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COPD: Chronic Obstructive Pulmonary Disease



Cigarette smoking is the major cause of the two most costly and lethal pulmonary 
diseases, lung cancer and COPD 
only 10-20% of smokers develop lung cancer; an equal number develop COPD. 

The airway epithelial cells injury in smokers

Brush airway epithelial cells

Extract RNA 

Affymetrix U133A analysis

PNAS. 101:10143-10148,2004.. 



lung cancer
High mortality rate is related to low cure rate.
Low cure rate is related to lack of early detection 
measures
Early diagnosis is difficult because many of the 
symptoms of lung cancer resemble those of 
COPD.
only 1%-2% of COPD patients will go on to 
develop lung cancer. 



Histological types of lung cancer

small-cell lung cancer

nonsmall-cell lung cancer:
squamous cell carcinoma
adenocarcinoma
large-cell carcinoma



Diagnostic tests

Chest x-ray — the first step in the investigation. 

CT (computed tomography) scans — this will provide further  
information tumor has spread. 

Sputum analysis — sputum (from the respiratory tract). 

Needle biopsy — for cancers located closer to the ribs 

Bronchoscopy — for tumors in the main bronchi (air passages) 

A blood test may reveal certain substances, which are produced by a 
cancer tumor. 

Lymph nodes can be tested for cancer cells. 



Problems

Past screening measures: annual chest x-
rays, quarterly sputum cytology have not 
been sensitive for lung cancer.
Genetic features offer new possibilities



1) To distinguish smokers develop between COPD and lung cancer.
2) To develop new approaches for the early diagnosis of lung cancer

and for  assessing a  smokers’ risk of developing lung cancer.

Aims



1. This is a test that looks at the inside of the 
airways.

2. A flexible tube called a bronchoscope is put into 
the airway. 

3. The tube has an eyepiece so that the doctor 
can see into your airways.

4. Biopsies (samples of tissue and cells) can also  
be taken during a bronchoscopy.
These are sent to a laboratory for testing to see   
if  there are any cancer cells present.

Bronchoscopy



Study patients and sample collection
A. Primary sample set
B. Prospective sample set
C. Airway epithelial cell collection

Microarray data acquisition and 
preprocessing

A. Microarray data acquisition
B. Preprocessing of array data
C. Sample filter
D. Prospective validation test set

Approaches (I)

Primary sample set
Samples collection between Jan 2003 and   
Apr 2005 obtains former and current smokers
>21 yr, no contraindications to bronchoscopy
n=152

Prospective sample set
Samples collection between May 2005 and Dec   
2005 obtains former and current smokers

>21 yr, no contraindications to bronchoscopy
n=40

Affymetrix HG-U133A array
Normalization (RMA)
Sample filter 
(MAS 5.0 + average z-score)
An average z-score > 0.129 was excluded
Primary sample set: n=129
Prospective sample set: n=35   



Supplementary Table 1. Patient demographics by dataset and cancer status.

PPD = packs per day, Smoking status: F = former smokers, C = current smokers, Gender: 
M = male, F = female.  (Mean ± SD) 1 pack has 20 cigarettes 

(n=129) (n=35)

smoking history: pack-years = (number of cigarettes smoked per day x number of years smoked)/20



Supplementary Table 2. Cell type and staging information for   
the 60 lung cancer patients in the n =  
129 primary dataset.

Detailed pathological descriptions of cancer specimens are available at
http://pulm.bumc.bu.edu/CancerDx/

BCA: Bronchoalveolar carcinoma



http://pulm.bumc.bu.edu/CancerDx/



Microarray data analysis
A. Class prediction algorithm
B. Randomization
C. Characteristics of the 1000 additional   

runs of the algorithm
D. Comparison of RMA vs. MAS5.0 and  

weighted voting vs. PAM
E. Cancer cell type and stage

Approaches (II)

Weighted voting algorithm
Adjustment: ANCOVA with pack-years

as the covariate.
Gene selection: signal to noise metric and internal cross-validation

40 up 40 down probesets



Supplementary Table 1. Patient demographics by dataset and cancer status.

PPD = packs per day, Smoking status: F = former smokers, C = current smokers, Gender: 
M = male, F = female.  (Mean ± SD) 1 pack has 20 cigarettes 

(n=129) (n=35)
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Microarray data analysis
A. Class prediction algorithm
B. Randomization
C. Characteristics of the 1000 additional   

runs of the algorithm
D. Comparison of RMA vs. MAS5.0 and  

weighted voting vs. PAM
E. Cancer cell type and stage

Approaches (II)



Fig. 1a.  Class prediction methodology

50 runs

40 –up
40 –down probesets



Fig. 1b. Biomarker performance.

P=0.004



Fig. 2. Hierarchical clustering    
of  80 probeset
expression in two sets.

2a. Test set (n=52)
accuracy 83%
sensitivity 80%
specificity 84%

2b. Prospective set (n=35)
accuracy 80%
sensitivity 83%
specificity 76%

Antioxidant

Cell cycle
Inflammation



Supplementary Table 4. Comparing the airway biomarker to randomized biomarkers.

Random 1: training set were permuted and the entire algorithm,
including gene selection, was re-run

Random 2: the 80 genes in the original predictor 
permuted the class labels of the training set samples

Random 3: selecting 80 random probesets where the class labels of the  
training set were retained

1000 Runs: primary data set using the same algorithm as was used to build the  
actual biomarker to create 1,000 additional training

The P-values indicate the percentage of 1000 runs that had the  
same performance than the actual classifier.



Supplementary  Fig. 3 Biomarker accuracy is independent of   
the composition of the training set.

1000 Runs1000 Runs Random 1



Microarray data analysis
A. Class prediction algorithm
B. Randomization
C. Characteristics of the 1000 additional

runs of the algorithm
D. Comparison of RMA vs. MAS5.0 and  

weighted voting vs. PAM
E. Cancer cell type and stage

Approaches (II)

The different class-prediction and data preprocessing algorithms were identical.
Samples did not separate by cell type or stage in this analysis (PCA)



Validation  of differential expression of
select biomarker genes
A. QPCR
B. Immunohistochemistry

Link to lung cancer tissue microarray datasets
A. Analyses of Bhattacharjee dataset
B. Analyses of Wachi dataset
C. Analyses of Raponi dataset
D. Analyses of  Potti dataset

Approaches (III)



Supplementary  Fig. 1 Confirmation of expression differences for
selected biomarker genes by RT-PCR.
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Supplementary Table 3. Functional classification of biomarker genes. (I) 



Supplementary Table 3. Functional classification of biomarker genes. (II) 



Supplementary Table 3. Functional classification of biomarker genes. (I) 



Supplementary  Fig. 2 Inflammatory gene expression in bronchial epithelial cells.

CD55: decay accelerating factor for complement
IL-8: Interleukin-8 

11 inflammatory gene probesets
Primary dataset (n=129)

Bronchial epithelial cells



128 samples for further analysis (88 adenocarcinomas, 
three small cell, 20 squamous, and 17 normal lung 
samples).
The samples were classified with 89.8% accuracy, 89.1% 
sensitivity, and 100% specificity.
The airway biomarker classified normal lung tissue from 
smokers without cancer and lung tumor tissue from 
smokers with 90% accuracy.

Link to Lung Cancer Tissue Microarray Datasets (I)

Analyses of Bhattacharjee dataset

PNAS 98,13790–13795, 2001



Link to Lung Cancer Tissue Microarray Datasets (II)

Analyses of Wachi dataset

Bioinformatics 21, 4205–4208, 2005

The 10 arrays represent five squamous cell lung cancer   
tissue samples from smokers and five matched adjacent
histologically normal lung tissue samples taken from the   
same patients.

All samples were classified as being from smokers with
cancer; moreover, the expression of biomarker probesets
was similar between tumor and adjacent normal tissue 
samples.



Link to Lung Cancer Tissue Microarray Datasets (III)

Analyses of Raponi dataset

Cancer Res. 66, 7466–7472, 2006

These 130 samples represent fresh frozen, surgically  
resected malignant lung tissue from 129 individual  
patients with different stages of squamous cell  carcinoma.

80 biomarker correctly classified 99% (129 of 130) of samples. 



Link to Lung cancer Tissue Microarray Datasets (IV)

Analyses of Potti dataset

NEJM. 355, 570–580, 2006

These 198 samples represent resected malignant lung tissue
from 198 individual patients with different stages of non-small   
cell lung cancer. 

80 biomarker classified 90% (178 of 198) of samples. 



Fig. 3. Principal component analysis (PCA) of airway biomarker 
gene expression in lung tissue samples.

P= 0.026
80 biomarker probesets
Bhattacharjee dataset (n=128)



Supplementary  Fig. 4. Comparison of bronchoscopy cytopathology and  
biomarker prediction accuracies in the primary  
dataset by (a) cancer stage or (b) cancer subtype. 

Biomarker : 90% sensitive for   
stage 1 lung cancer

Bronchoscopy:  35% sensitivity



Fig. 4. Diagnostic utility of bronchoscopy and the   
gene-expression biomarker.
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Conclusion 

Identification of airway gene-expression 
biomarker increased the diagnostic rate of 
smokers with  suspect lung cancer.
Combining cytopathology with the gene-
expression biomarker improves the diagnostic 
sensitivity and NPV.
These biomarkers may have the potential to 
identify high-risk smokers. 



Thanks for your attention 
and 

welcome to feedback.



Expression measures 
MAS 5.0•GeneChip®MAS 5.0 software uses Signal
with MM*a new version of MM that is never larger than PM.•If
MM < PM, MM* = MM.•If MM >= PM,–SB = 
TukeyBiweight(log(PM)-log(MM)) (log-ratio).–log(MM*) = 
log(PM)-log(max(SB, +ve)).•TukeyBiweight: B(x) = (1 –
(x/c)^2)^2 if |x|<c, 0 ow.)}{log(BiweightTukey *jjMMPMsignal−=



Expression measures 
RMA

Irizarry et al. (2003).
1.Estimate background BG and use only 
background-corrected PM: log2(PM-BG).
2.Probe level normalization of log2(PM-BG) 
for suitable set of chips.
3.Robust Multi-array Average, RMA, of 
log2(PM-BG).
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