Validation of Molecular Markers of Aggressiveness in Prostate Cancer
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Abstract Ordered Gene List (OGL) Analysis Identified 46 Genes Validation of Genes Identified through the (OGL) Method: ACPP Expression is Lower (p=0.049) in Aggressive vs. Non-aggressive
consistently (across datasets) associated with An 11 Gene Signature Optimally Distinguishes Prostate Cancer Assessed at the Protein Level by Immunohistochemistry
ngkground: Prpstatfa canceris h.eter.oge'neous \_N'th re.spect.tg clinical outcome. A mll’].O.I’Ity Of, patients have , ) y ) ) g p ) y ) g ) ) Molecular markers of prostate cancer aggressiveness may be best implemented using immunohistochemistry (IHC). We
clinically aggressive dllsease resulting in b.|0(.:hem|cal'fallure (rising serum prqstatg specific a.ntlgen levels following ag g ressiveness (red) VS. hon _ag g ressiveness (b | u e) Ag g ressive fro m non _ag g ressive tumorsin a Va| | d ation are preparing to perform a case-control tissue microarray (TMA)-based validation study of IHC markers as predictors of
postoperative low nadir), whereas the majority of patients have non-aggressive disease. Validated molecular . . PSA biochemical failure after prostatectomy, controlling or adjusting for tumor stage and grade, preoperative PSA levels,
markers that may predict aggressive clinical course following prostatectomy are needed. (Ran ked by Sx value in Yu et al datas et) RNA microar ray dataset and patient age. A statistical power calculation, based on our preliminary IHC data, indicates that 102 failures and 204
Design: We have used publicly available RNA expression microarray datasets and a method of Ordered Gene case-matched non-failures will be_req_uired to _achieve 90% power for IHC validation studies. We are currently collecting
List (OGL) analysis to identify genes whose expression levels are consistently (across datasets) associated with Yuetal* Singh et al® g:z: ?onrdwcim?é?\ t/c\)/;tgzig ggﬁgﬂg?g’rnaswgse;'\/ gz:sprfgg'gfggjwmxvﬁ g:‘;giﬁj eigutr; ti)r):c?l;:jiyllrlg fgsgrsoﬁgii cz;né:zr
aggressiveness vs. non-aggressiveness. Using n-gene weighted voting algorithms, we tested the utility of OGL- failure or stage O .?.93 or | ymph z ode met é stases or p% sitilve
identified markers to predict aggressiveness using an independent RNA expression microarray dataset. RNA Expression Validation Study aggressive by this definition. We performed IHC stains for three proteins (ACPP, IGF1, HOXC6), quantified expression
Result: We found that an 11 gene signature model, based on expression of genes CASR, ACPP, GADD45B, To validate the predictive power of genes identified through the OGL method, a weighted voting using an Aperio ScanScope (Vista, CA) whole slide scanner and Positive Pixel Count software (Aperio), and comparing
ADFP, ALDH1A2, ADAM9, CCPG1, HOXCS, IQCK, IGF1 and PAGE 4, predicted aggressive vs. non-aggressive algorithm develop.ed by quub et al (5) was utilized. A vote (yi) based on the expression level of aggressive versus non-aggr.essive tumors using t-test analysis. In validation of RNA data, ACPP was lower in aggressive
prostate cancer with 86 % accuracy (p=0.0014, based on Fisher's exact test), was 86% sensitive for detecting each gene (ggne I) to predict aggressiveness or non-aggressiveness pf the particular tissue. The tumors than in non-aggressive tumors.
aggressive disease. Among our 11 gene signature are genes whose expression levels were previously vote, v, is defined as where x; is the gene expression value for the sample and H&E IGFL H&E  ACPP
demonstrated to be associated with high grade and/or aggressive prostate cancer. (UNA + pA)/2 is the average of the expression between the two groups. _
. - . . - . - Non-aggressive Gene p-value Upregulated
Conclusion: Our findings further establish that gene signatures may be predictive of aggressive clinical course We used an n-gene model to assess the optimal number of genes to include in our predictive model (t-test) in-
following prostatectomy. Further studies of the correlation between expression levels of these 11 genes and (5). A directional vector towards aggressiveness or non-aggressiveness was constructed by a :
clinical outcome are required to establish whether tests based on expression of these genes may be clinically summation of votes for n genes as follows: where n is the number of genes included Aggressive ACPP 0.049 Non-
useful in identifying aggressive prostate cancer. Aggressive
in the model and w is the weighting factor (the Sx value associated with each gene). The sum, V, is H&E HOXC6 IGE1 0.189 Aggressive
positive or negative, indicatingthen-gene model 6s prediction of aggrnes|siveness Or NON Repesentatve Aperio Positive
B ac k g roun d aggressiveness, respectively. Non-aggressive Pixel Count Data for ACPP HOXC6 0.477 Aggressive
To assess the validity of our model, it was applied to a third dataset from Lapointe et al (4). This
Although prostatic adenocarcinoma (pCa) in most men follows an indolent course, a group examined microarray exprgssion data from 112 normal, malignant, and.metas.tatic frogen '
bset of tumors behave aaaressivelv leading to risina levels of brostate specific tissues. Aggressiveness was defined as >0.07 ng/ml rise |n.PSA or mgtasta&s. L{smg prewouslly Aggressive
su g9 y 9 9 P P generated ordered gene list of 50, we created an n-gene weighted voting model with the normalized
antigen (PSA) in the serum after treatment (biochemical failure), metastasis and cDNA validation data. The weighting factor, wi, was designated by the from the training datasets.

death. Methods to distinguish biologically aggressive from non-aggressive PCa The term (UNA + pA)/2 was calculated from the validation dataset. Statistical significance of the )

represent a major challenge, particularly based on small core needle biopsies (CNB). classpredicionbyeachn-gene model was calculated using Fishe ReSUItS and COHClUSIOI’]S

Tulmor' stage ag@' grad(;are _Of p_art'Clél_ar |mportan.c(:je folrjlprogn0.8|f] a?d therapy ¢ We developed our prediction model using two training datasets (3,4). This n-gene model was
selection. Grading on biopsies Is subject to considerable error: the frequency o analyzed for its ability to classify aggressiveness within the same datasets. In addition, the model

undergrading on CNB (relative to grade assigned on subsequent radical was also validated through the use of a third dataset (5). Measurements of accuracy, sensitivity,
prostatectomy [RP] specimens) has been estimated to be as high as 42% (1). 1 specificity, negative predictive value (NPV), and positive predictive value (PPV) were calculated for
Reliable molecular markers that may predict aggressive clinical course of PCa 0.9 , the n-gene model (n=1, 2, &for Bah dataset. To select the most relevant clinical model, genes
following CNB are needed to better triage patients for therapeutic management. For o a §. were sequentially added to identify the single n-gene model that maximized the NPV within a

mple. patients with tumors likelv to be non-adaressive mav be manaded b : reasonable amount of genes. NPV and PPV were calculated under the assumption that a positive
ex_a_ p'e, p . : y .gg y 9 : y : 0.7 test result was defined by a prediction of aggressiveness and a negative test result was defined by
minimally Invasive therapies or careful observation protocols, whereas patients with 2.6 —— Percent a prediction of non-aggressiveness. The maximum NPV occurred at 11 genes (75.0%, Yu), 11
prostate-confined but aggressive tumors may be best treated by prostatectomy. & Accuracy genes (94.7%, Lapointe), and 9 genes (100.0%, Singh) (slide 3), which gave optimal stats.

_ _ _ _ $0.5 w Sensitivit Negative predictive values were consistent from 13 to 20 genes, motivating our selection for a 11-
We have used publicly available RNA expression microarray datasets of gene ED L ensitivity gene model.
expression in aggressive and non-aggressive prostate tumors, and a method of = | - L _ _ _
Ordered Gene List (OGL) analysis, o identiy genes whose expression levels are ; TS | Our gene model successtly depifen aggressie s 1 ouof g saies o e S
. . . . ) . . e 0.2 aenes 070 ) .07/0 )
ConS'Ste_ntIy (across_datasets) aSS_OC'ated W'_th aggre_SS'VeneSS VS'_ non - Ordered Gene List (OGL) AnaIyS|S Identified 46 Genes = 7 samples from the Lapointe dataset (85.7% sensitive). The model also successfully identified non-
aggressiveness. Using n-gene We|9hted voting algor'.thms’ we validated the utility of (Ranked by Weighted Average Sx value in both datasets) 0.1 aggressive tumors in 10 of 11 samples from Singh (76.9% specific), 24 of 31 samples from Yu
OGL-lde_ntlfleq markers to predict aggressiveness using an mo!ependent RNA _ 0 | , | , (70.6% specific), and 15 of 16 samples from Lapointe (71.4% specific). Our model reached a
expression microarray dataset of aggressive and non-aggressive tumors. Yu et al* Slngh et al® 0 10 >0 30 40 50 prediction accuracy of 81.0%, 70.7%, and 75.0% for Singh, Yu, and Lapointe, respectively).
. . : . Number of Genes
Non-Aggressive Aggressive Non-Aggressive Aggressive

Heat maps depicting the deviation from the gen

Table 1. Statistical Comparison of n-gene positive are expressed at higher levels in non-aggressive tumors, while genes whose SX is negative
. iethods for Outcome Prediction in Validation Table 2, Correlation Between Outcome-Associated Biomarkers and Gleason are expressed at higher levels in aggressive tumors. This fact is evident by the trend in color
a e rl a. S an e O S Dataset Grade (Pearson Correlation) ] s
_ __ : . change between sample class. For example, CASR and HoxC6 are opposite color trends since
#Genes Sensitivity Specificity # p- Yuetal Singh et al. LaPointe et al.

#
L . FN FP value* Gene Correlation p-value Correlation p-value Correlation p-valuiz th Ir XV I ren t|V . T I Ar f r t th n |n I |n th 11_ nem I
Training Set Data Processing | | R e - B JRC R eir SX values are negative. Table Arefers to the genes included in the 11-gene mode
Gene expression microarray data were obtained from three separate groups: Singh et al (3), Yu et al (4), and 8 0.71 0.76 2 5 00359 GADD4SB | -0.34 gonee. % Qoor 01e%0 Using Fisherods Exact Tesgeneavemaldcd led sni mreedd it ditait o 1
L int tal (5). Thef t dat t d for traini del while the third d lidati 10 0.71 0.76 2 5 0.0359 ALDH1A2 | -0.17 0.2144  -0.44 0.0447"  -0.12 0.5419
apointe et al (5). The former two datasets were used for training our model while the third served as a validation 10 o7t 076 25 00359 ALDH1AZ| 017 02144 044 00447 012 05419 ated with i in the training datasets (Sinah. p=0.0067- Yu: 0=0.0020). Th del
dataset. Singh et al and Yu et al tested malignant prostate tissue using the Affymetrix (Santa Clara, CA) 2 071 071 2 & 008w cePG1 |-0.40 00020 027 O2ud6 012 05606 assoclated with prognosis in the fraining datase s (Singh: p=0. , Yu: p=0. )- The model was
U95arrays, whereas Lapointe et al used spotted cDNA arrays. Aggressiveness was classified by either two 20 0.86 076 15 00080 lack |00 01319 028 02175 005 07976 further validated using the Lapointe dataset (p=0.0132).
2 3 0. ‘ 0. ' ) '
3

successive PSA values >0.2 ng/ml post-prostatectomy (3) or by having the following: extracapsular invasion, > o g 3 0% PAGEA |.014 ___ 02084 024 02885 -0.29 0.1384

. . . . . - - - * Signifiesthat p < 0.

increased PSA value post-prostatectomy or distant metastasis (4). 8 of 21 tumor samples in Singh et al dataset *p-value based on one-sided Fisher's Exact test ? R .|:

were aggressive, while 26 of 58 were deemed aggressive in the Yu et al dataset. Raw expression data in Singh et Abbreviations: FN, False Negative; FF, False Positive; e e re n CeS

al and Yu et al datasets were normalized. First, a Robust Multichip Average (RMA) algorithm was applied

1. Muntener M, Epstein JI, Hernandez DJ, Gonzalgo ML, Mangold L, Humphreys E, Walsh PC, Partin AW, Nielsen ME. Prognostic significance of Gleason score

providing intra-dataset consistency between samples. Data threshold was then set to the 99th percentile and discrepancies between needle biopsy and radical prostatectomy Eur Urol. 2008 Apr;53(4):767-75; discussion 775-6.
least squares normalization applled Following this the arrays were medianizedwh er e b Yy a theoretical Amedi an Table 2. 11 Genes Differentially Expressed in Aggressive and Non-Aggressive Prostate Cancer. 2. Boorjian SA, Karnes RJ, Crispen PL, Rangel LJ, Bergstralh EJ, Sebo TJ, Blute ML. The impact of discordance between biopsy and  pathological Gleason
arrayo was constructed from the median expression value of each gene across all sa es within each .siet . (Aiag) " Waera)  (Smghoral) (Lapointeera o 5x Score' scores on survival after radical prostatectomy. J Urol. 2009 Jan:181(1):95-104.
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The 46 genes with hlgheSt We'ghted average Sx values ( ‘S'I - W) that were shared among the tOp *The Sx score is a signal to noise ratio of a gene's ability to differentiate lg?etw;;nthe twc:tfl)mor types. Shown is the . . . . . . .
1000 1 2 average of the Sx scores of the two training datasets, weighted by the number of patients in each dataset. The authorS are |ndebted tO CO”een Forster for aSS|Stance W|th |mmun0h|StOChem|Stry, Jonathan Hen”ksen fOI’
Normalized Expression (mean=0; SD=1 unit) “Indicates instances where the mean expression value for two probesets was used to representa single gene. assistance with slide digitalization and quantification of immunohistochemical and TUNEL staining, Kimberly
uality genes of each dataset (500 aggressive and 500 non-aggressive) from each dataset were selected usin Peterson for tissue microarray production, and Rachel Isaksson Vogel for biostatistical analysis.
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