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Additional methods
UCMC sample collection, RNA isolation, microarray hybridization and data processing. Total RNA was re-precipitated by sodium acetate/ethanol, further processed for microarray assay using Affymetrix Human Exon 1.0 ST GeneChip (Santa Clara, CA). 
RNA quality and integrity were confirmed by Nanodrop (A260/A280 ratios between 1.7 and 2.2) and Bio-Analyzer mini-gel assay. In each PBMC sample, 150ng RNA was adopted for reverse transcription to single stranded DNA, and amplification of cRNA using Affymetrix GeneChip WT cDNA Synthesis Kit according to GeneChip Expression analysis technical manual (S1). Amplification yields of cRNA for the first and second rounds (exceeding 25 μg/ml and 1000 μg/ml, respectively), and quality of the second round amplified cRNAs were all satisfactory. Hybridization and scanning were performed as described in the GeneChip Expression Manual (S1). 
The microarray raw data (.cel files) were processed using dChip software with the following parameters: Model method="average", Normalization="quantile", Smoothing method="running median". The probe grouping file "HuEx-1_0-st-v2.r2.pgf" and probe set mapping file "U133_to_exon_mapping.csv" were downloaded from Affymetrix website. The intensities of all exons in a gene were averaged based on probe grouping file to represent the corresponding gene expression value, and further mapped to Affymetrix U133 probe sets based on consensus sequences specified in "U133_to_exon_mapping.csv" file. The filtering steps applied to U133 probe sets included: 1) removing probe sets without functional annotations; 2) for redundant probe sets targeting on the same gene, only keeping the one with the highest mean values across all samples; and 3) removing probe sets with only low expression intensities or minimal variation across samples (intensity < 100 in more than 70% samples or coefficient of variation <0.3 across all samples). A total of 2,718 unique genes passed these criteria in training cohort and were adopted for downstream data analysis. 

Construction and cross-validation of genomic model for IPF prognostication. A genomic prognostication model with IPF prognostic predictor genes prioritized from training cohort was constructed using BRB-ArrayTools [S2]. The number of risk groups and the risk percentiles were specified by user. The "Survival risk group prediction" algorithm in BRB-ArrayTools uses a Cox-PH model to relate survival time to k “super-gene” expression levels (we set k =2 in current study). The “supergene” expression levels are the k Principal components, i.e. linear combinations of expression levels of the preselected specified classifiers [S3]. The k-variable Cox-PH regression analysis was performed. This provides a regression coefficient (weight) for each principal component. The average of the coefficients of the k components was defined as the weight of the corresponding classifier. To compute a prognostic index (PI) for a patient, the software provided a prognostic index (PI) with a log expression intensity given by a vector x. A high value of the PI corresponds to a high value of hazard or risk, and consequently a relatively poor predicted prognosis. 
Ten-fold cross-validation (CV) was used to evaluate the misclassification rate of the genomic model in training cohort. Briefly, PI of the 10% of the randomly omitted patients was ranked relative to the PI of the rest of the 90% of the patients included in the model. The omitted patient was placed into a risk group based on his/her percentile ranking, the number of risk groups specified, and the cut-off percentiles specified for defining the risk groups. This analysis was repeated from scratch n times (n=10), leaving out a different 10% of patients each time.  

Additional References:
S1.  http://media.affymetrix.com/support/downloads/manuals/expression_analysis_
 technical_manual.pdf
S2. Simon R, Lam A, Li MC, Ngan M, Menenzes S, et al. (2007) Analysis of gene expression data using BRB-ArrayTools. Cancer Inform 3: 11-17.
S3. Bair E, Tibshirani R. (2004) Semi-supervised methods to predict patient survival from gene expression data. PLoS Biol 2: E108.

Additional figure legends 
Additional Figure S1. Detection of gene co-expression modules in training cohort. Gene expression intensities obtained from Exon 1.0 ST Array were normalized. Probe sets were mapped to U133 plus 2.0 Array and filtered as described in Additional methods. A total of 2,718 unique genes were retained and subjected to R package "Weighted Gene Co-expression Network Analysis (WGCNA)” to identify co-expressed gene modules. A). Optimization and selection of power for adjacency transition of gene-gene correlation matrix (power =7). B). Cluster dendrogram of the gene co-expression modules represented by different colors. Seven gene co-expression modules were detected by hierarchical clustering using dynamic tree cut algorithm integrated in WGCNA with the following parameters: power=7, minModuleSize=120, mergeCutHeight= 0.3. Unclustered genes (genes not correlated with other genes) were collected in Grey module.

Additional Figure S2. Gene interaction network of IPF prognostic predictor genes. Significant gene interaction networks were determined using Ingenuity Pathway Analysis (IPA) software. Node shapes denoting different functions were depicted in right panel box. Green and red denote down and up-regulated genes, respectively. 

Additional Figure S3. Concordance of IPF prognostic predictor genes between training and each validation cohort. The fold change of each gene between predicted low-risk and high-risk prognosis patients was plotted between training (X-axis) and validation cohort (Y-axis). 

Additional Figure 4S. Receiver-Operating-Characteristic (ROC) analysis of genomic model for diagnosis prediction.  ROC curves of UCV cohort consisting of IPF patients and healthy individuals were plotted based on the Prognostic Index (PI) derived from IPF genomic model. AUC (Area-Under-Curve) is displayed in the graph. The red line denotes 10% false alarm (1-Specificity). 
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Additional Table S1. Canonical pathways enriched from the fully specified 

classifiers

Canonical 

Pathways

-

log(

q

-

value)*

Gene 

Symbol

iCOS

-

iCOSL

Signaling in T 

Helper Cells

4.96

ICOS,CD28,LCK,CAMK4,CAMK2D

, 

HLA

-

DQA1,TRAT1,ITK

T Cell Receptor Signaling

1.93

CD28,LCK,TXK,CAMK4,ITK

Role of NFAT in Regulation 

of the Immune Response

1.87

CD28,LCK,CAMK4,HLA

-

DQA1, 

RCAN3,ITK

CD28 Signaling in T Helper 

Cells

1.87

CD28,LCK,CAMK4,HLA

-

DQA1,ITK

T Helper Cell Differentiation

1.84

STAT4,ICOS,CD28,HLA

-

DQA1

G

-

Protein Coupled Receptor 

Signaling

1.51

PRKACB,GPR171,pRY10,CAMK4

, 

CAMK2D,GPR18,S1PR1,GPR174,CCR7

CTLA4 Signaling in 

Cytotoxic T Lymphocytes

1.51

CD28,LCK,HLA

-

DQA1,TRAT1

Primary Immunodeficiency 

Signaling

1.31

IL7R,ICOS,LCK

Nur77 Signaling in T 

Lymphocytes

1.31

CD28,CAMK4,HLA

-

DQA1

PKCÎ¸ Signaling in T 

Lymphocytes

1.31

CD28,LCK,CAMK2D,HLA

-

DQA1

*Represents 

Benjamini

-

Hochberg adjusted 

p

-

value in Fisher’s Exact test. The criterion for 

significant pathway is set at 

p

-

value<0.05 (i.e. 

-

log(

q

-

value)>1.3) 
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Additional Table 

S2.  

Multivariate Analysis of Prognostic Index (PI) with 

clinical parameters 

Clinical 

parameters

Statistics

Training 

cohort

UCV cohort

UPV cohort

Race

t

-

test

(Caucasian vs. 

Non

-

Caucasian)

p

= 0.92

p

=0.79

N/A

Sex

t

-

test 

(Male vs. Female)

p

= 0.02

*

(Male > Female)

p

= 0.31

p

= 0.04

* 

(Male > Female)

Age

t

-

test 

(.> 65 vs. < 65  yrs)

p

= 0.45

p

= 0.20

p

= 0.15

FVC %

Pearson’s 

correlation

p

= 0.0002

*

(

coe

=

-

0.53)

p

= 0.97

(

coe

=

-

0.01)

p

= 0.83 

(

coe

= 

-

0.03)

DLCO %

Pearson’s 

correlation

p

= 0.051         

(

coe

=

-

0.29)

p

= 0.018

*          

(

coe

=

-

0.50)

p

= 0.44

(

coe

= 0.09)

CPI

Pearson’s 

correlation

p

= 0.016

*         

(

coe

=0.36)

p

= 0.01

*         

(

coe

=0.53)

p

= 0.69

(

coe

= 

-

0.05)

UCV=Validation cohort from University of Chicago Medical Center; UPV=Validation 

cohort from University of Pittsburgh Medical Center ; FVC=Forced vital capacity, 

DLCO=Diffusion capacity for carbon monoxide; CPI=Composite physiologic index; 

coe

=coefficient

* and bold indicate significant difference 


image3.wmf
Additional Table 

S3. 

Biological processes enriched from turquoise, black and 

red co

-

expressed gene modules

GO_ID

GO Term

q

-

value

GO:0090304

nucleic acid metabolic 

process

0.0010

GO:0006396

RNA 

processing

0.0016

GO:0016458

gene silencing

0.0055

GO:0006355

regulation of 

transcription

, 

DNA

-

dependent

0.0061

GO:0050852

T cell 

receptor 

signaling 

pathway

0.0087

GO:0045449

regulation of 

transcription

0.0098

GO:0006783

heme biosynthetic 

process

0.0001

GO:0020027

hemoglobin metabolic 

process

0.0031

GO:0015671

oxygen 

transport

0.0032

GO:0016226

iron

-

sulfur cluster assembly

0.0032

GO:0046501

protoporphyrinogen 

IX metabolic 

process

0.0032

GO:0006357

regulation of 

transcription 

from RNA 

polymerase 

II 

promoter

0.0032

GO:0016573

histone acetylation

0.0053

GO:0048469

cell maturation

0.0053

GO:0051186

cofactor metabolic 

process

0.0058

GO:0070647

protein 

modification by small 

protein 

conjugation or removal

0.0069

GO:0048821

erythrocyte 

development

0.0081

GO:0006891

intra

-

Golgi vesicle

-

mediated 

transport

0.0092

GO:0008634

negative regulation of survival gene 

product expression

0.0092

GO:0030521

androgen 

receptor 

signaling 

pathway

0.0092

GO:0042541

hemoglobin biosynthetic 

process

0.0092

GO:0046488

phosphatidylinositol 

metabolic 

process

0.0092

GO:0005977

glycogen metabolic 

process

0.0045

GO:0006026

aminoglycan catabolic 

process

0.0010

GO:0006334

nucleosome assembly

0.0015

GO:0008610

lipid 

biosynthetic 

process

0.0081

GO:0009112

nucleobase metabolic 

process

0.0075

GO:0031640

killing of cells of another organism

0.0009

GO:0033692

cellular 

polysaccharide 

biosynthetic 

process

0.0045

GO:0042742

defense 

response 

to bacterium

0.0000

GO:0043312

neutrophil 

degranulation

0.0041

GO:0044130

negative regulation of growth of symbiont in host

0.0045

GO:0046390

ribose 

phosphate 

biosynthetic 

process

0.0041

GO:0050830

defense 

response 

to 

Gram

-

positive 

bacterium

0.0054

GO:0050832

defense 

response 

to fungus

0.0000

GO:0055114

oxidation reduction

0.0070

GO:0070943

neutrophil 

mediated killing of symbiont cell

0.0041


