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Supplementary Methods SM1 : Definition of Co-expression 

It is important to note that although the correlation (A → B) = correlation (B → A), the 

ranks of gene A with respect to gene B will not be the same as ranks of gene B with respect to. 

gene A. Hence, in general it can be said that, LLR(A → B) ≠ LLR(B → A).  

We define LLR(A ↔ B) = Max { LLR(A → B) , LLR(B → A) }. Two genes A and B are called 

co-expressed iff LLR (A ↔ B) ≥ LLRcrit (LLRcrit is based on the desired FDR). All subsequent 

analyses use this definition of co-expression.  

For example, TOP2A and PCNA are correlated in 4 datasets (AU, HK, JP, SG) at 0.73, 0.62, 0.75 

and 0.62 (Pearson’s Correlation). Ranks of PCNA with respect to TOP2A are [2240, 2193, 2239, 

2241], and the ranks of TOP2A with respect to PCNA are [2224, 2230, 2242, 2244]. The 

corresponding LLR scores are 10.44 and 9.84.  

 

LLR(TOP2A ↔ PCNA) = Max { LLR(TOP2A → PCNA) , LLR(PCNA → TOP2A) }.  

Hence, LLR(TOP2A ↔ PCNA)= 10.44. TOP2A and PCNA will be called co-expressed for 

LLRcrit ≤ 10.44. 
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Supplementary Methods SM2:  Use of Order Statistics for Robust Non-parametric 

InferenceΦ 

Let Yk be the order statistic associated with ‘n’ independent observations X1 .. Xn. such 

that (Y1 < Y2 … < Yn). Each X is taken from a uniform distribution with the distribution function 

F(x) = x and mass function f(x) = F′(x) = 1  (0 < F(x) < 1 ). The event that the Yk 
th order statistic 

is at most ‘y’ (i.e. Yk ≤ y) can happen if and only if at least ‘k’ of the ‘n’ observations are less 

than or equal to ‘y’. Using the probability of at least ‘k’ successes the distribution function Gk(y) 

and probability density function (pdf) gk(y) can be shown to be  

 
 

Rewriting in terms of Gamma function,  
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This resembles a beta distribution with parameters α,β with α = k and β = n-k+1.  

The joint pdf Y1 .. Y4 is thus p(Y1, .. ,Y4) = g1(Y1)* g2(Y2)* g3(Y3)* g4(Y4). Since, there are 4! 

ways of rearranging Xi’s to give Yk’s, we have,  

p(X1, X2, X3, X4) = 4! * g1(Y1)* g2(Y2)* g3(Y3)* g4(Y4)  

p(X1, X2, X3, X4) = 4! * g1 (X(1)) * g2(X(2)) * g3(X(3)) * g4(X(4)) 

Where X(k) is the kth smallest Xi  

The maxima of gk occurs at (y =0; y =1/3 ; y =2/3 ; y = 1 for k = 1,2,3,4 respectively). We use 
these values to formulate our null hypothesis case.   

                                                           
Φ Hogg, R.V. & Tanis, E.A. Probability and Statistical Inference, 6th Ed, 2001, Prentice Hall, New Jersey, USA 
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Supplementary Methods SM3: Simulation of Scalefree Networks 

 
We simulated equivalent “pure” scale free networks based on a previously described 

“preferential attachment” model∝, specifying the average number of connections per gene (kavg) 

and number of nodes with more than one co-expression partner (No). The links are non-

directional and unweighted with no self-connection and no multi-connections between two 

vertices. Starting with ‘mo’ number of vertices, a new vertex is attached to the ones already 

present during the course of iteration. The incoming vertex makes ‘m’ new links with the existing 

vertices. The probability of the incoming vertex joining an existing vertex is proportional to the 

number of connections it (the existing one) already has. Thus for a given value of No and kavg, an 

equivalent network is simulated using the above model with iterations stopping at No and each 

iteration having m = kavg/2. For cases like, LLR 8 (kavg ~ 5), the nearest integer is used (eg 3 for 

LLR 8 case instead of 2.5). A typical scale free simulation result is compared with the equivalent 

results from the co-expression network.  

 
A     B            C 
 
 

                                                           
∝ Barabasi, A.L. & Albert, R. Emergence of scaling in random networks. Science 286, 509–512, (1999) 
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Supplementary Methods SM4: Statistical Associations in Different Subnetworks 
 
Subnetworks that are present in both non-malignant and malignant tissues (eg the ribosomal 

network) do not appear to exhibit significantly higher statistical associations than subnetworks 

present in either cancer or non-malignant tissues only. 

We show here that gene pairs associated with the 

ribosomal cluster are present across a spectra of LLR 

values and not just at very high LLR’s. The figure on 

the right shows each gene pair as a blue dot except for 

the gene pairs from ribosomal cluster, which are shown 

as green dots. The statistical enrichment of ribosomal 

gene links in the high LLR region was computed using a KS (Kolmogorov-Smirnov) test (see 

below; left), and compared against the maximum enrichment score for 1000 random permutations 

(see below; right). This analysis yielded a non-significant empirical of p-value of ≈ 0.1 
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Supplementary Methods SM5: Tissue Microarrays and Clinical Data 
 
 

Construction of Gastric Cancer Tissue Microarrays 

Paraffin blocks of gastric cancer derived from gastrectomy specimen were retrieved from the 

archives of the Department of Pathology, Queen Mary Hospital, The University of Hong Kong. 

For each case, an area of invasive carcinoma was identified under microscopy in the 

corresponding H&E stained slide, and a 0.6 mm diameter tumor tissue core was punched from 

the corresponding area of the paraffin block and transferred to a recipient block using a Tissue 

Microarrayer (Beecher Instruments, Silver Spring, MD). Tissue cores containing areas of non-

neoplastic gastric mucosa, including those with intestinal metaplasia, were included when 

available. A small number of cases were eventually excluded from the study due to loss of tissue 

on the TMA, absence of cancer tissue on the histo-spot or poor RNA integrity as evident by 

absent ISH signal using the β-actin riboprobe. The TMA study finally included 343 gastric 

cancers and 75 non-tumor gastric mucosa, of which 24 exhibited intestinal metaplasia. 

 

Immunohistochemical (IHC) Assessment 

EphB2 positive cells were stained primarily at the cell membrane. For EphB2 staining, the 

membrane staining intensity in each tissue core was graded as negative 0; weak 1; moderate 2; 

strong 3. A score of 0-1 was considered EphB2 negative whereas a score of 2-3 was considered 

EphB2 positive for categorical data analysis. In-situ hybridization (ISH) for PLA2G2A produced 

deep brown cytoplasmic staining for positive signals, and the staining intensity in cancer cells 

was graded as negative 0, weak 1; moderate 2; strong 3. Similarly, a score of 0-1 was considered 

PLA2G2A negative and a score of 2-3 was considered positive. Two independent observers 
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performed the immunohistochemical grading, and cases with discrepancy were reviewed to arrive 

at a consensus. 

Table SM5-1. Patient demographic data and expression of EphB2 and PLA2G2A in the 343 
gastric cancers 
 
Sex 
 Male 
 Female 

 
230 
113 

Age 
 Range 
 Mean 

 
24-93 
66.5 ±12.9 

Tumor differentiation 
 Well 
 Moderate 
 Poor 

 
7 
126 
210 

EphB2 expression 
 Negative 
 Weak 
 Moderate 
 Strong 

 
236 
49 
47 
11 

PLA2G2A expression 
 Negative 
 Weak 
 Moderate 
 Strong 

 
116 
97 
84 
46 

 
 
Table SM5-2 : Relationship of EphB2 and PLA2G2A in 343 gastric cancers 
 PLA2G2A Total 
  Negative-Weak Moderate-Strong   
EphB2 Negative -weak 185 100 285 
  Moderate-Strong 28 30 58 
Total 213 130 343 

P=0.017 (chi-sq test) 
 
Table SM5-3 Relationship of EphB2 and PLA2G2A expression in 75 non-tumor gastric mucosa 
 PLA2G2A Total 
  Negative-Weak Moderate-Strong   
EphB2 Negative -weak 34 19 53 
  Moderate-Strong 8 14 22 
Total 42 33 75 

P=0.027 (chi-sq test) 
 


