identify genes in ## module, which has a significant correlation with dx 1306 
module = "skyblue" 1307 
column = match(module, modNames); 1308 
moduleGenes = moduleColors==module; 1309 
 1310 
sizeGrWindow(7, 7); 1311 
par(mfrow = c(1,1)); 1312 
pdf(file= paste("Plots/RR3",module,".pdf", sep="")) 1313 
verboseScatterplot(abs(geneModuleMembership[moduleGenes, column]), 1314 
                   abs(geneTraitSignificance[moduleGenes, 1]), 1315 
                   xlab = paste("Module Membership in", module, "module"), 1316 
                   ylab = "Gene significance for Condition", 1317 
                   main = paste("Module membership vs. gene significance\n"), 1318 
                   cex.main = 1.2, cex.lab = 1.2, cex.axis = 1.2, col = 1319 
"blue") 1320 
dev.off() 1321 
 1322 
#3.c Identifying genes with high GS and MM 1323 
# Identify genes in ## module, which has a significant correlation with dx 1324 
module = "lightpink4" 1325 
column = match(module, modNames); 1326 
moduleGenes = moduleColors==module; 1327 
 1328 
sizeGrWindow(7, 7); 1329 
par(mfrow = c(1,1)); 1330 
pdf(file= paste("Plots/RR3",module,".pdf", sep="")) 1331 
verboseScatterplot(abs(geneModuleMembership[moduleGenes, column]), 1332 
                   abs(geneTraitSignificance[moduleGenes, 1]), 1333 
                   xlab = paste("Module Membership in", module, "module"), 1334 
                   ylab = "Gene significance for Condition", 1335 
                   main = paste("Module membership vs. gene significance\n"), 1336 
                   cex.main = 1.2, cex.lab = 1.2, cex.axis = 1.2, col = 1337 
"pink") 1338 
dev.off() 1339 
 1340 
#############################################################################1341 
################# change to mouse ############################### 1342 
####################################################################### 1343 
 1344 
# 3.d. Annotate data and export data to cvs. 1345 
 1346 
##Use the following to convert gene IDs to gene names.  1347 
# cannot match ensemblgene names as they finish with .1 etc, so not matching.  1348 
need to remove .1.   1349 
library(reshape2) 1350 
data <- data.frame(names(datExpr0)) 1351 
df <- transform(data, names.datExpr0 = colsplit(data$names.datExpr0, pattern 1352 
="\\.", names = c("ensembl_gene_id", "b"))) 1353 
 1354 
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#library(mygene) 1355 
#annot <- queryMany((df[,2]), scopes="ensembl.gene", 1356 
fields=c("ensembl.gene","symbol", "entrezgene"), species = "mouse") 1357 
#write.table(annot, file = "Mouse_Annotation.csv", sep = ",") 1358 
 1359 
library(biomaRt) 1360 
mart = useMart("ensembl", dataset = "mmusculus_gene_ensembl") 1361 
mapping <-1362 
data.frame(getBM(attributes=c('ensembl_gene_id','ensembl_transcript_id', 1363 
                           'description', 1364 
                           'chromosome_name', 1365 
                           'start_position', 1366 
                           'end_position', 1367 
                           'strand','mgi_symbol','entrezgene_id'),mart = 1368 
mart)) 1369 
write.table(mapping, file = "Mouse_Annotation_mapping.csv", sep = ",") 1370 
 1371 
 1372 
probes = (df[,2]) 1373 
probes2annot = match(probes, mapping$ensembl_gene_id) 1374 
 1375 
# The following is the number or probes without annotation: 1376 
sum(is.na(probes2annot)) 1377 
head(mapping) 1378 
# Should return 0. 1379 
 1380 
# Create the starting data frame 1381 
geneInfo0 = data.frame(ID = probes, 1382 
                      geneSymbol = mapping$mgi_symbol[probes2annot], 1383 
                      LocusLinkID = mapping$entrezgene_id[probes2annot], 1384 
                      moduleColor = moduleColors, 1385 
                      geneTraitSignificance, 1386 
                      GSPvalue) 1387 
 1388 
# Order modules by their significance for Dx 1389 
modOrder = order(-abs(cor(MEs, dx, use = "p"))); 1390 
# Add module membership information in the chosen order 1391 
for (mod in 1:ncol(geneModuleMembership)) 1392 
{ 1393 
  oldNames = names(geneInfo0) 1394 
  geneInfo0 = data.frame(geneInfo0, geneModuleMembership[, modOrder[mod]],  1395 
                         MMPvalue[, modOrder[mod]]); 1396 
  names(geneInfo0) = c(oldNames, paste("MM.", modNames[modOrder[mod]], 1397 
sep=""), 1398 
                       paste("p.MM.", modNames[modOrder[mod]], sep="")) 1399 
} 1400 
# Order the genes in the geneInfo variable first by module color, then by 1401 
geneTraitSignificance 1402 
geneOrder = order(geneInfo0$moduleColor, -abs(geneInfo0$GS.dx)); 1403 
geneInfo = geneInfo0[geneOrder, ] 1404 
write.csv(geneInfo, file = "geneInfo.csv") 1405 
 1406 
#write module specific lists with locuslink IDs 1407 
allLLIDs = mapping$entrezgene_id[probes2annot]; 1408 
 1409 
# $ Choose interesting modules 1410 
intModules = c("lightpink4", "skyblue") 1411 
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for (module in intModules) 1412 
{ 1413 
  # Select module probes 1414 
  modGenes = (moduleColors==module) 1415 
  # Get their entrez ID codes 1416 
  modLLIDs = allLLIDs[modGenes]; 1417 
  # Write them into a file 1418 
  fileName = paste("LocusLinkIDs-", module, ".txt", sep=""); 1419 
  write.table(as.data.frame(modLLIDs), file = fileName, 1420 
              row.names = FALSE, col.names = FALSE) 1421 
} 1422 
# As background in the enrichment analysis, we will use all probes in the 1423 
analysis. 1424 
fileName = paste("LocusLinkIDs-all.txt", sep=""); 1425 
write.table(as.data.frame(allLLIDs), file = fileName, 1426 
            row.names = FALSE, col.names = FALSE) 1427 
 1428 
# now repeat for genesymbols 1429 
allgeneIDs = mapping$mgi_symbol[probes2annot] 1430 
intModules = intModules 1431 
for (module in intModules) 1432 
{ 1433 
  # Select module probes 1434 
  modGenes = (moduleColors==module) 1435 
  # Get their entrez ID codes 1436 
  modIDs = allgeneIDs[modGenes]; 1437 
  # Write them into a file 1438 
  fileName = paste("GeneSymbols-", module, ".txt", sep=""); 1439 
  write.table(as.data.frame(modIDs), file = fileName, 1440 
              row.names = FALSE, col.names = FALSE) 1441 
} 1442 
# As background in the enrichment analysis, we will use all probes in the 1443 
analysis. 1444 
fileName = paste("GeneSymbols-all.txt", sep=""); 1445 
write.table(as.data.frame(allgeneIDs), file = fileName, 1446 
            row.names = FALSE, col.names = FALSE) 1447 
 1448 
#######################################################################These 1449 
lists can be ran in other GO software or used in enrichment, such as cluego 1450 
############################################################## 1451 
####################################################################### 1452 
 1453 
#5. Visualization in R 1454 
# 3.a Visualize all 1455 
# # Calculate topological overlap anew: this could be done more efficiently 1456 
by saving the TOM 1457 
# calculated during module detection, but let us do it again here. 1458 
dissTOM = 1-TOMsimilarityFromExpr(datExpr0, power = 10); 1459 
 1460 
# 3b. Visualize top 2000 genes 1461 
nSelect = 2000 1462 
# For reproducibility, we set the random seed 1463 
set.seed(10); 1464 
select = sample(nGenes, size = nSelect); 1465 
selectTOM = dissTOM[select, select]; 1466 
# There's no simple way of restricting a clustering tree to a subset of 1467 
genes, so we must re-cluster. 1468 
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selectTree = hclust(as.dist(selectTOM), method = "average") 1469 
selectColors = moduleColors[select]; 1470 
 1471 
# Open a graphical window 1472 
sizeGrWindow(9,9) 1473 
# Taking the dissimilarity to a power, say 10, makes the plot more 1474 
informative by effectively changing  1475 
# the color palette; setting the diagonal to NA also improves the clarity of 1476 
the plot 1477 
pdf(file ="Plots/RR3_Tomplot_NASA_Liver.pdf") 1478 
plotDiss = selectTOM^7; 1479 
diag(plotDiss) = NA; 1480 
TOMplot(plotDiss, selectTree, selectColors, main = "Network heatmap plot, 1481 
selected genes") 1482 
dev.off() 1483 
 1484 
# on screen 1485 
TOMplot(plotDiss, selectTree, selectColors, main = "Network heatmap plot, 1486 
selected genes") 1487 
 1488 
## 4.0 Visualize epigene network 1489 
# Recalculate module eigengenes 1490 
MEs = moduleEigengenes(datExpr0, moduleColors)$eigengenes 1491 
# Isolate weight from the clinical traits 1492 
Dx = as.data.frame(traitData$Condition); 1493 
names(Dx) = "Condition" 1494 
# Add the weight to existing module eigengenes 1495 
MET = orderMEs(cbind(MEs, Dx)) 1496 
# Plot the relationships among the eigengenes and the trait 1497 
sizeGrWindow(12,15); 1498 
par(cex = 0.9) 1499 
pdf(file= "Plots/RR3_Final_Epigene_map_NASA_Liver.pdf") 1500 
plotEigengeneNetworks(MET, "", marDendro = c(0,4,1,2), marHeatmap = 1501 
c(3,4,1,2), cex.lab = 0.8, xLabelsAngle 1502 
= 90) 1503 
dev.off() 1504 
 1505 
# Code to plot the dendrogram and heatmap seperately 1506 
sizeGrWindow(10,10); 1507 
par(cex = 1.0) 1508 
plotEigengeneNetworks(MET, "Eigengene dendrogram", marDendro = c(0,4,2,0), 1509 
                      plotHeatmaps = FALSE) 1510 
#(note: this plot will overwrite the dendrogram plot) 1511 
par(cex = 1.0) 1512 
plotEigengeneNetworks(MET, "Eigengene adjacency heatmap", marHeatmap = 1513 
c(3,4,2,2), 1514 
                      plotDendrograms = FALSE, xLabelsAngle = 90) 1515 
 1516 
EXPERIMENTAL MODEL AND SUBJECT DETAILS 1517 
 1518 
Mouse Models 1519 
All transcriptomic, proteomic, and methylation data related to the Rodent Research-1 (RR-1) and 1520 
Rodent Research-3 (RR-3) mission tissues were obtained from NASA’s GeneLab platform 1521 
(https://genelab.nasa.gov/) from the following dataset identifiers respectively: for RR1 GLDS-98, 1522 
-99, 100, -101, -102, -103, -104, -105, and -168; for RR3 GLDS-161, -162, -163, and -168. Since 1523 
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these experiments were previously done by others and data is publicly available on GeneLab, all 1524 
experimental details for these mouse models can be found on GeneLab in the description section 1525 
for each dataset. 1526 
 1527 
Rodent Research-9 (RR-9) mission tissues were utilized for metabolomic analysis of the medial 1528 
head of the gastrocnemius, and the quadriceps femoris (“quadriceps”) on male C57BL/6 mice 1529 
(Jackson Labs) that spent ~34 days in microgravity aboard the International Space Station (ISS) 1530 
as part of the RR-9 mission in August, 2017, that launched as part of the SpaceX Commercial 1531 
Resupply Services (CRS)-12 mission. Seven days prior to launch (L-7d), 9-week old mice were 1532 
grouped as mice to be sent to ISS (Flight; n=10); or ground-based habitat controls placed within 1533 
in environmental chambers replicating the environmental conditions for the Flight mice aboard 1534 
ISS (Habitat; n=10). Unberthing from ISS and splashdown of live mice occurred on L+34d, and 1535 
the live mice were collected by the science teams on L +35d for behavioral and functional testing, 1536 
as well as tissue harvest. The gastrocnemius and quadriceps remained attached to the left hind limb 1537 
after removal of the limb from the body by disarticulation at the acetabulum. The femur and tibia 1538 
were disarticulated, the gastrocnemius was cut at the Achilles tendon, and both muscles remained 1539 
attached to the femur which was then snap frozen in liquid nitrogen, and then stored at -80͒C until 1540 
tissues were removed for metabolomic analysis. 1541 
 1542 
All animal procedures performed in these experiments were approved by the Institutional Animal 1543 
Care and Use Committees (IACUC) for flight at the NASA Ames Research Center (ARC) and the 1544 
Kennedy Space Center (KSC) and the methods were carried out in accordance with relevant 1545 
guidelines and regulations 1546 
 1547 
For the Rodent Research-1 mission, as described on NASA Life Sciences and data archive 1548 
(https://lsda.jsc.nasa.gov/document/doc_detail/Doc13600) “Twenty adult female mice were 1549 
launched Sept 21, 2014 in RR hardware within a Dragon Capsule (SpaceX-4) as the flight group 1550 
(FLT), then after 4 days in transit, were transferred for habitation on the ISS for a total time in 1551 
space of 37-38 days (10 validation mice), when animals were euthanized and select tissues 1552 
recovered on orbit. Three control groups at Kennedy Space Center consisted of: 1) Basal mice 1553 
from the same cohorts as FLT mice euthanized at the time of launch, 2) Vivarium (VIV) controls 1554 
housed in standard vivarium cages, and 3) Ground Controls (GC) housed in RR flight hardware 1555 
within an environment chamber that controlled temperature, CO2 and humidity to ISS levels. The 1556 
health and behavior of all mice on the ISS were monitored by video feed on a daily basis. Mice 1557 
were euthanized by injection of Euthasol, then either fast frozen intact or dissected to preserve 1558 
livers (fast frozen) and spleens (RNAlater™). Samples were stored at = -80°C until their return to 1559 
Earth for later analyses.” 1560 
 1561 
For the Rodent Research-3 mission, as described on NASA Life Sciences and data archive 1562 
(https://lsda.jsc.nasa.gov/Experiment/exper/13961) 1563 
“The RR3 payload consisted of twenty female BALB/c mice that were approximately twelve 1564 
weeks old. The mice were carried to ISS in a transporter aboard SpaceX Commercial Resupply 1565 
Mission 8 Dragon cargo spacecraft (SpaceX-8, CRS-8). Dragon docked with the station on April 1566 
10, 2016 and by April 12 the animals were transferred aboard the station. Once onboard, they were 1567 
divided into two groups of ten and housed in habitats for six weeks. Approximately one hour of 1568 
video per day showing animal health and behavior was recorded in each habitat during the mission. 1569 
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Dissections were conducted over four days at thirty-nine to forty-two days in microgravity. Each 1570 
dissection day consisted of five animals being dissected. Following euthanasia, blood was 1571 
extracted via cardiac puncture, separated by centrifugation, and frozen. Right hind limbs were 1572 
dissected and fixed in four percent paraformaldehyde, and carcasses were frozen. The frozen tissue 1573 
samples were stored in the minus eighty degree freezer (MELFI). Hardware and tissue samples 1574 
were returned to Earth for recovery and post-flight analyses. Biospecimens were delivered to 1575 
CASIS.” Ground controls were conducted on a three-day delay at Kennedy Space Center in ISS 1576 
environmental simulators (ISSESs) programmed with data from the Dragon capsule and the ISS 1577 
cabin. Based on post-flight analysis of the RR-2 Habitat telemetry data, the ISSESs were 1578 
programmed to be two degrees Celsius higher than the ISS cabin data; the result of this off-set was 1579 
that the internal temperatures of the ground control habitats matched the flight Habitats closely for 1580 
most of the experiment.” 1581 
 1582 
For the Rodent Research-9 mission, as described previously (Mao et al., 2020)  “SpaceX‐12 was 1583 
launched in 2017 at the Kennedy Space Center (KSC) on a 35‐day mission. Ten‐week‐old male 1584 
C57BL/6 mice (n = 20) (Jackson laboratories, Inc Bar Harbor, ME) at the time of launch, were 1585 
flown for NASA’s ninth Rodent Research experiment (RR‐9) and lived in NASA’s Rodent 1586 
Habitats (RH) aboard the International Space Station (ISS). All flight (FLT) mice were maintained 1587 
at an ambient temperature of 26‐28°C with a 12‐hour light/dark cycle during the flight. Habitat 1588 
ground control (GC) mice (n = 20) were kept under similar housing conditions, including 1589 
temperature, humidity, and carbon dioxide (CO2) levels using 48‐hour delayed telemetry data 1590 
from the FLT group. Water and food bar diet specifically designed by NASA were provided ad 1591 
libitum to FLT and GC groups. All mice received the same access to food and water. There were 1592 
no significant changes in body weight before and after the mission for FLT and GC groups. NASA‐1593 
Ames Research Center and KSC Institutional Animal Care and Use Committees approved this 1594 
flight study. The study has been done in strict accordance with the recommendations in the Guide 1595 
for the Care and Use of Laboratory Animals of the National Institute of Health (NIH).” 1596 
 1597 
 1598 
In Vitro Models 1599 
All data related to the in vitro experiments were obtained from NASA’s GeneLab platform 1600 
(https://genelab.nasa.gov/) from the following dataset identifiers: GLDS-13, GLDS-52, GLDS-54, 1601 
GLDS-114, GLDS-118, and GLDS-174. All detailed information on the cell lines are available on 1602 
the description for each dataset. Here also will provide a brief description of the cell lines and 1603 
experiments contained in each dataset. The GLDS-174 data set includes a total of 60 samples from 1604 
10 individual astronauts. Six hair follicle samples were collected at six timepoints with two pre-1605 
spaceflight, two in-spaceflight and two post-spaceflight. The GLDS-52 data set includes a total of 1606 
six samples from human umbilical vein endothelial cells (HUVEC). Samples were collected in 1607 
triplicate for flight or ground treatments. The GLDS-114 data set includes a total of 15 samples 1608 
from human fibroblasts. The GLDS-118 data set includes a total of 6 samples from human 1609 
fibroblasts. The GLDS-13 data set includes a total of 6 samples from human T cells. The GLDS-1610 
54 data set includes a total of 12 samples from human dermal microvascular endothelial cells 1611 
(HMVEC-dBL). Samples were collected in duplicate at three timepoints (0, 4, and 8 hours) during 1612 
ground or spaceflight with or without treatment with LPS. 1613 
 1614 
METHOD DETAILS 1615 
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In vitro microarray data analysis 1616 
Background correction and quantile normalization, differential gene expression was performed 1617 
using LIMMA (Ritchie et al., 2015). All the datasets were compared with “Flight vs Ground 1618 
Control” samples. The product of the log10(p-value) and fold change were used to create a pre-1619 
ranked gene list for Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005). Pathway 1620 
analysis was performed using GSEA and gene sets were visualized using the EnrichmentMap 1621 
plugin (Merico et al., 2010) for Cytoscape (Shannon et al., 2003). 1622 
 1623 
RNA-sequencing, DNA methylation, and Proteomics 1624 
For all RNA-sequencing, DNA methylation, and proteomics datasets being utilized for this 1625 
manuscript the data was gathered from the GeneLab platform. All information and details for 1626 
sample preparation, library construction, and sequencing is available in the descriptions for that 1627 
particular GeneLab dataset. 1628 
 1629 
RNA-sequence Data Analysis on Murine Samples 1630 
RNASeq Analysis included 1) data validation and quality control with FASTQC and Trim Galore!, 1631 
2) read alignment to the mice genome using STAR RNA-seq aligner (Dobin et al., 2013), and 3) 1632 
generation of gene-level expected count data with RSEM (Dobin et al., 2013). The list of software 1633 
and its versions is as follow: FASTQC version 0.11.8, Trim Galore! Version 0.50, STAR version 1634 
STAR_2.6.1a_08-27, mice genome version mm10-GRCm38, RSEM version 1.3.1. The quality of 1635 
the sequencing step was evaluated with FASTQC, Trim Galore was used to pre-process the 1636 
expression data trimming Illumina standard adapters sequences and nucleotides with a quality 1637 
phred score below 33. For Differential Expression (DE) analysis, R Version 3.5.1 and DESeq2 1638 
Version 1.22.2 (Love et al., 2014) were used. Expected counts from RSEM step were extracted 1639 
and rounded up to the next integer and used as input for DE analysis. A gene was considered 1640 
differentially expressed with an adjusted p-value of less than 0.05 when using the Benjamini-1641 
Hochberg multiple testing adjustment procedure for false discovery rate (FDR) corrections. 1642 
 1643 
RNA-sequence Data Analysis on Twin Study Samples 1644 
Longitudinal samples were collected from a male astronaut aboard the International Space Station 1645 
and his identical twin on Earth during a 340 day mission including 6 months preflight and 6 months 1646 
postflight follow-up, for total of 19 timepoints for the flight subject and 13 timepoints for the 1647 
ground subject. Blood was collected using CPT vacutainers (BD Biosciences Cat # 362760) per 1648 
manufacturer's recommendations. For full details of sample separation, processing see (Garrett-1649 
Bakelman et al., 2019). Briefly, samples collected on ISS were either frozen in -80°C after 1650 
separation of mononuclear cells by centrifugation (referred to as CPT), or returned to Earth in 4°C 1651 
in a Soyuz capsule and sorted into CD4, CD8, CD19 populations and a lymphocyte depleted (LD) 1652 
fraction. Samples collected on Earth were either frozen for mononuclear cells or processed when 1653 
fresh for sorted cell populations. To correct for the effects of ambient temperature exposure on 1654 
RNA (approximately 36 hours including landing and repatriation) control samples were created 1655 
by simulating similar conditions to those that may occur during the ambient return and were 1656 
compared to fresh blood collections from the same individual. RNA extraction, library prep and 1657 
sequencing were completed per (Garrett-Bakelman et al., 2019) using both ribodepletion or polyA 1658 
selection kits. 1659 
 1660 
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Generated sequences were trimmed using Trim Galore! (v0.4.1) and quantified to genes using 1661 
kallisto on ENSEMBL transcripts (Bray et al., 2016). Differentially expressed genes were called 1662 
using DESeq2 on each cell type separately by comparing preflight, inflight and postflight groups, 1663 
controlling for the normal biological variance within the 24 months using the longitudinal data of 1664 
the ground twin and using the simulated ambient control samples as another covariate for sorted 1665 
cells (Love et al., 2014). Mitochondrial specific analysis on the Twin Study RNA-seq was done 1666 
by finding the overlapping significantly regulated genes (FDR < 0.05) to mitochondrial genes 1667 
determined from MitoCarta (Calvo et al., 2015).  1668 
 1669 
Methylation Data Analysis 1670 
Raw DNA methylation data was retrieved from the NASA GeneLab Data System ("GLDS") 1671 
website for all datasets that contained whole genome bisulfite data (GLDS-47, 48, 98, 99, 100, 1672 
101, 102, 103, 104, 105, 137, 161, and 163). Each sample was aligned using bwa-meth version 1673 
0.2.2 (Pedersen et al., 2014) with default settings against an in silico bisulfite-converted mm10 1674 
Mus musculus reference genome. Alignments were de-duplicated using Picard MarkDuplicates 1675 
v2.10.10-SNAPSHOT with default settings (Thomer et al., 2016). MethylDackel mbias (Ogoh et 1676 
al., 2018) was used on each sample to determine regions of inclusion for each aligned read, in 1677 
order to correct for methylation bias at the ends of reads. MethylDackel extract was then 1678 
implemented using mBias-informed inclusion parameters to calculate per-base methylation. 1679 
Finally, for each methylation call set, strands were merged using MethylDackel mergeContext and 1680 
a minimum 10x coverage threshold was implemented per CpG.  1681 
 1682 
Differentially methylated CpGs (DMCs) between the “flight” and “ground” samples were called 1683 
for each dataset using methylKit (Akalin et al., 2012) with a logistic regression model. CpGs that 1684 
had SLIM adjusted p-value of less than 0.05 were taken as significant (Wang et al., 2011). Further, 1685 
differentially methylated genes were identified by taking the median methylation around the 1686 
promoter of each gene (transcription start site ±250bp), converting it to a M-value by logit function 1687 
transform, and using limma (Ritchie et al., 2015) to call statistical significance. Genes with 1688 
adjusted p-value of less than 0.05 were taken as significantly differentially methylated. For gene 1689 
set enrichment analysis these genes were ranked by the degree of methylation difference (log2 fold-1690 
change of the M-values) from hyper-methylated to hypo-methylated and were used as inputs to 1691 
GSEA (Sergushichev, 2016; Subramanian et al., 2005) using MSigDB and MGI phenotypes 1692 
signature databases (Finger et al., 2017; Liberzon, 2014; Liberzon et al., 2011; Smith et al., 2018) 1693 
(Figs. 1-7 and Table S3). Relationship between absolute methylation and expression was 1694 
calculated by taking the base median expression for all genes in each dataset and correlating it to 1695 
the median promoter methylation of that gene. Significance of the relationship between the 1696 
methylation change and expression change was calculated by taking the log2 fold-change values 1697 
for gene expression and methylation and fitting a linear model. 1698 
 1699 
Protein identification, quantification, and data analysis 1700 
Peptide and protein identification and quantification was performed with MaxQuant (1.6.2.3) 1701 
(Tyanova et al., 2016a) using a mouse reference database from Uniprot (downloaded on 20180104) 1702 
(Tyanova et al., 2016a). The type of experiment was set to Reporter ion MS3 with 10plex TMT 1703 
labeling. Propionamide of Cys was defined as a fixed modification and Oxidation of Met and 1704 
Acetylation of protein N-terminal were set as variable modifications. Trypsin/P was selected as 1705 
the digestion enzyme, and a maximum of 3 labeled amino acids and 2 missed cleavages per peptide 1706 
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were allowed. The False Discovery Rate for peptides and proteins were set at 1%. Fragment ion 1707 
tolerance was set to 0.5 Da. The MS/MS tolerance was set at 20 ppm. The minimum peptide length 1708 
was set at 7 amino acids. The rest of the parameters in MaxQuant were kept as default. The 1709 
generated results by MaxQuant was further processed by PTXQC for quality control analysis 1710 
(Bielow et al., 2016). Perseus (1.6.2.2) (Tyanova et al., 2016b) and in-house R scripts were used 1711 
for proteomics data processing and statistical analysis (Tyanova et al., 2016b). The corrected 1712 
reporter intensity values generated by MaxQuant were used to analyze the TMT-based proteomics 1713 
data. Protein groups containing matches to decoy database or contaminants were discarded. Total 1714 
ion intensity for each reporter ion channel were calculated and matched to correct for the sample 1715 
loads in each TMT experiment. Only proteins that were quantified in the pooled samples were 1716 
used for the analysis. Subsequently, internal reference scaling (IRS) method was employed to 1717 
normalize protein intensities between different TMT runs using common proteins in pooled 1718 
internal standards (Plubell et al., 2017). The data was log2 transformed and scaled by subtracting 1719 
the median for each sample. LIMMA was employed to determine differentially protein abundance 1720 
between groups and volcano plots were generated using EnhancedVolcano package 1721 
(Bioconductor) to visualize the affected proteins (Ritchie et al., 2015). The affected proteins with 1722 
p-value of less than 0.05 and log fold change of greater than 1.0 or less than -1.0 were considered 1723 
significant. Differentially abundant proteins (with p-value < 0.05) were selected for GO term and 1724 
KEGG pathway enrichment analysis using NCI DAVID (Huang da et al., 2009). The categories 1725 
with p-value of 0.05 or less were considered as significant. Top 4 most significant GO terms and 1726 
KEGG pathways for each sample were reported in the text.  1727 
 1728 
Gene Set Enrichment Analysis 1729 
Count data from datasets GLDS-161, GLDS-162, GLDS-163 and GLDS-168 described above 1730 
were annotated to gene symbols, Rounded-up for the next integer and normalized by the variance 1731 
stabilizing variation method using DEseq2 version 1.20.0 and R version 3.5.1. All the datasets 1732 
were compared with “Flight vs Ground Control” samples, the ranked list of genes were defined by 1733 
the signal-to-noise metric, and the statistical significance were determined by 1000 permutations 1734 
of the genesets (Subramanian et al., 2005). Genesets using Gene Ontology terms - Biological 1735 
Process, Molecular Function and Cellular Component – and KEGG pathways were run separately 1736 
(Ashburner et al., 2000).  1737 
 1738 
Network maps for cross-omics and cross-tissue analysis  1739 
Pathway results were integrated across multiple tissues and RNAseq and proteomics platforms to 1740 
summarize the system-wide effects of spaceflight compared to ground control. Enriched GO terms 1741 
and KEGG pathways were integrating using a network framework, where two pathways are 1742 
connected by an edge if they share a significant fraction of genes (similar to EnrichmentMap). 1743 
Pathways dysregulated in two or more tissues are displayed. Pathway up and down regulation is 1744 
encoded by node color, and pathways dysregulated by multiple tissues are mapped to larger node 1745 
size.  1746 
 1747 
Metabolomic profiling and analysis 1748 
All reagents were of LC-MS grade. Approximately 10 mg of tissue from RR9 (gastrocnemius and 1749 
quadricep, habitat and flight) were added in a siliconized microcentrifuge tube, followed by 1750 
addition of 300 l of chilled 50%:50% methanol:water, containing 4 M debrisoquine sulfate, 30 1751 
M 4-nitrobenzoic acid, and 5 M chlorpropamide as internal standards. All samples were 1752 
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randomized. The tissues were homogenized, followed by sonication for 10 sec. 10 l was removed 1753 
for protein quantification through a micro BCA assay (Thermo Scientific). Samples were 1754 
centrifuged for 15 min at 15,000 rpm at 4°C and the supernatant was transferred to a clean 1755 
siliconized microcentrifuge tube. Chilled 50%:50% acetonitrile:water (300 l) was added to the 1756 
pellet and vortexed thoroughly. Following a 15 min incubation on ice, samples were centrifuged 1757 
again and the supernatant combined with the one previously obtained. The samples were vacuum 1758 
dried and resuspended in 200 l of 50%:50% methanol:water, without internal standards, and 1759 
vortexed thoroughly. Samples were further filtered through a 0.2 m filter and subsequently 1760 
transferred to a glass mass spectrometry vial. 2 l of each sample was injected in a BEH C18 1761 
column, 130 Å, 1.7 m at 60°C and analyzed with a Waters Ultra Performance Liquid 1762 
Chromatography (UPLC) system coupled to a time-of-flight Xevo G2S mass spectrometry (MS) 1763 
instrument, operated in MSE mode. The chromatographic and MS conditions are presented in 1764 
Table S6. A quality control sample was also generated by pooling together 5 l from each sample, 1765 
injected every 10 samples. Initial mass accuracy was determined with a metmix mixture of 6 1766 
chemicals that ionize in both modes (acetaminophen, sulfaguanidine, sulfadimethoxine, Val-Tyr-1767 
Val, terfenadine, and leucine enkephalin). Mass correction and accuracy was achieved throughout 1768 
the whole run with intermittent injections of leucine enkephalin as LockSpray. 1769 
 1770 
Chromatographic deconvolution was conducted with the software Progenesis QI, which also 1771 
allowed for normalization of the data with the function “normalize to all compounds” 1772 
(http://www.nonlinear.com/progenesis/qi/v2.0/faq/how-normalisation-works.aspx). Statistical 1773 
analysis for potential biomarker identification was conducted with the software MetaboLyzer 1774 
(Mak et al., 2014). Complete presence ions with a ≥75% presence in both control (habitat) and 1775 
experimental (flight) group were analyzed with the non-parametric Mann Whitney U test, while 1776 
samples with <75% presence with the Barnard’s test. Outliers were removed via 1.5 IQR base 1777 
filtering, zero abundance values were removed from the analysis, and a false discovery rate (FDR) 1778 
of <0.1 was applied. Putative identities were assigned through the databases Human Metabolome 1779 
Database (HMDB) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 1780 
2014) with <10 ppm error (Tables S6 and S7). Graphical representation of putative biomarkers 1781 
was conducted through GraphPad Prism and p-values were calculated with one-way ANOVA 1782 
testing with Tukey’s multiple comparisons testing. All data are represented as scatter plots, with 1783 
mean±standard error of the mean (SEM). A p<0.05 was considered statistically significant. 1784 
Pathway enrichment was conducted through the software MetaboAnalyst (Chong et al., 2018). 1785 
Self-organizing maps (SOMs) were constructed with the software Gene Expression Dynamics 1786 
Inspector (GEDI) (Eichler et al., 2003). Positive identification of candidate metabolites was 1787 
performed through tandem mass spectrometry (MS/MS) with ramping collision energy 10-40 eV 1788 
with pure chemicals and cross-validation of MS/MS spectra through METLIN or HMDB (spectra 1789 
shown in Figs. S4 – S6). All raw data is available on NASA’s GeneLab platform with identifier: 1790 
GLDS-343 and DOI: 10.26030/h968-2m75. 1791 
 1792 
Metabolic modeling and downstream statistical analyses 1793 
Tissue-specific metabolic models per sample were generated with Corda (Schultz and Qutub, 1794 
2016) on the selected tissue data with global flux confidence parameters determined by minimizing 1795 
within-group flux standard deviation: (40, 10, 50, 0, 0). Flux balance analysis (FBA) was 1796 
performed with the cobrapy package (Ebrahim et al., 2013; Harris et al., 2020; Pérez and Granger, 1797 
2007; Reback and McKinney, 2020; Van Rossum and Drake Jr, 1995) on the imm1415 metabolic 1798 
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model (Sigurdsson et al., 2010) optimizing for NAD biosynthesis using Gurobi solver as LP 1799 
(Gurobi Optimization, 2020). Specifically, the capacity of NAD biosynthesis through all pathways 1800 
in mouse is simulated by optimizing the flux of the cytosolic NAD demand reaction in the 1801 
iMM1415 model(Chowdhry et al. 2019 and Liu et al 2018). In order to include reactions that may 1802 
not be completely represented from the transcription data, we required the model to include 1803 
essential pathways 'Oxidative Phosphorylation', 'ROS 1804 
Detoxification','Glycolysis/Gluconeogenesis', 'Citric Acid Cycle','CoA Biosynthesis','CoA 1805 
Catabolism','Biomass and maintenance functions','NAD Metabolism','Fatty Acid 1806 
Metabolism','Fatty acid activation','Fatty acid elongation', and 'Fatty acid oxidation'. All  metabolic 1807 
models were analyzed using these identical parameters, except for the transcriptional data input 1808 
per sample. 1809 
 1810 
Results from the FBA analyses on each sample were reported as fluxes that were then analyzed 1811 
as grouped variables between the flight (FLT) and ground control (GC) groups. Flux heatmaps 1812 
using row-wise Z-scores on the FBA results are shown for liver (Figs. 3G and 6C) and muscle 1813 
(Figs. 3G and 6D). Fluxes in FLT and GC groups were compared using the non-parametric Van 1814 
der Waerden (VdW) test  as we cannot assume normality nor equality of variance between the 1815 
groups, using the R matrixTests package (v. 0.1.9). Resulting VdW p-values were not adjusted 1816 
for multiple testing correction because of the likelihood of over-penalization of strongly 1817 
dependent fluxes in and between pathways.  P-values were considered as significant at p < 0.05 1818 
(black squares in Fig. 6) and suggestive at 0.05 < p < 0.1 (grey squares in Fig. 6).  Data and 1819 
scripts related to the post-FBA statistical analyses can be found at https://osf.io/utmwf/. Flux 1820 
levels and results from statistical analyses per flux can be found in the Supplementary Materials. 1821 
Visualization figures were made with the Escher package (King et al., 2015). 1822 
   1823 
Quantitative Response to Spaceflight - Global view of the data 1824 
For each assay, the overall average level of up and down regulated molecules across all species 1825 
and strains was computed and use to normalize the individual levels of up and down regulated 1826 
gene/protein/small molecules (metabolome) by dividing by the average of each assay. Note that 1827 
regulation here refers to comparing Flight samples versus Ground samples, and thus reflects 1828 
changes happening in space. For example, Liver data were recorded for both RR1 (C57BL/6) and 1829 
RR3 (Balb/C) missions for both proteomics and transcriptomics. Thus, the reported value for liver 1830 
for up-regulation is the average expression measured for liver in both lineages divided by the total 1831 
average level of gene or protein expression reported here across both strains of mice. Such 1832 
approach gives an overall view of the various dataset simplifying the identification of tissue 1833 
systematically up or down regulated for individual assays across all assays, without suffering from 1834 
absolute regulation levels which vary greatly between assays. Specifically, for the analysis for Figs 1835 
1A and B we listed the average number of genes/proteins/metabolome that were up or down 1836 
regulated across all tissue listed. For example, on average, there were 106 and 37 Proteins up and 1837 
down regulated respectively, with an overall average of 71. The plotted values are normalized to 1838 
the overall average (i.e. 71). For example, for gene expression, there is an average of 974 genes 1839 
regulated (average up: 969, average down: 980). In the case of human fibroblasts, values for either 1840 
up or down regulated genes were about 5, which implies 5  974 genes = 4870 genes for each 1841 
direction. In contrast, a value of 0.574 and 0.845 for up and down for T cells was found, 1842 
corresponding to 0.574  974 = 560 and 0.845  974 = 833 respectively. Such scaling was 1843 
necessary to show the relative amount of changes between tissue and across all assay, without 1844 
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suffering from very distinct level of expression between assays. In the case of protein, we reported 1845 
the average number of proteins being detected for all groups. Across all tissues, on average across 1846 
tissue, we had 2980 proteins and 27109 genes detected. Thus, 969 up regulated genes correspond 1847 
to 3.6% of all detected genes and 37 down regulated proteins corresponds to 1.3% of all detected 1848 
proteins. 1849 
 1850 
Human data 1851 
Data are reported from three human subject experiments conducted on the International Space 1852 
Station: Nutritional Status Assessment (2006-2012), Dietary Intake Can Predict and Protect 1853 
Against Changes in Bone Metabolism During Spaceflight and Recovery (Pro K) (2010-2015), and 1854 
Biochemical Profile (2013-2018). All protocols were reviewed and approved by the NASA 1855 
Institutional Review Board and all subjects provided written informed consent. While subsets of 1856 
some of these data have been published in other papers (Crucian et al., 2014; Lee et al., 2020; 1857 
Smith et al., 2015), as a whole, the data provided here have not been previously published. 1858 
  1859 
Crews from these experiments had missions of 4-6 months in duration, and these studies included 1860 
blood and urine collections before, during, and after flight, with analysis of an array of nutritional 1861 
and biochemical markers. Blood and urine samples were collected 2 or 3 times before flight: 1862 
approximately Launch minus (L-) 180 days and L-45 days. In some cases, a third blood sample 1863 
was collected (typically along with the L-45 collection), and these tubes were centrifuged and 1864 
frozen for aliquoting after flight batched with the samples collected inflight. Blood samples were 1865 
collected inflight, at approximately Flight Day (FD) 15, 30, 60, 120, and 180. Postflight samples 1866 
were collected in the first 24-h after landing (designated return+0, R+0) and again 30-d later 1867 
(R+30). The R+0 samples were not necessarily fasting, given the time of day and nature of return 1868 
from flight. Of the 59 crewmembers reported herein: 8 returned on the Space Shuttle, with blood 1869 
collection 2-4 hours after landing; 51 landed in Kazakhstan, with 7 of them returning to Star City, 1870 
Russia, with blood collection 8-10 hours after landing; 44 were transported directly back to the 1871 
Johnson Space Center in Houston, with blood collection approximately 24-h after landing. Pre and 1872 
postflight collections included two 24-h urine collections, and inflight collections included one 24-1873 
h urine collection. These collection techniques have been previously described (Smith et al., 1874 
2012a; Zwart et al., 2011). 1875 
  1876 
We report here vitamins and metabolites, oxidative stress and damage markers, inflammatory 1877 
markers and cytokines, liver enzymes and endocrine indices. These were analyzed using standard 1878 
techniques as reported previously (Crucian et al., 2014; Zwart et al., 2016; Zwart et al., 2013; 1879 
Zwart et al., 2009). 1880 
  1881 
As of this writing, data were available for 59 crewmembers (47 male, 12 female). Age at launch 1882 
was 47.0 ± 5.6 y, body mass at launch was 79.2 ± 11.8 kg (M: 83.3 ± 9.3; F: 63.0 ± 4.5). Body 1883 
mass index was 25.5 ± 2.9 kg/m2 (M: 26.4 ± 2.6; F: 22.3 ± 1.5). 1884 
  1885 
All available data are reported here, although the reported n for any given test or session varies for 1886 
a number of reasons, including: not all experiments had all analytes included, mission length 1887 
differences for some crewmembers, schedule or other issues occasionally precluded sample 1888 
collection, and methods changes over time. Repeated measures analysis of variance was conducted 1889 
to test for differences during and after flight compared to preflight, and comparisons among time 1890 



Submitted Manuscript: Confidential 

41 
 

points were made using a Bonferroni t-test. Multiple comparisons were accounted for, and only 1891 
those tests with p<0.001 are reported. 1892 
 1893 
Real-time PCR (rtPCR) on NASA Twin study samples 1894 
A summary of the samples used for the rtPCR analysis is found in Table S8. The whole-blood cell 1895 
fractions (CPT) was used for isolating RNA and rtPCR. 100ng RNA per sample was reverse 1896 
transcribed using the iScript Advanced cDNA synthesis kit (Bio-Rad) as per manufacturer’s 1897 
instructions. The synthesized cDNA was diluted 1:4 in water and quantitative PCR was performed 1898 
in triplicate with the Power SYBR Green PCR master mix (Thermo-Fisher) using the QuantStudio 1899 
6 Flex RT-PCR system. The sequences of primers used for RT-qPCR were:  1900 
MT-RNR1: F – ATGCAGCTCAAAACGCTTAGC; R – GCTGGCACGAAATTGACCAA 1901 
MT-RNR2: F – CCCTGTACGAAAGGACAAGAGAAAT; R – 1902 
TCTTGGGTGGGTGTGGGTATAAT 1903 
MT-CO1: F – CAGCAGTCCTACTTCTCCTATCTCT; R – GGGTCGAAGAAGGTGGTGTT  1904 
MT-CO2: F – GCCCTTTTCCTAACACTCACAACAA; R – 1905 
GTAAAGGATGCGTAGGGATGGG 1906 
MT-ND1: F – CCCTAAAACCCGCCACATCT; R – 1907 
GGCTAGAATAAATAGGAGGCCTAGGT 1908 
18S rRNA: F – GGCCCTGTAATTGGAATGAGTC; R – CCAAGATCCAACTACGAGCTT 1909 
GAPDH: F – AAGGTGAAGGTCGGAGTCAAC; R – GGGGTCATTGATGGCAACAATA. 1910 
 1911 
 1912 
 1913 
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