
SUPPLEMENTAL EXPERIMENTAL PROCEDURES 

 

Array: DNA extraction and profiling 

 

DNA was purified from the samples using the MagNA Pure Compact Nucleic 

Acid Isolation Kit (Roche) as per the manufacturer’s instructions. The quantity 

and purity of DNA extracted was verified via spectrophotometric analysis.  The 

profiling was done at the UCLA Clinical Microarray Core Facility (Department of 

Pathology and Laboratory Medicine) on the Affymetrix Single Nucleotide 

Polymorphism 6.0 Platform.  

 

Array: Total RNA extraction and profiling 

 

Total RNA were purified by using the MagNA Pure Compact Nucleic Acid 

Isolation Kit (Roche) while miRNA was purified using the miRNeasy Mini Kit 

(Qiagen) as per the manufacturer’s instructions. The quantity and purity of total 

RNA was checked via spectrophotometric analysis. The RNA array analyses 

were completed at the UCLA Clinical Microarray Core. Affymetrix U133 plus 2.0 

arrays was used for investigating mRNA expression and the Exiqon miRNA array 

(miRCURY LNA™ microRNA Array v. 11.0 -hsa, mmu & rno) was for miRNA 

expression. 

 

Data analysis 



 

Pre-processing expression data 

The mRNA expression data from CEL files was normalized by using the 

Bioconductor gcrma package (1). The presence-absence of expression at 

detectable level on chip was determined by using Bioconductor “Presence-

Absence calls with Negative Probesets” (panp) package (1) that statistically 

compared data to negative control probesets. Unexpressed transcripts were then 

filtered out if their expression was absent in more than 70% samples.   

 

For miRNA, the expression data was adjusted and normalized by variance 

stabilizing transformation implemented in the Bioconductor vsn package (2). The 

data for multiple different probes that bind to a single miRNA was consolidated; 

their average was used for expression of respective miRNA.   

 

Determining samples highly expressed epithelial signals based on tumor content 

(TC) 

It was essential to distinguish the signatures of epithelial from those of stromal 

cells in PDAC; however, it was difficult to separate tissues in specimens in which 

TC might vary from 20 to 90%. By hierarchical clustering all pancreatic tumors 

and non-cancer samples based on filtered expression data, we observed that the 

non-cancer samples were often grouped with samples with low TC (data not 

shown).  We hypothesized that the signature signals from epithelial cells would 

become distinguishable from those stromal cells when TC in the specimen was 



greater than a certain threshold.  To systematically determine such TC threshold, 

we stratified samples into two cohorts as low and high TC groups based on the 

selected TC cutoff value.  The non-cancer samples were included into the low TC 

cohort.  We used SAM (3) to determine the number of differentially expressed 

genes between two groups along with its false discovery rate (FDR) at a preset 

delta threshold (e.g. = 1.1 in this analysis). We repeated the procedure multiple 

times with different TC cutoff values. For the optimal cutoffs, a large gene set 

should be determined to be significant with a low false discovery rate. We found 

that a 30% threshold was optimal. This yielded 25 patients with bona-fide PDAC 

with a tumor content >30% as the focus group for our analysis of the neoplastic 

ductal epithelial signature.   

 

Gene and miRNA expression analysis 

Our overall strategy was to identify genes whose expression calls correlate with 

DFS, as this set of genes can be used to predict patient outcome. After filtering 

as previously discussed, we examined the expressions of 19,722 probe sets 

whose expression was present in more than 30% of 25 samples of interest. Cox 

scores (4) were used for measuring the correlations between gene and miRNA 

expression, and continuous DFS. Patients were not dichotomized on their 

prognostic outcome. We believe that the continuous method can generate an 

accurate correlation score, as it 1) does not set an arbitrary survival time 

threshold, 2) does not sacrifice sample size, and 3) appropriately accounts for 

those patients who have an intermediate outcome and do not clearly fall into the 



“good” or “poor” prognosis groups. Transcripts were sorted based on the 

absolute values of their Cox scores to generate a list of the most significant 

genes.   

 

We next used the semi-supervised clustering method (4) to determine if 

expression of the most significant genes could be used to predict patient 

outcome, and the minimal number of genes required for the most accurate 

prediction. In brief, we performed 2-means clustering on those 25 patients using 

n genes with the largest absolute Cox scores. The resulting classification was 

used to train a nearest shrunken centroid classifier which was then used to re-

assign patients to one subgroup or the other via the leave-one-out cross-

validation procedure. We recorded the cross-validation error rate to determine if 

n selected genes were sufficient for the prediction. We repeated procedure 

multiple times with different n’s to determine the minimal number of genes 

required for prediction.  The final two predicted patient groups were stratified by 

2-mean clustering based on the expressions of the optimal n probe sets. 

 

To estimate the outcome prediction power of the data, we used the logrank test 

to compare the DFS time distributions of two predicted patient groups. The 

prediction power was set to be the negative of log (base 10) of p-value of the 

test. The same analyses were performed on miRNA expression data to 

determine signature miRNA whose expression associate with DFS time and the 

power of the prediction.   



 

DNA copy number analysis 

Affymetrix SNP 6.0 arrays were used to detect SNP genomic changes in the 25 

study samples. CEL file was produced by Affymetrix GeneChip Command 

Console (AGCC) software for each array, and imported into Affymetrix GTC 3.0.1 

and analyzed using the Copy Number Analysis workflow with default parameters. 

Regions identified for CNAs were then annotated with gene symbols based on 

the annotation file from the UCSC genomic build hg18. In the annotation step for 

each sample, copy number of a gene is inferred as being amplified (or deleted) if 

its encoding region is overlapped with an amplified (deleted) CNA region.  Gene-

based CNAs expedite the later integration of multiple data.  Only gene-based 

CNAs showing up in more than 5 samples (i.e. 5/25 = 20%) were identified to be 

recurrent and subjected for next survival analysis. In this analysis, the Cox 

proportional hazards model was used to determine if the sample showing CNA 

on the locus of interest had higher risk than that without variance in copy number.  

A recurrent CNV was assumed to associate with high risk when its p-value of 

Cox hazard ratio (HR) was < 0.2. 

 

The Cox proportional hazards model determines individual recurrent CNA might 

associated with high risk, but it was not able to justify if multiple CNAs also 

increased the risk.  We classified patients based on copy numbers of genes 

whose genomic variation associated with survival (p-value < 0.2).  In this 

analysis, we used unsupervised clustering approach with Ward’s method for 



agglomeration method and Manhattan function for distance metric. Overall two 

groups were identified, and DFS time of their members was compared by log-

rank test to represent the outcome prediction power of CNVs. 

 

Integrating multiple dimension data to identify signature genes with multiple 

levels of evidence (i.e. the composite score) 

A composite score was developed to rank the prognosis significant genes based 

on gene expression and mechanisms of regulation. Its formula is described by 

the following equation: 
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where ri and rj are the ranks of gene i and its regulating miRNA j repectively 

based on their absolute Cox scores.   Ranks r is normalized to be ranged 

between 0 (minimum absolute score) and 1 (maximum absolute score).  The 

weight factor wk is the prediction power (i.e. –log10(p-value) of log rank test) of 

the individual dimension k (CNA, and mRNA and miRNA expression), and is 

identified in the previous steps, and  cij is the correlation coefficient of 

expresssion between i and j.  For CNA data, the binary variable scnv,l  is set to be 

1 if the gene/miRNA locus I has CNA associated with survival time (p < 0.2), and 

0 for those that did not.  We also consider if an observed variation in expression 

can be explained by variations of CNA or/and regulating miRNA.  The binary 

variable fk1,k2 is then introduced to encode if the changes in dimension k1 and k2 

in the same direction (= 1) or not (= 0).  For example, fcnv,l = 1 if the up regulation 



of the gene/miRNA l  (i.e. positive Cox score) could be explained by the 

amplification (or deletion) of locus l.  The negative sign in front of fi,j implies the 

anti-concordance between expression of gene i and miRNA j since miRNA 

predominantly repress gene expression by decreasing target mRNA levels (5). In 

parallel to eliminating false regulation of miRNA-gene pair by (-fi,j), we 

quantitatively strengthen the regulation, if it happens, by anti-correlation 

coefficient between the pair.  Besides, if the miRNA coding region overlapped 

with a CNA, then that miRNA is given a greater strength (the right most term in 

the equation).  The normalized weight factor of CNA is used in considering its 

effect on miRNA.  That allows each term in the brace bracket to have the 

maximal value of one.  In brief, the first term in the above equation captures the 

weighted gene expression value, the second term for the copy number variation, 

and the third term, which is the most complex, accounts for regulation of gene 

expression by miRNA.  

 

Candidate miRNA and gene interactions (i.e. seed-match pairs) were 

downloaded from three databases: TargetScan (6) , miRBase (7), and TarBase 

(8).  Since one gene could be regulated by multiple miRNAs, the composite 

score for each pair of gene i and miRNA j was first calculated, and then the 

maximal composite score was selected to represent that gene.  Survival 

signature genes were selected based on their overall composite scores. The 

semi-supervised clustering approach as previously discussed was also used for 

selecting genes associated with survival time based on the Composite scores.    



 

Pathway analysis 

The pathways gene sets were downloaded from molecular signature database 

(MSigDB, http://www.broadinstitute.org/gsea/msigdb/index.jsp). Fisher exact test 

was used for identifying which pathways/functions were enriched by the selected 

survival signature genes.   

 

Immunohistochemistry of UCLA TMA 

Sections were deparaffinized in xylene and rehydrated in graded alcohol. 

Endogenous peroxidase activity was blocked with 3% hydrogen peroxide (H2O2). 

Antigen retrieval was performed by boiling the sections in 0.01M citric acid buffer 

(pH 6.0) for 15 min. Sections were first blocked with 5% normal donkey serum, 

and then incubated with primary antibody against p85α (Epitomics, Cat: 1675-1, 

1:100), P-SRC (Y418) (Abcam, Cat: ab47411, 1:100), PTEN (Cell Signaling, Cat: 

#9559, 1:100), P-AKT(Cell signaling, Cat: #4060, 1:40), and P-S6 (Cell Signaling, 

Cat: #2215, 1:100), overnight at 4 °C. Sections were then incubated with 

biotinylated secondary antibody (1:500, Jackson ImmunoResearch Laboratories) 

for 1 hour at room temperature. Antibody binding was revealed with Vectastain 

ABC Elite Kit (Vector Laboratories, PK-6100) and was visualized by incubation 

with DAB (3, 3’-diaminobenzidine, Vector Laboratories). Sections were 

counterstained in Gill’s hematoxylin. Negative and positive control slides were 

included. Digital images of sections were obtained using a ScanScope XT 



System (Aperio Technologies Inc, Vista, CA) at 400X magnification courtesy of 

the UCLA Translational Pathology Core Laboratory. 

 

qRT-PCR of Validation Samples  

Archival slides and FFPE blocks from another separate cohort of PDAC patients 

resected at UCLA between 2002 and 2009 were reviewed.  For each tumor, a 

minimum of three areas of intact, non-necrotic malignant tumor were extracted 

from FFPE blocks as 3 mm cores. Total RNA was isolated from cores using the 

RecoverAll™ Total Nucleic Acid Isolation Kit for FFPE (Ambion #AM1975) per 

manufacturer’s instructions. For first strand cDNA synthesis from FFPE samples, 

1 to 2 μg of total RNA was reverse-transcribed with random hexamer primers 

using the High Capacity cDNA Reverse Transcription Kit with RNase Inhibitor 

(Ambion #4374966). SYBR green real-time quantitative PCR assays (qPCR) 

were performed using a Roche (Basel, Switzerland) LightCycler 480 Real-Time 

PCR System. Amplification reactions were carried out in 10 μl with cDNA, 300nM 

forward/reverse primers and 5 μl of 2 x SYBR green master mix (Roche 

#04707516001). Reaction parameters were 95°C for 5 min, followed by 45 cycles 

of 95°C for 10 s, 60°C for 10 s and 72°C for 10 s.  Primers (sequences available 

upon request) were optimized for FFPE-derived cDNA use of short (<90 bp), 

intron-spanning amplicons.  Relative expression for each sample was 

determined, as normalized to ACTB as housekeeping gene.  
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Supplemental Table 1:   The clinical and pathologic features of two independent 
non-overlapping validation cohorts 
 

Factor subcategory 
n(%) 

TMA qPCR 
total samples   148 42 

Age, years 

median (range) 65 (35-96) 66 (39-96) 

< 65 67 (45%) 15 (36%) 

> 65 81 (55%) 27 (64%) 

Gender 
Male 76 (51%) 23 (55%) 

Female 72 (49%) 19 (45%) 

Tumor location 
Head 148(100%) NA 

Tail 0 NA 

Operative 
technique 

Whipple NA NA 
Distal 
pancreatectomy 

NA NA 

Total NA NA 

Tumor diameter, 
cm 

median (range) 3 (0.6 -8) 3 (1 - 9) 

< 2.5 43 (29%) 8 (19%) 

> 2.5 94 (64%) 33 (79%) 

missing information 11 (7%) 1 (2%) 

  1 22 (15%) 2 (5%) 

T stage 2 63 (42.5%) 11 (26%) 

  3 63 (42.5%) 29 (69%) 

Tumor 
differentiation 

Well 8 (5%) 0 

Moderate 73 (49%) 27 (64%) 

Poor 61 (41%) 15 (36%) 

missing information 6 (4%) 0 

Lymph nodes 
Negative 69 (47%) 21 (50%) 

Positive 79 (53%) 21 (50%) 

AJCC Stage 

1 40 (27%) 10 (24%) 

2 107 (72%) 30 (71%) 

3 1 (1%) 2(5%) 

Disease Specific 
Survival (DSS), 
months 

median 24.2 25.4 

Follow-up 
Survivors, 
months 

median (range) 21.6 (0.5 - 175.8) 22.9 (3.9 - 105.2) 

 



Supplemental Table 2: mRNA expression array analysis; 500 top scored probes 
their corresponding genes, and their Cox-scores. 
 
Supplied as Excel file (Supplemental Table 2)



 
Supplemental Table 3: miRNA expression array analysis individual Cox-scores. 

miRNA cox.sc.tt 
hsa-miR-544 -3.38 
hsa-miR-9/mmu-miR-9/rno-miR-9 -3.37 
hsa-miR-942 -3.19 
hsa-miR-520d-3p -3.19 
hsa-miR-545* -3.13 
hsa-miR-541 -3.12 
hsa-miR-891b -3.04 
hsa-miRPlus-F1037 -3.02 
hsa-miRPlus-E1285 3.00 
hsa-miR-378*/mmu-miR-378*/rno-miR-378* -3.00 
hsa-miRPlus-E1107 2.99 
hsa-miR-646 -2.98 
hsa-miRPlus-E1073 -2.94 
hsa-miRPlus-E1061 2.93 
hsa-miR-1296 2.92 
hsa-miRPlus-F1232 2.88 
hsa-miR-202* -2.86 
hsa-miR-302c/mmu-miR-302c -2.80 
hsa-miR-507 -2.79 
hsa-miR-516a-5p 2.76 
hsa_SNORD15A -2.75 
hsa-miR-892b 2.74 
hsa-miRPlus-E1005 2.68 
hsa-miRPlus-F1096 -2.67 
hsa-miRPlus-E1238 2.67 
hsa-miRPlus-C1106 -2.62 
hsa-miR-130a* -2.62 
hsa-miR-551a 2.61 
hsa-miRPlus-E1225 2.60 
hsa-let-7b*/mmu-let-7b*/rno-let-7b* 2.59 
hsa-miRPlus-F1127 2.59 

 



 
Supplemental Table 4: CNA frequencies and p-values of Hazard ratios from 
Cox proportional hazard regression. 
 
geneSymbol Chr start end del 

sampl
es 

amp 
samples 

p-value 
(HR) 

Amplification       
RNPC3 1 103841165 103899382 0 6 0.1508 
ZNF672 1 247099152 247110337 0 6 0.0479 
HEMK1 3 50581912 50597425 0 11 0.1178 
INMT 7 30758275 30763743 0 10 0.0828 
VPS41 7 38730067 38915325 0 7 0.1480 
CDC2L5 7 39990108 40135145 0 8 0.1501 
C7orf11 7 40138867 40140776 0 8 0.1501 
C7orf10 7 40141099 40866882 0 10 0.1425 
SEC61G 7 54787433 54794433 0 11 0.0105 
ZNF680 7 63617689 63660940 1 12 0.1297 
ZNF107 7 63763945 63808836 0 12 0.1564 
ASAP1 8 131133534 131483399 0 11 0.1211 
DAB2IP 9 123369219 123587630 0 7 0.0993 
PDDC1 11 757222 767487 0 7 0.0766 
SLC25A22 11 780474 786221 0 7 0.0766 
RPLP2 11 799935 802876 0 7 0.0766 
EFCAB4A 11 817584 821991 0 7 0.0766 
CD151 11 822951 828835 0 7 0.0766 
POLR2L 11 829721 832529 0 7 0.0766 
TSPAN4 11 832823 857116 0 7 0.0766 
CHID1 11 857859 905058 0 7 0.0766 
LOC100131262 11 880741 881669 0 7 0.0766 
SERGEF 11 17766171 17991213 0 6 0.0263 
LOC646214 15 19185890 19194116 4 10 0.1323 
AXIN2 17 60955146 60988202 0 7 0.1674 
TNPO2 19 12671008 12695810 0 8 0.0174 
C19orf43 19 12702453 12706529 0 8 0.0174 
ASNA1 19 12709305 12720137 0 8 0.0174 
HOOK2 19 12734816 12747434 0 8 0.0174 
JUNB 19 12763309 12765125 0 8 0.0174 
PRDX2 19 12768633 12773694 0 8 0.0174 
HKR1 19 42517419 42547197 0 6 0.1704 
PTPRA 20 2792840 2967315 1 6 0.1321 
NXT1 20 23279372 23283408 0 8 0.0017 
NINL 20 25381337 25514153 0 7 0.1542 
NANP 20 25541574 25552648 0 6 0.1102 
ZNF337 20 25602850 25625469 0 6 0.1102 



CHMP4B 20 31862770 31905834 0 6 0.1102 
EIF6 20 33330138 33336008 0 6 0.0168 
UQCC 20 33353784 33463359 0 6 0.0168 
ERGIC3 20 33593191 33608819 0 6 0.0168 
FER1L4 20 33609920 33658898 0 6 0.0168 
SPAG4 20 33667222 33672379 0 6 0.0168 
EPB41L1 20 34163761 34284135 0 7 0.1603 
SRC 20 35406501 35467235 0 6 0.0168 
BLCAP 20 35579233 35589747 0 6 0.0168 
KIAA1219 20 37117075 37207652 0 6 0.0096 
PHACTR3 20 57612997 57856161 0 7 0.0638 
YTHDF1 20 61297228 61317983 0 6 0.0996 
BIRC7 20 61337720 61342299 0 7 0.0843 
ARFGAP1 20 61374609 61391587 0 7 0.0843 
CRKL 22 19601713 19638038 1 6 0.0859 
LZTR1 22 19666557 19683326 0 7 0.0286 
THAP7 22 19684060 19686404 0 7 0.0286 
Deletion       
ZBTB20 3 115539636 116348817 6 2 0.1613 
KIAA1432 9 5619326 5766554 7 0 0.0184 
IL33 9 6231677 6247982 7 0 0.0032 
EXOSC3 9 37770307 37775067 10 0 0.0295 
DCAF10 9 37790789 37857665 10 0 0.0295 
TCTN3 10 97413143 97443890 6 0 0.1223 
ENTPD1 10 97461525 97627013 6 0 0.1223 
PDCD4 10 112621585 112649754 10 0 0.1574 
NCRNA00081 10 112648478 112669114 10 0 0.1574 
SHOC2 10 112669290 112763414 10 0 0.1574 
CD163 12 7514676 7547681 6 1 0.0995 
ABR 17 853508 1037366 8 0 0.1845 

 



 
Supplemental Table 5:   171 top Composite-score genes that predict survival.  
 
Supplied as Excel file (Supplemental Table 5) 
 



 
Supplemental Table 6.  Top scoring genes and pathways on pathway-based 
and gene ontology analysis.  Putative interactions for genes from this analysis 
are illustrated in Figure 3. 
 
KEGG pathway  ref Fisher 

exact test 
p value 

overlap genes 

ERBB SIGNALING PATHWAY HSA04012 4.80E-06 PAK2;EGFR;PIK3R1;
CBL;SRC;CRKL 

APOPTOSIS HSA04210 6.20E-05 DFFA;CFLAR;FAS;IR
AK3;PIK3R1 

PURINE METABOLISM HSA00230 7.74E-04 POLR2C;XDH;ENTP
D1; PPAT;POLR2L 

FOCAL  ADHESION HSA04510 2.81E-03 PAK2;EGFR;PIK3R1;
SRC;CRKL 

REGULATION OF ACTIN 
CYTOSKELETON 

HSA04810 3.50E-03 PAK2;EGFR;EZR;PIK
3R1;CRKL 

INSULIN SIGNALING PATHWAY HSA04910 4.49E-03 PRKAA1;PIK3R1;CBL
; CRKL 

RENAL CELL CARCINOMA HSA05211 5.00E-03 PAK2;PIK3R1;CRKL 
CHRONIC MYELOID LEUKEMIA HSA05220 6.33E-03 PIK3R1;CBL;CRKL 
MAPK SIGNALING PATHWAY HSA04010 8.88E-03 PAK2;FAS;EGFR;ST

MN1;CRKL 
PYRIMIDINE METABOLISM HSA00240 9.26E-03 POLR2C;ENTPD1; 

POLR2L 
T CELL RECEPTOR SIGNALING 
PATHWAY 

HSA04660 1.15E-02 PAK2;PIK3R1;CBL 

GAP JUNCTION HSA04540 1.15E-02 EGFR;GNAS;SRC 
GNRH SIGNALING PATHWAY HSA04912 1.25E-02 EGFR;GNAS;SRC 
TIGHT JUNCTION HSA04530 2.85E-02 CSDA;EPB41L1;SRC 
AK STAT SIGNALING 
PATHWAY 

HSA04630 4.01E-02 CLCF1;PIK3R1;CBL 

 



 SUPPLEMTAL FIGURE LEGENDS 

Supplemental Figure 1: Overall Analysis Strategy. The SNP, mRNA, and 

miRNA arrays for patients with >30% tumor content (n=25) were each first 

analyzed individually to determine the strength of their survival correlation. A 

composite score was generated to simultaneously examine all dimensions for 

each gene (Supplementary Information). Selected composite score signature 

genes that were central on pathway-based analysis were then validated on 

independent patient cohorts via IHC of the UCLA TMA (n=148) and Q-PCR of 

FFPE archival tissues (n=42). DFS = disease free survival, DSS = disease 

specific survival, and OS = overall survival. 

 

Supplemental Figure 2: Kaplan Meier Curves of three patient cohorts. 

Kaplan Meier survival curves of each of the three independent patient cohorts.  

Disease-free survival (DFS) is shown for the microarray (in silico) test cohort, 

disease-specific survival (DSS) for the qRT-PCR validation cohort, and overall 

survival (OS) for the tissue microarray validation cohort. The different survival 

metrics for each cohort overlap.     

 

Supplemental Figure 3: p85α and PTEN Regulate PI3K/AKT Signaling in 

Human PDAC.  IHC of representative serial sections from three surgically 

resected bone-fide human PDACs for PI3K signaling pathway regulators, p85α 

and PTEN, and downstream signaling mediators, P-AKT and P-S6 (upper row 

20X and bottom row 40X magnification of neoplastic gland). The staining reveals 



that either p85α or PTEN loss (Tumors 2 and 1, respectively) result in high P-

AKT and P-S6 activation.  Conversely, Tumor 3 retains moderate levels of PTEN 

and p85α expression and low activation of P-AKT and P-S6.    


