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Abstract: Prostate cancer is a leading cause of death among men but its genomic characterization 
and best therapeutic strategy are still under debate. The Genomic Fabric Paradigm (GFP) considers 
the transcriptome as a multi-dimensional mathematical object subjected to a dynamic set of ex-
pression correlations among the genes. Here, GFP is applied to gene expression profiles of three 
(one primary, and two secondary) cancer nodules and the surrounding normal tissue from a sur-
gically removed prostate tumor. GFP was used to determine the regulation and rewiring of the P53 
signaling, apoptosis, prostate cancer and several other pathways involved in survival and prolif-
eration of the cancer cells. Genes responsible for the block of differentiation, evading apoptosis, 
immortality, insensitivity to anti-growth signals, proliferation, resistance to chemotherapy and 
sustained angiogenesis were found as differently regulated in the three cancer nodules with respect 
to the normal tissue. The analysis indicates that even histo-pathologically equally graded cancer 
nodules from the same tumor have substantially different transcriptomic organizations, raising le-
gitimate questions about the validity of meta-analyses comparing large populations of healthy and 
cancer humans. The study suggests that GFP may provide a personalized alternative to the bi-
omarkers’ approach of cancer genomics.  

Keywords: apoptosis; evading apoptosis; expression variability; cancer functional pathway; pros-
tate cancer phenotype; immortality; proliferation; P53 signaling; transcriptomic network. 
 

1. Introduction 
The 28.0 02/02/2021 release of the Harmonized Cancer Datasets Genomic Data 

Commons Data Portal [1], that summarized 84,591 cases in 67 primary sites, identified 
distinct 3,461,256 cancer-related mutations in 23,535 genes (on average, 147 distinct mu-
tations/gene). Cancer or non-cancer, 3,461,256 is close to the expected number of random 
mutations (~3,100,000) caused by the stochastic nature of the chemical reactions involved 
in the DNA replication (1/1,000 probability of a random mutation x 3,1 Gigabase pairs in 
the human genome). The Data Portal shows that practically every gene was found as 
mutated in almost all cancer forms and that every cancer forms exhibits mutations in all 
genes. 

According to [1], 31,596 mutations in 20,202 genes (including 19,742 protein coding, 
102 transcribed unprocessed pseudogenes, 67 lincRNAs, 40 IG-V genes, 37 miRNA etc) 
were identified so far in 2,355 cases of certified prostate cancer. The most frequently 
mutated genes in the prostate cancer are: TTN (titin, in 61 cases) and TP53 (tumor protein 
p53, in 60 cases). However, mutations of these two genes are not exclusively associated to 
prostate cancer, being among the most 10 frequently mutated genes in many other cancer 
forms (adrenal gland, bladder, brain, breast, colorectal, kidney, lung, ovary, pancreas 
etc).  

There are several commercially available cancer diagnostic assays that compare ei-
ther the base sequences or the expression levels of selected genes with corresponding 
“standard” mutations panels (e.g. [2-6]) or “standard” transcriptomic signature of that 
form of cancer (e.g. [7-9]). However, there are serious doubts about what “standard” 
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means: is it the same for everybody, regardless of race, sex, age, tissue, environment, 
medical history, habits etc. of the patient or unique for each of us? Such assays were de-
signed based on meta-analyses comparing the gene sequences or/and their expression 
levels in large populations of healthy and cancer individuals (e.g. [10-12]). Cancer data-
bases compiled values reported by several research groups that used different platforms 
and experimental protocols, with/without considering demographically stratified popu-
lations (e.g. [13-15]).  

In several papers, we proved that the gene expression profile depends on the genetic 
background [16], sex [17], age [18], hormones [19], disease and treatment [20, 21], and 
environmental conditions [22-25]. Owing to the astronomic number of possibilities, it is 
impossible to conceive that two individuals might have exactly the same combination of 
regulatory factors and also identical influences of these factors. Nevertheless, with all 
similarities, each human is a dynamic “unique”. Therefore, a most appropriate way in 
cancer genomics is to refer the gene expression profile in cancer nodules to that of the 
surrounding cancer-free tissue of the same tumor, as became standard in many labora-
tories (e.g> [26-28]) including ours. Interestingly, the same cancer phenotype may exhibit 
distinct gene expression profiles in different individuals as we reported for two cases of 
metastatic prostate cancers [29]. Moreover, even in the same tumor, with the same his-
to-pathological grade, different cancer nodules have distinct transcriptomic organization 
as proved in a case of clear cell renal cell carcinoma [30] and also further in this report in a 
case of prostate cancer. 

Several specialized software text mined the literature to select the genes and their 
interrelations that may have a role in the functional pathway responsible for the prostate 
cancer. For instance, Kyoto Encyclopedia of Genes and Genomes (KEGG, [31]) selected 97 
genes involved in the prostate cancer (PRC) pathway [32]. Out of these, we quantified 84: 
AKT1/2/3, AR, ARAF, ATF4, BAD, BCL2, BRAF, CASP9, CCND1/E1/32, CDK2/N1B, CHUK, 
CREB1/3/3L1/3L2/3L4/5/BP, CTNNB1, E2F1/2/3, EGFR, EP300, ERBB2, FGFR1/2, FOXO1, 
GRB2, GSK3B, GSTP1, HRAS, HSP90AA1/AB1/B1, IGF1/1R, IKBKB/GNFKBIA, NKX3-1, 
KLK3, KRAS, LEF1, MAP2K1/2, MAPK1/3, MDM2/9, MTOR, PDGFA/B/C/RA/RB, PDPK1, 
PIK3CA/B/D/R1/R2/R3, PLAT, PLAU, PTEN, RAI1, RB1, RELA, SOS1/2, SPINT1, TCF7, 
TCF7L1/2, TGFA, TMPRSS2, TP53, ZEB1.   

While almost all other cancer genomists limit their analyses of gene expression pro-
files to identifying what gene was up-/down-regulated in cancer with respect to normal 
tissue, we have adopted the Genomic Fabric Paradigm (GFP) [33]. GFP operates on 
4-biological replicas experimental design and considers the transcriptome as a mul-
ti-dimensional mathematical object subjected to a dynamic set of expression correlations 
among the genes. GFP characterizes every gene in each region by: average expression 
level (AVE), Relative Expression Variability (REV) across biological replicas and expres-
sion correlation (COR) with each other gene from the same region and all genes from all 
other regions. Comparing the AVE values in two regions determines the expression ra-
tios of the quantified genes. REV of a gene across biological replicas provides indirect 
estimate of the strength of the homeostatic mechanisms to control that gene transcript’s 
abundances [29]. The expression correlation analysis is based on the “Principle of Tran-
scriptomic Stoichiometry” [34], a generalization of the Dalton’s law from chemistry, re-
quiring the expression coordination of all genes whose encoded products a part of a 
functional pathway. Use of these three independent groups of features increases the 
workable information provided by a high throughput gene expression (microarray or 
RNA-sequencing) experiment by several orders of magnitude [35]. 

In addition to the prostate cancer pathway, GFP was used to analyze the 
KEGG-determined apoptosis (APO) [36], P53 signaling (P53) [37], and the (general) 
pathways in cancer (PAC) [38]. Within PAC, a special attention was given to the gene 
blocks responsible for the: evading apoptosis and immortality (EAI, 46 genes), prolifera-
tion, insensitivity to antigrowth signals and block of differentiation (PIB, 54 genes), and 
resistance to chemotherapy and sustained angiogenesis (RCSA, 19 genes).  
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2. Results 

2.1. Overview 
 In total, we quantified the expressions of N = 14,908 unigenes in each of the 16 
quarters of the three cancer nodules (here after denoted as A, B, C) and the surrounding 
normal tissue (denoted by N), isolated from a surgically removed metastatic prostate 
tumor of a 65 y old black man. A was a primary tumor, Gleason score 4 + 5 = 9/10, while B 
and C were both secondary tumors with Gleason score 4 + 4 = 8/10. Raw and processed 
data from the four regions were deposited and are publicly accessible in the websites [39] 
for the N and A regions, and [40] for the B and C regions. The 4-biological replicas 
strategy provides for every gene in each region the values of AVE and REV. AVE was 
used to identify up-/down regulated genes in the A, B, C regions with respect to N and 
the differentially expressed genes between pairs of cancer nodule. REV analysis identi-
fied the very stably expressed genes (low REVs), critical for the survival and proliferation 
of each cell phenotype and the very unstably expressed genes, used by the cells as vectors 
of adaptation to the environmental fluctuations [41]. Moreover, quantification of tens of 
thousands of genes at a time from the same region provides for each gene extra 14.907 
correlation coefficients (COR) with each other gene in every region and 14,908 correla-
tions with all genes from each other region. Thus, use of GFP translated the quantified 
56,632 expression values (4 regions x 14,908 genes in one region) data into 1,778,077,160 
transcriptomic characteristics of the profiled tumor (119,270 times larger than the number 
of expression levels of the individual genes).  
 The smallest and the largest AVEs in the four regions were for N: bradykinin re-
ceptor B1 (BDKRB1; 0.11) and ribosomal protein L13 (RPL13; 621.27), for A: glycoprotein 
A33 (GPA33; 0.15) and RPL13; (288.47), for B: lymphocyte antigen 6 complex, locus G6C 
(LY6G6C; 0.07) and RPL13 (476.68); for C: ubiquitously transcribed tetratricopeptide re-
peat containing, Y-linked (UTY; 0.09) and RPL13 (415.06). 
 The most stably expressed (lowest REV) and the most unstably expressed (highest 
REV) genes in the four regions were for N: mitochondrial ribosomal protein S12 
(MRPS12; 0.32%) and ubiquitously-expressed, prefoldin-like chaperone (UXT; 133.35%), 
for A: ectonucleoside triphosphate diphosphohydrolase 2 (ENTPD2; 0.29%) and ubiqui-
tin specific peptidase 31 (USP31; 188.14%), for B: synovial sarcoma, X breakpoint 3 (SSX3; 
0.94%) and v-maf avian musculoaponeurotic fibrosarcoma oncogene homolog K (MAFK; 
188.56%), for C: BAI1-associated protein 2-like 1 (BAIAP2L1; 0.40%) and zyxin (ZYX; 
192.35%). The median REVs are 12.79% (A), 32.39% (A), 29.73% (B) and 17.71% (C), in-
dicating that the gene expressions are overall less controlled by the homeostatic mecha-
nisms in the cancer regions.  
 The most down-regulated genes were: high mobility group AT-hook 2 (HMGA2; 
-15.88x in A), kallikrein-related peptidase 11 (KLK11; -57.82x in B) and peptidase inhibitor 
15 (PI15; -30.20x in C). The most up-regulated genes were: forkhead box J1 (FOXJ1; 13.75x 
in A), phospholipase A2, group IIA (platelets, synovial fluid) (PLA2G2A; 18.75x in B) and 
scleraxis basic helix-loop-helix transcription factor (SCX; 300.17x in C). The exceptionally 
high up-regulation of SCX in C was a surprise given that its expression level was not al-
tered in the other two cancer regions. 
 
 2.2. Independent characteristics of the individual genes 
 
   Figure 1 presents the visual proof that for every gene in each region, AVE, REV and 
COR (with each other gene from the same or other region) are independent characteris-
tics. The independence is illustrated for the AVEs and REVs of 44 KEGG-selected evading 
apoptosis genes from the Pathways in cancer [37] and their correlation with TP53 (tumor 
protein p53).  
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Figure 1 Three independent characteristics for every of the KEGG-determined 43 
evading apoptosis genes in the three cancer nodule regions (A, B, C) and the 
surrounding normal tissue (N) region. (a) Average expression level (AVE) in multiples 
of the average expression level of the median gene. (b) Relative Expression Variability. (c) 
Expression correlation with TP53. 
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 In this gene selection, kallikrein-related peptidase 3 (KLK3) had by far the largest 
average expression level (measured in median gene average expression level units) in all 
regions (364 in N, 139 in A, 82 in B and 164 in C). KLK3 is a prognostic marker for pro-
gression free survival in patients with metastatic prostate cancer [42]. 
 Microsomal glutathione S-transferase 2 (MGST2) had the largest variability in N 
(REV = 86%), baculoviral IAP repeat containing 3 (BIRC3) had the largest variability in A 
(REV = 101), Pim-2 proto-oncogene, serine/threonine kinase (PIM2) in B (REV = 79%) and 
glutathione S-transferase mu 2 (GSTM2) in C (REV = 39%). MGST2 was recently reported 
as critical in aristolochic acid-induced gastric tumor process [43]. BIRC3 [44] and PIM2 
[45] are recognized anti-apoptotic factors, and GSTM2 is a biomarker for the early stages 
of the prostate cancer [46].  
 COR analysis, validated by the unit values of the correlation of TP53 with itself in all 
four regions, indicates also different levels of synergism/antagonisms both across the 
regions for the same gene and across the genes within the same region. Expression 
correlations of two genes can be also opposite in different regions, indicating that the 
encoded products of the two genes act synergistically in one region and antagonistically 
in the other. For instance, BIRC3 has a (p < 0.05) significant antagonism with TP53 in A 
but a significant synergism in B (and a not significant antagonism in C. 
 Figure 1 shows also the substantial differences among the three cancer nodules with 
respect to each of the three independent variables. 
 
2.3. Three ways to measure the expression regulation 
 
 Figure 2 presents the regulation of the KEGG-determined 44 evading apoptosis 
genes in the three cancer nodule regions (A, B, C regions) with respect to the surrounding 
normal tissue (N region). The regulation is shown as: (a) uniform (+1/-1) contribution to 
the percentages of up-/down-regulated genes, (b) expression ratio “x” and (c) Weighted 
Individual (gene) Regulation (WIR). Both x and WIR are negative for down-regulated 
genes. While (a) is limited to only significantly regulated genes based on arbitrary cut-off 
criteria for the absolute fold-change and the p-value of the heteroscedastic t-test of the 
means’ equality, (b) and (c) considers all genes and discriminate their contributions. For 
instance, although the up-regulation of BIRC3 had the same contribution to the 
percentage of up-regulated genes in both B and C compared to N, the expression ratio in 
C (x = 14.89) is statistically significantly larger than in B (x = 6.94) and so is the WIR (21.05 
in C and 8.71 in B). However, although in this gene selection, the expression ratio with 
respect to N was the largest for BIRC3 in C, it is the down-regulation of KLK3 that had the 
largest contribution (WIR = - 585.50 in A, -1,248.43 in B and – 439.17 in C) to the 
transcriptomic alteration in all cancer nodules B, owing to its large expression level in the 
reference tissue (region N).  
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Figure 2 Regulation of the 44 evading apoptosis genes in the three cancer nodules (A, 
B, C) with respect to the normal tissue (N) measured as (a) uniform contribution, (b) 
expression ratio “x” and (c) Weighted Individual (gene) Regulation “WIR”.  
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2.4. Regulation of selected functional pathways in the cancer nodules with respect to the normal 
tissue 

 
 Figure 3 presents the regulation of the major KEGG-determined functional path-
ways: APO (117 quantified genes), P53 (62 genes), PRC (84) and selected component 
blocks from the pathways in cancer PCA (119 from a total of 530 genes). The selected 
blocks were: EAI (46 genes), PIB (54 genes), RCSA (19 genes). The pathway regulations 
were quantified as percentages of up- and down-regulated genes and as Weighted 
Pathway Regulation (WPR). For comparison, we added also the numbers when all (ALL) 
14,908 quantified genes are considered. Of note is that nodule B had the significantly 
largest WPRs for the EAI, PIB and PRC groups of genes, while nodule C had the signifi-
cantly largest percentages of up-regulated genes in all pathways. Of note is also the 
finding that in all cancer nodules more genes related to cancer cell survival and prolifer-
ation are up- than down-regulated, while more genes involved in apoptosis and P53 
signaling are down-regulated than up-regulated.   

 
Figure 3 Overall regulation of selected KEGG-determined functional pathways meas-
ured by the percentages of the significantly down- (a) and up-regulated (b) genes, and 
by the Weighted Pathway Regulation (WPR) (c). ALL = all genes, APO = apoptosis, EAI 
= evading apoptosis + immortality, P53 = P53 signaling, PIB = proliferation + insensitivity 
to antigrowth signals + block of differentiation, PRC = prostate cancer, RCSA = resistance 
to chemotherapy and sustained angiogenesis. 
 
2.5. Differential regulation of the genes central to the KEGG-determined prostate cancer pathway 

in the three cancer nodules 
 
Figure 4 shows the regulation of individual genes at the center of the 

KEGG-determined prostate cancer pathway [32], blocks of genes presented in panel (a). 
Although not very abundant, there are still differences in the subsets of regulated genes 
among the three nodules. The up-regulation of MMP9 (matrix metallopeptidase 9 
(gelatinase B) is in line with the reported higher expression in the serum of patients with 
lung [47] and prostate [48] cancer. Although AKT2 (v-akt murine thymoma viral onco-
gene homolog 2) was down-regulated in all three cancer nodules (x = -1.65 in A, - 1.61 in 
B and -1.94 in C), AR (androgen receptor) was not affected and therefore the tumor did 
not regress as expected in androgen deprivation therapy [49].  
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Figure 4 Significantly regulated genes central to the KEGG-determined prostate cancer 
functional pathway (a) in the nodule A (b), nodule B (c) and nodule C (d) with respect 
to the surrounding normal tissue. Regulated genes: AKT2/3 (v-akt murine thymoma vi-
ral oncogene homolog 2/3), CREB1/5 (cAMP responsive element binding protein 1/5), 
CREB3L1/4 (cAMP responsive element binding protein 3-like 1/4), CREBBP (CREB 
binding protein), FOXO1 (forkhead box O1), GSK3B (glycogen synthase kinase 3 beta), 
IKBKG (inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase gamma), 
MMP9 (matrix metallopeptidase 9 (gelatinase B)), NFKBIA (nuclear factor of kappa light 
polypeptide gene enhancer in B-cells inhibitor, alpha), PIK3R1 (phosphoinosi-
tide-3-kinase, regulatory subunit 1 (alpha)). (modified from [9]) 
 

2.6. Regulation of individual genes responsible for survival and proliferation of cancer cells 

 Figures 5a, 5b and 5c present the expression regulation of genes identified by KEGG 
[38] as linked in most cancer forms to the: block of differentiation, evading apoptosis, 
immortality, insensitivity to anti-growth signals, proliferation, resistance to chemother-
apy and sustained angiogenesis. Genes such are: GSTA4, GSTO2, KLK3, PGF were 
down-regulated and E2F2, MMP9, PIM2, VEGFC are up-regulated in all cancer nodules. 
Other genes were regulated only in one nodule, e.g.: CSF1R, CYCS, E2F3, GSTM1, 
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GSTM4, GSTO1, GSTP1, GSTT2B, HES1, HEY1, HEYL, HHIP, MGST3, MYC, RARA,... 
There are also genes regulated similarly in two nodules: BIRC2, BIRC3, BMP4, CCNA2, 
CCND1, E2F1, FOXO1, GLI1, GSTM5, GSTT1, …. However, no gene was found as oppo-
sitely regulated in two cancer nodules.  
 Of note are the differences in the subsets of significantly regulated genes among the 
three cancer nodules. 
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Figure 5 Regulation of genes identified by KEGG as associated to cancer cell survival 
and proliferation. (a) Nodule A; (b) Nodule B; (c) Nodule C. Regulated genes: BIRC2/3/5 
(baculoviral IAP repeat containing 2/3/5), BMP4 (bone morphogenetic protein 4), 
CCNA2/D1 (cyclin A2/D1), CSFIR (colony stimulating factor 1 receptor), DDB2 (dam-
age-specific DNA binding protein 2, 48kDa), E2F1/2/3 (E2F transcription factor 1/2/3), 
FOXO1 (forkhead box O1), GLI1 (GLI family zinc finger 1), 
GSTA4/M1/M4/M5/O1/O2/P1/T1/T2B (glutathione S-transferase alpha 4/mu 1/mu 4/mu 
5/omega 1/omega 2/pi 1/theta1/theta 2B), HES1 (hes family bHLH transcription factor 1), 
HEY1/L (hes-related family bHLH transcription factor with YRPW motif 1/like), HHIP 
(hedgehog interacting protein), HMOX1 (heme oxygenase (decycling) 1), KLK3 (kal-
likrein-related peptidase 3), MAPK9/10 (mitogen-activated protein kinase 9/10), MGST3 
(microsomal glutathione S-transferase 3), MMP1/9 (mitogen-activated protein kinase 1/9), 
MYC (v-myc avian myelocytomatosis viral oncogene homolog), PGF (placental growth 
factor), PIM2 (Pim-2 proto-oncogene, serine/threonine kinase), RARA (retinoic acid re-
ceptor, alpha), RPS6KB1 (ribosomal protein S6 kinase, 70kDa, polypeptide 1), RXRA 
(retinoid X receptor, alpha), SLC2A1 (solute carrier family 2 (facilitated glucose trans-
porter), member 1), SMAD3 (SMAD family member 3), TERC (telomerase RNA compo-
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nent), TERT (telomerase reverse transcriptase), TGFA/B2 (transforming growth factor, 
alpha/BETA 2), TRAF4/5/6 (TNF receptor-associated factor 4/5/6), TXNRD3 (thioredoxin 
reductase 3), VEGFC (vascular endothelial growth factor C), WNT3/11/3A (wingless-type 
MMTV integration site family, member  3/11/3A). 

2.7. Remodeling of the prostate cancer transcriptomic networks 

 Figure 6 presents the statistically (p < 0.05) significant expression synergism, 
antagonism and independence of the first alphabetically ordered 25 KEGG-identified 
prostate cancer-related genes in the normal tissue and each of the cancer nodules. One 
may observe that each cancer nodule had higher expression (synergistic + antagonistic) 
coordination and lower independence than the normal tissue, indicating stronger 
intercoordination of the prostate cancer genes in the cancer nodules. Thus, 12.02% total 
coordination in A > 9.04% total coordination in C > 8.38% total coordination in B > 6.13% 
total coordination in N. Of note are also the coordination differences among the three 
cancer nodules.  

 

Figure 6 Statistically (p < 0.05) significant expression synergism, antagonism and 
independence of the first 25 alphabetically ordered KEGG-identified prostate 
cancer-related genes in the normal tissue (N) and each of the three cancer nodules (A, 
B, C). Red/blue/gray squares indicate significant expression synergism/anatgonism/ 
independence of the genes labeling the intersecting raws and columns in that profiled 
region. Red/blue/gray numbers are the percentages of significant expression synergism/ 
anatgonism/independence among all 84 prostate cancer genes quantified in that region. 
Owing to the correlation analysis symmetry to the permutation of the correlated genes, 
only the below or over the diagonal (black squares) part of the diagram was shown for 
each condition. 

2.7. Alteration of the TP53 targeted genes network in prostate cancer 

 Figure 7 presents the network of TP53 targeted genes in the four profiled region.  
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Figure 7 Expression coordination of TP53 with KEGG-determined targeted genes in (a) 
normal tissue; (b) cancer nudule A; (c) cancer nodule B; (d) cancer nodule C. Little 
arrows indicate the significantly coordinated genes within the corresponding group of 
genes. Red/green/yellow background of a gene symbol in a cancer region indicates 
whether that gene was up-/down- or not significantly regulated in the represented cancer 
region with respect to the normal tissue. Quantified genes in N have the symbols in white 
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background. Light green background of a block indicates that no gene was quantified in 
that block. 
  
 According to KEGG [37], all these blocks of genes should be activated by TP53, 
meaning that when expression of TP53 goes up expression of the activated genes should 
go up too (i.e. synergistic expression). However, only part of the targeted genes were 
actually synergistically expressed with TP53 in the normal prostate tissue (GTSE1, SIAH1 
SESN2, SESN3 RCHY1, PPMID) and one (SIVA1) was antagonisticaly expressed. The 
expression correlations in the normal tissue were substantially (but differently) altered in 
the three cancer nodules. The numbers of correlations ranged from 1 synergism and 3 
antagonisms in B to 5 synergisms and 2 antagonisms in A, and 4 synergisms and 5 
antagonisms in C. The subsets of significantly regulated genes were also different in the 
three cancer nodules: 4 up- and 6 down-regulated in A, 5 up- and 3 down-regulated in B, 
and 13 up- and 4 down-regulated in C. 
  
2.8. In-phase and in anti-phase expression of prostate cancer genes among the three cancer nodules 
 
 Figure 8 presents the KEGG-identified prostate cancer genes that are statistically (p 
< 0.05) significantly expressed in-phase and in anti-phase between all pairs of profiled 
regions of the tumor. This analysis is based on our model of transcellular transcriptomic 
networks [50] that we have also applied to identify syncronous expression of ion 
channels between adjacent heart chambers [51]. 
 One may note that the cancer nodules have different in-phase and in anti-phase 
expression both among themselves and with the normal tissue region, regions A and B 
having the largest in-phase expressions. Interestingly, while region C has the least 
in-phase and in anti-phase expressions with both regions A and B, it has the highest 
number of in-phase expressions with the normal tissue. We found that ERBB2 (a.k.a. 
HER2) is expressed in-antiphase in N with respect to nodules A and B but in-phase in 
these two nodules. This finding justifies the reports that ERBB2 activation is associated 
with tumor-intiating cells contribution and progression of prostate cancer [52].   
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 Figure 8 Statistically (p < 0.05) significantly in-phase (synchronously) and 
in-antiphase expressed KEGG-determined prostate cancer genes in pairs of regions. 
(a) Synchrony and anti synchrony of normal tissue paired with each cancer nodule. (b) 
Synchrony and anti synchrony among cancer nodules. Red/green/yellow background of 
a gene symbol in a cancer region indicates whether that gene was up-/down- or not 
significantly regulated in the represented cancer region with respect to the normal tissue. 
Quantified genes in N have the symbols in white background. 
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3. Discussion 
 
In this study, we analyzed the gene expression profiles of three cancer nodules and 

the surrounding normal tissue from the same surgically removed prostate tumor. Our 
analyses indicated that although B and C of the three cancer nodules were equally graded 
(Gleason score: 4 + 4 = 8/10) from histopathological point of view, their transcriptomes 
were different. The differences among the three cancer nodules were evident in all anal-
yses; however the most intriguing were those between the phenotypically similar regions 
B and C.      

These results prove again the existence of transcriptomic redundancy (many distinct 
transcriptomes) of each cancer phenotype. We have arrived at the same conclusion not 
only for different persons (equally graded cases of prostate cancer [29]), but even for 
equally graded cancer nodules from the same tumor (one case of clear cell renal cell car-
cinoma [30]).  

The Genomic Fabric Paradigm [53] approach provided the most theoretically possi-
ble comprehensive understanding of the topologies of the transcriptomes of the four re-
gions and their interplays. GFP characterized each profiled region by three independent 
groups of variables: average expression levels (AVEs), relative expression variabilities 
(REVs) and expression correlations (CORs) of all gene pairs. We proved their inde-
pendence in Figure 1 (p-val <10-200) for each comparison between the sets of any two 
characteristics of all genes in a region). Moreover, GFP explores also the transregional 
transcriptomic networks by identifying what genes are expressed in-phase (synchrony) 
or in anti-phase in the corresponding regions.  
 The largest expression of the ribosomal protein RPL13 in all four regions (621.27 in 
N, 288.47 in A, 476.68 in B and 415.06 in C) did not come as a surprise since more than 
half of the 50 most largely expressed genes in each region encode ribosomal proteins: 26 
in N, 31 in A, 37 in B and 33 in C. Surprisingly, more ribosomal genes were 
down-regulated than up-regulated in each cancer nodule, although their preferred 
down-regulation was somehow compensated by the preferred up-regulation of poly-
merase subunits and translation initiation factors.  

REV analysis determined the regions’ overall hierarchy with regard to the median 
expression variability: A (32.39%) > B (29.73%) > C (17.71%) > N (12.79%). Since in ther-
modynamics, systems closer to equilibrium exhibit higher numbers of degrees of free-
dom (and by consequence larger variability), we speculate that these results justifies why 
the cancer nodules are more robust systems (particularly the primary tumor A), with 
higher survival and proliferation rates. 
 REV analysis pointed also to some interesting genes for oncogenomics. Thus, 
MRPS12, the most stably expressed gene in N, is a potential prognostic candidate for the 
ovarian cancer [54], while UXT the most unstably expressed gene in N is associated with 
advanced stages of the gastric cancer [55]. ENTPD2, the most stably expressed gene in A 
is a biomarker for lung [56] and hepatocellular [57] carcinomas, while USP31, the most 
variably expressed gene in A, could be a potential target for sarcomas [58].  SSX3, the 
most stably expressed in B is a prognostic predictor for pancreatic ductal adenocarcino-
ma [59], while MAFK, the most variably expressed gene in B, appears responsible for 
induction of breast cancer [60]. BAIAP2L1, the most stably expressed gene in C, is over-
expressed in clear cell renal cell carcinoma [61] as we also found in all tree prostate cancer 
nodules, while ZYX, the most variably expressed gene in C and a crucial mecha-
notransductor in prostate cancer [62], had also a very large (176.65x) up regulation in C. 
(ZYX was also up-regulated in A by 2.53x and B by 2.92x). The significant difference in 
the fold-change of this gene between nodules B and C suggests distinct mechanotrans-
duction mechanisms (worth to be further investigated by molecular and physiological 
studies). The median REVs are 12.79% (A), 32.39% (A), 29.73% (B) and 17.71% (C), indi-
cating that the gene expressions are overall less controlled by the homeostatic mecha-
nisms in the cancer regions.  
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 Interestingly, HMGA2, the strongest down-regulated gene in A (-15.88x), “whose 
silencing promotes apoptosis and inhibits migration and invasion of prostate cancer 
cells” [63], was not regulated in B and C. With KLK11 down-regulated by -7.37x in A, 
-57.82x in B and -27.11x, our study confirmed previous reports [e.g. 64] of the 
down-regulation in cancer regions with respect to the surrounding benign tissue in 
prostate tumors. The observed up-regulation in all three cancer nodules of FOXJ1 (13.75x 
in A, 18.51 in B and 20.39 in C) and PLA2G2A (6.68x in A, 18.75x in B and 23.61x in C) 
confirmed findings of other authors [65, 66].  
 Much more comprehensive than the fold-change, WIR analysis identified the genes 
with the largest contributions the cancer-related transcriptomic alterations. Thus, the 
main contributors in A were: zinc finger protein 865 (ZNF865) and immunoglobulin 
lambda-like polypeptide 5 (IGLL5), in B: spondin 2, extracellular matrix protein (SPON2) 
and IGLL5, while in C they were: SPON2 and midkine (neurite growth-promoting factor 
2) (MDK). IGLL5, the main positive contributor to both nodules A and B, was correlated 
with tumor-infiltrating immune cells in kidney cancer [67], suggesting an interesting 
study to determine whether it plays a similar role in the prostate cancer. SPON2 is con-
sidered a more prostate-cancer specific diagnostic biomarker [68]. MDK is considered one 
as the most prognostic for short prostate cancer-specific survival [69]. For now, we have 
no info about the potential roles of ZNF865 in the progression of the prostate cancer. 

In Figures 3, 4 and 5 one may observe the differences among the subsets of signifi-
cantly regulated genes in the three cancer regions. 

As illustrated in Figures 1(c) and 6, in addition to the expression level and expres-
sion variability, cancer remodels also the transcriptomic networks by which genes are 
linked to each-other in functional pathways. Importantly, the remodeling was different 
from one cancer region to the other. These findings prove that the KEGG-designed func-
tional pathways are not universally wired but are dependent on the cell phenotype. As 
such, the same manipulation of the expression of one gene may have different ripple 
consequences on the other genes of the pathway in distinct phenotypes. (We arrived at 
the same conclusion when conditionally knocking down Gja1 gene encoding the gap 
junction channel protein Cx43 in the brains of two mouse strains [16]). By consequence, 
an efficient gene therapy for one person may not be as efficient for another person. 
Moreover, the treatment efficiency may be even different for distinct cancer nodules from 
the same tumor.   

Figure 7 brings another confirmation of the transcriptomic networks’ dependence 
not only on the cell phenotype (compare regions N and A), but also on the location of the 
same phenotype within the tumor (compare B and C). We found that TP53 activation of 
the target genes is substantially different among the four profiled regions of the tumor. 
The negative correlation of TP53 and SIVA1 in both normal tissue and the primary tumor 
A (Figure 7a), suggests that increased expression of SIVA1, reported to inhibit cervical 
cancer progression [70] (and hopefully also the progression of prostate cancer) may be 
achieved by down-regulating TP53. This possibility is based on our “see-saw” model 
[71]. However, the correlation of TP53 with SIVA1 is poor in the other two cancer nod-
ules, indicating that down-regulating TP53 may have no consequences for SIVA1 in the 
secondary tumors. 

Lastly, we analyzed whether there is transcriptomic communication among the 
profiled regions by determining the expression correlation of KEGG-determined prostate 
cancer genes between two regions. A positive correlation means that the expression of 
that gene goes up and down simultaneously (in-phase) in both regions, while a negative 
correlation means that when the expression of one gene goes up in one region it goes 
down in the other (in-antiphase). In previous studies ([50, 51]) we have provided ex-
perimental evidence about transcellular transcriptomic communication between astro-
cytes and oligodendrocytes in the brain and between the myocardial walls of the adjacent 
heart chambers of the mouse. This type of analysis may provide clues about the tran-
scriptomic integration of heterogeneous tissues.         
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4. Materials and Methods 
 
4.1. Prostate tissues 
 
 We used the data obtained by profiling the primary tumor (hereafter denoted as 
region A), two secondary tumors (denoted as regions B and C), and the surrounding 
cancer-free tissue (denoted by N) from a surgically removed prostate of a 65y old black 
man. The primary tumor had the Gleason score 4 + 5 = 9/10 and the two secondary tu-
mors had both the same Gleason score 4 + 4 = 8/10.  
 Each of the 6–8 mm samples collected from the four regions was split into four parts 
and each quarter profiled separately. Although the selected regions were as homogene-
ous as possible, cells of different phenotypes were not completely eliminated, and by 
consequence, expression of genes from other cell phenotypes affected (diluted) the re-
ported results.  
 
4.2. Microarray  

 At the time, we had equal access to Illumina NextSeq 500 but we preferred to use 
Agilent 4x44k human dual-color microarrays (configuration G2519F, platform GPL13497 
[72]) for their excellent reliability and affordable price. We used our standard protocol 
[73] for the RNA extraction with RNAEasy Minikit (Qiagen, Germantown, MD, USA), 
purification and quantification before and after reverse transcription in the presence of 
Cy3/Cy5 dUTP with a Thermo Fisher Scientific NanoDrop ND-1000 (Waltham, MA, 
USA). RNA quality was checked with a 2100 Bioanalyzer (Santa Clara, CA, USA). 825 ng 
of differently (Cy3/Cy5) labeled biological replicas of the same prostate region were hy-
bridized 17 h at 65 °C with microarrays and the washed and dried chips were scanned 
with an Agilent G2539 dual laser scanned for 20 bit at 5µm resolution. The digital images 
(tiffs) were primarily analyzed with (Agilent) Feature Extraction vs. 11.6 software. The 
spots with saturated or corrupted pixels, and those with the fluorescence foreground less 
than twice the fluorescence background were eliminated from the analysis. We used our 
iterative procedure alternating intra-array and inter-arrays adjustment to normalize the 
raw data to the median gene expression [74].  
 
4.3. Transcriptomic analyses  
 
 The separately profiled four quarters of tumor samples from each prostate tumor 
region were considered as the same system subjected to four slightly different (not reg-
ulatory) environmental conditions. Thus, the expression variability of the quantified 
genes among these biological replicas provided indirect estimate of how much their 
transcripts’ abundances are controlled by the cellular homeostatic mechanisms.  
 Because the Agilent microarrays probe some genes redundantly with several (not 
uniform numbers of) spots, the independent characteristics of every gene across biolog-
ical replicas: average expression level (AVE), Relative Expression Variability (REV) and 
correlation (COR) with expression of other genes were determined using the expression 
levels of all valid spots as: 
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 As the most comprehensive measure of expression alteration, we computed also the 
Weighted Individual (gene) Regulation (WIR) and, for an entire functional pathway Γ, 
the Weighted Pathway Regulation (WPR) as: 
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Our software to determine these characteristics from the raw data is described in [75]. 
 

5. Conclusions 
The main finding of this study is that even equally histopathologically graded can-

cer nodules from the same tumor have different transcriptomic organizations. This con-
clusion raises serious concerns about the validity of biomarkers identified through me-
ta-analyses of large populations of cancer stricken and cancer free humans and poses 
new challenges for the germline genetic testing of prostate cancer patients [76].  
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Our Genomic Fabric Paradigm offers a personalized genomics alternative to the 
biomarkers approach to determine the cancer transcriptional identity (e.g. [77]).   
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