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Abstract 25 

Neuroimmune cells are rapidly transition from a quiescent into an activated state in response to 26 

acute brain injury (ABI) threats, but the dynamic molecular alterations are partially understood. 27 

Until recently, brain scientists were ineffectual to explore the molecular alterations in human, 28 

owing to the obstacles for ABI related brain sample acquisition.  Here, we integrated the dynamics 29 

of multi-omics datasets in four ABI mice models. Transcriptomics revealed diversification of 30 

thermogenesis, synaptic, and neuroinflammatory genes for ABI at the early phase (12H). 31 

Transcriptomics and proteomics combined analysis singled out 15 co-variation risk genes for ABIs. 32 

Besides, lipid metabolite alteration reflected a discrepancy between permanent ischemic brain 33 

injuries and transient ischemic brain injuries at the middle phase (24H). Together, our data 34 

elucidate a potential therapeutic resource for ABIs.  35 

 36 

Introduction 37 

Acute brain injury (ABI) is one of the leading causes of death and poor prognosis due to limited 38 

neurological recovery. Approximately 43%-60% of those hospitalized for traumatic brain injury 39 

(TBI)1-3, 7%-20% of subarachnoid hemorrhage (SAH)4, and 50%-60% of acute ischemic stroke 40 

(AIS) patients5 suffer long-term disability and even permanently disabled state. The inadequacy 41 

of preclinical research on ABI might contribute to the potential for placing patients at unnecessary 42 

risk6. While traumatic and vascular brain injury are generally considered separately, victims of 43 

both TBI and hemorrhagic transformation of AIS often suffer from chemical or mechanical 44 

damage to the blood components7,8. Alternatively, cerebral infarction remains one of the most 45 

severe secondary insults in patients surviving the initial TBI and SAH9,10. 46 

Despite the increasing advances in surgical treatments, mortality and disability rate from ABI, 47 

especially from SAH and TBI, remains still high among brain injury related deaths. Currently, 48 

early arterial recanalization following AIS has been shown to improve cerebral blood perfusion 49 

and functional outcome11. Although thrombolysis is widely recognized to be effective for AIS 50 

patients with large vessel occlusions, a large number of stroke subjects are ineligible for 51 

recanalization therapies due to unknown symptom onset or other associated limitations in current 52 

stroke protocols12,13. Previous studies have reported that selective delayed recanalization up to 24 53 

hours after symptom onset resulted in favorable outcomes14,15, yet the molecular mechanisms are 54 

incompletely understood. Mouse middle cerebral artery occlusion (MCAo) models have been used 55 

extensively to investigate the mechanisms underlying ischemic stroke, to test the efficacy of 56 

candidate drugs, and to predict patient responses. The transient MCAo (TM) and permanent MCAo 57 

(PM) are widely used for evaluating the evolution of secondary brain injury in mice with 58 

reperfusion and ischemic time-specified differences16. Identification of a common cascade of 59 

events could have a more significant impact on clinical management approaches of time-dependent 60 

cerebral ischemic injuries. 61 

It is common for patients who have had a mild brain injury, ischemia, or microbleeds not to seek 62 

immediate medical attention. Disruption of central nervous system (CNS) vasculature and critical 63 

barrier structures following ABIs results in the leakage of debris, reactive oxygen species (ROS), 64 

and inflammatory mediators into the periphery from the early hours after injuries and lasts until 65 

72 hours post-injury17,18. Therefore, understanding the dynamics of these biomarkers is essential 66 

for the detection of secondary brain injury in those who may only seek medical care several hours 67 

or days after onset. On the other hand, biomarkers that predict responses to the natural course of 68 

brain injury could be beneficial for the increase in the odds of survival, of regaining independence, 69 

and of becoming asymptomatic19. Of the known clinical and physiological events contributing to 70 



secondary ischemic brain damage, homeostasis disorders (e.g., metabolism and thermoregulation 71 

disorders) are potential risk factors for ABI outcomes20,21. Despite the increasing advances in the 72 

knowledge of specific characteristics of those molecules, the complex interaction of these 73 

pathomechanisms may make it difficult for targeted pharmacological agents to protect the brain 74 

and improve behavioral outcomes22. According to these research results, it became apparent that 75 

we need integrated analysis of multiple omics data covering more ABI subtypes to discover the 76 

molecular cues for the progress of secondary brain injury.  77 

Recently, transcriptomic or proteomic analysis revealed that inflammatory response in ABIs23-78 
25, enriching the conversion of genetic/molecular discoveries to a certain extent and might provide 79 

the novel therapies with reference as well. However, these findings were based on the single or 80 

non-predetermined time point of a specific injury (e.g., TBI and AIS). Cerebral gene transcription 81 

and protein dynamics in the secondary brain injury process, and whether there are molecular-level 82 

commonalities between hemorrhagic and ischemic brain injury have largely remained elusive till 83 

recently. On the other hand, metabolomic processes the response to brain injuries can be used for 84 

monitoring treatment response, prediction of outcome, in the assessment of or prognosis of post-85 

injury recovery26. Since the molecules are dynamically balanced in an individual, a single omics 86 

approach could hardly reflect the overall pathophysiological changes objectively and the 87 

interrelationships among molecules after brain injuries. Thus, a multi-omics, multiple time phases 88 

assay should contribute to a better understanding of the dynamic molecular mechanisms involved 89 

in the secondary brain injury process and facilitates the development of therapeutics.  90 

In this study, we utilized four ABI mice models (SAH, TBI, PM, and TM), together with 91 

multiple omics assays (transcriptomics, proteomics, metabolomics, and lipidomics), to perform an 92 

integrated analysis for ABI subtypes at three progression phases (12H, 24H, and 72H after injury). 93 

By integrating multi-omics analysis, we identified and characterized alterations of transcription, 94 

translation, and metabolism in the enriched pathways of neuron function and neuroinflammation 95 

for the ABI subtypes, among of which, although the PM and TM have shown certain dynamic 96 

changes of the transcription level at the late phase of the ABI process, they hold great differences 97 

of the protein level and metabolic level at 24H. The lipidomic regulation shift might be a potential 98 

factor for the different prognostic effects of PM and TM. Moreover, genes associating with 99 

adaptive thermogenesis were upregulated. Finally, we analyzed the clinical data in permanent 100 

ischemic stroke and transient ischemic stroke patients concerning acquiring the correlation 101 

between body temperature and NIHSS (National Institutes of Health Stroke Scale) score and 102 

identified a positive correlation with statistically significant. 103 

 104 

Results 105 

Overview of this study 106 

We established four ABI mice models, including SAH, TBI, PM, and TM. Each ABI subtype mice 107 

models (17 male wild-type C57BL/6 mice) was composed of three different stages (12H, 24H, and 108 

72H) after brain injuries. All ABI mice models were evaluated by magnetic resonance imaging 109 

(MRI)-T2 weighted image (T2WI) (Extended Data Fig.1B) and neurological deficit tests 110 

(Extended Data Fig.1C), and all were consistent with previous studies10,27. 111 

Each ABI mouse model as well as control group (without any treatments) underwent transcriptome, 112 

proteome, metabolome, and lipidome assays (Extended Data Fig.1A). Through transcriptome 113 

datasets, we identified 626, 1657, 5832 and 5778 DEGs (Differential Expressed Genes) 114 

(abs(log2FC) > 1; P < 0.05) for ABI mice models compared with control group (Extended Data 115 

Fig.1D-E). Hybrid mass spectrometry libraries of proteome, metabolome, and lipidome were 116 



generated as described in method. The detected proteins, metabolites, and lipids were summarized 117 

in Supplementary Table 1. All biological replicates for different omics assays in this study have a 118 

nice reproducibility (Extended Data Fig.2A,C). 119 

 120 

Transcriptome Profile of ABI mice models 121 

Previous studies have reported the dysregulation of gene transcription in ABI mice models28-30. 122 

However, transcriptome characterization of ABI-derived brain tissue has been limited. To 123 

systematically illustrate the transcription dynamics underlying ABIs, which were mainly caused 124 

by the secondary injury progresses, we analyzed transcriptome data we generated from ABI mice 125 

models at three stages (12H, 24H, and 72H) and identified the DEGs (Extended Data Fig.2B). The 126 

normalized counts (see method) of DEGs could reflect the dynamics of gene transcription along 127 

with the progression of ABIs.  128 

By comparing gene transcription between ABI subtypes and control group at each stage, we 129 

successfully identified 132 (Control vs SAH of 72H) to 3969 (Control vs TM of 72H) DEGs 130 

(Extended Data Fig.1D), while all of them had significant up-regulation (log2FC > 1; P < 0.05) 131 

(Extended Data Fig.1E). Together, for the number of DEGs, PM and TM were the most in any 132 

stage, and SAH was the least (Extended Data Fig.1D-E). This result revealed that ischemic brain 133 

injury (PM and TM) at each stage of the ABI process caused more gene transcription alterations 134 

than hemorrhagic brain injury (SAH and TBI). In turn, hemorrhagic brain injury (SAH and TBI) 135 

or ischemic brain injury (PM and TM) have similar gene transcription patterns respectively. If 136 

cross-compared, SAH and ischemic brain injury (PM and TM) both have a large difference in 137 

transcription level, but TBI and TM have very similar transcription patterns at the stages (12H and 138 

24H), while TBI’ transcription pattern was closer to PM at a late stage (72H) (Extended Data 139 

Fig.2B). 140 

Transcription patterns of all DEGs (combined DEGs for each ABI subtype and disease stages; 141 

N=5632; Supplementary Table 2) were characterized into 6 clusters through the K-means 142 

algorithm (see method) (Fig.1A). The consensus clustering results illustrated that the ABI subtypes 143 

and secondary brain injury stages could be distinguished (Fig.1A). SAH and TBI shared the 144 

highest transcription level at 12H compared with other ischemic brain injuries, which was also in 145 

line with the feature that this group of genes was mainly enriched in the regulation of the blood 146 

circulation pathway (cluster 1).  147 

Note that the genes in cluster 2 were mostly characterized by synaptic and neuron functions, 148 

and decreased transcription level in all ABI mice models, especially in PM and TM at 72H. This 149 

indicated that after the occurrence of ABIs, the transcription of genes related to synapse and neuron 150 

function was decreased, which may be related to neuronal dysfunction. Among them, PM and TM 151 

may have the most serious neuronal dysfunction at this time point. Interestingly, in cluster 4 and 152 

cluster 5, PM and TM have higher transcription levels and more DEGs (47.71% of all DEGs) than 153 

other injuries at 72H. These genes were mainly enriched in pathways related to neuroinflammation, 154 

such as cytokine, angiogenesis, cell adhesion, IL-6 production, innate immune response, ERK1/2 155 

cascade, and reactive oxygen species metabolic pathway (P<0.05, Fisher’s Exact Test). This 156 

suggested that ischemic ABIs have a more serious neuroinflammatory response at the late stage of 157 

the ABIs, which may be related to more severe damage to synapses and neurons in the brain tissues 158 

(see cluster 2). It is worth noting that cluster4,5-related DEGs were also enriched in the “regulation 159 

of vasculature development” pathway, suggesting that the progress of the ischemic ABIs have a 160 

higher transcription of genes that regulate vascular development at the late stage, indicating the 161 

angiogenesis and tissue repair activates which was also consistent with previous findings31. 162 



Although most of DEGs of PM and TM shared similar transcription patterns in the late stage, there 163 

were DEGs with opposed transcription patterns (cluster3 and cluster6), which were mainly 164 

movement-related (such as cilium movement and microtubule bundle formation/movement, etc.) 165 

and temperature adaptation and fat cell growth-related (such as regulation of fat cell differentiation, 166 

adaptive thermogenesis, and cold-induced thermogenesis, etc.) genes (Fig.1A). Given that, genes 167 

of the two clusters have the potential to be the markers to distinguish PM and TM, because of the 168 

transcriptional differences only in PM and TM at 12H, but not in other ABIs.  169 

We also investigated the transcription of 390 genes (cluster 6 in Fig.1A) in PM and TM, which 170 

were further classified into two categories (Fig.1B). Based on this finding, these genes have shown 171 

a significantly different transcription pattern in PM and TM at 12H (class 1: P=3.15e-07; class 2: 172 

P=0.01; Fig.1D). Compared with the control group, DEGs, which are mainly related to 173 

temperature regulation, were only highly transcribed in TM and PM at 12H respectively (Fig.1C). 174 

To match the findings in ABI mice models with the characteristics of clinical cases, we further 175 

performed a correlation analysis between NIH Stroke Scale/Score (NIHSS) and highest body 176 

temperature and of ischemic stroke patients during the first 72H after admission. There was a linear 177 

growth of body temperature with increasing NIHSS scores in both permanent acute ischemic 178 

stroke (PAIS) and transient acute ischemic stroke (TAIS) patients (TAIS: R = 0.554, P < 0.001; 179 

PAIS: R = 0.304, P < 0.001, Fig.1E). This finding revealed that thrombolysis or endovascular 180 

thrombectomy for ischemic stroke has differences in neurological outcomes, and according to 181 

previous literature, because of the higher body temperatures during both the intra-ischemic and 182 

post-ischemic phases were associated with poorer clinical outcomes32, so that our results further 183 

provide potential molecular evidence for thrombolytic therapy/mechanical thrombectomy 184 

combined with mild hypothermia therapy/maintenance of body temperature for ischemic stroke.   185 

 186 

The proteomic analysis reveals an increased level of neurological related proteins at 24H 187 

In the previous study of proteomics in ABI mice models, only the disease subtypes or progression 188 

stages were considered19,33. In our dataset, the Partial Least Squares Discrimination Analysis (PLS-189 

DA) of protein abundance of all ABI mice models illustrated the formation of distinct clusters of 190 

the ABI subtypes and the excellent data repeatability of replicates (Extended Data Fig.2D; 191 

Supplementary Table 3; see method). All ABI subtypes were distinguished well from each other 192 

and shared dynamic protein abundance across each disease progression stage (Extended Data 193 

Fig.2C-D). 194 

The comparison between the control group and ABI stages could lead to identifying the 195 

differential expressed proteins (DEPs) at each disease progression stage. The DEPs were 196 

determined by the log2 ratio of each protein abundance level to the abundance of the control sample. 197 

We applied t-test analysis on all candidates to screen for DEPs with statistical significance. We 198 

finally identified, in total, 1201, 1520, and 1514 DEPs at 12H, 24H, and 72H of ABIs respectively 199 

(Supplementary Table 1), and heatmaps were used to display them graphically to show the 200 

difference in protein abundance between ABI subtypes at the same stage of disease progression 201 

(Extended Data Fig.2 C). 202 

The DEPs between ABI subtypes could be potentially useful for distinguishing the subtypes of 203 

ABIs. We performed K-Means Cluster analysis (see method) based on the protein abundance of 204 

ABI subtypes in the same secondary brain injury progression stage and finally obtained 4, 2, and 205 

3 categories at 12H, 24H, and 72H respectively (Fig.2A, Extended Data Fig.4A-B) and GO 206 

enrichment analysis was performed for each category (Fig.2B, Extended Data Fig.4C-D).  207 



As shown in Fig.2A, we could distinguish TM and TBI from SAH and PM by protein abundance 208 

at 24H and found that these proteins mainly related to synapse structure and other related protein 209 

location (category 2), while in SAH and PM, the proteins related to hydrolase activity and 210 

exocytosis were highly translated (category 1) (Fig.2B). This result was significantly different 211 

from the other two stages (12H and 72H) and was also different from the previous transcriptome 212 

results in the decline of gene transcription levels related to synapse function in TM and PM at 72H 213 

(Extended Data Fig.4D), indicating that these genes related to synapse function might share the 214 

other regulatory mechanism.  215 

Given symptoms appear suddenly or worsen over time following an ABI, especially within the 216 

first 24H after the injury34, we focused on the biological process pathways of subtype-specific 217 

DEPs at 24H for further analysis. The functions of neurons and synapses were closely related to 218 

the prognosis of ABIs. Based on the result that the synapse-related functional pathways in category 219 

2 of Fig.2B were highly enriched, we further extracted synapse-related proteins, and analyzed the 220 

correlation between their transcription levels and protein abundance (see method), we found that 221 

transcription and protein level of all ABI subtypes have a very obvious positive correlation on 222 

disease progression at 24H (Fig.2C,). This result was also applicable to the enriched exocytosis-223 

related functional pathways in category 1 of Extended Data Fig.3A. 224 

To further investigate the key molecules related to synaptic function in each ABI subtype, we 225 

analyzed the dynamic profile of synapse-related proteins (Fig.2D) and exocytosis-related proteins 226 

(Extended Data Fig.3B) of all synapse-related molecules in each ABI subtype (compared with the 227 

control group). The Ephb3, mediating developmental processes in the nervous system, was down-228 

regulated in all ABI subtypes at 72H, indicating that it was a key molecule that controls synaptic 229 

function in the late stage of ABIs, and its down-regulation may be closely related to impaired 230 

synaptic function. Besides, Nrp1 was also down-regulated almost at 72H of ABIs (except TM), 231 

indicating that it might also be related to the damage of synaptic function. Interestingly, the Dgkb, 232 

which regulates neuron-specific morphological changes including neurite branching and neurite 233 

spine formation, was mainly up-regulated in ABI subtypes at 72H (except PM), which could be 234 

related to the repairment of synaptic function. It was worth noting that only Lrrtm2 was highly 235 

expressed at 24H of TBI, which could be used as a marker gene of TBI. For SAH and TM, Slc8a3 236 

was specifically up-regulated at 12H in SAH and down-regulated at 72H in TM, so it could be 237 

used as a marker gene to distinguish these two ABI subtypes. Similarly, Adnp has significantly 238 

different protein levels in hemorrhagic ABI (SAH and TBI) and ischemic ABI (PM and TM), 239 

indicating that it could be used as a marker for these two types of ABI subtypes.  240 

 241 

Transcriptomic and proteomic analysis identified risk factors for ABI mice models 242 

Transcription and translation events should be dynamic during the progression of secondary 243 

damage to ABIs. We considered the correlation analysis gene clusters and protein categories and 244 

reveal key risk factors that played a major role in ABIs and subtype-specific molecules (Fig.3A). 245 

Based on the gene clusters in Fig.1A, we found that in cluster1 and cluster2, there was no 246 

obvious correlation aggregation in SAH; However, in TBI, it has a significant negative correlation 247 

aggregation (median: -0.36). Also, PM and TM hold a similar positive correlation aggregation 248 

(median: 0.23 and 0.26). This indicates that the disorder of transcription level and translation 249 

abundance in the genes of cluster 1 reflected their dynamic function of blood circulation regulation. 250 

We further found that TBI also has negative correlation aggregation in cilium movement, 251 

microtubule bundle formation, and microtubule-based movement (cluster3). More interesting, 252 

except the cluster6, the correlations of PM and TM were almost aggregated to the positive side. 253 



PM has a positive correlation aggregation in cluster1, 2, 3, and 4, especially in cluster3 and cluster4, 254 

but there was no obvious correlation aggregation in cluster5.  255 

To further identify the key regulatory molecules in the progression of ABIs, we analyzed the 6 256 

clusters. Taken the intersection for top 10 candidates of 5 screening algorithms by cytohubba 257 

plugin in Cytoscape (Closeness, EPC, Degree, Radiality, and MNC), we got 5, 8, 3, 1, 7, and 6 258 

hub genes in cluster1 to cluster6 respectively (Extended Data Fig.5A). The summary of these 30 259 

hub genes was listed in Supplementary Table 4. To further explore the interaction of robust hub 260 

genes, we constructed the PPI network by STRING database (Fig.3B). The hub genes in cluster 1 261 

were mainly enriched in behavior and cytosolic calcium ion concentration pathways. The Oxt, 262 

encodes a precursor protein that is processed to produce oxytocin and neurophysin I, involved in 263 

cognition, adaptation, and regulation of water excretion and cardiovascular functions. The increase 264 

in transcription level expression of Oxt could positively regulate the translation level of protein in 265 

SAH and PM (Extended Data Fig.5B), but there might be post-translational in TM. The 266 

transcription and translation level of Oxt at three stages of four ABI models had significant 267 

characteristics, so this gene may be used as a marker gene in different progression stages of ABIs. 268 

In cluster 2, these hub genes were highly related to synaptic transmission and regulation of 269 

neuronal synaptic plasticity, which was also consistent with the results in Fig.1A, indicating that 270 

these 15 hub genes might play an important role in the regulation of synapses and neuronal 271 

functions. In SAH and TBI models, transcription level and protein level of Syp had a low 272 

correlation (r = 0.17; r = -0.21) at three stages (Fig.3C), it revealed that there was no obvious 273 

regulatory relationship between transcription level and protein level in traumatic/hemorrhagic 274 

brain injury subtypes. However, in PM and TM, Syp had a strong positive correlation (r = 0.99; r 275 

= 0.99) between transcriptome and proteome. Hub genes in cluster3 were particularly enriched in 276 

the Wnt signaling pathway. Wnt plays an important function in maintaining homeostasis and is 277 

involved in the formation of the brain and multi-synaptic globular rings35,36. MKI67, the hub gene 278 

of cluster 4, encodes a nuclear protein associated with cellular proliferation. In cluster 5 and cluster 279 

6, hub genes were mainly enriched in pathways related to abiotic stimulus, cytokine, apoptotic and 280 

inflammatory response. 281 

Overall, the identification of risk factors (hub genes), and particularly of ABI subtype-specific 282 

molecules underscores their potential roles in ABI progression. 283 

 284 

Metabolic Characteristics of ABI  285 

These dynamic transcriptomic and proteomic changes in ABIs promoted us to study alterations in 286 

the metabolic process. For ABIs, probably together with astrocytic and microglial activation and 287 

induction of a metabolic disorder state that can induce secondary injury events, offering several 288 

potential clinical biomarkers and therapeutic targets37. We explored whether the alterations in 289 

transcription and translation levels could modulate the metabolites. Because changes of genes in 290 

transcription or translation levels can lead to broad metabolites alterations due to modulation of 291 

metabolic pathways. 292 

To manipulate the dynamic changes in metabolites at different stages of ABIs, we utilized LC-293 

MS to perform metabolomic and lipidomic assays (Extended Data Fig.1A, Supplementary Table 294 

5). Further abundance profile indicated high repeatability of lipidomic and metabolomic datasets 295 

(Extended Data Fig.2C). Given our focus on the metabolites alterations, we characterized the 296 

detected metabolites into four categories according to the public metabolic molecules database 297 

(Fig.4A, Extended Data Fig.6B-C; see method): lipids, nucleotides, organic compounds, and 298 

others. The organic compounds accounted for the vast majority in the three stages (early stage: 299 



52.63%; mid-stage: 52.67%; and late-stage: 52.63%) in the four ABIs. Among them, we found 300 

that lipids (9%) hold dynamic changes. The nucleotides category (9.33%) was significantly higher 301 

in TM compared to the other ABI subtypes at 24H. Generally, the metabolome profile exhibited 302 

more altered patterns between PM and TM at 24H (Fig.4A). Besides, this finding was also 303 

consistent with the results in 12H and 72H (Extended Data Fig.6B); and could catch out attention 304 

to the difference in metabolites caused by the progression stages of ABIs.   305 

Inspection of differential expressed metabolites (DEMs) (Fig.4A, Extended Data Fig.6A, and 306 

Supplementary Table 1) and KEGG enrichment at each progression stage of ABIs revealed the 307 

changes in metabolic pathways. We classified each pathway of DEMs and found that metabolism 308 

accounted for 42.93%, 49.96%, 44.2% at 12H, 24H, and 72H (average at four ABI models), 309 

Organismal Systems accounted for 29.48%, 26.92%, and 28.49%, and human disease accounted 310 

for 14.27%, 10.76%, 15.15% (Fig.4B). The top 10 KEGG pathways of Metabolism and Human 311 

Disease in the four ABI models were displayed in Extended Data Fig.7A-C. 312 

Consequently, further analysis of filtering out low-quality values (see methods) suggested that 313 

only 1380(12H), 1266 (24H), and 1380 (72H) lipid features could be used for downstream analysis. 314 

Differential expressed lipids (DELs) at each stage of ABIs were identified in a high frequency of 315 

phosphatidylethanolamine (PE), phosphatidylcholine (PC), Ceramides (Cer), and 316 

lysophosphatidylcholine (LPC) at 24H (Fig.4C). Moreover, in 12H and 72H, PE, PC, and Simple 317 

Glc series (CerG1) categories accounted for the major proportion (Extended Data Fig.7D).  318 

As the progression of ABIs, we noticed that DELs for CerG1 gradually decrease in the SAH 319 

(12H: 23.53%; 24H: 10.61%; 72H: 6.25%; Extended Data Fig.8). But in TBI, CerG1 accounted 320 

for the largest proportion in 72H (27.78%). This suggests a potential molecular marker for 321 

distinguishing the SAH and TBI. Moreover, PM and TM occupied more dynamic alterations for 322 

CerG1, which both gone through along with the ABI progression according to the patterns of 323 

“high- low- high” in PM (12H: 22.52%; 24H: 6.78%; 72H: 32.54%) and TM (12H: 13.64%; 24H: 324 

4.17%; 72H: 31.82%) (Fig.4C, S8). Interestingly, in TM, we found DELs in PE accounted for 325 

27.27% (12H) and 18.18% (72H) proportion at the early and late stages respectively; however, we 326 

did not detect PE expression at 24H. This suggests that cephalin-related lipids mainly changed in 327 

the early and late stages of TM, but at 24H, it preferred the regulation of lecithin-related lipids 328 

changes. Also, we found 12H and 72H had more overlapped DELs (Fig.4D) in four ABI subtypes. 329 

This analysis revealed that there might be more metabolites alterations in the mid-stage of ABIs 330 

(24H) compared with the early (12H) and late stages (72H).  331 

These metabolic analyses identified the dynamic alterations in metabolites, especially in lipids, 332 

associated with the progression of ABIs, supporting the roles for metabolic disorders in ABIs. 333 

 334 

Dynamic lipid alterations are associated with PM and TM 335 

Metabolomics analysis revealed that the abundance of a batch of lipid molecules changed 336 

dynamically in PM and TM (Fig.4A, Extended Data Fig.6B). These lipid alterations may pinpoint 337 

the genes involved in the lipids metabolic process. We considered the analysis of lipid-related 338 

genes for PC, PE, Cer, CerG1, and PS (downloaded from Mouse Genome Informatics; see method) 339 

(Fig.5A and Supplementary Table 6). The abundance of genes and proteins were correlated well 340 

regardless of PM and TM progression in PC-related genes. Compared with TM, the log2FC (versus 341 

Ctrl) of PE-related protein Esyt1, CerG1-related proteins Gba and Gba2, and Cer-related protein 342 

Agk in PM showed a gradual increase trend during the first 72 hours. For PS-related proteins, the 343 

log2FC of  Syt12 (versus Ctrl) was higher at 12H, decreased at 24H in PM compared with TM, 344 

then back to a high level (log2FC of PM versus log2FC of TM) at 72H (Fig.5B, Supplementary 345 



Table 7). This result was confirmed that in the late stage (72H) of ischemic brain injury (PM and 346 

TM), lipid-related proteins involved in an important pathological process of ABI. However, PM 347 

and TM always occupied an inconsistent pace in the abundance regardless of the transcription and 348 

translation levels and ABIs progressions.  349 

To further explore the lipids alterations in PM and TM, we analyzed in detail the abundance 350 

changes of DELs in PM and TM with the progress of ABIs. It was remarkable that we found 351 

similar lipids abundance patterns associated with PM and TM in 12H and 72H (Fig.5C). However, 352 

just like the dynamic changes at the transcription and protein levels, the abundance of DELs also 353 

showed dynamic changes in 24H. Among them, almost all Cer and PS were down-regulated, and 354 

only CerG1 was up-regulated in PM. As for PE and PC, which are the largest portion of lipids in 355 

brain tissues, DELs abundances of PM and TM hold a very obvious mutually exclusive pattern. 356 

Based on the results above, we found that the Cer and PS of PM were greatly decreased compared 357 

to TM, and these two types of lipid molecules appear to have a positive role in neurological 358 

function post stroke38,39. These data provide molecular evidence of ischemic time-depended 359 

secondary brain injury related to lipid metabolism. 360 

 361 

Discussion 362 

The key to developing effective brain injury treatments is to better understand and determine the 363 

exact mechanism of the secondary pathology associated with ABI. Current guidelines are agreed 364 

on the general principles of early management or medical care for ABI patients40,41. However, the 365 

progression and survival prediction of patients with late-stage ABI are extremely challenging 366 

obstacles to successful treatment selection, partly due to a lack of understanding of the complex 367 

pathophysiological changes during secondary brain injury.  368 

Here, we reported an integrated omics analysis of ABI mice models, which uncovered molecular 369 

alterations associated with ABIs. A total of 15 co-variation risk factors were identified as key 370 

regulators for secondary pathophysiological changes of ABIs. The relationship between 371 

transcriptome and proteome patterns and prognosis may facilitate the precise treatment and 372 

evaluation of late-stage ABI patients.  373 

In particular, for the early stages of ABIs, widespread transcriptome abnormalities with 374 

prominent signatures of body temperature in the prognosis of ischemic brain injuries. The 375 

relationship between abnormal body temperature and ABI severity and clinical outcome has been 376 

reported previously20,42, but the molecular mechanism behind it, especially the regulatory factors 377 

of gene and protein network under the multi-omics model, has not been revealed yet. Our results 378 

confirmed that thermoregulation-related genes, including 20 genes were differentially expressed 379 

under cerebral infarction. Previous studies have reported that the Wnt10b, Dio2, Gadd45g, and 380 

Lcn2 can regulate the thermogenic function of adipose tissue under stress35,43-45. Recently, the 381 

epigenetic regulator Kdm6b is reported as a temperature-sensitive factor46. On the other hand, 382 

inflammatory cytokine (e.g. interleukin-6) is reported to be associated with elevated body 383 

temperature after stroke47. In this study, inflammation-related pathways such as interleukin-6 384 

production, cytokine-mediated signaling pathway, and regulation of innate immune response are 385 

significantly changed in ABI brains. Our transcriptomics/proteomics combined analysis provides 386 

potential molecule targets for the regulation of body temperature after ischemic ABIs.  387 

Specifically, although the primary injury mechanism is considered different, traumatic and 388 

hemorrhagic injury share dysregulation of cerebral blood flow, resulting in secondary ischemic 389 

injury. For ischemic stroke, if reperfusion is not achieved in the subacute phase, a delayed phase 390 

(days to weeks after symptom onset) may occur in which ischemic injury is further exacerbated 391 



by secondary oxidative stress, brain edema, neuroinflammation, and other associated and relevant 392 

deleterious molecular mechanisms. Thus, the multi-omics dynamic analysis would provide 393 

evidence of the effect of ischemic time on brain injury from a molecular level. Between the two 394 

subtypes of ischemic ABI models, PM and TM, these ischemic injuries harbored few differences 395 

in their transcriptomic signatures. However, we found that lipidomics of PM and TM revealed 396 

variations between them during the first 72H after injury, showing that lipid metabolism is 397 

sensitive to ischemia, which is consistent with the previous investigation48.  398 

Based on the integrated omics dataset of ABI mice models, we have established a resource 399 

database of disease progression and molecular pathology characteristics of ABI to allow 400 

researchers to understand and evaluate this disease more comprehensively. Through the results of 401 

transcriptome and proteomics, we have identified the genes related to temperature disturbance in 402 

the early stage of ischemic ABI and the key molecules in the regulatory network of the entire 403 

disease progression. In addition to thermoregulation-related pathways, other pathways related to 404 

early brain damage such as synaptic plasticity correlations and neurofilament-based process were 405 

significantly changed in ABI models, which have been reported as neurobiological foundations 406 

for biomarker applications in brain injury and neurodegeneration49. These results will bring about 407 

substantial assistance for early intervention and diagnosis of ischemic ABIs, and will also provide 408 

a molecular basis for the development of ABI therapeutic drugs.  409 

In summary, our integrated omics dataset focused on ABI providing the global characteristics 410 

of transcripts, proteins, and metabolites. Based on our observations of divergence changes in 411 

multiple omics characteristics for distinct progression of ABIs, we found that correlation analysis 412 

combined with transcriptomics and proteomics data can accurately reflect ABIs. Also, the changes 413 

in metabolites, especially lipid metabolites, reflect the secondary brain injury progression stage of 414 

ABIs. These results strongly suggest that the treatment and rehabilitation of ABI patients should 415 

focus on changes in brain metabolites in both traumatic/hemorrhagic and ischemic ABIs for 416 

effective, individualized treatment strategies. 417 

 418 

Methods 419 

Animals and ABI mice models. All experiments were approved by the Southwest Medical 420 

University Animal Studies Committee (201903-105). We followed the Guide for the Care and Use 421 

of Laboratory Animals of China. Male C57BL/6 wild-type mice were purchased at 10-12 weeks 422 

of age, housed in a pathogen-free facility with access to food and water. Our methods also included 423 

randomization, blinding, and statistical criteria consistent with ARRIVE guidelines (Animals in 424 

Research: Reporting In vivo Experiments). All surgical procedures were conducted under aseptic 425 

conditions. For RNA sequencing, (N = 9) each group at each time point (dissolved with TRIzol 426 

and then the lysates of three mice in each group were pooled into one sample). For LC-MS/MS, 427 

(N = 8) each group at each time point. 428 

The SAH mouse model was performed by endovascular perforation as previously described 429 

with slight modifications29. Briefly, anesthesia was induced by inhalation of 3% isoflurane in a 430 

nitrous oxide/oxygen mixture (70% oxide, 30% oxygen) and maintained by 1.5% isoflurane 431 

administered through a facemask. After the right internal carotid artery (ICA) was exposed, a 5-0 432 

prolene filament was introduced into the right external carotid artery (ECA) and advanced through 433 

the ICA until the resistance was felt, further advanced 3 mm to induce arterial rupture. 434 

Subsequently, the filament was immediately withdrawn. Body temperature was maintained at 37 435 

± 0.5 °C throughout the procedure using a heating pad.  436 



The TBI mouse model was induced under isoflurane anesthesia using a controlled cortical 437 

impact (CCI) technique27. Briefly, the animals were anesthetized with 1.5% isoflurane and checked 438 

for pain reflexes. A 3 mm right lateral craniotomy centered at 2.7 mm lateral from the midline and 439 

3 mm anterior to lambda was performed with a motorized drill. The skull was removed without 440 

disrupting the dura. The CCI was produced with a pneumatic cylinder (Precision Systems and 441 

Instrumentation) using a 3 mm diameter flat-tip impounder (velocity, 3 m/s; dwell time, 100 ms; 442 

depth, 1.0 mm). A polyvinylidene fluoride skull cap was secured over the craniotomy and sealed. 443 

Body temperature was maintained at 37 ± 0.5 °C throughout the procedure using a heating pad. 444 

The anesthetized mice were wrapped in a blanket (37 °C) until recovered and were able to freely 445 

ambulate. 446 

For the ischemic stroke mice models, the transient focal cerebral ischemia was produced by the 447 

right cerebral artery occlusion (MCAO) with slight modifications50. Briefly, under isoflurane 448 

anesthesia (3% induction, 1.5% maintenance), mice were placed in a supine position, a midline 449 

incision was made on the neck, and the right common carotid artery (CCA) was exposed. A 6-0 450 

nylon monofilament was inserted through the stump of ECA into the ICA and advanced into the 451 

middle cerebral artery until light resistance was felt (12 mm). After 90 min of MCAO, reperfusion 452 

was initiated by withdrawing the nylon monofilament. Body temperature was maintained at 37 ± 453 

0.5 °C throughout the procedure using a heating pad. The same procedure is performed with the 454 

permanent MCAO model, but no reperfusion until euthanasia. 455 

 456 

Patients. A total of 41 transient ischemic stroke patients (who have received thrombolysis or 457 

thrombectomy therapy at the time of data collection) and 119 permanent ischemic stroke patients 458 

(who have not received any thrombolysis or thrombectomy therapy at the time of data collection) 459 

were included for body temperature analysis. The collection of patient data was approved by the 460 

ethics committee of the Affiliated Hospital of Southwest Medical University (No. KY2020161). 461 

  462 

Magnetic resonance imaging (MRI) scan. MRI was performed on a 7.0 Tesla animal scanner 463 

(Bruker Biospin, Germany) as previously described27. Mice were anesthetized by isoflurane 464 

(induction, 3% isoflurane with 1 L/min O2; maintenance, 1.5% isoflurane with 1 L/min O2), and 465 

mounted in a Bruker animal bed. T2-weighted images were acquired using RARE (repetition time 466 

= 4000, echotime = 45, RARE factor 8, 0.5 mm, field of view 2.5 cm, 256 × 256). Analysis and 467 

image reconstruction was performed with Bruker ParaVision 6.0 software (Bruker Biospin, 468 

Germany).  469 

 470 

RNA library preparation and sequencing. RNA per sample was extracted using TRIzol RNA 471 

Isolation Reagents (Invitrogen, USA) according to the manufacturer’s instructions. After RNA 472 

purity was checked using the NanoPhotometer® spectrophotometer (IMPLEN, CA, USA), their 473 

degradation and contamination were monitored on 1% agarose gels. RNA concentration and 474 

integrity were measured using Qubit® RNA Assay Kit in Qubit®2.0 Flurometer (Life 475 

Technologies, CA, USA) and the RNA Nano 6000 Assay Kit of the Bioanalyzer 2100 system 476 

(Agilent Technologies, CA, USA), respectively.  477 

A total amount of 3 μg RNA per sample was used as input material for the RNA sample 478 

preparations. Sequencing libraries were generated using NEBNext® UltraTM RNA Library Prep 479 

Kit for Illumina® (NEB, USA) following the manufacturer’s recommendations and index codes 480 

were added to attribute sequences to each sample. Briefly, mRNA was purified from total RNA 481 

using poly-T oligo-attached magnetic beads. Fragmentation was carried out using divalent cations 482 



under elevated temperature in NEBNext First Strand Synthesis Reaction Buffer (5X). First strand 483 

cDNA was synthesized using a random hexamer primer and M-MuLV Reverse Transcriptase 484 

(RNase H-). Second strand cDNA synthesis was subsequently performed using DNA Polymerase 485 

I and RNase H. Remaining overhangs were converted into blunt ends via exonuclease/polymerase 486 

activities. After adenylation of 3’ ends of DNA fragments, NEBNext Adaptor with hairpin loop 487 

structure was ligated to prepare for hybridization. To select cDNA fragments of preferentially 488 

250~300 bp in length, the library fragments were purified with the AMPure XP system (Beckman 489 

Coulter, Beverly, USA). Then 3 μl USER Enzyme (NEB, USA) was used with size-selected, 490 

adaptor-ligated cDNA at 37°C for 15 min followed by 5 min at 95 °C before PCR. Then PCR was 491 

performed with Phusion High-Fidelity DNA polymerase, Universal PCR primers, and Index (X) 492 

Primer. At last, PCR products were purified (AMPure XP system) and library quality was assessed 493 

on the Agilent Bioanalyzer 2100 system. The clustering of the index-coded samples was performed 494 

on a cBot Cluster Generation System using TruSeq PE Cluster Kit v3-cBot-HS (Illumia) according 495 

to the manufacturer’s instructions. After cluster generation, the library preparations were 496 

sequenced on an Illumina platform and 150 bp paired-end reads were generated. 497 

 498 

Protein library preparation and sequencing. All samples, including mixed pool samples, were 499 

digested with Trypsin per APT's internal SOP for FASP digestion. Add DTT to a final 500 

concentration of 10mM, boiling water bath for 15min, cooling to room temperature, adding 200μL 501 

UA buffer (8M Urea, 150mM Tris-HCl, pH8.0) to mix well, transferring to 10KDa ultrafiltration 502 

tube, centrifuged at 14000g for 30min. Add 200μl UA buffer and centrifuge at 14000g for 30min, 503 

discard the filtrate. Add 100μL IAA (50mM IAA in UA), shake at 600rpm for 1min, protect from 504 

light and room temperature for 30min, and centrifuge at 14000g for 20min. Add 100μL UA buffer, 505 

centrifuge at 14000g for 20min, and repeat 3 times. Add 100μL NH4HCO3 buffer (50mM), 506 

centrifuge at 14000g for 20min, and repeat twice. Add 40μL NH4HCO3 buffer (2μg Lys-C), shake 507 

at 600rpm for 1min at 37°C for 4h, then add 2μg Trypsin to the sample at 37°C for 16h. Replace 508 

with a new collection tube and centrifuge at 14000g for 15min. Add 40μL of NH4HCO3 buffer 509 

(50mM) and centrifuge at 14000g for 30min, and collect the filtrate. OD280 measures the peptide 510 

concentration. Take 100μg Pool mixed peptides, use the HPRP method for fractionation, and 511 

collect all the components. After the peptides of each component were lyophilized, they were 512 

reconstituted with 10μl 0.1% FA, and the peptide concentration was determined by OD280. Then 513 

take out 2μg peptide fragments, mix with an appropriate amount of iRT standard peptide fragments, 514 

and conduct DDA mass spectrometry detection. The mass spectrometry analysis time of each 515 

component is 2h. 516 

All fractions for Data Dependent Acquisition (DDA) library generation were injected on a 517 

Thermo Scientific Q Exactive HF mass spectrometer connected to an Easy nLC 1200 518 

chromatography system (Thermo Scientific). 2μg peptides were first loaded onto an EASY-519 

SprayTM C18 Trap column (Thermo Scientific, P/N 164946, 3um, 75um*2cm), then separated on 520 

an EASYSprayTM C18 LC Analytical Column (Thermo Scientific, ES803, 2um, 75um*50cm) 521 

with a linear gradient of buffer B (80% acetonitrile and 0.1% Formic acid) at a flow rate of 250 522 

nl/min over 120 min. MS detection method was positive ion, the scan range was 300-1650 m/z, 523 

resolution for MS1 scan was 60000 at 200 m/z, target of AGC (Automatic gain control) was 3e6, 524 

maximum IT was 25ms, dynamic exclusion was 30.0s. Each full MS–SIM scan followed 20 525 

ddMS2 scans. Resolution for MS2 scan was 15000, AGC target was 5e4, maximum IT was 25ms 526 

and the normalized collision energy was 27eV. 527 



Each sample peptide was analyzed by LC-MS/MS operating in the data-independent acquisition 528 

(DIA) mode by Shanghai Applied Protein Technology Co., Ltd. Each DIA cycle contained one 529 

full MS–SIM scan, and 30 DIA scans covered a mass range of 350–1650 m/z with the following 530 

settings: SIM full scan resolution was 60,000 at 200 m/z; AGC 3e6; maximum IT 50ms; profile 531 

mode; DIA scans were set at a resolution of 30,000; AGC target 3e6; Max IT auto; normalized 532 

collision energy was 30eV. Runtime was 120min with a linear gradient of buffer B (80% 533 

acetonitrile and 0.1% Formic acid) at a flow rate of 250 nl/min. QC samples (pooled sample from 534 

an equal aliquot of each sample in the experiment) were injected with DIA mode at the beginning 535 

of the MS study and after every 6-8 injections throughout the experiment, which was used to 536 

monitor the MS performance. 537 

 538 

Metabolism library preparation and sequencing. Take out the sample at -80°C, weigh 60mg 539 

sample, add 200ul water MP homogenate, vortex for the 60s, add 800ul methanol acetonitrile 540 

solution (1:1, v/v), vortex for 60s, low-temperature ultrasound for 30min, 2 times, Precipitate the 541 

protein at -20°C for 1 hour, centrifuge at 14000 rcf for 20 min at 4°C, take the supernatant and 542 

freeze-dry, and store the sample at -80°C. The samples were separated by Agilent 1290 Infinity 543 

LC Ultra-High-Performance Liquid Chromatography (UHPLC) HILIC column; column 544 

temperature was 25°C; flow rate was 0.3 mL/min; mobile phase composition A: water + 25 mM 545 

ammonium acetate + 25 mM ammonia, B: Acetonitrile; the gradient elution procedure is as follows: 546 

0-0.5 min, 95% B; 0.5-7 min, B linearly changes from 95% to 65%; 7-8 min, B linearly changes 547 

from 65% to 40%; 8-9 min, B maintained at 40%; 9-9.1 min, B changed linearly from 40% to 95%; 548 

9.1-12 min, B maintained at 95%; throughout the analysis process The sample is placed in the 4°C 549 

autosamplers. To avoid the influence caused by the fluctuation of the detection signal of the 550 

instrument, a random order is adopted for continuous analysis of samples. QC samples are inserted 551 

into the sample queue to monitor and evaluate the stability of the system and the reliability of 552 

experimental data. Electrospray ionization (ESI) positive ion and negative ion modes were used 553 

for detection. The samples were separated by UHPLC and analyzed by Agilent 6550 mass 554 

spectrometer. The ESI source conditions are as follows: Gas Tem: 250°C, Drying gas: 16 L/min, 555 

Nebulizer: 20 psig, Sheath gas Tem: 400°C, sheath Gas Flow: 12 L/min, Vcap: 3000 V, Nozzle 556 

voltage: 0 V. Fragment: 175 V, Mass Range: 50-1200, Acquisition rate: 4 Hz, cycle time: 250 ms. 557 

After the samples were tested, the AB Triple TOF 6600 mass spectrometer was used to identify 558 

the metabolites, and the primary and secondary spectra of the QC samples were collected. The ESI 559 

source conditions are as follows: Ion Source Gas1 (Gas1): 40, Ion Source Gas2 (Gas2): 80, Curtain 560 

gas (CUR): 30, source temperature: 650°C, IonSapary Voltage Floating (ISVF) ±5000 V (positive 561 

and negative) Two modes); the secondary mass spectrum is obtained by information-dependent 562 

acquisition (IDA), and the high sensitivity mode is adopted, Declustering potential (DP): ±60 V 563 

(both positive and negative modes), Collision Energy: 35 ± 15 eV, IDA setting The following 564 

Exclude isotopes within 4 Da, Candidate ions to monitor per cycle: 10. The data collection is 565 

segmented according to the mass range, 50-300, 290-600, 590-900, 890-1200, thereby expanding 566 

the collection rate of the secondary spectrum, each method collects four repetitions per segment. 567 

The collected data were used to identify the structure of metabolites using self-built MetDDA and 568 

LipDDA methods. After the sample is tested, use AB Triple TOF 6600 mass spectrometer to 569 

collect the primary and secondary spectra of the sample. 570 

The ESI source conditions after HILIC chromatographic separation are as follows: Ion Source 571 

Gas1(Gas1): 60, Ion Source Gas2(Gas2): 60, Curtain gas (CUR): 30, source temperature: 600°C, 572 

IonSapary Voltage Floating (ISVF)± 5500 V (both positive and negative modes); TOF MS scan 573 



m/z range: 60-1000 Da, product ion scan m/z range: 25-1000 Da, TOF MS scan accumulation time 574 

0.20 s/spectra, product ion scan accumulation time 0.05 s/ spectra; the secondary mass spectrum 575 

is obtained by information-dependent acquisition (IDA), and the high sensitivity mode is adopted, 576 

Declustering potential (DP): ±60 V (both positive and negative modes), Collision Energy: 35±15 577 

eV, IDA The settings are as follows: Exclude isotopes within 4 Da, Candidate ions to monitor per 578 

cycle: 6 (Shanghai Applied Protein Technology, Shanghai, China). 579 

 580 

Lipid library preparation and sequencing. Lipid extraction and mass spectrometry-based lipid 581 

detection were performed by Applied Protein Technology. And a separate sample in each group 582 

and mix them equally together to create a pooled QC sample. QC samples were inserted into the 583 

analysis queue to evaluate the system stability and data reliability during the whole experimental 584 

process. Precisely weigh 30 mg of the sample and transfer it to a 2 mL centrifuge tube pre-installed 585 

with an appropriate number of magnetic beads, add 200 μL of 4°C water, and put it in the solution. 586 

Flash freezing in nitrogen for 5 seconds, and homogenize it with MP homogenizer (24×2, 6.0M/S, 587 

the 60s, three times). Add 240μL of pre-cooled methanol, vortex to mix, add 800μL of MTBE, 588 

vortex to mix, sonicate in a low-temperature water bath for 20 minutes, place at room temperature 589 

for 30 minutes, and centrifuge at 14000 g at 10°C 15 min, take the upper organic phase, blow dry 590 

with nitrogen, and store the sample at -80°C. The samples were separated using UHPLC Nexera 591 

LC-30A ultra-high performance liquid chromatography system. The column temperature is 45°C; 592 

the flow rate is 300 μL/min. Mobile phase composition A: 10 mM ammonium formate acetonitrile 593 

aqueous solution (acetonitrile: water=6:4, v/v), B: 10 mM ammonium formate acetonitrile 594 

isopropanol solution (acetonitrile: isopropanol=1:9, v/v ). The gradient elution procedure is as 595 

follows: 0-2 min, B is maintained at 30%; 2-25 min, B changes linearly from 30% to 100%; 25-596 

35min, B is maintained at 30%. The sample is placed in the 10°C autosamplers during the entire 597 

analysis. IToavoid the influence caused by the fluctuation of the detection signal of the instrument, 598 

a random sequence is adopted to carry out continuous analysis of the sample. 599 

Electrospray ionization (ESI) positive ion and negative ion modes were used for detection. Mass 600 

spectrometer (Thermo ScientificTM) performs mass spectrometry analysis. The mass-to-charge 601 

ratios of lipid molecules and lipid fragments are collected according to the following method: 10 602 

fragment patterns (MS2 scan, HCD) are collected after each full scan. MS1 has a resolution of 603 

70,000 at M/Z 200, and MS2 has a resolution of 17,500 at M/Z 200. Lipid identification (secondary 604 

identification), peak extraction, peak alignment, and quantification were assessed with 605 

LipidSearch software version 4.1 (Thermo Scientific™). In the extracted ion features, only the 606 

variables having more than 50% of the nonzero measurement values in at least one group were 607 

kept (Shanghai, China). 608 

 609 

Transcriptome analysis. The raw fastq files were trimmed using trim galore (version 1.18) to 610 

remove adaptor sequences and low-quality reads. Then FastQC (version 0.11.9) was used for 611 

quality control. The remaining reads were aligned to the GRCm38 mouse genome using HISAT2 612 

(v2.2.0) with default parameters and further filtered with samtools (version 1.10, parameters used: 613 

samtools view -F 1804 -f 2 -q 30). Gene counts were calculated from the mapped reads using 614 

featureCounts (v2.0.1) with the Ensembl gene annotation (version mm10). Subsequently, TPM 615 

(Transcripts Per Kilobase of exon model per Million mapped reads) in each gene was calculated 616 

for subsequent analysis. 617 

 618 



Proteome analysis. The DDA data was searched by Maxquant software (Maxquant_1.5.3.17), and 619 

the database was downloaded by human uniprot, and the iRT peptide sequence was added to the 620 

database 621 

(>Biognosys|iRTKit|Sequence_fusionLGGNEQVTRYILAGVENSKGTFIIDPGGVIRGTFIIDP622 

AAVIRGAGSSEPVTGLDAKTPVISGGPYEYRVEATFGVDESNAKTPVITGAPYEYRDGL623 

DAASYYAPVRADVTPADFSEWSKLFLQFGAQGSP FLK). The search parameters are set as 624 

follows: Enzyme is trypsin, max miss cleavage site is 2, fixed modification is Carbamidomethyl 625 

(C), dynamic modification is set to Oxidation (M) and Acetyl (Protein N-term), the protein 626 

identified by database search must pass The set filter parameter FDR<1%. Import the original raw 627 

files and search results into the Spectronaut software to build the Spectral Library. DIA data uses 628 

Spectronaut software (Spectronaut Pulsar X_12.0.20491.4) for data processing, and the database 629 

is the same as the database used for database construction. The software parameters are set as 630 

follows: retention time prediction type is set to dynamic iRT, interference on MS2 level correction 631 

is enabled, cross run normalization is enabled, all results must pass the set filter parameter Q Value 632 

cutoff is 0.01 (equivalent to FDR<1%). 633 

 634 

Metabonome analysis. The raw MS data (wiff.scan files) were converted to MzXML files using 635 

ProteoWizard MS Convert version 3.0.6458 before importing into freely available XCMS software. 636 

For peak picking, the following parameters were used: centWave m/z = 25 ppm, peak width = c 637 

(10, 60), prefilter = c (10, 100). For peak grouping, bw = 5, mzwid = 0.025, minfrac = 0.5 were 638 

used. In the extracted ion features, only the variables having more than 50% of the nonzero 639 

measurement values in at least one group were kept. Compound identification of metabolites by 640 

MS/MS spectra with an in-house database established with available authentic standards. After 641 

normalized to total peak intensity, the processed data were uploaded before importing into 642 

SIMCA-P (version 14.1, Umetrics, Umea, Sweden), where it was subjected to multivariate data 643 

analysis, including Pareto-scaled principal component analysis (PCA) and orthogonal partial least-644 

squares discriminant analysis (OPLS-DA). The 7-fold cross-validation and response permutation 645 

testing were used to evaluate the robustness of the model. The variable importance in the projection 646 

(VIP) value of each variable in the OPLS-DA model was calculated to indicate its contribution to 647 

the classification. Metabolites with the VIP value >1 were further applied to Student’s t-test at a 648 

univariate level to measure the significance of each metabolite, the p values less than 0.05 were 649 

considered as statistically significant. 650 

 651 

Lipidome analysis. LipidSearch is used for peak identification, peak extraction, lipid 652 

identification (secondary identification), and other processing. The main parameters are precursor 653 

tolerance: 5 ppm, product tolerance: 5 ppm, production threshold: 5%. Perform data analysis on 654 

the data extracted by LipidSearch, including univariate statistical analysis, multivariate statistical 655 

analysis, hierarchical cluster analysis, and correlation analysis. Univariate statistical analysis 656 

includes the Student’s t-test/non-parametric test and multiple variation analysis. Multivariate 657 

statistical analysis includes unsupervised principal component analysis (PCA) analysis, supervised 658 

least squares discriminant analysis (PLS-DA), and orthogonal partial least squares discriminant 659 

analysis (OPLS-DA). 660 

 661 

Differential analysis. Differential expressed genes (DEGs) was evaluated using DESeq2 package 662 

in R (version 4.2.0), using p-adjust < 0.05 and |log2FC| > 1 as cutoffs to define the DEGs.  Raw 663 

protein abundance data was used to identify significantly changed proteins with unpaired two-664 



sided Student’s t-tests (Welch t-test). Proteins with p-value < 0.05 and |log2FC| > 0.585 were 665 

considered as significantly changed proteins. For metabolome and lipidome, the effect of VIP 666 

(Variable Importance for the Projection) value was fully considered while performing the Student’667 

s t-tests. VIP is used to measure the intensity and explanatory power of the expression pattern of 668 

each metabolite on the classification and discrimination of each group of samples, thereby assisting 669 

the screening of marker metabolites. Only molecules whose p-value < 0.05 and VIP > 1 were 670 

considered as significant. 671 

 672 

Enrichment analysis of DEGs. K-means clustering was performed to identify transcriptome-673 

typical clusters of acute brain injury models. 5632 differential expressed genes of four models in 674 

three-time points compared with control were selected for clustering. We calculated the Within-675 

Cluster-Sum of Squared Errors (WSS) for different values of k and chose the k for which WSS 676 

becomes first starts to decrease significantly. To better characterize transcriptome clusters, we 677 

sought to identify the biological pathways distinctly associated with each cluster. A subset of these 678 

pathways with biological relevance in specific biological functions was selected for display in 679 

Fig.1A, the differential expressed genes involved in the pathway are marked with gray lines, and 680 

the significantly enriched genes in each cluster are marked with the color as same as the cluster. 681 

 682 

Correlation analysis of gene expression and protein abundance. To identify differentially 683 

expressed genes with an association between the mRNA expression and protein translation, we 684 

calculated the Pearson correlation coefficient (PCC) for each gene across three-time points 685 

between the log2foldchang of RNA expression and the corresponding protein translation levels in 686 

each model. We also calculated the PCC for each gene across four acute brain injury models in 687 

each time point to explore the relationships between the different models. To limit our analysis to 688 

mRNA/protein pairs reflecting robust changes, only genes with a translational level in our 689 

proteomics were analyzed. 690 

 691 

Hubgenes Identification. CytoHubba is a Cytoscape plugin that allows the use of several 692 

topological analysis algorithms, including MCC, DMNC, MNC, Degree, EPC, BottleNeck, 693 

EcCentricity, Closeness, Radiality, Betweenness, and Stress. These approaches can be used to 694 

predict and explore important nodes in PPI networks. In our study, the intersection of the top 10 695 

genes from 5 topological analysis algorithms (MNC, Radiality, Degree, EPC, Closeness) was 696 

chosen as hub genes. Only hub genes with a translational level were performed correlation analysis 697 

in Fig.2B and Extended Data Fig.5B. 698 

 699 

Protein-Protein Interaction Network Construction. We uploaded the hub genes in each cluster 700 

to the STRING online database, chose confidence > 0.9 as the screening criteria. The related nodes 701 

were also shown in the current network. The visualized PPI network was performed by Cytoscape 702 

(version 3.6.1). The node size represents degree and the edge size represents the combined score.  703 

 704 

Classification of metabolites and enrichment pathways. Metabolites KEGG pathway 705 

annotation was performed through http://cloud.aptbiotech.com/#/main-page, a website dedicated 706 

to proteome, PTM modification, metabonomics, and biomedicine structural characterization. After 707 

KEGG pathway annotation, KEGG pathways classification and metabolites classification were 708 

also completed on this website. 709 

 710 



Genes enriched in lipid-associated pathways. To observe the correlation between genes and 711 

lipids, we downloaded the pathways related to Several major categories of lipids 712 

(phosphatidylethanolamine, phosphatidylcholine, phosphatidylserine, Ceramides, Simple Glc 713 

series) from Mouse Genome Informatics (http://www.informatics.jax.org/). The genes involved in 714 

these pathways are extracted to draw the expression profile by the Heatmap function in R.  715 

 716 

Statistical analysis. Visualization of the statistical analyses was performed using R (version 4.2.0). 717 

We applied Partial Least Squares Discriminant Analysis (PLS-DA) from the mixOmics Package 718 

in R to distinct different models. Gene ontology enrichment and Kyoto Encyclopedia of Genes and 719 

Genomes (KEGG) enrichment were performed using the clusterProfiler Bioconductor package. 720 

Venn diagrams were drawn using the VennDiagram package. Heatmap function from the R 721 

packages Complex Heatmap was used to cluster and visualization. We used unpaired two-sided 722 

Student’s t-tests (Welch t-test) for normally distributed data in which two comparison groups were 723 

involved. In the case of multiple comparisons, Benjamini and Hochberg correction was then 724 

performed for the raw p-value to obtain the q-value. Pearson correlation analysis was performed 725 

to determine correlations between neurological score and body temperature variables of ischemic 726 

stroke patients. We set the significance level at α=0.05.  727 

 728 
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The transcriptomic data that support the findings of this research are available through the National 730 

Center for Biotechnology Information under accession number PRJNA719247.  731 
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 874 

Figure legends: 875 

 876 

Fig.1 Transcriptome landscape of ABIs.  877 

(A) Gene expression profile of differential expressed genes (DEGs) and associated functional term 878 

enrichment. Each column indicates a gene (top heatmap). The pie chart represents the gene 879 

counts of up-regulated (red), down-regulated (blue), and not-changed (white) genes in each 880 

acute brain injury model (top right pie plots). Gene members of key pathways enriched in each 881 

cluster (bottom heatmap) are shown.  882 

(B) Heatmap showcasing dynamic profile of the genes in cluster 6 from Figure 1A. K-means was 883 

performed to split genes into 2 categories based on the gene expression in PM and TM models 884 

at 12H. 885 

(C) The dynamically changed expression profile of the genes enriched in the four pathways 886 

displayed in Figure 1A of cluster 6 is constructed in this heatmap. The gene expression was 887 

transformed by z-score and then Hierarchical Clustering was performed. Each color represents 888 

the pathway which the gene enriched, consistent with pathways in cluster 6 from Figure 1A 889 

(D) The expression distribution of genes in cluster 6 between PM and TM models at 12H is 890 

represented in this box plot. The line and box represent median and upper and lower quartiles 891 

(∗P < 0.05, ∗∗P < 0.01, ∗∗∗P < 0.001). 892 

(E) Scatterplot shows the correlation of NIHSS score with highest body temperature of transient 893 

acute ischemic stroke patients (TAIS) (yellow, R = 0.304, 95% confidence interval: 0.131 - 894 



0.459, P = 0.0002, N = 41) and the correlation of NIHSS score with highest body temperature 895 

of permanent acute ischemic stroke patients (PAIS) (blue, R = 0.554, 95% confidence interval: 896 

0.297 - 0.736, P = 0.0008, N = 119) during the first 72H of admission. 897 

 898 

Fig.2 Proteomic characteristics of ABIs. 899 

(A) The abundance profile of significantly changed proteins in the four acute brain injury models 900 

at 24H. Heatmap was calculated by Hierarchical Clustering analysis using union sets of 901 

significantly changed proteins in each group of acute brain injury model. K-means was used 902 

to split significantly changed proteins into 2 clusters at 24H. 903 

(B) Simplified bar graphs are used to demonstrate the top 5 enriched GO terms of the significantly 904 

changed proteins related to the 2 clusters of four acute brain injury models at 24H. 905 

(C) Scatter plots are used to represent the correlation between gene transcription level (mRNA) 906 

and translation level (Protein) of proteins enriched in pathways related to synaptic in cluster2 907 

(Figure 2B bottom). The correlation coefficient and p values were calculated by the Pearson 908 

correlation method.  909 

(D) A representative group of proteins in Figure 2C is used to show the dynamic protein change 910 

at three-time stages. The y axis represents log2FC compare to control. 911 

 912 

Fig.3 Co-variation of risk factors related to ABIs 913 

(A) Pearson correlation coefficient distribution of the abundance of gene transcription level 914 

(mRNA) and translation level (Protein) in four acute brain injury models (SAH, TBI, PM, and 915 

TM) at three different time stages were calculated. The genes of each cluster were used in 916 

Figure 1A.  917 

(B) A complete protein-protein interaction network (PPI) of the above-mentioned hub genes of 918 

each cluster from Figure 3A generated using Cytoscape. Genes labeled red represents hub 919 

genes and genes labeled gray represent genes that are related to hub genes.  920 

(C) Pearson correlation coefficient distribution of hub genes in each acute brain injury model. The 921 

color of each sphere represents cluster number and the size of the sphere represents the 922 

absolute Pearson correlation coefficient value. 923 

 924 

Fig.4 Metabolic and lipidomic characteristics of ABI models. 925 

(A) The classification (left) the abundance (middle) of metabolites that significantly changed in 926 

the four acute brain injury models at 24H. Please refer to the methodology section for the 927 

classification criteria of metabolites. The bar plot on the right represents the number of 928 

metabolites in the form of positive and negative ions. 929 

(B) The pie charts indicate the category of KEGG pathway enriched by differential metabolites in 930 

the four acute brain injury models at 12H, 24H, and 72H. The models are constructed from 931 

the inner layer to the outer layer are SAH, TBI, PM, and TM. 932 

(C) The bar plot illustrates the number of significantly changed lipids in different classifications, 933 

which compared with the control group in four acute brain injury models at 24H. 934 

(D) The Venn diagrams of significantly changed lipids for each acute brain injury model compared 935 

with the control group at 12H, 24H, and 72H. 936 

 937 

Fig.5 Lipidome reveals a distinct pattern compared with transcriptome and proteome in 938 

PM and TM. 939 

(A) Pie chart showing the fractions of related genes in different classes of lipids 940 



(B) The joint proteomics and transcriptomics profile of TM and PM at three-time stages based on 941 

the related genes in five classes. The value in the heatmap represents the log2(fold change) 942 

compared with the control group. 943 

(C) The abundance of significantly changed lipids in five classes from Figure 5A compared with 944 

the control group. 945 

 946 

Extended Data Fig.1 The workflow of the ABI integrated omics study.  947 

(A) Schematics of Acute Brain Injury research. The ipsilateral hemisphere (right) of acute brain 948 

injury mouse models, including 17 mice (N = 9 for transcriptomics analysis; N = 8 for 949 

proteomics, metabolomics, and lipidomics analysis). In each group at the three-time stages of 950 

SAH, TBI, PM, and TM, samples were obtained for proteomics, transcriptomics, 951 

metabolomics, and lipidomics analysis. The time stages for collecting brain samples were 12 952 

hours (12H), 24 hours (24H), and 72 hours (72H) after the successful acute brain injury model 953 

construction. 954 

(B) The stability and accuracy of all acute brain injury mouse models were verified by MRI assays 955 

before the integrated omics experiment process. Representative MRI-T2 images of the dorsal 956 

view of brains show the radiological characteristics of the ipsilateral hemisphere (right, R) 957 

and contralateral hemisphere (left, L) of acute brain injury models. 958 

(C) Neurobehavioral tests including modified Garcia Score (for SAH), Neurological Severity 959 

Score (NSS, for TBI), as well as Neurological Score and Beam Walking (for PM and TM) 960 

were used to confirm the stability of the ABI models (∗∗∗P < 0.001, compared to the control 961 

group). 962 

(D) Statistics of the number of differential expressed genes in the ABI models compared with the 963 

control group at three-time stages. The pie charts above the bar plot indicate the proportion of 964 

DEGs that are up-or down-regulated. 965 

(E) The scatter plot distribution of differential expressed genes between the ABI models at three 966 

different time stages and the control group. Red dots indicate genes that are up-regulated, and 967 

the blues indicate down-regulated genes. The values of the x-axis and y-axis represent the 968 

value (TPM) of gene expression after the logarithmic operation. 969 

 970 

Extended Data Fig.2 Quality control of ABI mouse models and multi-omics data quality 971 

evaluation.  972 

(A) Heatmaps showing the Pearson correlation coefficients of gene expression between biological 973 

repeats in four acute brain injury mouse models and control at different time stages. 974 

(B) A statistical representation of the differential expressed genes number (DEGs) of the 975 

comparisons in four acute brain injury models at three-time stages. 976 

(C) Heatmap demonstrating hierarchical clustering analysis of relative proteins, metabolites, and 977 

lipids abundances among four acute brain injury models in comparison to the control group at 978 

the three-time stages. 979 

(D) Partial least squares-discrimination analysis (PLS-DA) reveals distinct characteristic patterns 980 

among different models based on their global proteome data at three-time stages.  981 

 982 

Extended Data Fig.3 The dynamic changes of the proteins related to exocytosis in each ABI 983 

model at three-time stages.  984 

(A) The correlation between gene transcription level (mRNA) and translation level (Protein) of 985 

proteins enriched in pathways related to exocytosis in category 1 (Figure 2B top). Correlation 986 



coefficients and p values were calculated by the Pearson correlation method. 987 

(B) A representative group of proteins in Figure S3A is used to show the dynamic protein change 988 

at three-time stages. The y axis represents log2FC compare to control. 989 

 990 

Extended Data Fig.4 The proteomics profiling in the ABI models at 12H and 72H. 991 

The abundance profile of significantly changed proteins in the four acute brain injury models at 992 

12H (A) and 72H (B). Heatmap was calculated by Hierarchical Clustering analysis using union 993 

sets of significantly changed proteins in each group of acute brain injury model. Simplified bar 994 

graphs are used to demonstrate the top 5 enriched GO terms of the significantly changed 995 

proteins related to the clusters of four acute brain injury models at 12H (C) and 72H (D). 996 

 997 

Extended Data Fig.5 Hub genes analysis of ABI models. 998 

(A) Cytohubba plugin of Cytoscape is used to screen the hub genes of the DEGs in each cluster. 999 

In the end, only the genes shared by the five methods were selected as the hub gene of each 1000 

cluster. Circles of the Venn diagram represent the ways for the cytohubba plugin to identify 1001 

the hub genes. 1002 

(B) The log2FC changes in the transcription level (mRNA, top) and translation level (Protein, 1003 

bottom) of hub genes relative to the control group at three-time stages. 1004 

 1005 

Extended Data Fig.6 Metabolic characteristics of ABI models at 12H and 72H. 1006 

(A) The bar plot represents the number of differentially changed metabolites in the form of 1007 

positive and negative ions among the four acute brain injury models at 12H and 72H. 1008 

(B) The classification (left) the abundance (right) of metabolites that significantly changed in the 1009 

four acute brain injury models at 12H and 72H. 1010 

 1011 

Extended Data Fig.7 Metabolic and lipidomic characteristics of ABI models.  1012 

The union of top 10 KEGG pathways in human disease (red text) and metabolism (blue text) in 1013 

the four acute brain injury models at 12H (A), 24H (B), and 72H (C) according to the Venn 1014 

diagram of Figure 4B (left, middle, right). (D) Bar plot showcasing the classification of 1015 

significantly changed lipids of four acute brain injury models compared with the control at 12H 1016 

and 72H. 1017 

 1018 

Extended Data Fig.8 Different ABI models have different lipid regulatory factors. 1019 

The classification statistics of the significantly changed lipid molecules compared with the 1020 

control group in each acute brain injury model at three-time stages. 1021 
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