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SUPPLEMENTAL METHODS 

Amplification of genomic DNA. Samples of DTCs or CD45+ normal cells were 

dried using a Speedvac and reconstituted in 4 μl of proteinase-K buffer (1 × Pharmacia 

One-Phor-All-Buffer-Plus (GE Healthcare, Piscataway, NJ), 0.67% Tween 20, 0.67% 

Igepal,  and 0.67 mg/ml Proteinase K) and incubated for 10 h at 42ºC. The material was 

then amplified as described previously (1), and is referred to as rare cell genomic 

amplification (RCGA). For proof-of-principle tests, RCGA was applied to bulk LNCaP 

DNA (200 ng/reaction) collected by ethanol precipitation from 106 LNCaP tissue culture 

cells and four pools of 10-20 LNCaP cells collected by micromanipulation from the same 

passage. LCM-collected samples (tumor and normal) each containing 2000-4000 cells 

were incubated overnight in proteinase K buffer (1% Tween 20, 1 mg/ml Proteinase K, 

and 1 x TE). Genomic DNA was then isolated using the Qiagen QIAamp DNA Micro Kit 

(Qiagen Inc, Valencia, CA). The isolated genomic material was amplified using the 

WGA2 method from Sigma-Aldrich (Sigma-Aldrich, St. Louis, MO) following the 

manufacturer’s instructions.  

The reference DNA for all arrays in this work was obtained from the peripheral 

blood of a single female individual. This reference DNA was isolated from whole blood 

using the QIAamp DNA Blood Mini Kit (Qiagen Inc, Valencia, CA) and quantitated using 

the Quant-iT PicoGreen dsDNA Assay (Invitrogen, Carlsbad, CA). The amplification 

method (i.e., RCGA or WGA2) and a roughly equivalent amount of input DNA for all 

reference samples matched the test sample. All amplified DNA samples were cleaned 

using the QIAquick PCR Purification column (Qiagen). Five μls of each amplification was 

run on a 1% agarose gel by electrophoresis to confirm quality (i.e., a smear from 

approximately 2 kb – 100 bp) and quantity (relative to a concentration standard prepared 

from sonicated salmon sperm DNA).  
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Array CGH. The amplified test and reference material, 1 μg each, was labeled 

with Cy-5-dUTP and Cy-3-dUTP (GE Healthcare Bio-Sciences Corp., Piscataway, NJ), 

respectively, using the Bioprime Array CGH kit (Invitrogen). Labeled material was 

cleaned using the columns included with the labeling kit. Each labeled sample with 125 

µg of human Cot-1 DNA (Invitrogen) and 30 µg of yeast tRNA (Invitrogen) were 

concentrated with a YM-30 centrifugal filter unit (Millipore, Billerica, MA). Concentrated 

test and reference samples were then combined and dried in a Speedvac.  

The bacterial artificial chromosome (BAC) clones that make up the array, the 

hybridization procedures, and the scanning technology for this study has been described 

previously (2). In brief, the clones that make up this array are a subset of those 

described by the BAC Resource Consortium (3) with the addition of a set of clones 

containing tumor-related genes (2). A total of 4204 different BAC clones from known 

genomic locations were used in the final analysis. The analyses here use the BAC 

coordinates in the May 2004 sequence assembly (Build 35). The median spacing of the 

clones is 413 kbp, when pericentric heterochromatic regions and the short arms of 

acrocentric chromosomes are excluded.  

 

Array analysis. The log2
-ratio data for each array were normalized with a block-

level Loess algorithm to correct for intensity- and location-based dependencies (4). The 

values for the duplicate spots representing each BAC were averaged post-normalization. 

The loess-normalized averaged data for each array were processed by Circular Binary 

Segmentation (CBS,(5)), a method for organizing array CGH data into genome 

segments of approximately equal copy number. Thresholds for calling loss and gain 

were determined using the array results obtained from the normal-cell samples that we 

collected in parallel with the DTCs (i.e., the 9 samples of RCGA-amplified CD45-positive 
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bone marrow cells) and primary tumors (i.e., the 5 samples of WGA2-amplified LCM-

isolated normal prostate cells), respectively. Specifically, the threshold values were the 

99th percentile, as calculated from the mean and standard deviation, of the segment 

values of each chromosome across all normal-cell arrays in each set. These 

chromosome-specific thresholds were used to define copy-number changes from the 

CBS-segmented data of the DTCs or primary-tumor cells.   

 

LNCaP FISH. DNA from five BACs (RP11-108K14, RP11-138P20, RP11-346N8, 

RP11-520H16, and RP11-678D20) was used as FISH probes. Each BAC DNA sample 

was directly labeled with SpectrumRed-dUTP using a nick translation kit (Abbott 

Molecular Inc., Des Plaines, IL). Metaphase preparation and hybridization were 

performed as described previously (6). 

 

Comparison of matched primary-tumor and LDC pairs. We counted the 

number of concordant regions of gain or loss in a matched pair of samples; a concordant 

region was one in which >30% of BACs in one sample’s deviation were encompassed by 

the other sample’s deviation, and vice versa.  

To determine the likelihood of seeing the observed number of concordant sites of 

loss or gain between paired primary and DTC samples, we simulated datasets with the 

same number and sizes of loss and gain as the DTC dataset in question. The following 

method is described in greater detail in Young et al. (Young et al., in preparation)1. 

Because our concordance counts depend on the number of overlapping BACs, real and 

simulated region sizes were expressed as the number of array BACs they encompass, 

                                                 
1Young JM, Endicott RM, Parghi SS, Walker M, Kidd JM, Trask BJ. The functional olfactory 
receptor repertoire varies greatly in the human population. Manuscript in preparation 2008. 
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rather than in bp. We constructed an artificial genome in which each autosome was 

represented once with its size expressed as the number of BACs that correspond to that 

chromosome on the array. The X and Y chromosomes were excluded from this analysis. 

A large number of possible start co-ordinates were picked randomly within the artificial 

genome, using R’s “runif” function to sample from a uniform distribution. Next, we 

generated the start and end coordinates of the simulated region based on one of the 

random start positions and the size of largest real deviation. We continued generating 

simulated intervals in this way, using real region sizes in decreasing order until all real 

deviations were represented in the simulation. During this process, if any simulated 

region overlapped with any region(s) previously simulated, alternative randomly chosen 

start positions were iteratively tested until a region was identified with no overlaps.  

For 10,000 simulated DTC-like datasets, we determined how many sites of loss 

or gain were concordant with regions found in the real dataset from the primary tumor. 

The proportion of the 10,000 simulated sets that showed at least as many concordant 

sites as the real paired datasets gives an approximate p-value for how likely such 

overlap would occur by chance. 

  

GO analyses. To determine which functional categories of genes might be 

enriched in sites of loss or gain in particular groups of samples, we examined regions of 

change seen in at least 20% of LDC, primary tumor, or ADC samples. First, we obtained 

a list of all genes in the genome, together with their genomic location and Entrez IDs, 

using Bioconductor's biomaRt package (7) to connect to the ensembl_mart_37 database, 

the most recent Ensembl database that uses co-ordinates from the May 2004 version of 

the genome assembly. Genes without chromosome location information or Entrez IDs 

were eliminated from further analysis. Genes without GO category information according 



5 

to Bioconductor’s org.Hs.egGO were also eliminated. The resulting list of genes formed 

our "gene universe" in the GO analyses described below. 

Second, we determined the subset of genes from the “universe” that were 

encompassed by regions of copy-number change in >20% of LDC, primary tumor, or 

ADC samples. Losses and gains were considered separately. We used the “changed 

gene” list, together with the "gene universe" list to test for enrichment of all Biological 

Process ("BP") GO terms using the hyperGTest function of Bioconductor's GOstats 

package (8), with additional parameters as follows: annotation = org.Hs.eg.db, hgCutoff 

= 0.001, conditional = FALSE. GOstats implements a hypergeometric test to determine 

the probability of finding the observed enrichment of each category by chance; it should 

be noted that we tested a large number of categories in our GOstats analyses, and the 

p-values it reports do not include any adjustment for multiple testing. 

Third, due to our concern that genomic clustering of functionally related genes 

might invalidate the hyperGtest’s assumption of independence, we used simulations to 

determine the likelihood that a category would be enriched by chance in a dataset of 

alterations with the same characteristics as our real datasets. These simulations were 

conducted generally as described above for the concordance analysis of matched pairs 

of primary tumors and LDCs and as detailed in Young et al.1. However, unlike the 

concordance analysis, here the real and simulated data were expressed in bp and the 

artificial genome consisted of two copies of each autosome and one copy of each sex 

chromosome (all chromosome lengths reflected their length in the May 2004 genome 

assembly). For each of the six real datasets (i.e., losses for >20% of LDC, primary tumor, 

or ADC samples and gains for >20% of LDC, primary tumor, or ADC samples), we 

produced 1000 simulated datasets. For each simulated dataset, we repeated the 

process of finding genes and performed GO enrichment tests. For each category 

enriched in the real data set, we determined the proportion of simulations that also 
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showed enrichment of that category. This proportion is our “SimPValue”, an estimate of 

how likely it is that a given category enriched by chance in a set of genomic regions with 

the same size distribution as the one analyzed. 

 

SUPPLEMENTAL RESULTS 

RCGA and WGA2 are comparable. We have compared arrays produced by 

amplification of normal cells by either RCGA (n=9) or WGA2 (n=5). Note that these 

arrays are excellent representations of the experimental bias that might affect our 

LocDCs or primary tumors, respectively, as the normal cells subjected to RCGA were 

small numbers of normal cells collected in parallel with our LocDC samples and the 

normal cells amplified by WGA2 were stromal cells collected by LCM from normal 

prostate. Our threshold method for calling loss and gain detects some site of change in 

both these of normal data sets. These observations are presumably a result of 

experimental noise. We compared the number and amount of deviant material identified 

in the RCGA- and WGA2-produced normal-cell arrays and found no statistical difference 

between the two amplification schemes (Student’s t-test p=0.3485 and 0.3438, 

respectively). 

Next, we compared the array outputs from RCGA and WGA2 amplifications 

performed on two aliquots of the same isolate of LNCaP DNA. In this comparison, we 

first found no significant difference in the deviant segment values (as an indicator of 

dynamic range) between these two amplification schemes (p=0.4820). Second, we 

found significant concordance in the array results. Our tests of concordance were 

performed as defined and described above in the Supplemental Methods. The DNA 

amplified by RCGA showed 15 sites of change, and the WGA2 DNA showed 16 deviant 

sites. There were 12 concordant alterations, all previously observed for LNCaP. These 

12 sites all surpassed our criteria for concordance. For six sites, 100% of the 
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encompassed BACs registered as deviant using both methods. For the other six sites, 

over 60% of the encompassed BACs did so. Furthermore, we found that this pair of 

LNCaP arrays has significantly more concordant changes than the number expected if 

the deviant segments were randomly distributed (p<0.0001). 

The differences between the amplification of LNCaP DNA by the two methods 

are worth noting. Three deviations in the RCGA-LNCaP array and four in the WGA2-

LNCaP array were not observed for in the other array. The former have all been 

previously reported for LNCaP and the latter have not, implying that RCGA might be 

more sensitive to genomic change than WGA2. Thus, a total of 7 deviations were not 

consistent between RCGA and WGA2 for the LNCaP amplifications. These analyses 

indicate that a comparison of samples amplified by RCGA to those subjected to WGA2 

is reasonable and will reveal the underlying relationship between two related samples, 

but might yield some inconsistencies. The two methods produce a comparable degree of 

experimental noise, show no significant difference in dynamic range, and detect highly 

concordant deviations in test DNA.  
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