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Summary: A multi-omic approach identified gene expression programs distinguishing 

COPD lung stroma associated with lung cancer.  

 

 

  



 

 

ABSTRACT 

Introduction: Chronic obstructive pulmonary disease (COPD) is a known risk factor for 

developing lung cancer but the underlying mechanisms remain unknown. We 

hypothesize that the COPD stroma contains molecular mechanisms supporting 

tumorigenesis. 

Materials/Methods: We conducted an unbiased multi-omic analysis to identify gene 

expression patterns that distinguish COPD stroma in patients with or without lung 

cancer. We obtained lung tissue from patients with COPD and lung cancer (tumour and 

adjacent non-malignant tissue) and those with COPD without lung cancer for proteomic 

and mRNA (cytoplasmic and polyribosomal) profiling. We used the joint and individual 

variation explained (JIVE) method to integrate and analyze across the three datasets. 

Results: JIVE identified eight latent patterns that robustly distinguished and separated 

the three groups of tissue samples (tumour, COPD adjacent and COPD control). 

Predictive variables that associated with the tumour, compared to adjacent stroma, 

were mainly represented in the transcriptomic data, whereas, predictive variables 

associated with adjacent tissue compared to controls was represented at the 

translatomic level. Pathway analysis revealed extracellular matrix and PI3K-Akt 

signaling pathways as important signals in the tumour adjacent stroma. 

Conclusion: Multi-omic approach distinguishes tumour adjacent stroma in lung cancer 

and reveals two stromal expression patterns associated with cancer. 

 



 

 

INTRODUCTION 

 Independent of smoking, Chronic Obstructive Pulmonary Disease (COPD) is a 

known risk factor for the development of lung cancer.(1, 2) This paradigm is further 

supported by the observation that tumours are more likely to arise in association with 

areas of emphysema.(3, 4)  Central to the pathophysiology of airflow obstruction in 

COPD is remodelling of lung extracellular matrix (ECM) with loss of elasticity and 

increased resistance to airflow. This ECM remodelling is accompanied by small airway 

fibrosis and inflammation, a stromal milieu with the potential to promote tumourogenesis 

of epithelial cells that have previously incurred oncogenic mutations from exposure to 

tobacco or other oncogenic stressors.  

 It is well recognized that cancer initiation occurs as a progression of genetic 

mutations. However, it is becoming more apparent that tumours are integrally 

connected with their microenvironment.(5, 6) This microenvironment consists of ECM 

along with a stroma consisting of fibroblasts, endothelial cells and resident immune cells 

that can promote tumour progression. These stromal cells do not acquire genetic 

mutations, nevertheless, it is well accepted that cancer-associated fibroblasts, the 

primary stromal cell that produces ECM, are a major contributor in tumour progression. 

Recent evidence also places the fibroblast and ECM at the centre of tumour initiation. 

Senescent human fibroblasts have been shown to stimulate both malignant and 

premalignant epithelial cells to proliferate while ‘normal’ epithelial cells remain 

unaffected.(7) In a murine model of breast cancer, fibroblasts devoid of the tumour 

suppressor gene PTEN dramatically accelerate cancer initiation, in a manner that is 

partially dependent on fibroblast secretory factors.(8) Our study sought to identify the 



 

 

specific alterations in the COPD-stroma that promote lung carcinogenesis, as these 

remain unknown.  

 The mechanisms creating a pro-malignant stromal environment are likely 

complex. Although proteins are the effector molecules, their regulation can occur at 

multiple levels including transcription, translation, and post-translational modification. 

Early on, transcriptional regulation was the major focus of study, however, translation 

regulation has emerged as a significant mechanism in regards to carcinogenesis. (9-11) 

Therefore, genome-wide approaches are necessary to understand the complexity of 

carcinogenesis. In this regard, we sought to understand the role of the COPD lung 

stroma in lung cancer using a trans-omic approach.    

 

MATERIALS AND METHODS 

Study population and lung tissue samples 

The University of Minnesota Institutional Review Board Human Subjects Committee 

approved this study. Surgical lung tissue samples were obtained from the Mayo Clinic 

Lung Specimen Registry from individuals with COPD who underwent surgical resection 

for Stage I or II adenocarcinoma (Table 1). Tissue samples consisted of tumour and 

adjacent lung from 32 patients with adenocarcinoma and COPD. Controls were 

obtained from the National Institutes of Health Lung Tissue Research Consortium (NIH 

LTRC) and consisted of lung tissue from 32 individuals with COPD without lung cancer 

(Table 1).  All samples were obtained using identical procedures as outlined by the NIH 

LTRC. All subjects, cases and controls, were current or former smokers. These lung 

tissue biopsies are referred to as tumour, adjacent, and control. In total there were 32 



 

 

tissue samples with shared transcriptome, translatome, and proteomic data (10 

controls, 11 cases with one tumour and one adjacent tissue each, Table 2).  The 

number of samples available for each data type are given in Table 3. 

Proteomics and RNA Sequencing: 

Lung tissue was processed for iTRAQ labelling following manufacturers 

recommendations and as previously published.(12) Lung tissue was processed for total 

and polysomal mRNA isolation and sequencing as previously described.(13) Detailed 

experimental design available in the Supplement. Protein mass spectrometry data is 

available at PRIDE, accession number PXD007919. RNA sequencing data is a 

available at GEO, accession number GSE106899. 

Statistical Analysis 

All data analysis was performed using the R Environment for Statistical 

Computing (R version 3.3.2). Prior to data integration, data underwent pre-processing 

and independent screening as described in the supplements. (14-16) After pre-

processing there were 1486 proteomic, 5989 transcriptome, and 8014 translatome 

genes or proteins available.  Next, we determined an integrative composite biomarker 

for sample status (control, adjacent, and tumour) from the three different ‘omic data-

types (proteomic, transcriptome, and translatome) using a multi-step approach 

described previously.(17)  

For each data-type, we first conducted a univariate linear modelling step for each 

gene or protein to filter out variables with little predictive power After filtering, we 

perform an integrative dimension reduction of the remaining variables using the Joint 

and Individual Variation Explained (JIVE) method.(18, 19) JIVE is an extension of 



 

 

principal components analysis for multi-omic data;it identifies latent structures shared 

among, and expressed within, multiple high-throughput data-types. Joint components 

define sample patterns that explain substantial variability across multiple data-types, 

and individual components are sample patterns that explain substantial variability in one 

data-type but not others.(17) 

After performing JIVE we use the lung-cancer sample types - control, adjacent, 

and tumour – as our outcomes in a multinomial logistic regression using the JIVE 

components as predictors. The components were either included or excluded from the 

model by a stepwise (forward/backward) selection algorithm to minimize the Akaike 

Information Criteria (AIC).(20) This gives a composite model to predict the odds of a 

tissue sample being cancerous, tumour-adjacent, or non-cancerous COPD from all 

three omics datasets.   

To assess the accuracy of the fitted model we perform N-fold (leave-one-out) 

cross validation where a single tissue sample is removed as a test case, the model 

parameters are estimated using the remaining (n=31) samples as a training set, and the 

prediction of the resulting model is assessed using the test case. This procedure is 

repeated for each sample as the test case.  

To determine which genes or proteins are most influential, the JIVE components 

are mapped back to the original variable space to give meta-loading for each 

variable.(17) These can be interpreted as giving the linear weight (i.e., coefficient) of 

each variable in the fitted model for each comparison. We performed a pathway 

analysis using the meta-loadings, to determine which biological functions were most 

overrepresented in the fitted model. Those genes that had an absolute meta-loading 



 

 

greater than or equal to the mean of the absolute meta-loading for a given comparison 

were used as the active gene set for each data-type. WebGestalt (21) was used to 

perform an Overrepresentation Enrichment analysis using KEGG pathways as 

described in the Supplement.  

 

RESULTS 

Samples and data acquisition 

We compared lung tumour along with non-cancerous adjacent lung tissue from 

patients with COPD compared to patients with COPD but without lung cancer (Figure 

1). Proteomic analysis was available for 32 patients with COPD and lung cancer and 32 

controls. Lung function was more severe in the non-cancerous control group with an 

average FEV1pp of 18% compared to 53% in those with lung cancer (Table 1). 

Proteomic analysis consisted of iTRAQ-based quantitative mass spectrometry across 

16 runs, obtaining an average of 27,432 spectra matched to 12,457 distinct peptides 

and 2,105 inferred proteins at a 1% global FDR. Twenty-one subjects (11 cases and 10 

controls) had samples adequate for both proteomic analysis and mRNA sequencing, 

total and polyribosomal (Table 2) with an average of 24,484,971 reads with a median 

read quality of 38 was obtained leading to a read mapping percentage of 52.6 

identifying an average of 5,602 genes per sample from mRNA sequencing of total 

mRNA (transcriptome) and polysome-associated mRNA (transcripts bound by more 

than three ribosomes), the latter identifies efficiently translated mRNA, hereafter 

referred to as the translatome. The lower mapping was attributed to the relatively small 

sample mass requiring additional amplification. 



 

 

Table 1: Patient demographics with proteomic data. 

Sample Type Age Gender FEV1 FEVpp FVC FEV1/FVC 

Lung Cancer  

(n = 32) 

68 ± 5 

(59 – 79) 

14M/18F 1.70 ± 0.74 

(0.71 – 3.60) 

53 ± 19 

(31 – 99) 

2.97 ± 1.07 

(1.14 – 5.46) 

56 ± 11 

(39 – 71) 

Controls  

(n = 32) 

56 ± 7 

(45 – 67) 

18M/14F 0.56 ± 0.19 

(0.3 – 1.1) 

18 ± 4 

(12 – 28) 

2.03 ± 0.68 

(0.7 – 3.9) 

29 ± 9 

(19 – 57) 

 

Table 2: Patient Demographics with shared transcriptome, translatome, and proteomic data. 

Sample Type Age Gender FEV1 FEVpp FVC FEV1/FVC 

Lung Cancer  

(n = 11) 

64 ± 4 

(62 – 75) 

3M/8F 1.61 ± 0.84 

(0.71 – 2.18) 

50 ± 16 

(31 – 81) 

2.77 ± 1.08 

(1.31 – 5.46) 

53 ± 12 

(39 – 71) 

Controls  

(n = 10) 

53 ± 6 

(45 – 64) 

7M/3F 0.51 ± 0.14 

(0.4 – 0.8) 

15 ± 4 

(13 – 27) 

2.14 ± 0.82 

(1.2 – 3.9) 

24 ± 6 

(18 – 36) 

 

Table 3: Sample availability for each data type, and overlap of all three data types.   

 Proteome Transcriptome Translatome Overlap 

Tumour    

Matched adjacent 

32  

32 

11 

11 

11 

11 

11 

11 

Controls  32 11 11 10 

Total samples 96 33 33 32 

Total patients 64 22 22 21 

 

  



 

 

Independent screening 

 Under univariate screening, the translatome data did not yield significant 

independent biomarker associations with cancer status under the false discovery rate 

threshold of 0.1. The transcriptome data attained five significant independent biomarker 

associations with cancer status, and the proteomic data attained 1116 significant 

independent biomarker associations. The larger number of association detected for the 

proteomic data is due in part to its much larger sample size (n=96 for proteome vs. 

n=33 for mRNA), which yields more statistical power to detect independent association 

under the rigorous multiple testing criteria used here.     

 Venn diagrams demonstrate the number of significant proteins (FDR < 0.1) for 

each comparison (Figure 2). Within the proteomic independent association results, the 

majority of biomarker associations were significant for comparing tumour samples to 

paired adjacent and also for comparing tumour samples to controls. A smaller number 

of proteins distinguished the adjacent samples from controls. For the transcriptomic 

data one gene, namely DNA-Damage-Inducible Transcript 4 (DDIT4), was a shared 

significant independent biomarker between the cancer status associations of tumour 

and control, and adjacent and control.  Using a more stringent threshold of FDR<0.05, 

no transcriptomic associations remain and 314 total proteomic associations remain 

significant.  

For the transcriptome data 35 genes had a significant correlation with FEV1pp 

within controls, and for the translatome data 18 genes had a significant correlation with 

FEV1pp within controls (FDR < 0.1); these genes had no overlap with those genes that 

correlate with cancer status in Figure 2.  No other significant associations were detected 



 

 

with FEV1pp or age for the transcriptome, translatome or proteomic data, within controls 

or cancer patients.  

 

Data Integration and Predictive Modelling Identifies 8 Latent Data Structures 

To integrate these three data sets into a useful predictive model we used the 

JIVE algorithm for multi-source data.(18, 19) JIVE is an extension of principal 

components analysis for multi-omic data, and identifies latent structures (i.e., 

components) shared among and expressed within multiple high-throughput data-types. 

Joint components define sample patterns that explain substantial variability across 

multiple data-types, and individual components are sample patterns that explain 

substantial variability in one data-type but not others. (17)  

After filtering by univariate multinomial logistic regression we had 612, 1108, and 

574 genes for the proteomic, transcriptome, and translatome data, respectively. The 

number of proteins or genes at each stage of filtering, and overlap between 

transcriptome and translatome at each stage, is given in Figure 3.  Permutation testing 

identified 2 joint JIVE components, 0 significant additional individual components for 

proteomic data, 3 individual components for the transcriptome, and 3 individual 

components for the translatome for a total of 8 underlying latent patterns. The three 

sample groups (tumour, adjacent, and control) are distinguished by the two joint 

components, as seen in the top-left panel of Figure 4.  

Next, we fit a multinomial logistic regression model to predict sample group using 

the eight identified JIVE components as predictors. That is, the log odds ratio that a 

sample belongs to a given group is modelled by a weighted linear combination of the 



 

 

two joint components, three individual components for the transcriptome and three 

individual components for the translatome. The predicted group probabilities for each 

sample under N-fold cross-validation are shown in Figure 5. The model robustly 

distinguishes all three sample groups. Using a class prediction probability of 0.5 as a 

threshold, just three samples are misclassified (90.6% accuracy): a tumour sample is 

classified as tumour adjacent (10/11 correctly classified), an adjacent sample is 

misclassified as control (10/11 correctly classified), and a control sample is misclassified 

as tumour (9/10 correctly classified).  The log predicted probabilities did not have a 

significant correlation with FEV1pp or age within control patients or within cancer 

patients (P-value > 0.05).   

 

 

  

Log 
Odds 
(Tumour/ 
Control) 

Std. 
Error 

Wald 
P-
value 

Log Odds 
(Adjacent/ 
Control) Std. Error 

Wald P-
Value 

(Intercept) 0.23 0.99 0.82 -0.11 1.00 0.92 

Joint - 1 5981.75 1755.18 <0.01 -415.45 1856.98 0.82 

Joint - 2 -1463.66 1954.76 0.45 5044.09 1728.28 <0.01 

Transcriptome -1 -3538.76 1797.90 0.04 2981.02 1159.36 0.01 

Transcriptome - 2 1070.37 1168.52 0.36 -666.68 2829.41 0.81 

Transcriptome - 3 -1408.66 722.75 0.05 1427.61 1639.51 0.38 

Translatome - 1 27.20 3234.18 0.99 -3919.07 3369.21 0.24 

Translatome - 2 2512.90 1498.80 0.09 5441.82 3008.44 0.07 

Translatome -3 -252.07 221.20 0.25 -600.03 346.16 0.08 

 

Table S1: Multinomial logistic regression coefficients 

 



 

 

 Multinomial logistic regression model (Figure S1) coefficients for the JIVE scores 

are summarized in Supplemental Table S1. The resulting gene and protein meta-

loadings are shown for each comparison (Figure 6): tumour vs. control, adjacent vs. 

control and tumour vs. adjacent. These plots show the meta-loadings against variable 

(gene or protein) index, revealing the size and direction of each variable’s contribution 

to the predictive model for each comparison. It is apparent that predictive variables for 

tumour compared to control tissue were evenly distributed across proteomic, 

transcriptomic, and translatomic data.  Predictive variables of COPD stroma associated 

with cancer versus adjacent COPD stroma not associated with cancer were primarily 

found in translatomic (polyribosomal-associated mRNA) data, while predictive variables 

of tumour vs. adjacent were primarily found in transcriptomic (total mRNA) data. This 

pattern suggests that lung tissue adjacent to lung cancers, but not containing lung 

cancer, display unique signatures that manifest at different levels of regulation. These 

datasets indicate that a thorough interrogation of not only the proteome, but also the 

transcriptome, and translatome provide molecular insight that would otherwise be 

discarded. 

KEGG Pathway Analysis  

Pathway enrichment analysis of the meta-loadings obtained from the JIVE 

predictive analysis revealed several significant pathways for each comparison across 

the three data-types (Table 4). For the proteome data six pathways were significant for 

the Tumour vs. Adjacent comparison and five were significant for the Tumour vs. 

Control comparison, while for the translatome data six pathways were significant for the 

Adjacent vs. Control comparison.  For all other analyses all pathways were insignificant 



 

 

after correction for multiple comparisons (FDR > 0.1).  These findings are consistent 

with the translatome being most relevant to the distinction of Adjacent vs. Control 

samples, while the proteomic data is more relevant for the other two comparisons.  

However, several pathways are shared among the different comparisons and data-

types. ECM-receptor interaction, focal adhesion and PI3K-Akt signalling were highly 

significant for each of the three analyses that yielded significant results.    

 

Table 4: Significantly Overrepresented Pathways (FDR < 0.1) using average absolute 

meta-loading threshold. 

 

Data Comparison Pathway 
# of 
Genes FDR  

Proteome 
Tumour vs. 
Adjacent ECM-receptor interaction 8 2.62E-04 

Proteome 
Tumour vs. 
Adjacent Toxoplasmosis 8 2.62E-04 

Proteome 
Tumour vs. 
Adjacent Small cell lung cancer 7 2.66E-04 

Proteome 
Tumour vs. 
Adjacent P13K-Akt signalling pathway 8 4.25E-04 

Proteome 
Tumour vs. 
Adjacent Glycolysis/Gluconeogensis 5 1.99E-02 

Proteome 
Tumour vs. 
Adjacent Focal Adhesion  11 2.81E-02 

Proteome Tumour vs. Control Small cell lung cancer 8 1.6E-05 

Proteome Tumour vs. Control ECM-receptor interaction 9 1.6E-05 

Proteome Tumour vs. Control  Toxoplasmosis 9 1.6E-05 

Proteome Tumour vs. Control  P13K-Akt signalling pathway 9 5.76E-05 

Proteome Tumour vs. Control  Focal Adhesion  15 1.58E-04 

Translatome Adjacent vs. Control  ECM-receptor interaction  12 3.2E-06 

Translatome Adjacent vs. Control  Protein Digestion and Absorption  7 8.85E-03 

Translatome Adjacent vs. Control Focal Adhesion  14 1.48E-02 

Translatome Adjacent vs. Control Bile Secretion  5 4.38E-02 

Translatome Adjacent vs. Control Dilated Cardiomyopathy 7 4.38E-02 

Translatome Adjacent vs. Control PI3K-Akt signalling pathway 15 4.6E-02 



 

 

 

An analogous pathway analysis based on univariate t-statistics rather than JIVE 

meta-loadings for each dataset and comparison was also performed. The pathways 

achieving significance were again found only for the three analyses above: Tumour vs. 

Adjacent for proteomic data, Tumour vs. Control for proteomic data, and Adjacent vs. 

Control for translatome data. The results closely resembled that in Table 3 (see 

Supplemental Table S2). 

 

 

Data Comparison Pathway # of Genes FDR 

Proteome Tumour vs. Adjacent Focal Adhesion  27 9.07E-04 

Proteome Tumour vs. Adjacent ECM-receptor interaction 10 5.27E-02 

Proteome Tumour vs. Adjacent Toxoplasmosis 10 5.27E-02 

Proteome Tumour vs. Adjacent Amoebiasis 14 8.2E-02 

Proteome Tumour vs. Adjacent 

Regulation of Actin 

Cytoskeleton 16 8.2E-02 

Proteome Tumour vs. Adjacent Small Cell Lung Cancer  8 9.59E-02 

Proteome Tumour vs. Control  Focal Adhesion 25 1.51E-02 

Proteome Tumour vs. Control  Amoebiasis 15 1.51E-02 

Proteome Tumour vs. Control  ECM-receptor interaction 10 2.82E-02 

Proteome Tumour vs. Control Toxoplasmosis 10 2.82E-02 

Proteome Tumour vs. Control Small Cell Lung Cancer 8 8.79E-02 

Translatome Adjacent vs. Control  ECM-receptor interaction  10 2.72E-03 



 

 

Table S2: Significantly overrepresented pathways (FDR<0.1), using a p-value threshold 

of p<0.05 under the t-test.   

 

 

DISCUSSION 

 The relationship between COPD and lung cancer was described over three 

decades ago (1, 2) however, the molecular underpinnings of this observation remain 

elusive. In this study, we utilized a multi-omic approach on lung tissue that included 

tumour, adjacent non-malignant lung tissue and COPD lung tissue in subjects without 

lung cancer to uncover pre-malignant signals in lung stroma. This multi-omic approach 

included quantitative mass spectrometry proteomics along with RNASeq on total 

cytoplasmic mRNA (transcriptomics) and polysomal-associated mRNA (translatomics). 

To integrate our multi-omic datasets, we utilized the joint and individual variation 

explained (JIVE) method (18, 19) that simultaneously models components that are 

shared across all datasets. From these we constructed a multi-omic predictive model 

that gave statistically robust separation of the three tissue types, i.e. tumour, non-

tumour adjacent tissue, and control COPD tissue.  

 Among our datasets the proteomic dataset had the largest sample size due to 

limitations in the original sample mass. We observed the largest differences in 

expression when comparing tumour and non-tumour tissues, either adjacent tissue or 

from COPD controls. This is not surprising considering cancers replace normal lung 

structure creating a unique molecular background. Interestingly, we found significant 



 

 

changes between stroma proteome from tissue adjacent to the lung cancer compared to 

control tissue, i.e. not associated with lung cancer.  

 To explore and integrate the three multi-omic datasets we utilized the JIVE 

algorithm after filtering by univariate multinomial logistic regression. The JIVE algorithm 

reduced the large dataset variables to eight latent patterns. The three sample groups 

(tumour, adjacent and control) were illustrated most by two joint components. Six 

additional individual components or patterns were identified for the transcriptome and 

translatome, three each. Using these components, we generated a model to predict 

sample group identity, which robustly distinguished and separated all three sample 

groups. Next, we determined the size and direction of each variable’s contribution to the 

model. Predictive variables of tumour compared to adjacent lung stroma were found 

primarily in the transcriptomic data set. This is not surprising since non-small cell lung 

cancer consists of epithelial cells that have undergone genetic alterations often 

manifesting in alterations in transcription.(22) Whereas, the predictive variables of non-

malignant stroma, i.e. tumour adjacent stroma versus control stroma, were manifested 

in the polyribosomal mRNA dataset or translatome (23), suggesting regulation occurs at 

the level of translation. (24, 25)  These findings are consistent with other reports that 

that gene expression in cancer initiation and progression is controlled at the level of 

translational. (26-28) 

 Pathway analysis of the genes demonstrating changes in the adjacent tissue 

translatome identified ECM and PI3K-Akt signalling as potential pre-malignant 

pathways.  Both the ECM and PI3K-Akt over-representation were common in the 

tumour and adjacent tissue, but differed from controls. Changes in the proteome were 



 

 

also related to the ECM and the PI3K-Akt signalling pathways, but these differences 

indicated overrepresentation in the tumour tissue relative to adjacent tissue and 

controls. This suggests that abnormal ECM and PI3K/Akt play a role as pre-malignant 

signals.   

 Translation is a tightly regulated process and dysregulation of this process is 

associated with the development and progression of many cancers, including lung 

cancer.(26) The eukaryotic translation initiation factor 4E (eIF4E) forms a complex that 

enables translation. Under homeostatic conditions, eIF4E is sequestered, however, 

stimulation via the PI3K/Akt/mTOR pathway leads to assembly of the eIF4E complex 

and increased translation.(29) Elevated levels of eIF4E are associated with both 

experimental and human cancers, including lung.(26, 29) Our data was consistent with 

these findings as the tumour samples demonstrated increased representation of the 

PI3K/Akt signalling pathway compared to both adjacent tissue and controls. However, 

the role of eIF4E in pre-malignant lesions is less defined. Li and colleagues identified 

eIF4E positive cells in adjacent, non-malignant tissues in association with oral 

squamous cell cancer.(28) We identified the PI3K/Akt signalling pathway to be 

significantly over-represented in tissue adjacent to the tumour compared to control 

stroma and this pattern was expressed primarily in the translatome or polyribosomal 

fraction. Thus, lung stroma that is histologically free of lung cancer has pre-malignant 

signals of increased translation via the PI3K/Akt signalling pathway.  

 The role of AKT in COPD is less known. In a study by Hosgood and colleagues, 

they identified a single nucleotide polymorphism (SNP) of PTEN that associated with 

COPD.(30) PTEN is an important regulator of cell cycle progression and cellular survival 



 

 

and also functions as a negative regulator of AKT. Loss of PTEN is associated with 

cancer initiation and therefore it is designated a tumour suppressor gene. In a murine 

model of breast cancer, loss of PTEN in stromal fibroblasts dramatically accelerates 

both cancer initiation and progression. (8) These findings suggest that AKT regulation 

may be the link between COPD and cancer initiation.  

 The tumour stroma consists of non-malignant cells, such as fibroblasts, 

mesenchymal cells and immune cells along with vasculature and ECM. In the last two 

decades it has become apparent that the tumour stroma plays an active role in tumour 

cell recruitment, growth and spread.(6, 31, 32) However, the role of the ECM as a pre-

malignant signal remains less clear. Abnormal ECM remains a hallmark of COPD since 

the discovery of elevated elastolytic and other related proteases that disrupt the ECM in 

COPD.(33, 34) These matrix-degrading proteases are produced by non-malignant cells, 

but once released they can be wielded by malignant or pre-malignant cells to aid in 

micro-invasiveness or activation of signalling pathways.(35) As expected we found 

evidence of ECM differentiation between tumour and adjacent tissue, but also found 

differences comparing tumour adjacent non-malignant stroma and COPD lung tissue 

not associated with cancer. These findings are tempered by the difference in COPD 

severity between controls and those with cancer; but highlights the important and 

somewhat covert role ECM likely has in both COPD and the pre-malignant stroma.  

A limitation of our study is the difference in COPD severity in lung cancer 

associated COPD versus controls; i.e. controls had more severe COPD relative to those 

with lung cancer. Since our dataset was not large enough to control for COPD severity, 

we cannot determine with certainty whether some of the differences observed are 



 

 

related to COPD severity.  However, the same pathways (e.g., ECM and PI3K/Akt) were 

represented in the distinction of tumour tissue from matched adjacent tissue, which 

suggests these are related to carcinogenesis and not COPD severity.  Moreover, the 

identified genes and the predictions from the multinomial model did not correlate with 

COPD severity within the control or cancer cohorts.  Although our adjacent non-

malignant lung tissue did not contain histological evidence of malignancy, we cannot 

guarantee that the tumour influenced stromal phenotype at a distance through secreted 

factors. In addition, we cannot assure that the control group did not carry pre-malignant 

changes that would manifest at a later time point. However, if true this would introduce 

noise and weaken our statistical analysis, which is not suggested by the robust 

distinctions found in our study.  

 In conclusion, we set out to explore the COPD cancer-associated stroma for 

molecular signals supporting tumorigenesis. We found that COPD lung tissue adjacent 

to, but not containing, adenocarcinoma expresses distinct molecular signals compared 

to both tumour and non-malignant COPD tissue (control).  Specifically, molecular 

signals in tumour-associated tissue were manifested at the level of translation and were 

enriched for ECM and PI3K-Akt signalling. This suggests abnormal ECM and the PI3K-

Akt signalling as potential pre-malignant pathways. 
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Figure 1: Multi-omic profiling approach for lung tumor, adjacent non-cancerous lung tissue and COPD control 
lung tissue.  



Figure 2: Venn diagrams for shared transcripts (A) and proteins (B) between sample comparisons using 
pairwise t-tests (FDR<0.1).  



Figure 3: Diagram of the number of genes or proteins at different stages of preprocessing and filtering prior 
to JIVE analysis.  Preprocessing details are available in the Supplement. The rightmost column gives the 

number of genes shared by the transcriptome and translatome data after each step.  



Figure 4: Scatterplot of JIVE scores for two joint components, and the first individual components for the 
transcriptome data and translatome data. Each point represents one lung tissue sample and colors give 

cancer status. The first component shared by the three data types shows a separation between non-cancer 

(control and adjacent) and cancer samples. The second joint component shows a distinction between the 
adjacent samples and the rest of the samples. The individual structures (transcriptome and translatome, 

respectively) did not show strong differentiation of cancer status.  



Figure 5: Predicted group probabilities for multinomial logistic regression using N-fold cross-validation 
(N=32). 



Figure 6: Meta-loadings for variables in each of the three data types, for each of the sample comparisons 
considered.  



SUPPLEMENT: METHODS 

Proteomics 

Tissue Processing: Lung tissue samples (100 mg) were washed in 1X 

PBS solution until clear of blood. Washed samples were placed in Eppendorf 

SafeLock tubes (Eppendorf North America, Hauppauge, NY) containing 75 μL 

2.0 mm Zirconium Oxide beads, 50 μL 1.0 mm Zirconium Oxide beads (Next 

Advance, Averill Park, NY), 50 μL 0.5 mm Zirconium Oxide beads with 6X 

sample-volume lysis buffer consisting of 0.4 M TEAB, 7 M urea, 2 M thiourea, 

20% methanol and 4 mM TCEP (Sigma-Aldrich, St. Louis, MO). The Bullet 

Blender Storm bead mill homogenizer (Next Advance, Averill Park, NY) was 

utilized to thoroughly homogenize the sample at 4o C and maximum agitation for 

10 minutes (Next Advance, Averill Park, NY). Thorough lysis membrane-bound 

protein release, and complete cellular membrane disruption was achieved using 

a Barocycler NEP2320 (Pressure Biosciences Inc., South Easton, MA). The 

samples underwent thirty cycles at 36o C, 35,000 psi for 30 seconds and ~0 psi 

for 10 seconds in pressure cycling technology tubes (Pressure Biosciences Inc., 

South Easton, MA) with 150 μL sample buffer. Methyl methanethiosulfonate 

(MMTS, Sigma-Aldrich, St. Louis, MO) was added to achieve a final 

concentration of 8 mM. The samples were transferred to a 1.6 mL microfuge 

Protein LoBind tube (Eppendorf North America, Hauppauge, NY) and incubated 

15 minutes at room temperature. The samples were microfuged at 4o C, 12,000 x 

g for 10 minutes and the supernatant transferred to a new Protein LoBind 

microfuge tube (Eppendorf North America, Hauppauge, NY). 



 

Enzymatic (Tryptic) Digestion of Protein: Total protein concentrations 

were determined using the Bradford assay (Bio-Rad, Hercules, CA). A 60 μg 

aliquot of each sample was added to a 1.6 mL tube and all samples were brought 

to equal volume with sample lysis buffer without TCEP. Samples were diluted 

four-fold with mass spec grade water (Fisher Scientific W5SK-1, Pittsburgh, PA). 

Trypsin Gold (Promega, Madison, WI) was added at a trypsin to total protein ratio 

of 1:30. Samples were incubated for 16 hours at 37o C, frozen at -80o C for 0.5 

hours and dried in a speed vacuum centrifuge (Thermo Scientific, Waltham, MA). 

 

Peptide Purification: Dried peptides were resuspended in 1 mL of 

reverse phase solvent [98% water, 2% acetonitrile, 0.1% Trifluoroacetic acid 

(TFA)] (Sigma-Aldrich, St. Louis, MO). Resprep 3 cc C18 cartridges (Restek, 

Bellefonte, PA) were conditioned with 1 mL 80% acetonitrile, 0.1% TFA, (Sigma-

Aldrich, St. Louis, MO) followed by 3 mL of washing solvent. Samples were then 

added to the cartridge with a flow rate of approximately one drop per second 

(~1.7psi) followed by 3 mL of washing solvent. Peptides were eluted in 1 mL of 

70% acetonitrile, 0.1% TFA (Sigma-Aldrich, St. Louis, MO) and vacuum dried. 

Samples were then resuspended in 0.5 M TEAB (2 μg/μL) and a 1.5 μL aliquot 

was analysed on a Linear Trap Quadrupole (LTQ) mass spectrometer (Thermo 

Scientific, Waltham, MA) to check for proper peptide digestion and sample 

integrity. 

 



 Quantitative Mass Spectrometry (iTRAQ): Labelling and Detection: A 

20 μg aliquot of each processed sample was labelled with iTRAQ 8-plex reagents 

according to the manufacturer’s protocol (ABSciex, Framingham, MA). Following 

the labelling reaction, all samples and controls were multiplexed, vacuum dried 

and purified using a Resprep 3 cc MCX cartridge (Restek, Bellefonte, PA). 

 

Protein Fractionation and Data Acquisition: Each sample was 

resuspended in Buffer A (10mM ammonium formate, pH 10 in 98:2 

water:acetonitrile) and fractionated offline by high pH C18 reversed-phase (RP) 

chromatography followed by fraction concatenation for 2D proteomic analysis. A 

MAGIC 2002 HPLC (Michrom BioResources, Inc., Auburn, CA) was used with a 

C18 Gemini-NX column, 150 mm x 2 mm internal diameter, 5 µm particle, 110 Å 

pore size (Phenomenex, Torrence, CA). The flow rate was 150 µL/minute with a 

gradient from 0-35% Buffer B (10 mM ammonium formate, pH 10 in 10:90 

water:acetonitrile) over 60 minutes, followed by 35-60% over 5 minutes. 

Fractions were collected every 2 minutes and UV absorbance was monitored at 

215 and 280 nm. Peptide containing fractions were divided into two equal 

numbered groups, “early” and “late”. The first “early” fraction was concatenated 

with the first “late” fraction, and so on. Concatenated samples were vacuum dried 

and resuspended in load solvent (98:2:0.01, water:acetonitrile:formic acid). 

Digested peptide mixtures were desalted with C18 resin according to the stop 

and go procedure. Aliquots of 1-1.5 µg of total peptide were dissolved in 5.5 µL 

of load solvent A (98:2:0.01, water:acetonitrile:formic acid) and loaded directly 



onto a 12 cm X 75-µm internal diameter fused silica pulled-tip (New Objective 

Woburn, MA) capillary column packed in-house with MagicC18AQ resin (5 µm, 

200 Å pore size; Michrom BioResources Auburn, CA) with load solvent at a flow 

rate of 800 nL/min using an Eksigent 1D+LC nanoflow system (Dublin, CA) and a 

MicroAS autosampler. Peptides were eluted using a gradient of 10–40% B 

Solvent over 55 at 320 nL/min. The column was mounted in a nanospray source 

directly in line with a Velos Orbitrap mass spectrometer (Thermo Scientific Inc., 

Waltham, MA). 

 iTRAQ Statistical Analysis: Raw files obtained directly from the Orbitrap 

Velos XL Mass Spectrometer were imported into GalaxyP where raw files were 

converted to mzML format using msconvert and then into .mgf files using MGF 

formatter. Protein Pilot 4.5 search was performed with a target-decoy version 

database generated from the Human UniProt database (12/1/2016) and ABSciex 

contaminant database. False discovery rate (FDR) analysis employed the 

Proteomics System Performance Evaluation Pipeline Software within the 

ProteinPilot suite of software.  

 

Transcriptomics and Translatomics: 

RNA isolation and polyribosome profiling: Frozen lung tissue samples 

ranging in weight from 25-60 mg were individually ground to a fine powder using 

a liquid nitrogen cooled ceramic mortar and pestle. For RNA quality control (QC), 

approximately 20% of each sample was processed with TRI Reagent (Sigma 

Aldrich, St Louis, MO). Once the initial RNA QC was completed, polyribosome 



preparations were performed in random sample pairs.[35] For this purpose, the 

remainder of each frozen powdered sample was solubilized in 100 µL of lysis 

buffer (10 mM Tris-HCl at pH 8.0, 150 mM NaCl, 5 mM MgCl2, 1% Nonidet-P40, 

1% sodium deoxycholate, 40 mM dithiothreitol, 500 U/mL RNAsin (Promega, 

Madison, WI), 40 mM VRC (vanadyl ribonucleoside complex), and 150 µg/ml 

cycloheximide) and mixed by pipetting. Nuclei and insoluble material were 

removed by centrifugation (12,000 x g, 10 seconds, at 4°C). Extraction buffer (50 

µL; 0.2 M Tris-HCl at pH 7.5, 0.3 M NaCl, 10 mM PMSF) was added to the 

supernatant and the sample was mixed by pipetting. The sample was centrifuged 

(12,000 x g, 5 min, at 4° C) and 25% of the supernatant was processed with TRI 

Reagent to generate a cytosolic total RNA sample. The remaining supernatant 

was layered onto a 5 mL, linear sucrose gradient (0.5–1.5 M), 10 mM Tris-HCl 

pH 7.5, 140 mM NaCl, 3 mM MgCl2, 10 mM DTT. Gradients were centrifuged 

(200,000 x g in a Beckman SW55Ti rotor for 80 minutes at 4o C) and the 

gradients were fractionated into ten, 0.5 mL fractions utilizing an ISCO density 

gradient fractionator with absorbance monitored at 254 nm. Each fraction was 

collected into a tube containing 50 µL 1%SDS and 20 µL 0.5 M EDTA. The 

polyribosomal mRNA from fractions 7, 8, 9 and 10 were individually processed 

with 1 mL of TRI Reagent and 200 µL chloroform and the resultant RNA pellets 

from these four fractions were combined to create the polyribosomal mRNA 

sample corresponding to each tissue sample. Polyribosomal mRNA and cytosolic 

RNA were sent to the University of Minnesota Genomics Core for quality 

assessment by Caliper High Sensitivity Lab Chip. Those samples passing the 



Caliper QC were processed into indexed library samples for analysis by RNA 

sequencing. This was accomplished using the SMART-Seq protocol. 

 

 RNA-Seq analysis: Sequencing was performed on a 51SR Dual indexed 

run on the HiSeq 2000 at the University of Minnesota Genomics Center.  

 Quality Assessment: Libraries were quantified using a fluorimetric 

PicoGreen assay. Library size was assessed using capillary electrophoresis on 

an Agilent BioAnalyzer 2100 and only libraries quantifying higher than 10 nM 

were analysed. Libraries were pooled and assessed using Kapa qPCR to ensure 

adapters were ligated to DNA fragments and functional.    

 Cluster generation and sequencing: Nextera libraries were hybridized to a 

single read flow cell and individual fragments were clonally amplified by bridge 

amplification on the Illumina cBot. Once clustering was complete, the flow cell 

was loaded on a HiSeq 2000 and sequenced using Illumina SBS chemistry. 

Upon completion of read 1, an 8-base pair index read for Index 1 was performed. 

The Index 1 product was removed and the template was re-annealed to the flow 

cell surface. The run proceeded with 8 chemistry-only cycles, followed by an 8-

base pair index read to read Index 2.       

 Primary analysis and de-multiplexing: Base call (.bcl) files for each cycle 

of sequencing were generated by Illumina Real Time Analysis (RTA) software. 

The base call files and run folders were exported to servers at the University of 

Minnesota Supercomputing Institute. Primary analysis and de-multiplexing were 

performed using Illumina CASAVA software 1.8.2. Quality control checks on raw 



sequence data for each sample were performed with FastQC. Read mapping 

was performed via Bowtie (v2.2.4.0) using the UCSC human genome (hg19) as 

reference. Gene quantification was done via Cuffquant for FPKM values and 

Feature Counts for raw read counts. 50bp FastQ paired-end reads (n= ~ 

50Million per sample) were trimmed using Trimmomatic (v 0.33) enabled with the 

optional “-q” option; 3bp sliding-window trimming from 3’ end requiring minimum 

Q30. 

Statistical Analysis 

Data Pre-processing  

We considered all genes from the transcriptome and translatome data with 

at least thirty-three percent non-zero entries. The read counts for transcriptome 

and translatome were log(1+Xij) transformed for all subsequent analyses. We 

considered all proteomic variables identified by mass spectrometry with at least 

eighty percent non-missing entries. The remaining missing values in the 

proteomic data were imputed by singular value decomposition with the R 

package SpatioTemporal.[14] We adjusted the proteomic data for systematic 

effects within iTraq runs using the ComBat Non-Parametric Empirical Bayes 

adjustment.[15]  

Independent Screening  

Within each data-type, we assessed the relationships between lung 

cancer status separately for each gene or protein to identify powerful univariate 

biomarkers. We retained all of the 96 samples in the proteomic, and 33 samples 

in the transcriptome and translatome data, respectively, for these independent 



screening analyses. We consider each pair-wise comparison between the three 

sample types. For the class comparisons between tumour and control, and 

adjacent and control, we used 2-sample t-tests. For the comparison between 

tumour and adjacent we used paired t-tests, because tumour and adjacent 

samples were collected from the same individuals. To adjust for multiple 

comparisons we applied a Benjimani-Hochberg false-discovery rate (FDR) 

adjustment, [16]  and we consider those genes or proteins with FDR<0.1.  

 

Pathway Analysis  

The genes or proteins available after pre-processing for each data-type 

were used as the reference list, and those genes or proteins with a p-value less 

than 0.05 from the two-sample or paired t-tests used for independent screening 

were used for enrichment analysis.  We performed three enrichment analyses for 

each data-type: one for genes that distinguish tumour adjacent samples from 

control samples, another for genes that distinguish tumour samples from control 

samples, and another for genes that distinguish adjacent from control samples.  

We also performed a pathway analysis as described above using the 

meta-loadings from the JIVE multinomial logistic regression analysis, to 

determine which biological functions were most overrepresented in the fitted 

model. (Figure S1) Those genes that had an absolute meta-loading greater than 

or equal to the mean of the absolute meta-loading for a given comparison were 

used as the active gene set for each data-type. 

 



Figure S1. The multinomial logistic regression model was fit to predict cancer status from the eight JIVE 

components.  




