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ABSTRACT 25 

Age-related skeletal muscle deterioration, referred to as sarcopenia, poses significant 26 

risks to astronaut health and mission success during spaceflight, yet its multisystem 27 

drivers remain poorly understood. While terrestrial sarcopenia manifests gradually 28 

through aging, spaceflight induces analogous musculoskeletal decline within weeks, 29 

providing an accelerated model to study conserved atrophy mechanisms. Here, we 30 

introduced an integrative framework combining cross-species genetic analysis with 31 

physiological modeling to understand mechanistic pathways in space-induced 32 

sarcopenia. By analyzing rodent and human datasets, we identified conserved molecular 33 

pathways underlying microgravity-induced muscle atrophy, revealing shared regulators 34 

of neuromuscular signaling including pathways related to neurotransmitter release and 35 

regulation, mitochondrial function, and synaptic integration. Building upon these 36 

molecular insights, we developed a physiologically grounded central pattern generator 37 

model that reproduced spaceflight-induced locomotion deficits in mice. This multi-scale 38 

approach established mechanistic connections between transcriptional changes and 39 

impaired movement kinetics while identifying potential therapeutic targets applicable to 40 

both spaceflight and terrestrial aging-related muscle loss. 41 

 42 

 43 

 44 

 45 

 46 

  47 
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INTRODUCTION 48 

Space exploration is rapidly developing with the increasing number of missions to the 49 

International Space Station and beyond. As humans push towards longer spaceflights 50 

and journeys to new extraterrestrial planets, understanding the physiological changes due 51 

to space travel has become critical. While such concerns are actively studied by 52 

researchers, our understanding of the biological burden of spaceflight is largely limited. 53 

Moreover, this limitation is further exacerbated by the effects of prolonged exposure to 54 

the microgravity environment1 and cosmic radiation,2,3 which has been proven to be 55 

detrimental to human health.4 56 

 57 

A well-documented consequence of space exploration is the deterioration of 58 

musculoskeletal health. Astronauts who return from space experience muscle atrophy, 59 

impaired muscle performance, and loss of strength.5,6 This process of muscle degradation 60 

resembles sarcopenia (SA), a progressive age-related condition that often emerges over 61 

several decades and leads to muscle loss and function.7 While this condition progresses 62 

over an individual’s lifetime, the development of SA-like pathology is accelerated under 63 

microgravity conditions.8 Despite noted observations of muscle and strength breakdown,9 64 

the exact mechanisms and pathways by which space-induced SA progresses are poorly 65 

understood.  66 

 67 

There are major challenges to understanding how conditions in space affect human 68 

health. First, there are limited experimental samples and astronauts that have been 69 

studied on the International Space Station, often due to space constraints, costs, and 70 
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accessibility.10 This is important because studying physiological changes in space-like 71 

conditions on Earth does not effectively translate to the harsh conditions in microgravity. 72 

Additionally, astronauts on average spend on average 6 months per space mission tour, 73 

and thus there is limited information on the longer-term effects of space travel and sample 74 

size to study such effects.11 To address this challenge, previous studies aimed to improve 75 

our understanding of spaceflight and SA through the use of in vitro12 and in vivo rodent 76 

models.13 Despite these efforts, these approaches did not account for the heterogeneity 77 

of the human population and the biological differences across mammalian species. As a 78 

result, our understanding of a mechanistic pathway to SA conditions is largely unknown.  79 

 80 

To circumvent this limitation, we leveraged a framework known as Translatable 81 

Components Regression (TransComp-R), a computational model that synthesizes multi-82 

omics data from preclinical rodent models and human data to predict disease outcomes 83 

in humans.14,15 The TransComp-R pipeline has been successfully applied to overcome 84 

other biomedical challenges including Alzheimer’s disease,16–20 osteoarthritis,1 and 85 

inflammatory bowel disease.14,21 We couple this approach with a biophysically grounded 86 

model of central pattern generator (CPG) networks,22,23 therefore enabling multiscale 87 

interrogation of SA.  88 

 89 

In this study, we show that transcriptomics mouse models under spaceflight conditions 90 

could predict human outcomes of SA. We performed cross-species computational 91 

modeling to synthesize spaceflight mouse and SA human data to identify potential 92 

biological pathways that are involved in muscle degeneration. To link the observed space-93 
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related SA, we built a network of leaky integrate-and-fire neurons to build a computational 94 

CPG model that recapitulated locomotion kinetics in healthy conditions. Importantly, 95 

incorporation of the predictive transcriptomic data into the model generated similar 96 

phenotypic gait responses observed under SA conditions. Thus, this approach enables 97 

an improved understanding of mechanisms associated with space-induced SA and may 98 

potentially inform therapeutic avenues for SA and other muscle-deteriorating conditions 99 

related to spaceflight and on Earth.  100 

 101 

RESULTS 102 

Spaceflight mouse principal components separate SA and control conditions in 103 

humans 104 

We accessed RNA-sequencing spaceflight mouse data from the NASA Open Science 105 

Data Repository (OSDR). The publicly available spaceflight dataset (OSD-103) contained 106 

16-week-old C57BL/6J male mice with a sample size of 6 ground controls and 6 107 

spaceflight conditions.24,25 The spaceflight group was housed at the International Space 108 

Station for 37 days before euthanasia and collection of quadricep muscle samples. The 109 

ground control group was housed on Earth for reference. We then acquired RNA-110 

sequencing data of patients with SA from Gene Expression Omnibus (GEO). We selected 111 

three separate cohort studies that studied SA among different racial demographics, 112 

including Caucasian (GSE111006), Afro-Caribbean (GSE111010), and Chinese 113 

(GSE110016) descent.26,27 Our integration of multiple cohorts allowed us to reference our 114 

findings across different human backgrounds.  115 

 116 
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We applied the TransComp-R model to identify PCs that encoded transcriptomics 117 

variation of spaceflight mice that predicted SA outcomes in humans. The TransComp-R 118 

pipeline works by computing a mouse principal component analysis (PCA) space and 119 

projecting human data into space. Mouse principal components that encode 120 

transcriptomics capable of stratifying human disease from control groups by a linear 121 

regression can be biologically interpreted through pathway enrichment analyses and 122 

follow-up studies. 123 

 124 

With the TransComp-R model, we first matched homologous gene pairs across the 125 

mouse and all three human datasets (Figure 1a). We next applied principal component 126 

analysis (PCA) on the mouse dataset to identify principal components (PCs) that 127 

explained 80% of the cumulative variation and projected the human dataset with the 128 

Chinese cohort with SA and control conditions into the mouse PC space. 129 
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 130 

Figure 1. Mouse to human modeling workflow. (a) Homologous pairs between mouse 131 
and human are first matched. Human SA and control groups (Chinese cohort) are 132 
projected into the space flight mouse PCs. The human Caucasian and Afro-Caribbean 133 
cohorts were used for downstream validation analysis. (b) The PCs selected by LASSO 134 
are regressed against human SA and control outcomes to determine significance. (c) 135 
Significant PCs from the generalized linear model are used for downstream biological 136 
analysis. (d) Biophysical modeling of motor dynamics. (e) Recapitulate behavior deficits 137 
in space-induced sarcopenia based on genetic determinants.  138 
 139 

After synthesizing the mouse and human transcriptomics data together, we selected PCs 140 

that were relevant in predicting human SA condition with LASSO (least absolute 141 

shrinkage and selection operator) (Figure 1b). The selected PCs from LASSO were used 142 

in a generalized linear regression against human SA and control groups. The significant 143 

PCs were then interpreted using gene set enrichment analysis (GSEA). Lastly, we 144 

validated our findings with the Caucasian and Afro-Caribbean cohorts that also contained 145 

SA and control data.  146 
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 147 

After matching for homologous pairs, we identified 12,484 genes shared across the 148 

mouse and human datasets. We constructed a mouse PCA space and projected the 149 

Chinese cohort and identified 7 PCs that explained 80% of the variance (83.4% var. exp). 150 

We next calculated how much variance the mouse PCs explained in the human data to 151 

understand the potential of translation from mouse to human (Figure 2a). Among the 152 

seven PCs, we found PC1, PC3, and PC6 explained a higher ratio of human variance 153 

compared to mouse variance. This finding may suggest that PC1, PC3, and PC6 may 154 

have a more pronounced ability to capture variance across species than other PCs.  155 

 156 

Figure 2. Significant mouse PCs distinguish SA and control conditions in humans. 157 
(a) The percent variance explained of mouse PCs and how much they explain in human 158 
data. (b) PC selection using the LASSO. PCs selected by LASSO that were significant in 159 
a GLM (p value < 0.05) are denoted with a star. (c) Plots of significant mouse PCs 160 
separating SA and control in humans.  161 
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 162 

Of the seven PCs, we identified PC2, PC3, PC4, and PC7 with our LASSO model to be 163 

relevant eigenvectors discerning human SA and control patients (Figure 2b). We created 164 

a generalized linear regression model incorporating these four PCs and found PC3, PC4, 165 

and PC6 to be significantly separating the SA and control groups (p = 0.0286, 0.0371, 166 

and 0.0253, respectively). We next visualized the three significant PCs and found that the 167 

transcriptomics variation encoded on each PC separated the human SA and control 168 

groups (Figure 2c). 169 

 170 

Genes contributing to metabolic and immune-associated pathways are 171 

distinguished across patients with sarcopenia 172 

Having identified significant PCs that could distinguish between human SA conditions, we 173 

sought to interpret the biological implications using GSEA. Our enrichment analysis 174 

showed genes contributing to pathways related to neuroactive ligand receptor 175 

interactions, immune pathways, and cellular structures were enriched for SA on mouse 176 

PC3 (Figure 3a). Genes that were involved with neurodegenerative diseases and 177 

metabolic pathways were associated with healthy groups. This indicates that these genes 178 

are regulated under healthy conditions and may become disrupted under SA conditions. 179 
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 180 

Figure 3. KEGG pathway enrichment analysis. Biological pathways enriched on (a) 181 
PC3, (b) PC4, and (c) PC6. All pathways are significant with a Benjamini-Hochberg 182 
adjusted p<0.01. The gene size represents the number of genes enriched in the biological 183 
pathway. Pathways are shown with associations to human sarcopenia (red) and control 184 
(blue) based on the directionality of separation for each PC. The bar plots are represented 185 
by their respective normalized enrichment score (NES).  186 
 187 

On the mouse spaceflight PC4, we found pathways involved with immune signaling and 188 

cellular structure to be enriched in the SA group (Figure 3b). Furthermore, we found 189 

neurodegenerative diseases to be involved with control groups, similar to those found in 190 

PC3. Among the pathways enriched on PC6, we found neuroactive ligand receptor 191 

interaction and PPAR signaling associated with SA, whereas regulation of actin 192 

cytoskeleton, adherens junction, and leukocyte transendothelial migration was enriched 193 

in control (Figure 3c).  194 

 195 
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We also performed GSEA using the hallmark curation and found signaling mechanisms 196 

involved with the immune system to be involved with SA (Supplementary Figure 1). 197 

Additionally, we found oxidative phosphorylation to be consistently enriched for the 198 

control group in PC3, PC4, and PC6. Such results further support our findings with the 199 

reported KEGG pathway analysis. These findings also show that genes contributing to 200 

the immune responses, as well as mitochondrial function associated with oxidative 201 

phosphorylation may play important roles in the muscle degenerative process associated 202 

with SA in humans.  203 

 204 

Significant PC gene loadings from the Chinese cohort are translatable to 205 

Caucasian and Afro-Caribbean demographics 206 

After identifying biological pathways associated with SA and control, we questioned if our 207 

findings were relevant in other human demographics since our TransComp-R model 208 

synthesized a human Chinese cohort with spaceflight gene expression data. Here, we 209 

combined the Caucasian and Afro-Caribbean SA datasets to determine if findings from 210 

these populations were also reflected by our findings from the Chinese cohort.  211 

 212 

Different from the Chinese cohort, the Caucasian and Afro-Caribbean datasets contained 213 

further annotations on muscle weakness in the subjects. We first excluded any patients 214 

from the control groups who had any reported history of muscle weakness or muscle loss. 215 

We then combined the dataset and verified that batch effects were not present with PCA 216 

(Supplementary Figure 2). We next used the combined Caucasian/Afro-Caribbean data 217 

for a partial least squares discriminant analysis (PLS-DA) model (n=32 Caucasian, n=23 218 



12 
 

Afro-Caribbean). Breaking down the combined and processed demographics, we 219 

analyzed 28 healthy Caucasians (Age: 72.6±2.3 standard deviations), 4 SA Caucasians 220 

(Age: 74.3±3.6), 14 Afro-Caribbean (76.4±7.4), and 9 SA Afro-Caribbean (76.8±7.9) 221 

individuals.  222 

 223 

We constructed three PLS-DA models for each significant mouse PC that we identified to 224 

be significant from our TranComp-R model. We selected a panel of genes driving the 225 

separation among the PCs by selecting the top 10 and bottom 10 genes ranked by their 226 

scores. We then performed PLS-DA and determined what genes were strongly 227 

contributing to the separation. Genes strongly contributing to the model contained a 228 

calculated variable importance of projection (VIP) score greater than 1.  229 

 230 

We demonstrated a separation of control and SA with the combined human dataset and 231 

identified genes that contributed to the separation above average (Figure 4a). Within 232 

PC3, the human samples were separated among the first latent variable (LV). On this LV, 233 

we found genes that are strongly associated with SA, which included DLG3, CALB2, 234 

LHFPL6, and ADAM33 (Figure 4b). The DLG3 and CALB2 genes are associated with 235 

neuron signaling, whereas LHFPL6 and ADAM33 are involved with cell-to-cell signaling 236 

and communication. Oppositely, genes such as PPP1R12B and CNTF are associated 237 

with the control groups. These genes are involved in helping muscle contraction through 238 

myosin phosphatase activity and enhancing survival factors for neuronal cells, 239 

respectively. 240 
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 241 

Figure 4. Gene expression driving separation among Chinese SA cohorts is also 242 
reflected in Caucasian and Afro-Caribbean populations. (a) PLS-DA on the top 10 243 
and bottom 10 genes identified in the spaceflight PC3. (b) The loadings of the first two 244 
latent variables for PC3. (c) PLS-DA for PC4. (d) Loadings for PC3. (e) PLS-DA for PC6. 245 
(f) Loadings for PC6. Loadings with a VIP>1 are labeled with a star. The color on the 246 
loadings represents the highest contribution to SA or control by the specific gene.  247 
 248 

We also performed PLS-DA on mouse PC4 and demonstrated that LV1 discriminated 249 

between the control and SA human groups (Figure 4c). We identified PKP2, SARDH, 250 

FMO4, CEP85L, and TIMP4 genes to associate with SA, whereas PLIN3 and TVP23A 251 

were associated with control (Figure 4d). These genes have known associations with 252 
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cellular structure, metabolism, and vesicle transport. Similar to the first two mouse PCs, 253 

we also found the control group to cluster on the negative score of LV1, and the SA group 254 

to cluster among positive scores (Figure 4e). This separation was defined by CNR1, 255 

GRIN2B, LYRM4, MOCOS, WDFY2, and NME5 for SA. For the control groups, we found 256 

LRFN5 as the only gene contributing to the PLS-DA separation with a VIP>1. 257 

Interestingly, the CNR1 and GRIN2B genes are linked to neurotransmission and brain 258 

function whereas LYRM4 and MOCOS are connected to mitochondrial metabolism.28–30 259 

The LRFN5 gene we found associated with the control group is associated with cell-to-260 

cell communication among neuronal cells.  261 

 262 

Multivariate analysis reveals rodent gait deficits related to orbital spaceflight  263 

Space-induced muscle atrophy represents a compelling model for investigating 264 

fundamental mechanisms of sarcopenia. We demonstrated with pathway enrichment 265 

analysis that neuroactive ligand receptor interaction and PPAR signaling were associated 266 

with SA in both human and rodent models, suggesting conserved genetic determinants 267 

for SA.31 To further augment the relationship between SA changes at the molecular level, 268 

we further presented a multivariate analysis of locomotory deficits in rodents following 269 

prolonged microgravity exposure aboard the International Space Station. 270 

 271 

We accessed the spaceflight behavioral assay available on the NASA database (OSD-272 

478) which contains a prospective collection of gait data between mice undergoing 273 

spaceflight in orbit aboard the ISS and ground control over 35 days.32 Pre-flight and post-274 

flight gait measurements were conducted across a total of 40 mice (20 mice per group), 275 
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measuring multiple aspects of locomotion and gait kinematics. We conducted an 276 

unsupervised analysis of effects on gait dynamics across spaceflight and ground control 277 

by projecting the data into a mouse PC subspace to extract behavior dynamics that were 278 

most affected during spaceflight.  279 

 280 

We used PCA of gait dynamics to reveal distinct behavioral signatures between pre- and 281 

post-flight conditions (Figure 5a, b). We clustered the treatment groups based on chi-282 

squared confidence ellipse and noted a distinct separation in PC space that was more 283 

pronounced in spaceflight groups compared to ground controls, suggesting specific 284 

microgravity-induced adaptations across mice as opposed to temporal artifacts. The first 285 

PC captured 25.5% of total variance followed by 14.8% and 11.3% for PC 2 and 3, 286 

respectively. Approximately 80% of locomotory variation is explained by just eight 287 

components (Figure 5c), suggesting strongly shared effects across all mice undergoing 288 

spaceflight.  289 

 290 

To investigate behavioral contributions, we conducted a loading analysis of tracked gait 291 

properties during locomotion and identified key gait parameters contribution to PC 292 

variance in our data (Figure 5d). For example, among the first two components, we 293 

identified propulsion parameters and stride as primary contributors to observed variance 294 

(Figure 5d). We found similar results when conducting systematic testing across all gait 295 

parameters across mice (Supplementary Figure 3). To further quantify this, we selected 296 

the most contributing gait parameters across the first 4 PC components and performed 297 

inferential statistics across mice. We found significant alterations in propel time (p=0.04), 298 
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stance time (p=0.007), stride length (p<0.001), and swing time (p<0.001) following orbital 299 

habitation (Figure 5e). These deficits suggest impairments in both stride generation and 300 

balance feedback mechanisms essential for coordinated movement.33 Similar 301 

observations were noted in humans undergoing functional gait tests.34 Moreover, this 302 

analysis demonstrated clear locomotory deficits in mice following spaceflight exposure. 303 

Notably, the propelling force and stride kinematics were strongly altered compared to 304 

ground control. These coordinated changes could suggest disruption in multiple neural 305 

pathways governing both balance maintenance and gait kinetics, consistent with 306 

functional adaptations to microgravity conditions.34,35 307 
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 308 

Figure 5. Behavioral alterations during spaceflight. (a) PC projection of the first and 309 
second component axis with behavioral variables under pre- and post-flight conditions 310 
with ground controls. (b) PC projection of the first and third PC components. (c) Scree 311 
plot of variance explained for the first 10 PC components. (d) A bi-polar plot of the top 4 312 
variable behaviors among the flight and ground control groups. (e) Highest weighted 313 
behavioral alteration properties determined by PC analysis (n = 40 mice total, One-way 314 
ANOVA test).  315 
 316 
 317 

 318 



18 
 

Physiological modeling of gait characteristics 319 

To understand the physiological mechanisms underlying space-induced locomotory 320 

deficits as well as build a correlation between key molecular determinants of SA, we first 321 

established a biologically plausible physiological model that captured the essential 322 

dynamics of spinal locomotor circuits under normal terrestrial conditions. This 323 

computational framework serves as a substrate to later assess microgravity-induced 324 

alterations, demonstrating how changes in network activity directly translate to muscle 325 

function and ultimately to observable gait parameters. 326 

 327 

Our network model consisted of leaky integrate-and-fire neurons following well-328 

established membrane potential and gating dynamics.22,23,36–38 Importantly, to capture 329 

oscillatory dynamics often found during locomotion, we assigned distinct flexor and 330 

extensor neural populations that were inhibitory connected to one another. This enabled 331 

a subset of neurons to generate patterned activity in the absence of input to both regions 332 

thus reflecting CPG dynamics (Figure 6a).36 Simulation of the population model drove 333 

characteristic oscillatory patterns in membrane potential dynamics between flexor and 334 

extensor circuits under normal gravity conditions (Figure 6b), with flexors exhibiting more 335 

rapid depolarization consistent with their role in initiating limb movement. The 336 

computational network successfully reproduced rhythmic activity reflecting central pattern 337 

generators, with flexor neurons (red) showing synchronized burst patterns distinct from 338 

extensor neurons (blue) during simulated normal locomotion (Figure 6c). We used the 339 

cumulative output of each group to infer muscle activation patterns which were used to 340 

extract gait dynamics (Figure 6d). Gait kinematics exhibited a strong phase-coherent 341 
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response (67%) between extensor and flexor periods (Figure 6e) reflecting coordination 342 

between muscle groups.  343 

 344 

Thus, this computational approach creates a powerful platform connecting three levels of 345 

analysis: neuronal firing patterns, muscle activation dynamics, and resultant gait kinetics 346 

(Figure 6f-h). The normal phase relationships, stride distributions, and swing patterns 347 

established here provide quantifiable baselines against which space-induced neural 348 

adaptations can be measured in subsequent experiments. By bridging cellular 349 

neurophysiology to whole-organism locomotion, this model enables mechanistic 350 

investigations into how microgravity disrupts motor control at multiple biological levels. 351 
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 352 

Figure 6. Motor neuron population model for locomotory behavior. (a) Schematic of 353 
the mechanistic physiological model. (b) Averaged population membrane dynamics from 354 
a leaky integrate-and-fire model. (c) Rastergram of 50 neurons spiking during constant 355 
input. Neurons are colored based on assigned flexor or extensor dynamics. (d) Inferred 356 
muscle activity patterns as a function of population output. (e) Polar plot of phase 357 
relationship between flexor and extensor population dynamics. (f) Distribution of stride 358 
length with coefficient of variation. (g) Distribution of swing times with coefficient of 359 
variation. (h) Regression of correlation swing time and stride length.  360 
 361 

 362 

 363 
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Computational framework linking genetic determinants of sarcopenia to altered 364 

gait characteristics 365 

To bridge the gap between identified genetic determinants found by the gene enrichment 366 

analysis and the physiology of gait characteristics, we modified our network model to 367 

exhibit SA phenotypic behavior. This was primarily informed by the identified ligand-gated 368 

genetic disruption (GRIN2B and CNR1), during spaceflight in both mice and human 369 

cohorts (Figure 7a). We modified the synaptic transmission probability and conductances 370 

while biasing the total input variability into the network of individual neurons in both flexor 371 

and extensor populations.  We noted that, upon this disruption, an observed reduction in 372 

phase-coherence between flexor and extensor dynamics compared to the healthy 373 

terrestrial network. (CoherenceHealthy = 55%, CoherenceSA = 33%, Figure 7b). The 374 

change in the network activity also drove a significant increase in both inferred gait swing 375 

time and stride length (p<0.0001, Figure 7c, d), most likely due to increase variability in 376 

the CPG network. Thus, these results recapitulate the same gait alterations observed in 377 

cohorts of mice that spend a significant time in space flight (Figure 5e). 378 
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 379 

Figure 7. The physiological model illustrates genetic determinants for space-380 
related sarcopenia. (a) Schematic showing a physiological model of the motor neuron 381 
to muscle activation alongside SA-related gene regulation from normalized enrichment 382 
score (NES). (b) Healthy and SA population-related phase activity across neurons during 383 
inferred muscle activity. Note reduced phase strength during movement. Reported phase 384 
coherence for healthy and SA activity is Rhealthy = 0.55 and Rsarcopenia = 0.33, respectively. 385 
(c) Modeled swing times of population response under healthy and SA (p = 0.00, t(1423) 386 
= -19.13, Student’s T-test). (d) Modeled swing times of population response under healthy 387 
and SA for calculated stride length (p = 0.00, t(2281) = -7.16, Student’s T-test).  388 
 389 

This computational framework provided mechanistic insights connecting space-induced 390 

alterations in neural circuitry to the observed locomotor deficits. Our findings suggest that 391 

space-induced sarcopenia involves not only peripheral muscle atrophy but also 392 

fundamental adaptations in neural control systems, including altered central pattern 393 

generator function and disrupted coordination between antagonistic muscle groups. 394 

These neural adaptations likely contribute significantly to the gait abnormalities 395 
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documented in our behavioral analysis and highlight potential targets for countermeasure 396 

development. 397 

 398 

DISCUSSION 399 

Space-induced SA is a major physiological change that affects astronauts. We used 400 

transcriptomics muscle biopsies of mice exposed to microgravity and human populations 401 

with human SA data to understand the effects of space travel on humans. In this work, 402 

we presented a comprehensive framework to understand the biological pathway and its 403 

effect on locomotion phenotypes in space-induced SA. By leveraging TransComp-R, we 404 

used a mouse-to-human modeling approach to identify key biological pathways related 405 

to neurotransmitter release and regulation, synaptic integration, and mitochondrial 406 

dynamics associated with SA conditions. Likewise, a comprehensive analysis of 407 

locomotion behavior in mice exposed to spaceflight showed strong alteration in gait 408 

parameters which we mechanistically linked to a CPG network model incorporating 409 

altered identified molecular pathways associated with SA conditions. Our results 410 

established a framework to link genetic determinants of SA to phenotypically resulting 411 

locomotion behavior.  412 

 413 

We identified several immune system pathways altered under conditions of SA, which 414 

has also been observed under spaceflight conditions.39–41 A study reported immune 415 

dysregulation and the redevelopment of herpes virus among astronauts on a 6-month 416 

orbital space mission.1 A separate 6-month spaceflight that studied two crew members 417 

identified elevated proinflammatory biomarkers in muscle biopsy post-landing.42 During 418 
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spaceflight, blood-derived cytokines including interleukins and tumor necrosis factor-419 

alpha were also significantly elevated during flight.43 Further investigation of such immune 420 

pathways may improve our understanding of spaceflight-induced SA.  421 

 422 

Metabolic pathways are actively involved in muscle health as demonstrated by protein 423 

alterations during spaceflight.44 Stein and colleagues reported that whole-body protein 424 

synthesis was reduced by 45% about preflight measurements.45 In the same study, post-425 

flight measurements returned to 91% of the pre-flight levels, indicating a lack of complete 426 

recovery from space travel.45 Additionally, we identified genes that were strongly 427 

associated with SA through neuromuscular signaling. Neuromuscular junction aging has 428 

been proposed to be involved in sarcopenia pathogenesis.46 The age-related denervation 429 

at the neuromuscular junction occurs before muscle atrophy47 and may be involved in SA 430 

pathogenesis.48  431 

 432 

The biomechanical alterations we noted in our study from the behavioral assay align with 433 

previously documented changes in movement atrophy.49,50 The propulsion and stride 434 

deficits likely reflect preferential atrophy of fast-twitch extensor muscles that generate 435 

locomotive force, mirroring the fiber-type selectivity observed in terrestrial sarcopenia but 436 

compressed into a remarkably accelerated timeframe (~35 days).35,51 The concurrent 437 

changes in stride parameters suggest simultaneous adaptation of central pattern 438 

generators and sensorimotor integration circuits. It is of interest that several key protein 439 

pathways were also affected in both humans and mice which could explain some of the 440 

downstream locomotion phenotypes. For example, the presence of DLG3 and GRIN2B 441 
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suggests alterations of synaptic integration across neurons within a CPG network. 442 

Interestingly, GRIN2B was upregulated in the skeletal muscle of aging mice.52 Such 443 

consequences would be reflected in how neural populations rhythmically generated 444 

activity between flexor and extensor periods. Indeed, when altering synaptic integration 445 

properties along the network in our CPG model, primarily synaptic release probability and 446 

input gain, we noted a clear reduction in firing coherence between flexor and extensor 447 

population, which recapitulates the behavior changes we observed in the gait dynamics.  448 

 449 

Although our study identified several pathways to improve our understanding of space-450 

induced SA, there are limitations to this work. First, due to limited publicly available data 451 

on mice that have been exposed to spaceflight, the sample sizes are smaller. Additionally, 452 

our mouse and human datasets only contained information from males, which neglects 453 

potential biological outcomes in females. Therefore, sex-based findings from this work 454 

should be cautioned. Additionally, we only analyzed physiological changes in the 455 

quadricep muscle and did not investigate the contribution of other limb muscles. Future 456 

studies that incorporate additional demographic and sex-based information of both males 457 

and females, with the inclusion of muscle biopsies and relevant tissue will largely build 458 

upon the findings we reported.  459 

 460 

Likewise, there are limitations to our computational models. One such limitation is in the 461 

methodology of our TransComp-R model. The TransComp-R computational model 462 

selects homologous gene pairs across mouse and human datasets; thus, genes that do 463 

not fit this criterion are omitted. As a result, there is a possibility that these omitted genes 464 
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may have also served an active role in the physiological changes to spaceflight-induced 465 

SA. Our CPG network model incorporated leaky integrate-and-fire neurons with reciprocal 466 

connections, synaptic probabilities, and membrane dynamics. However, additional 467 

models can be incorporated to further explore the mechanistic contribution of protein 468 

altered during SA. For example, modeling a biophysically realistic model of neurons with 469 

full ion channel distributions and gating dynamics could be more informative on how 470 

changes at the protein level affect neural dynamics and CPG activity. For example, one 471 

can investigate how excessive synaptic release alters integration properties of neurons 472 

and their firing rate. Further experiments are needed to causally link the synaptic and 473 

protein interactions to behavioral deficits observed during spaceflight or using alternative 474 

models of age-related SA.  475 

 476 

Our study investigated the effects of SA as a consequence of spaceflight travel. We used 477 

the TransComp-R approach and identified spaceflight mouse PCs that could predict 478 

changes in human age-associated SA in muscle biopsies. Our findings were then 479 

validated by matching a panel of genetic markers from these PCs in other human cohorts 480 

across different populations. Lastly, our CPG neuron model incorporated with changes in 481 

genetic markers of SA was able to recapitulate healthy and space-induced SA 482 

phenotypes in locomotion. Thus, our findings in this work pave a path to link molecular 483 

pathways to behavioral phenotypes of spaced-induced SA.  484 

 485 

 486 

 487 
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MATERIALS AND METHODS 488 

Data selection 489 

We selected publicly available transcriptomics data from the NASA OSDR and GEO 490 

database with the prerequisite that the data contained a balanced number of samples 491 

with controls and processed tissue samples from similar quadriceps muscle regions in 492 

both mouse and human.  493 

 494 

Our mouse dataset was selected from the NASA OSDR. We focused our selection criteria 495 

on transcriptomics data that contained muscle samples near the quadriceps. We 496 

identified a mouse study (OSD-103) that contained a space flight and ground control 497 

group. We next searched the GEO database and identified three human SA datasets with 498 

controls and biopsy samples, each containing transcriptomics data of biopsy samples 499 

from the vastus lateralis muscle. The datasets represent a demographic population 500 

around the world, including Caucasian (GSE111006), Chinese (GSE111016), and Afro-501 

Caribbean (GSE111010). 502 

 503 

Pre-processing and data normalization 504 

We downloaded human transcriptomics SA data from the GEO database using the 505 

GEO2R platform with Bioconductor tools in R (GEOquery ver. 2.70.0, Biobase ver. 2.62.0, 506 

and limma ver. 3.58.1). We log2 transformed the data and z-score normalized the data 507 

per gene. We matched the human and mouse datasets for homologous one-to-one gene 508 

pairing using the orthogene package (ver. 1.8.0). Genes that did not contain homologous 509 

pairing were excluded from the model and further downstream analysis.  510 
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 511 

Mouse to human computational modeling 512 

We performed TransComp-R by performing PCA on the mouse space flight with both 513 

flight and ground control groups. We selected mouse PCs that explained up to a total of 514 

80% cumulative variance to prevent overfitting of the data and inclusion of noise. We 515 

projected the human dataset (Chinese cohort GSE111016) into the mouse PC space. 516 

The projection of the human data into the mouse PCA space is a matrix multiplication of 517 

Xs x n and Qn x p such that s is the row of human patients, n is the homologous gene pairs 518 

shared across both mouse and human, and p is the number of PCs that explain 80% 519 

cumulative variance. The equation is also shown: 520 

𝑃	"	#	$ = 𝑋	"	#	%𝑄	%	#	$          (1) 521 

 522 

Feature selection of mouse principal components 523 

To select important features and regularize the mouse PCs that best predicted human 524 

SA condition, we performed LASSO across 20 rounds of 5-fold cross-validations by 525 

regressing the human SA and control group positions along the mouse PCA space 526 

against the human disease condition. Mouse PCs with a non-zero coefficient frequency 527 

greater than 10 of 20 rounds were selected for the generalized linear model. We 528 

performed the generalized linear regression using the equation: 529 

𝑌~𝛽& + ∑ 𝛽'(𝑋𝑞')(
')*            (2) 530 

In the generalized linear model, the Xqi represents the projected human samples into 531 

mouse PCs that were selected by LASSO and Y is the human SA and control status. We 532 
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selected mouse PCs with a p value less than 0.05 for downstream biological 533 

interpretation.  534 

 535 

Variance explained in human by mouse principal components 536 

Using principal components encoding mouse variation and human data, we can calculate 537 

how much variation the mouse PCs explain the variation in humans. We calculated the 538 

variance explained by mouse PCs in human data with the equation: 539 

𝑉𝑎𝑟𝐸𝑥𝑝𝐻𝑢𝑚𝑎𝑛(𝑞') =
+!
"[-"-]+!

"/0(2"-"-2)
     (3)  540 

where Xs x n is a human data matrix represented by s number of subjects and n number 541 

of genes, and Qn x p is the mouse data represented by the loading coefficients of n number 542 

genes and p columns of principal components qi. The T represents the transpose of the 543 

data matrix.  544 

 545 

Gene set enrichment analysis 546 

We selected PCs that significantly distinguished between human SA and control groups 547 

for downstream pathway analysis. To identify enriched pathways, we pre-ranked each 548 

significant PC by their respective loadings score and performed GSEA in R (msigdbr ver. 549 

7.5.1, fgsea ver. 1.28.0, clusterProfiler ver. 4.10.1).53–55 We generated a holistic 550 

understanding of the enriched pathways by using the hallmark and KEGG curations from 551 

the Molecular Signatures Database. The parameters we used to identify enriched 552 

biological pathways included a minimum gene size of 5, a maximum gene size of 500, 553 

and an epsilon value of 0. We used the default parameter of 1000 permutations to 554 
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determine the statistical significance. We defined biological pathways in both KEGG and 555 

hallmark to be significant if the Benjamini-Hochberg adjusted p value was less than 0.01.  556 

 557 

Gene selection for cross-population validation 558 

To ensure our findings are reproducible in other datasets, we used the Caucasian and 559 

Afro-Caribbean datasets (GSE111006 and GSE111010) to determine if the findings in 560 

the Chinese cohort are reflective in other demographics. In both the Caucasian and Afro-561 

Caribbean datasets, we first excluded control patients with a reported history of low 562 

muscle mass or low muscle strength and/or performance to ensure the control groups 563 

had no potential complications. We then concomitantly merged the two cohorts into a 564 

singular dataset and verified for batch effects visualized by PCA.  565 

 566 

Using the Chinese cohort, we filtered for the top 10 and bottom 10 gene loadings from 567 

significant mouse PCs identified in our TransComp-R model to determine if transcriptomic 568 

variation encoded on these PCs could stratify SA and healthy groups in the Caucasian 569 

and Afro-Caribbean populations.  570 

 571 

Partial least squares discriminant analysis 572 

We used the mixOmics package (ver. 6.26.0) to construct the PLS-DA models for each 573 

significant mouse PC that could significantly stratify human SA and control groups in the 574 

Chinese SA cohort.56  575 

 576 
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We identified the most important genes contributing to the model’s predictive ability by 577 

calculating the VIP scores. We used the mixOmics package to calculate the VIP scores 578 

for each given LV. The following equation: 579 

𝑉𝐼𝑃( = 84∑ 6#$
% 778#&

#'(
8∙778)*)#+

          (4) 580 

A given VIP score for a specific gene is calculated by K number of genes, A number of 581 

PLS-DA components, and wak weight of the gene k in ath LV. SSAa and SSAtotal are the 582 

sum of squares in the ath LV and the total sum of squares in all LV components, 583 

respectively. We defined a VIP score greater than 1 to represent genes contributing 584 

above average to the model’s performance. 585 

 586 

Multivariate analysis of locomotor behavior 587 

We used the OSD-478 from the NASA OSDR for locomotor behavior analysis. Principal 588 

component analysis was applied to 47 locomotor behavioral parameters measured in 35 589 

C57BL/6J mice across four experimental groups: pre-flight spaceflight (pre-flight), post-590 

flight spaceflight (post-flight), pre-flight ground control (GC pre), and post-flight ground 591 

control (GC post). Parameters included stride kinematics (length, duration, variability), 592 

limb coordination metrics, and ground reaction forces collected during treadmill 593 

locomotion.  594 

 595 

Behavior and spaceflight cluster validation 596 

All behavioral and locomotion analysis was performed using MATLAB. Group separation 597 

was visualized in reduced-dimensional space by projecting z-scored data onto the first 598 

three PCs. We calculated 95% confidence ellipses for each experimental group using: 599 
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𝐶𝑙𝑢𝑠𝑡𝑒𝑟	𝑟𝑎𝑑𝑖𝑢𝑠 = 	𝜒2(0.95,<<) ⋅ 𝜆'              (5) 600 

where χ=5.991 and λi represents the eigenvalue of the ith PC. Multivariate analysis of 601 

variance (ANOVA) with Hotelling's T² post-hoc tests assessed group differences in PC 602 

space (α=0.05, Bonferroni-corrected). 603 

 604 

Feature selection and hypothesis testing 605 

Behavioral variables most associated with spaceflight effects were identified by 606 

examining PC loadings. For each of the first three PCs, we selected variables with 607 

absolute loadings exceeding the 95th percentile of loading magnitudes (equivalent to the 608 

top 5 variables per PC).  609 

 610 

Motor neuron population model for movement 611 

To model motor neuron population for biophysical extraction of movement, we simulated 612 

a population of 50 leaky integrate-and-fire neurons with equal proportions of flexor and 613 

extensor connectivity to muscle output. Membrane potential dynamics followed 614 

biophysically realistic neurons (Table 1). Neuronal populations between extensor and 615 

flexors were reciprocally connected with inhibitory conductance, generating coupled 616 

generation of spiking activity resembling pattern generation circuits (CPG) for locomotion.  617 

Table 1. Parameters for the CPG model 618 
Variable Value 
Resting potential (mV) -65 
Reset potential (mV) -70 
Membrane resistance (MΩ) 10 
Synaptic conductance (nS) 0.4 
Inhibitory reversal potential (mV) -80 
Synaptic decay (ms) 5 
Mean membrane time constant (ms) 10 
Refractory period (ms) 3 
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 619 

We also incorporated “kick and decay” kinetics during reciprocal inputs of neuronal 620 

populations.  621 

𝜏𝑚	𝑑𝑉/𝑑𝑡 = −(𝑉 − 𝐸𝐿) + 𝑅𝑚𝐼(𝑡)           (6) 622 

 623 

Inference of locomotory activity 624 

Population firing rate activity was temporally smoothed with a 5 ms Gaussian kernel. Peak 625 

population activity bursts between flexor and extensor neurons were used to calculate the 626 

phase difference and cycle lengths which were used to infer stride length and variability, 627 

respectively. The correlation of variation was calculated by taking the mean and standard 628 

deviation of cycle lengths between population bursts. To infer swing times, the duration 629 

of peak responses in the flexor population was calculated and the differences were taken 630 

for each cycle. Similarly, the stance time was taken as the time from the end of the 631 

previous swing cycle and the next swing cycle. The ratio of both swing and stance times 632 

yielded the swing stance ratio. 633 

 634 
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