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Abstract 

Rationale: In rodent model systems, the sequential changes in lung morphology 

resulting from hyperoxic injury are well characterized, and are similar to changes 

in human acute respiratory distress syndrome (ARDS). In the injured lung, 

alveolar type two (AT2) epithelial cells play a critical role restoring the normal 

alveolar structure. Thus characterizing the changes in AT2 cells will provide 

insights into the mechanisms underpinning the recovery from lung injury.  

Methods: We applied an unbiased systems level proteomics approach to 

elucidate molecular mechanisms contributing to lung repair in a rat hyperoxic 

lung injury model. AT2 cells were isolated from rat lungs at predetermined 

intervals during hyperoxic injury and recovery. Protein expression profiles were 

determined by using iTRAQ® with tandem mass spectrometry.  

Results: Of 959 distinct proteins identified, 183 significantly changed in 

abundance during the injury-recovery cycle. Gene Ontology enrichment analysis 

identified cell cycle, cell differentiation, cell metabolism, ion homeostasis, 

programmed cell death, ubiquitination, and cell migration to be significantly 

enriched by these proteins. Gene Set Enrichment Analysis of data acquired 

during lung repair revealed differential expression of gene sets that control 

multicellular organismal development, systems development, organ 

development, and chemical homeostasis. More detailed analysis identified 

activity in two regulatory pathways, JNK and miR 374. A Short Time-series 
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Expression Miner (STEM) algorithm identified protein clusters with coherent 

changes during injury and repair.  

Conclusion:  Coherent changes occur in the AT2 cell proteome in response to 

hyperoxic stress. These findings offer guidance regarding the specific molecular 

mechanisms governing repair of the injured lung.  
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Introduction 

Healthy rats and mice exposed to 100% oxygen develop respiratory failure 

and death within 2-3 days (1, 2). There is evidence that hyperoxia is damaging to 

the human lung as well (3-5). Histological examination of lungs from these 

animals shows pathological changes similar to those that occur in human Acute 

Respiratory Distress Syndrome (ARDS), with evidence of apoptosis and necrosis 

of the alveolar endothelium and epithelium (1, 6).  

Rodent lung morphology has been well characterized during acute 

oxygen-lung toxicity and subsequent recovery (1, 7, 8). In animals, exposure to 

normobaric hyperoxia for 72 hours results in an exudative phase that is 

characterized by alveolar type I (AT1) epithelial cell death; swelling and necrosis 

of endothelial cells; interstitial edema; and filling of alveoli with an exudative fluid 

(4, 7). Cessation of oxygen exposure after 60 hours leads to a rapid decrease in 

the number of neutrophils within the first three days and an increase in the 

number of monocytes and lymphocytes, resulting in a normal differential of lung 

white blood cells by day seven (8). These sequential changes in lung morphology 

parallel those observed in human acute lung injury (ALI), making this a good 

animal model for studying mechanisms of lung repair following ALI (8, 9). 

We utilized this model to elucidate the underlying molecular mechanisms 

governing the role of alveolar type 2 epithelial (AT2) cells in lung repair. In vivo 

exposure of adult animals to hyperoxia selectively kills AT1 cells, leaving a 

denuded basement membrane (7, 10).  In response, AT2 cells function as 
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regenerative cells (1, 2, 11); to renew the alveolar epithelium by proliferating and 

differentiating into AT1 cells (12). However, AT2 cells are also targets of oxygen-

induced injury. Decreased surfactant production and other changes reflecting a 

compromised metabolic state are seen in AT2 cells after 64 hours of in vivo 

oxygen exposure (13). How AT2 cells initiate repair in the setting of hyperoxic 

injury remains unknown.  

Broad changes in gene expression have been documented in adult rat 

AT2 cells during in vivo hyperoxia injury. Specifically, changes were seen in 

genes annotated to biological processes such as cell cycle, differentiation, 

proliferation, and telomerase (14).  These findings suggest active alveolar repair 

during hyperoxic exposure and recovery. Still unknown, however, is how these 

broad changes in gene expression translate to changes in specific protein 

expression patterns.  

We hypothesize that lung repair is governed by highly organized changes 

in the alveolar epithelial cell proteome. To test this, we used mass spectrometry 

based proteomics to characterize changes in the rat AT2 cell proteome across 

multiple time points of injury and recovery in an experimental model with 

exposure to > 95% oxygen.   
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Methods  

Hyperoxia exposure and recovery protocols 

The University of Minnesota Institutional Animal Care and Use committee 

approved all experimental protocols using animals. Specific pathogen free male 

Sprague Dawley rats between 175 and 199 grams were exposed to > 95% O2 at 

1 atmosphere for 60 hours with ad libitum access to food and water as previously 

described (1, 8, 15). An exposure time of 60 hours provides a nonlethal dose in 

rats that damages the alveolar epithelium, with well-characterized morphometric 

changes (8).  Rats were allowed to recover in room air. AT2 cells were isolated 

from these rats at defined time points during hyperoxia exposure (24, 48, and 60 

hours of exposure to > 95% oxygen) and recovery (12, 36, 96, and 168 hours in 

room air following 60 hours of exposure >95% oxygen). AT2 cells isolated from 

rats continuously housed in room air were used as controls and protein 

abundance was measure relative to these cells.  

Isolation of AT2 cells 

We used a standard elastase digestion technique to isolate AT2 cells (15-

17). To obtain an adequate protein concentration we pooled samples from two 

rats at each time point. Freshly isolated AT2 cells were stored at -80°C until cells 

from all time points were obtained. To account for biological and technical 

variability, all experiments were performed in triplicate.  

Preparation of soluble and insoluble protein fractions 
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To increase the number of proteins identified, we fractioned the protein 

lysate into soluble and insoluble fractions for separate protein analysis. Cell 

pellets were thawed and incubated on ice for 30 minutes and in hypotonic cell 

lysis buffer containing 10mM HEPES (pH 7.5), 10mM NaCl, 1.5mM MgCl2, and 

EDTA-free protease inhibitor (Calbiochem Protease Inhibitor Cocktail Set III, 

catalogue number 539134) at 1:500 dilution. Cells were lysed with 20 strokes in a 

Dounce homogenizer. Unbroken cells and nuclear material were removed by 

centrifugation at 500 x g for 10 minutes. The supernatant was centrifuged at 

110,000 x g for 45 minutes to separate the soluble (supernatant) from the 

insoluble fraction (pellet), then stored at -80°C prior to proteomic studies. The 

soluble proteins were precipitated with 100% ethanol by incubating overnight at -

20°C followed by centrifugation at 14000 x g. Ethanol precipitation was not 

needed for the insoluble fraction. Soluble and insoluble protein fractions were 

suspended in 0.5M TEAB, and the total amount of protein was quantitated by 

using a Bradford protein assay (Thermo Fisher Scientific, Waltham, MA). 

iTRAQ® labeling and 2D LC-MALDI-MS 

The workflow for protein identification and downstream analysis is outlined 

in Figure 1. Equal amount of proteins (30 µg) from each time point were 

processed for trypsin digestion and iTRAQ® labeling with supplied reagents, 

according to the manufacturer’s protocol (Applied Bio systems), with the 

exception of one sample for which 15 µg of protein was processed for both 

soluble and insoluble fractions (18). The total peptide mixture was purified with 
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an MCX Oasis cartridge (Waters, Milford, MA) before separation via two-

dimensional liquid chromatography-mass spectrometry (2D LC-MS). LC and MS 

experimental details were previously reported (19). In brief, proteins were 

separated offline in the 1st dimension into 14 peptide-containing fractions, 

collected in 3-minute intervals, on a strong-cation exchange column. Each 

fraction was separated in the 2nd dimension by C18 reversed phase capillary LC 

with a Tempo LC-MALDI robotic spotter (AB Sciex). Data dependent acquisition 

of the top 30 most intense peaks per LC fraction was performed on a 4800 

MALDI-TOF/TOF analyzer (AB Sciex).  

Protein database searching and relative quantitation 

We analyzed the tandem mass spectra with Protein Pilot™ version 2.01 

software (AB Sciex), which uses the Paragon™ scoring algorithm (20). A list of 

inferred proteins and relative protein abundances were reported. The ratios of 

reporter ions provided relative protein abundance among sample types for select 

proteins. Bias-corrected average protein ratios were calculated from peptide-level 

ratios. The bias factor is derived from the median average protein ratio for each 

pair of reporter ions. In ProteinPilot™, the median ratio is adjusted to ‘1’ and all 

protein ratios are adjusted by the same factor, which corrects the quantitation 

results for systematic errors in pipetting, mixing, or measuring protein 

concentration. The protein database used for searches was a concatenated 

"target-decoy" Rat IPI database with 79970 sequences. Search parameters 

included the following: 8-plex peptide label; quantitation; bias correction; cysteine 
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methyl methanethiosulfonate; trypsin enzyme; thorough search mode; biological 

modifications (includes >220 post-translational and artifactual modifications); and 

minimum detected protein threshold 95% confidence.  All relative quantitation 

was done using proteins from AT2 cells isolated from uninjured rat lungs as 

reference. In order to allow for comparison across different iTRAQ ® 

experiments, the pooled control cells from six uninjured animals were used.  

Computational analysis  

Gene Ontology Enrichment Analysis. Functional annotation clustering 

analysis was performed by using the online software Database for Annotation, 

Visualization, and Integrated Discovery (DAVID, http://david.abcc.ncifcrf.gov) 

(21). DAVID generates an enrichment score by testing the relatedness of 

different combinations of genes according to common biologic function, 

chromosomal location, or regulation. A high enrichment score for a group of 

genes indicates that annotation term members are playing important roles in a 

given experiment. An enrichment score of 1.3 is equivalent to a non-log scale p-

value of 0.05. The p-value, also termed the EASE score, represents a modified 

Fisher exact test; the smaller the p-value, the more significant the gene 

association.  

Gene Set Enrichment Analysis (GSEA). GSEA is a computational method 

that determines whether an a priori defined set of genes shows statistically 

significant, concordant differences between two biological states. Because of 

multiple hypothesis corrections, very few genes are found to be statistically 
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significant when investigated individually. GSEA directly tests each pathway and 

gene set (known from previous biological knowledge) for associations; whereas 

the constituent genes in the pathway may be weakly associated individually, 

together they may be more significant.  

The Broad Institute provides an easy-to-use Java implementation of the 

GSEA method on their website (22). The GSEA analysis report highlights 

enrichment gene sets with an FDR of less than 0.25. We permutated the class 

labels 100 times and kept the original protein profiles unperturbed to avoid major 

distortion in the data. The current version of the gene set data base (MSigDB) 

contains 6,769 genes divided into 5 major collections: C1, positional gene sets; 

C2, curated gene sets; C3, motif gene sets; C4, computational gene sets; and 

C5, the GO biological processes.  

We performed GSEA by treating the two stages of our experiments – 

hyperoxia (first 3 time points) and recovery (last 4 time points) – as binary class 

labels. Therefore, the gene sets/pathways that are reported here are those that 

changed their profile significantly between hyperoxia exposure and recovery.  

Short time-series expression miner (STEM).  Using STEM analysis, we 

investigated how the protein profiles change continuously over time during injury 

and recovery. The STEM algorithm identifies genes that have similar behavior 

over a short time series (3-8 time-points) with all genes clustered into one of a 

set of pre-defined patterns based on transformation of gene profiles into "units of 

change"(23).  
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For our analysis, the STEM clustering algorithm was used to create 50 

model profiles. STEM uses the hyper-geometric distribution to compute the 

significance of overlap between genes from the experiment and model profiles. 

Since the model profiles are defined independent of the data, the boundaries in 

expression space that they induce remain the same between experiments. Thus, 

the data from the three separate iTRAQ® LC-MS experiments were analyzed by 

using the ‘repeat data’ functionality in STEM.  

Default filtering parameters were used except for minimum correlation 

between repeats, which was set to -1, and minimum absolute expression 

changes, which were set to 1. The clustering algorithm then assigns each gene 

passing the filtering criteria to the model profile that most closely matches the 

gene's expression profile as determined by the correlation coefficient. Since the 

model profiles are selected independent of the data, the algorithm can then use a 

permutation test to determine which profiles have a statistically significant higher 

number of genes assigned to them. This test determines assignments of genes 

to model profiles by using a large number of permutations of the time points (or 

columns). It then uses standard hypothesis testing to determine which model 

profiles have significantly more genes assigned under the true ordering of time 

points compared to the average number assigned to the model profile in the 

permutation runs. Significant model profiles can either be analyzed 

independently or grouped together, based on similarity to form clusters of 

significant profiles. 
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Statistical analysis   

To identify if individual proteins demonstrate a significant change over 

time, we analyzed the log intensity ratios by applying a linear mixed effects 

model, which efficiently takes into account the dependence of observations over 

time for the same animal. Specifically, a one-way ANOVA with random intercept 

model was fitted to study longitudinal differences in the protein profile over the 

examined time points (24). After the p-value for each protein was computed on 

the linear mixed effects model we controlled for an overall false discovery rate 

(FDR) of ≤10% (25) to identify significantly changed proteins. In addition to the 

model-based inference of log intensity ratios we explored an alternative novel 

Short Time-series Expression Miner algorithm that clusters the time series 

profiles to identify common expression patterns.  

Multiple hypothesis correction for controlling for global significance level 

was done by using FDR (25) that measures expected proportion of false 

positives among the positive findings. The FDR cutoff was set at 1% (global) for 

the protein identification in Protein Pilot. As multiple compressions were made in 

linear mixed effects model, multiple hypothesis correction was performed 

controlling the FDR at 10%.   For the GSEA, an FDR cutoff of 25% was used to 

identify the differentially expressed gene sets as described in the original 

publication (22).  
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Results    

Protein identification from iTRAQ® and 2D LC-MALDI-MS experiments 

Specific proteins identified in rat AT2 cells over the experimental time 

course are listed in Table S1. In the soluble cell fraction, the number of proteins 

identified at a global FDR of 1% from the three independent iTRAQ experiments 

were 126, 202, and 204; the total number of distinct proteins for the three 

experiments combined was 308; and the number of overlapping proteins present 

in all three separate experiments was 79. In the insoluble fraction, the total 

numbers of proteins identified at a global FDR of 1% were 202, 342, and 448; the 

total number of distinct proteins for the three experiments combined was 651; 

and the number of overlapping proteins present in all three separate iTRAQ 

experiments was 99. This gave a combined total for the soluble and insoluble 

fractions for the three-iTRAQ experiments of 328, 546 and 652 proteins and 959 

distinct proteins.  

These proteins included several of the expected AT2 cell proteins, 

including surfactant proteins and alkaline phosphatase. Similar to previous 

reports, levels of surfactant proteins A and B were higher during recovery from 

lung injury than during injury (13) (data not shown) and the β1 subunit of Na,K-

ATPase increased in abundance after cessation of hyperoxic stress (Figure 2). 

Other proteins that participate in maintaining the redox status in the cell, such as 

glutathione peroxidase, glutathione-s-transferease, thioredoxin and 
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peroxiredoxin, also showed changes in their abundance during hyperoxic stress 

and recovery (data not shown).   

 

Longitudinal differences in the protein profile  

To determine whether the changes in protein abundance over time were 

similar between separate iTRAQ experiments, a Pearson correlation was 

calculated for the three time series of a protein. The average Pearson correlation 

was 0.3 for the soluble fractions and 0.65 for insoluble fractions.  Although the 

absolute degree of fold change for a protein varied between iTRAQ experiments, 

the direction of change was similar for the majority of proteins. Therefore, we 

used all unique proteins from all three iTRAQ experiments in further analysis. 

The linear mixed effects model identified proteins that demonstrated a 

significant difference between any time point during injury or recovery. A total of 

183 proteins demonstrated statistically significant changes during the injury-

recovery time course when controlling for an FDR of ≤ 10% (Table S2). Table 1 

shows the ten proteins with the most significant changes (based on FDR) during 

injury and recovery. 

Gene ontology and gene set enrichment analyses 

To determine the biological relevance of these 183 proteins, we performed 

gene ontology enrichment analysis. Because one protein could be annotated to 

multiple biological processes, we used the functional annotation-clustering tool 

available in DAVID. This reduces the burden of associating similar terms and 



   12 

 

focuses the biological interpretation. We found that these proteins were most 

commonly associated with the following processes: programmed cell death, 

regulation of macromolecular metabolic processes, ubiquitin-dependent catabolic 

process, protein complex assembly, cell migration, regulation of immune 

response, and regulation of cell development  (Figure 3, Table S3).  

In addition to testing individual proteins, we investigated gene sets that 

were differentially expressed during oxygen exposure and recovery in room air. 

For this we performed GSEA analysis, using gene sets from MSigDB and 

applying the filters described in Methods. This analysis identified two positional 

(C1), two motif (C3), and six GO gene sets (C5) with differential expression 

during recovery from hyperoxic stress. The two positional gene sets (C1) were 

for genes in cytogenetic band chr14q24 (systematic name: M1258) and in 

cytogenetic band chr9q21 (M17819). The first of the two motif gene sets (C3) 

was V$AP1_Q6 (M9431), which includes the proteins destrin, aldolase A, 

transgelin-2, lamin A/C, YWAHZ-ζ, Surfactant protein C, vimentin, and Na,K-

ATPase. These genes have promoter regions [-2kb, 2kb] around a transcription 

start site containing the motif NNTGACTCANN that matches annotation for JUN: 

jun oncogene. The second motif gene set was TATTATA; MIR-374 (systematic 

name: M11229), which has three proteins – actinin alpha 4, actinin alpha 1, and 

Na,K-ATPase – that are targets for microRNA 374(mir-374).  Lastly, six Gene 

Ontology gene sets (C5) were differentially expressed during recovery from 
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hyperoxic stress (Table 2). Individual GO biological processes in the differentially 

expressed gene set as included in Table S4.  

Short time-series expression miner analysis  

To address our hypothesis that lung injury and recovery are characterized 

by temporarily cohesive changes in the AT2 proteome, we used STEM analysis 

to identify protein groups that are sequentially related in the abundance of 

proteins in each group. Of the fifty randomly selected profiles investigated, seven 

showed a statistically significant higher number of proteins than expected (shown 

as colored profiles in Figure 4). Of these seven, we investigated four profiles 

(numbered 43- Figure 5A, 7- Figure 5B, 46 Figure 5C, and 47-Fiugre 5D) that 

exhibited physiologically relevant patterns of change in their protein abundance 

over the injury- recovery time course .To determine the biological relevance of 

the proteins in these four profiles we performed GO enrichment analysis of the 

proteins with the AT2 cell proteome identified in our experiment as the 

background.  Each profile (cluster) enriches distinct biological processes (Table 

3). Individual proteins in the clusters and detailed GO enrichment data for each of 

the 4 profiles are in Tables S5 and S6, respectively. 

Profile 43 (Figure 5A) consists of a group of 59 proteins that are 

decreased during hyperoxia exposure and start increasing during recovery (p-

value = 9.7 x 10-18).  For the majority of these proteins, the trend was a high 

expression by 36 hours of recovery in room air, with levels close to control values 

by 96 hours of recovery after hyperoxic stress. GO analysis (Table 3) indicated 
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that some of these proteins represent a cellular response to stress. More 

interesting is the contribution of several of these proteins to alveolar epithelial 

repair mechanism, such as nucleic acid metabolism, regulation of transcription, 

protein complex assembly and cell proliferation (Table S6).  Profile 7 (Figure 5B) 

contains 51 proteins that increase during the period of oxygen exposure when 

histologic destruction of the lung occurs (p-value = 4.7 x 10 -15. As this is during 

hyperoxic stress, it is not surprising that some of the protein enrichment clusters 

involve oxido-reduction metabolism and programmed cell death. Profile 46 

(Figure 5C) consists of 46 proteins that demonstrate a variable expression during 

oxygen exposure but are elevated during recovery in room air (p-value 1.7x10-10). 

Several of these proteins are involved in the homeostatic response to 

hypoxia/oxygen, cellular ion homeostasis and response to nutrient levels (Table 

S6). These proteins also participate in cell motility and adhesion. Profile 47 

(Figure 5D) contains 42 proteins that demonstrate a very coherent decrease at 

24 hours and then a significant increase at 48 hours of hyperoxic stress (p-value 

2.0x10-7). These proteins represent processes for cellular organization by actin 

filaments (Table S6). 
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Discussion 

Overall, our results document sequential changes in the protein 

expression profile of AT2 cells during hyperoxic stress and subsequent recovery 

in a rodent model of ALI. State-of-the-art proteomics in combination with novel 

STEM analysis revealed coherent changes in the protein expression profile 

during both the injury and recovery phases. Similarly, our GSEA results 

demonstrate differentially expressed gene sets during recovery from lung injury. 

Through these approaches – useful for investigating large number of proteins 

over several time-points during injury and recovery – we identified protein 

modules that are likely involved in the reparative process in damaged lung. 

Identifying these proteins in clinical lung injury samples could provide biomarkers 

of repair in ARDS and new insights into our understating of lung repair 

mechanisms.  

Concordance of AT2 proteomics results with previous single-molecule 

studies  

Previous studies focused on specific genes and/or molecules to 

understand the mechanism by which oxidative stress results in diffuse alveolar 

damage (14, 17, 26-28). Our proteomics results confirm previous published 

reports that specific AT2 cell proteins, such as surfactant proteins (29), respond 

to hyperoxic stress. Our group previously found that although the mRNA 

expression of β1- Na,K-ATPase subunit increased during hyperoxic stress, the 

protein level was stable during hyperoxia (17). Similarly, our current study found 



   16 

 

that β1- Na,K-ATPase subunit protein level did not change during hyperoxic 

stress, although we were able to demonstrate that higher protein levels occurred 

during recovery.   

Gene Ontology biological processes involved in hyperoxic injury and 

recovery 

Repair of the damaged alveolar epithelium is a complex process that 

requires a coherent sequence of events such as secretion of the extracellular 

matrix; cytoskeletal reorganization; cell spreading, migration, proliferation, and 

differentiation (30). Our Gene Ontology enrichment analyses identified numerous 

biological processes that are consistent with this current paradigm of lung injury 

and repair. For example, several reparative processes were enriched by proteins 

that changed during injury/recovery in our study, including processes involved in 

cell cycle regulation such as RNA splicing and nucleic acid transport, cell 

differentiation, regulation of cytoskeleton organization, and cell proliferation. In 

addition processes involved in cellular homeostasis such as protein complex 

assembly, regulation of endocytosis, and cellular metabolism were also enriched. 

Since AT2 cells are immune modulatory, we were not surprised to observe 

proteins in the acute inflammatory response were regulated. As an example, 

proteins involved in T cell activation changed abundance during injury/recovery. 

T cell recruitment occurs in LPS-induced lung inflammation (31). Although T 

regulatory cells are recruited within 24 to 48 hours after intra-tracheal instillation 

of LPS, it is felt that lymphocytes do not play a role in development of ALI (32) 
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but rather participate in its resolution. In our study, proteins annotated to T cell 

regulatory processes had the highest levels during peak injury and lower levels 

during repair. The role of these alveolar proteins in regulating T lymphocyte 

function during hyperoxic stress needs further investigation, but conceivably 

could be similar to their role in LPS-induced injury.  

 Ubiquitination and proteolysis are also thought to play critical roles in ALI 

(33). These processes indirectly affect epithelial barrier function and alveolar 

edema clearance by targeting Na,K-ATPase (34) and epithelial sodium channels 

(35). Degradation of Na,K-ATPase through the ubiquitin-proteosome pathway 

has been studied in the context of hypoxia. Degradation can be prevented by 

ubiquitin-activating enzyme, lysosomal, and proteomsomal inhibitors (36, 37). 

While this suggests the participation of proteomsomal and lysosomal pathways, 

the specific ligases involved are unknown. Epithelial sodium channels are also 

ubiquinated in a complex manner that results in internalization of the protein 

followed by either inactivation (38) or activation (39). We identified two protein 

clusters (Table E3) with proteins annotated to ubiquitination that changed 

expression during injury/recovery cycle in AT2 cells. These proteins included 

small ubiquitin-related modifier 2; proteasome activator unit 1; proteasome 

subunit alpha 6; LOC 679794; LOC682626 (similar to cytochrome C); 

proteasome 26S subunit ATPase 2; heterogeneous nuclear ribonucleoprotein D; 

non-muscle myosin heavy chain 9; ER degradation enhancer; mannosidase 
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alpha-like 1; and RhoA.  Further investigation into the role of these proteins could 

provide insight into the role of ubiquitination in lung injury.   .   

The question of whether apoptosis is central to epithelial damage in 

hyperoxic stress remains unanswered, but several mechanisms thought to be 

responsible for cell death in hyperoxic lung injury have been proposed. Exposure 

of cells to various stimuli may trigger activation of extrinsic (surface receptor 

pathways) or intrinsic (mitochondrial) pathways, both leading to caspase 

activated programmed cell death (40). Several pathways involving signaling 

though cell death receptors have been implicated during hyperoxic lung injury. 

However, cell surface receptor pathways such as TNFα (41), Fas (28), and CD40 

(42) mediated signaling do not appear to play a central role in hyperoxic lung cell 

death. Mitochondria-dependent cell death could play a role through the Bcl-2 

protein family (43, 44). Several of the proteins identified in our study (e.g., 

PTPRC, YWHAB, YWHAE, KRT18, CD59, RHOA, GSN) had GO biological 

process annotation of extrinsic apoptotic pathways. We also found proteins that 

participate in the intrinsic apoptosis pathway (GPX1, NQO1, LOC679794, 

LOC682626). Notably, HSPB1 had a GO annotation of negative regulation of 

apoptosis. Together, these data suggest that in vivo hyperoxic stress results in 

cell death by complex mechanisms. Targeting pathways involved in cell death 

remains an attractive target for therapy in ALI.  

Cell migration is another understudied but potentially critical aspect of lung 

repair. We found that AT2 cell proteins annotated to cell migration demonstrated 
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significant changes in their expression level during hyperoxia and recovery. 

These proteins included those active in actin cytoskeleton assembly (coflin, 

moesin, vinculin, tropomyosin 1, MYH9, MYH10, vinculin, thymosin β4), integrin 

signaling (CD47), GTPase activity (rhoA), and signal transduction (S100A9). 

Although these proteins participate in cell migration in other organs, until now 

they have not been directly implicated in alveolar epithelial cells suggesting a 

new mechanism and potential therapeutic target. 

Gene Sets that participate in recover from hyperoxic stress 

The GO gene sets differentially expressed in our model were annotated to 

cell development, cell proliferation, and organogenesis. These GSEA findings 

complement our results from the GO enrichment analysis of our linear mixed 

effects models. We also identified two differentially expressed motif gene sets, 

V$AP1_Q6 and MIR-374. These motifs may represent a common mechanism by 

which gene sets are regulated during injury and repair. The motif V$AP1_Q6 

contains genes with promoter regions [-2kb, 2kb] around transcription start site 

containing the motif NNTGACTCANN that matches annotation for JUN: Jun 

oncogene. Both c-jun and the JNK pathway have been previously investigated in 

hyperoxic lung injury and may play a protective role, as mice lacking jnk1 and 

jnk2 develop more rapid and severe lung injury in response to hyperoxia (45, 46). 

The microRNA Mir-374 was also identified by our GSEA analysis. Although 

several microRNAs are implicated in the acute inflammatory response, mir-374 
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has not been studied in ALI. However, mir-374 does have prognostic value in 

other lung conditions such as non-small cell lung cancer (47).  

Protein modules that are involved in hyperoxic injury and recovery 

Using a completely unsupervised approach (STEM), we identified protein 

modules that change coherently over injury and recovery. Profiles 43 and 7 

mirror each other, exhibiting opposite expression patterns during injury and 

repair. Proteins in profile 7 increase during hyperoxic stress, decline to a 

minimum at time points when severe lung damage is present, and increase 

during late recovery. Because these proteins are responding to oxidative stress, 

it is not surprising they are annotated to oxido-reductase metabolic processes, 

apoptosis and metabolic processes. One could postulate that processes involved 

in redox status increase during oxidant stress, but they are either exhausted or 

the cells are unable to sustain expression resulting in cellular damage. In 

contrast, proteins in profile 43 display a decrease in expression with exposure to 

oxidative stress, but increase during the period of peak injury and early recovery 

from injury. These proteins participate in regulation of transcription, protein 

complex assembly and cell proliferation; thus, they may represent the cell’s 

attempt to respond to structural damage. Further investigation into these 

expression patterns has the potential to identify novel mechanisms involved in 

recovery from hyperoxic stress and develop panel of proteins that measure the 

extent of epithelial damage or recovery.  

Study Limitations 
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We focused on AT2 cells because they play a critical role in repair of an 

injured lung by proliferating, spreading, migrating, and differentiating to restore 

the alveolar-capillary barrier. However, our study does not capture the complex 

interactions between AT2 cells and other cells in the distal lung spaces. Our 

ability to identify proteins in the soluble cell fraction by MS may have been limited 

by the high dynamic range resulting from the use of bovine serum albumin during 

cell isolation.  In addition, the identified proteome and measured fold change 

were not identical for the three different iTRAQ experiments. This could represent 

biological variations in the model of lung injury by oxidative stress and/or 

technical variability in the iTRAQ experiments. However, the Pearson correlation 

of 0.7 showed acceptable similarity in protein expression profile across the 

iTRAQ experiments. Thus, the number of proteins identified and the protein 

expression changes were similar across various experiments for the insoluble 

fraction.  Although some of the bioinformatics tools we used were originally 

designed for microarray data analyses, other investigators have successfully 

used GSEA on proteomics datasets (48) 
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Summary and conclusions 

We characterized AT2 protein expression changes during hyperoxic 

stress, a model of ALI. We identified both individual and groups of proteins that 

demonstrate significant change over time during progressive lung injury and 

subsequent recovery. Gene ontology enrichment analysis identified biological 

processes that are annotated to these proteins. Identification of these proteins in 

human clinical lung injury could provide biomarkers of lung injury and recovery, 

and also establish similarities between rodent hyperoxic stress and patients with 

respiratory failure on high levels of supplement oxygen.   
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Figure 1: Workflow for AT2 cell processing, MS data acquisition, and data 

analysis by bioinformatics tools. Protein fractions were isolated and analyzed 

using iTRAQ® in combination with 2D LC-MALDI-MS. Trypsin digested peptides from 

different experimental conditions were labeled with eightplex iTRAQ® reagent and 

subjected to 2D LC MS. MS spectra were analyzed with Protein pilot to identify and 

quantify proteins. Computational analysis was performed by using DAVID for Gene 

Ontology enrichment analysis, Gene Set Enrichment Analysis, and Short Time-series 

Expression Miner (STEM) analysis followed by GO enrichment analysis. 
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Figure 2: Mass spectrometric changes in Na,K-ATPase protein abundance during 

injury and recovery. The highest levels of β1 Na,K-ATPase were present at 12 hours 

after cessation of O2 exposure and remained elevated at 36 hours of recovery. β1 Na,K-

ATPase subunit was present in only two of the three iTRAQ® MS/MS experiments and 

was found to be one of the proteins that demonstrated a significant change in the linear 

mixed effect model  (FDR ≤ 10%). 
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Figure 3:  Biologic processes enriched by proteins that demonstrate a significant 

change during hyperoxic injury-recovery. A linear mixed effects model was used to 

identify significantly changed proteins during injury and recovery. GO enrichment 

analysis using DAVID was performed on the 183 proteins that demonstrated a 

significant change controlling for a FDR ≤ 10%. Functional Annotation Clustering tool 

was used to group related biological processes. In the functional annotation clustering 

tool, an enrichment score of 1.3 that corresponds to a non-log scale p-value of 0.05 

was used as the cutoff for significance. The pie chart shows the number of proteins that 

belong to each functional cluster obtained from DAVID functional annotation clustering 

tool. 
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Figure 4: Identification of significant protein groups that demonstrate coherent changes 

during hyperoxic injury and recovery by STEM algorithm. Data from the three separate 

iTRAQ® experiments was analyzed using ‘repeat data’ functionality in STEM algorithm. 50 

distinct randomly generated model profile depicted in each small square were tested. For each 

profile, represented in the profile box, x-axis represents the 7 time points of our experimental 

sampling during oxygen exposure and recovery. The y-axis represents expression change (fold 

change relative to control). The number on the top left-hand corner of a profile box is the profile 

ID number and the bottom left-hand corner is the number of proteins assigned to that profile. 

Colored profile boxes had a statistically significant number of genes assigned.  Seven of the 50 

protein profiles (in color) had a statistically significant number of proteins assigned to them by 

determining which model profiles have significantly more genes assigned under the true 

ordering of time points compared to the average number assigned to the model profile in the 

permutation test.  
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Figure 5: Protein groups that demonstrated interesting temporal changes over hyperoxic 

injury and recovery using Short Time-series Expression Miner analysis.  Four groups of proteins 

(clusters) that had interesting temporal changes in protein abundance (relative to controls) during 

injury and recoveries were selected for further investigations are shown. Each of the profiles has a 

graph of expression pattern (y-axis, expression change in form of fold change) across the time-series 

(time, x-axis), a count of the number of proteins assigned, count of the number of proteins expected 

based on the permutation test and the profiles p-value. Gene symbols of the proteins in each of the 

profile are available in the supplemental table S5 and the GO enrichment analysis is shown in 

supplemental table S6.  
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Table 1: Proteins names and IPI number of the top ten proteins (significant) that 

changed during injury and repair 

Gene Symbol IPI Number False Discovery Rate 

Ptprc Isoform 5 of Leukocyte common antigen IPI00851132.1	   4.16 x10-6 

LOC688509 similar to Alpha-enolase IPI00767147.1	   1.57 x 10-4 

Actg1 Actin, cytoplasmic 2 IPI00896224.1	   1.70 x 10 -4 

Msn 68 kDa protein IPI00778167.1	   1.71 x 10-4 

Dhx9 DEAH (Asp-Glu-Ala-His) box polypeptide 9 IPI00366249.4	   3.87 x 10-4 

LOC689908 similar to heat shock protein 8 IPI00566672.2	   7.70 x10-4 

Tubb5	  Isoform	  1	  of	  Tubulin	  beta-‐5	  chain	  	   IPI00197579.2	   8.38 x 10-4 

Sumo2 Small ubiquitin-related modifier 2 IPI00192749.1	   8.38 x 10-4 

Aldh2 Protein IIPI00778252.1	   8.38 x 10-4 

Krt10 58 kDa protein IPI00551673.3	   1.67 x 10-3 
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Table 2: Gene Sets Differentially Expressed During Recovery From Hyperoxic Stress 

Gene sets enriched 
during recovery from 

experiment lung 
injury 

Systematic 
name Biological Process 

Size 
(Number 
of genes) 

*FDR- q 
value 

Multicellular Organismal 
Development M12777 

Progression from initial 
condition to later condition 15 0.042 

Systems Development M11617 
Progression of organ system 

over time 14 0.044 

Regulation of Biological 
Quality M10930 

Modulation of frequency, rate 
or extent of biological quality 11 0.225 

Organ Development M5412 
Development of tissue or 
tissues that work together 10 0.242 

Chemical Homeostasis M17520 
Maintenance of internal 

equilibrium 6 0.21 

Multi organism Process M11259 
Process by which organism 
has effect on other organism 3 0.19 
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Table 3: GO biological process enriched by proteins modules from STEM profiles 

(Figure 5,  

Panel A) 

(Figure 5,  

Panel B) 

(Figure 5, 

 Panel C) 

Figure 5,  

Panel D 

Regulation of 

transcription 

Oxido-reduction 

coenzyme metabolic 

process 

ATP biosynthetic 

process 

Actin filament based 

processes 

Positive regulation 

of cell proliferation 

Protein DNA complex 

assembly 

Cytoskeletal 

organization 
 

Response to 

wounding 
Regulation of apoptosis 

Cellular homeostasis-

response to hypoxia 
 

Protein complex 

biogenesis 
 

Cellular ion 

homeostasis 
 

Response to 

organic substance 
 

Response to 

extracellular stimulus 
 

  Cell motility/ cell 

adhesions 
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Supplementary Tables  

Table S1:  IPI accession number and Official Gene Symbol of all the proteins 

identified in the individual iTRAQ experiments.  

Table S2:  List of 183 proteins identified to change during the course of 

injury/recovery with their associated FDR values 

Table S3: Functional Annotation Clustering results obtained on the 183 proteins 

that demonstrated changes during injury and recovery.  

Table S4: Genes Sets that are differentially expressed recovery in room air after 

hyperoxic stress 

Table S5: Proteins in the four individual STEM profiles in Figure 5.  

Table S6: Functional Annotation Clustering of the proteins in the four protein 

clusters identified by STEM algorithm. 

 


