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(57) ABSTRACT 

Systems and methods for selecting factors from a continuous 
data set of measurements are provided. The measurements 
include values of factors and/or outcomes. TWo or more fac 
tors that are jointly associated With one or more outcomes 
from the data set are identi?ed. Each of the tWo or more 
factors are analyzed to determine at least one cooperative 
interaction among the factors With respect to an outcome. The 
tWo or more factors can be a module of factors serving as a 
single factor participating in a cooperative interaction With 
another factor or module of factors. 
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SYSTEM AND METHOD FOR 
IDENTIFICATION OF SYNERGISTIC 

INTERACTIONS FROM CONTINUOUS DATA 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

[0001] The present application claims priority to US. Pro 
visional Application Ser. No. 60/887,281, ?led Jan. 30, 2007, 
the entirety of the disclosure of Which is explicitly incorpo 
rated by reference herein. 

BACKGROUND 

[0002] The disclosed subject matter relates generally to 
systems and methods for factor selection, including factors 
useful in gene expression analysis. 
[0003] The expression levels of thousands of genes, mea 
sured simultaneously using DNA microarrays, can provide 
information useful for medical diagnosis and prognosis. 
However, gene expression measurements have not provided 
signi?cant insight into the development of therapeutic 
approaches. This can be partly attributed to the fact that While 
traditional gene selection techniques typically produce a “list 
of genes” that are correlated With disease, they do not re?ect 
interrelationships. 
[0004] Gene selection techniques based on microarray 
analysis often involve individual gene ranking depending on 
a numerical score measuring the correlation of each gene With 
particular disease types. The expression levels of the highest 
ranked genes tend to be either consistently higher in the 
presence of disease and loWer in the absence of disease, or 
vice versa. Such genes usually have the property that their 
joint expression levels corresponding to diseased tissues and 
the joint expression levels corresponding to healthy tissues 
can be cleanly separated into tWo distinct clusters. These 
techniques are therefore convenient for classi?cation pur 
poses betWeen disease and health, or betWeen different dis 
ease types. HoWever, they do not identify cooperative rela 
tionships or the synergy among multiple interacting genes. 
[0005] There is therefore a need for the ability to analyZe 
genes in terms of the cooperative, as opposed to independent, 
nature of their contributions toWards a phenotype. 

SUMMARY 

[0006] The disclosed subject matter provides techniques 
for the analysis of the cooperative interactions or synergy 
among multiple interacting factors. The factors can be fea 
tures, elements or outcomes that are cooperatively associated 
With one or more factors or outcomes by their joint presence 
or absence. The factors are selected from a data set of con 
tinuous measurements. 
[0007] In some embodiments of the disclosed subject mat 
ter, methods for selecting factors from a data set of continuous 
measurements are provided. The measurements can include 
values of factors and/or outcomes. TWo or more factors that 
are jointly associated With one or more outcomes from the 
data set are identi?ed. Each of the tWo or more factors are 
analyZed to determine at least one cooperative interaction 
among the factors With respect to an outcome or factor. The 
factors can be a module of factors, Where a module includes 
several factors acting as an individual factor, or a sub -module 
of factors. The interaction can be a structure of interactions, 
Where a structure includes several interactions involving sub 
modules of factors. 
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[0008] The factors can include tWo or more genes. The data 
set can include continuous gene expression data including 
expression levels for each of the genes. The outcomes include 
presence or absence of a disease, and the genes can be a 
module of genes, preferably a smallest cooperative module of 
genes With joint expression levels that can be used for a 
prediction of the presence of a disease. 
[0009] In other embodiments of the disclosed subject mat 
ter, methods for selecting tWo or more genes from continuous 
gene expression data are provided. The continuous gene 
expression data can include expression levels for each of the 
tWo or more genes. The method includes providing continu 
ous gene expression data for tWo or more genes, identifying 
tWo or more genes having high synergy, and identifying a 
cooperative interaction that connects the expression levels in 
the tWo or more genes With the presence or absence of a 
disease or trait. 
[0010] The continuous gene expression data can be derived 
from at least one microarray of gene expression data. The 
genes can be a module of genes. The cooperative interaction 
can be modeled using a Boolean function, a parsimonious 
Boolean function, or the most parsimonious Boolean func 
tion. The high synergy can be a maximum synergy. 
[0011] In other embodiments of the disclosed subject mat 
ter, systems for selecting tWo or more genes from continuous 
gene expression data are provided. The continuous gene 
expression data includes expression levels for each of the tWo 
or more genes. The system includes at least one processor, a 
computer readable medium coupled to the processor includ 
ing instructions Which When executed cause the processor to 
provide gene expression data for the genes. The instructions 
also cause the processor to choose a single threshold for each 
of the tWo or more genes, identify the tWo or more genes With 
a high synergy, and identify the expression level of another 
third gene. The continuous gene expression data can be 
derived from a microarray of gene expression data. The tWo or 
more genes can be a module of genes. The high synergy can 
be a maximum synergy. 
[0012] In other embodiments of the disclosed subject mat 
ter, systems for selecting factors from a data set of continuous 
measurements are provided. Each measurement can include 
values of the factors and outcomes. The system includes at 
least one processor and a computer readable medium coupled 
to the at least one processor. The computer readable medium 
includes instructions Which When executed cause the proces 
sor to identify tWo or more factors that are jointly associated 
With one or more outcomes or factors from the data, and, 
analyZe each of the tWo or more factors to determine at least 
one cooperative interaction among the factors With respect to 
an outcome or factor. The factors can be a module of factors. 
The module of factors can include at least one sub-module of 
factors. The cooperative interaction can include a structure of 
interactions, described by a logic function. 
[0013] The tWo or more factors can be tWo or more genes, 
the data can include continuous gene expression data includ 
ing expression levels, and the outcomes can be the presence or 
absence of a disease. The genes canbe a module of genes. The 
module of genes can include at least one sub-module of 
genes. The module of genes can be a smallest module of genes 
With j oint expression levels that can be used for a prediction of 
the presence of disease. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0014] FIG. 1 is a process diagram according to some 
embodiments of the disclosed subject matter. 
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[0015] FIG. 2 is a functional diagram according to some 
embodiments of the disclosed subject matter. 
[0016] FIGS. 3(a) and (b) are graphical diagrams according 
to some embodiments of the disclosed subject matter. 

DETAILED DESCRIPTION 

[0017] According to some aspects of the disclosed subject 
matter, a method for selecting factors from a data set of 
continuous measurements is provided. The method includes 
identifying factors cooperatively associated With an outcome 
from a continuous data set for tWo or more factors, and ana 
lyZing each of the factors or modules of factors to determine 
cooperative or synergistic interactions among the factors or 
outcomes With respect to the outcome. The data set can be a 
set of continuous measurements that includes values of the 
factors and the outcomes. 
[0018] One application of the disclosed subject matter is 
Where the factors are genes and the inference of the coopera 
tive relationship or synergy among multiple interacting genes 
is desired. Although the folloWing Will describe disease data, 
it can be more generally applicable to other data sets. 
[0019] Other applicable data sets include other biological 
data such as hoW cells are in?uenced by stimuli jointly, biom 
arkers, spliced isoforms, and protein expression orpost-trans 
lation modi?cation data, ?nancial data, internet tra?ic data, 
scheduling data for industries, marketing data, and manufac 
turing data, for example. Table 1, below, illustrates other data 
sets relevant to various objectives, including factors and out 
comes, to Which the disclosed subject matter can also be 
applied. The factors can be of mixed nature, for example 
continuous gene expression data, combined With continuous 
or binary imaging biomarker data combined With binary SNP 
data. 

TABLE 1 

Objective Factors Outcomes 

Disease pathway Gene expression Disease 
identi?cation 
Synaptic speci?city factors Gene expression Neural synapses 
Disease susceptibility of Single Nucleotide Disease 
speci?c genotypes Polymorphisms (SNPs) 
Genotypic basis for gene SNPs 
expression pro?les 
Gene regulation factors 

Gene expression 

Gene expression Gene expression 
Gene expression association Gene expression SNP 
With individual SNPs 
Pharmacogenomics SNPs Drug resistance 
Drug side-effect modeling SNPs Side effect of 

drug 
Biomarkers for Diagnosis, Imaging signals, Copy Disease 
Prognosis, Treatment number polymorphisms, 
choice Metabolite concentration 

level 
Stocks/bonds/currency Stocks/bonds/currency Sell/Buy at given 
selling/buying price price time series data price 
identi?cation 

Federal interest 
rate increase/ 
decreas e 

Macroeconomic time 
series such as consumer 

index, housing market 
index, trade balance, etc 

Macroeconomic models 

[0020] Previously, techniques included discretiZation (i.e., 
binariZation) of the data. For example, for simpli?cation it 
Was assumed that genes are either “on” or “of ,” using thresh 
olds to binariZe expression values inferred from microarrays. 
HoWever, binariZation of expression data imposes a con 
straint that limits the utility of these techniques. For example, 
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information can be lost by not accounting for the precise 
intermediate expression levels. The presently disclosed sub 
ject matter avoids this limitation by evaluating continuous 
expression (or other) data. 
[0021] In the present disclosure, the factors can be features, 
elements or outcomes that are cooperatively associated With 
one or more factors or outcomes by their joint presence or 
absence. The factors are selected from a data set of continuous 
measurements. 

[0022] The measurements can include values of factors 
and/or outcomes. TWo or more factors that are jointly associ 
ated With one or more outcomes from the data set are identi 

?ed. Each of the tWo or more factors are analyZed to deter 
mine at least one cooperative interaction among the factors 
With respect to an outcome or factor. The factors can be a 

module of factors, Where a module includes several factors 
acting as an individual factor, or a sub-module of factors. The 
interaction can be a structure of interactions, Where a struc 
ture includes several interactions involving sub-modules of 
factors. 

[0023] The factors can include tWo or more genes. The data 
set can include continuous gene expression data including 
expression levels for each of the genes. The outcomes include 
presence or absence of a disease, and the genes can be a 
module of genes, preferably a smallest cooperative module of 
genes With joint expression levels that can be used for a 
prediction of the presence of a disease. The cooperative inter 
action can be modeled using a Boolean function, a parsimo 
nious Boolean function, or the most parsimonious Boolean 
function. 

[0024] As illustrated beloW, given the continuous expres 
sion levels of some particular genes in a number of diseased 
and healthy samples, the uncertainty (conditional entropy) of 
predicting Whether a sample is affected by a disease (e.g., a 
cancer) is estimated. The cooperative interaction is modeled 
by the conditional entropy and/or synergy of the genes. 
[0025] The continuous gene expression can be obtained 
from any source. For example, it can be obtained from pub 
licly available database, or derived from experimental data of 
DNA microarray analyses of genes. The continuous gene 
expression data include expression levels for each of the 
genes. 

[0026] One Way to evaluate the entropy of a number of 
genes is through clusters of samples, each sample containing 
continuous expression data of at least one of the genes. For the 
purpose of the disclosed subject matter, given a particular set 
of genes, a cluster is de?ned as a group of samples With 
similar expression levels of these particular genes. Given a 
cluster of samples, each of Which is assigned one of tWo 
possible class labels referred to by the symbol C: health (CIO) 
or a particular disease (CIl), the entropy of the cluster is 
de?ned in equation (1): 

Where Q is the relative frequency of diseased samples in the 
cluster. Given a partition of the full set of samples into a 
number of disjoint clusters, the entropy of the partition as the 
average of the entropies of all clusters, Weighted by the rela 
tive membership of each cluster can be de?ned. For example, 
it can be assumed that there are totally KO healthy samples and 
K1 diseased samples the total shoWn in equation (2): 
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and that one of the clusters contains NO healthy samples and 
N1 diseased samples. The relative membership of the cluster 
is shown in equation (3): 

and the entropy of the cluster is h(Q) Where Q is calculated as 
in equation (4): 

[0027] Therefore, the entropy of the partition is equal to the 
sum ZPh(Q) over all clusters. 

[0028] Each choice of n genes de?nes a partition of the 
samples according to a clustering algorithm applied on the 
expression levels of these genes in all the samples. Given such 
a choice of genes With expression levels denoted by the sym 
bols G1, . . . , G”, the conditional entropy of the class label C 

is equal to the entropy of the resulting partition, i.e., H(ClGl, 
. , Gn):ZPh(Q), and measures the average uncertainty of 

predicting if a sample is diseased if the cluster in Which the 
sample is located is known. In the special case that the expres 
sion levels G, are binary so that each gene is either “off” 
(GI-:0) or “on” (GI-:1), then this methodology becomes iden 
tical to evaluating the same conditional entropy from the 
probabilistic model resulting from relative frequencies after 
counting the number of healthy and diseased samples in each 
of the 2” possible expression states. 
[0029] The mutual information l(Gl, . . . , G”; C) is a 
nonnegative quantity measuring the information that the n 
genes provide about the disease and is equal to H(C)—H 
(ClGl, . . . , G”), Where H(C) is equal to h(Kl/K). The mutual 
information and conditional entropy can be further normal 
iZed by dividing by H(C) so that in the normaliZed form 
l*(Gl, . . . , G”; C):1—H*(C|Gl, . . . , G”), so thatthe maximum 

normalized possible mutual information in the values of 
Table 1 is equal to one. 

[0030] When n:2, the synergy Syn(Gl, G2; C) measures 
the amount of information about the disease that is due to 
purely cooperative effects betWeen G1 and G2, and is de?ned 
as Syn(G1, G2; C):l(Gl, G2; C)—[l(G1; C)+I(G2; C)]. The 
synergy can also be evaluated as H(C|Gl)+H(C|G2)—H(C|Gl, 
G2)—H(C). The synergy can further be normalized by divid 
ing by H(C). Given a choice of n genes the corresponding 
conditional entropy H(:ZPh(Q)) can be estimated from the 
continuous expression levels of these genes. The UPGMA 
clustering algorithm, Well knoWn in the art as an example of 
distance based clustering algorithm, can be applied in evalu 
ating the synergy. 
[0031] An exemplary process for evaluation the conditional 
entropy and synergy of tWo genes is illustrated in FIG. 1. The 
process starts from 101, given the input 102 of expression 
data over N tissues for genes G1 and G2, classi?cation values 
for the N tissues (either 0 or 1) and the height threshold D. The 
conditional entropy H is assigned a value of H(C) (103). 
UPGMA clustering is then performed for the 2D expression 
data for genes G1 and G2 (104). The UPGMA dendrogram is 
cut at height D to generate cluster sets SIS 1, S2, . . . , S k (105). 

Conditional entropy Hl2 is evaluated as H(C/ S) (106). Then 
the cluster S is projected on G1 and G2 dimension to generate 
blended cluster sets S1 and S2, respectively (107 and 108), and 
conditional entropy H1 and H2 are obtained as H(C/ S1) and 
H(C/S2), respectively (109 and 110). The synergy of genes G1 
and G2 is then determined as H1+H2—Hl2—H (111). The syn 
ergy is output (112) and the process ends (113). 
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[0032] Similarly, the UPGMA clustering method can be 
generaliZed to more than tWo factors in higher-dimensional 
spaces, straightforWard to those skilled in the art. 
[0033] In the UPGMA dendrogram, each horiZontal line at 
distance D from the leaves de?nes a partition into clusters for 
Which a value H can be computed. The value of H changes 
discontinuously With D as pairs of clusters are merged into 
single clusters each time the horiZontal line crosses the inter 
mediate nodes of the dendrogram by moving higher. This 
discontinuity is undesirable, particularly because the formula 
for evaluating synergy involves three independent calcula 
tions of mutual information (one for the pair of genes and tWo 
for each gene alone) thus occasionally amplifying inaccura 
cies due to borderline effects at the discontinuity points. Fur 
thermore, evaluating H at a speci?c value of D does not 
account for partitioning detail that can occur Within the sub 
clusters beloW the horiZontal line at D. To remedy these 
issues, a measure of the conditional entropy that averages H 
by integrating it from 0 up to a cut-off value D* and dividing 
by D* is used. The value of D* can be considered to be a 
“threshold of biological signi?cance,” because clusters With 
inter-cluster distances above D* are not merged. 

[0034] Various distance measures can be employed for the 
constructing the UPGMA dendro grams. Preferred is the Che 
byshev distance measure, a Well-known measure in the art 
de?ned as the maximum distance in any single dimension. 
This distance alloWs entropy values computed over different 
numbers of dimensions (genes) to be included in the same 
formula. As dimensions are added, Chebyshev distances 
remain limited by the maximum distance betWeen the expres 
sion levels of tWo genes and therefore the same value of D* 
can be used for all dimensions. From a biological vieWpoint, 
this choice assumes that the “threshold of biological signi? 
cance” in the joint gene expression space of a synergistic set 
of genes is the same as the threshold for individual member 
genes. In other Words, if the joint expression of tWo genes is 
causing a phenotype exclusively as a result of their synergistic 
interaction, then it is su?icient for one of them to exceed the 
threshold of biological signi?cance for the pair of genes to 
cease causing the phenotype. When using the above numeri 
cal measure of conditional entropy and the Chebyshev dis 
tance measure, the folloWing is true: H(ClGl, G2)§min 
{H(ClGl), H(C|G2)}. This is consistent With information 
theoretic facts, as is Well knoWn in the art. 

[0035] The calculation of synergy according to the previ 
ously described technique requires evaluation of several con 
ditional entropies of an outcome based on differing number of 
factors. For example, the synergy of tWo genes G1 and G2 With 
respect to a binary phenotype C, such as the class label for a 
particular disease requires the evaluation of three conditional 
entropies: H(ClGl, G2), H(ClGl), H(CIGZ). An alternative 
approach (the “one-step evaluation” approach) to evaluate 
synergy is to evaluate only one of these termsithe one deter 
mined by the maximum number of genes, i.e., H(C| G1, G2) in 
the tWo-gene case. This quantity is then used to estimate the 
other terms, i.e., H(ClGl) and H(ClG2) in the tWo-gene case. 
[0036] TWo methods can be used in this one-step evaluation 
approach. For example, in a tWo-gene example, in the ?rst 
method, each sample corresponds to a point in the tWo-di 
mensional space Whose tWo coordinates are the gene expres 
sion values of the tWo genes. The evaluation of H(ClGl, G2) 
Will result in a partitioning of the set of samples into a number, 
say L, of clusters S1, S2, . . . , S L in the tWo-dimensional space. 

As described previously, if P,- is the relative membership of 
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cluster S,- and Qi is the relative frequency of diseased samples 
Within cluster S, then H(C|Gl, G2) Will be equal to 

The evaluation of H(C|G1) and H(C|G2) Will be based on the 
assumption that these L clusters correspond to L biological 
events, except that the relative memberships and frequencies 
of diseased samples Within each cluster Will be modi?ed to 
re?ect the uncertainty Whenever the projections of multiple 
clusters in the one-dimensional space overlap. For example, 
the value of expression of the ?rst gene G1 in a particular 
sample can, by itself, indicate that the sample belongs to 
either of three particular clusters, because it is Within the 
range of each of the three clusters. In that case, the “member 
ship” of that sample to each of these three clusters Will be 
assigned the value of 1/3. In other Words, for each sample, a 
determination can be made as to the number of clusters to 

Which it can belong and the membership value to each of 
these clusters Will be uniformly distributed. The determina 
tion of Whether or not a sample can belong in a cluster is made 

by examining if the G1 expression value of the sample lies 
Within the range determined by the minimum and maximum 
Gl values among all samples in that cluster. The value of 
H(C|G1) Will then be also equal to 

except that the values of P,- and Q, Will be modi?ed to re?ect 
the neW membership values after each sample has thus been 
fractionally assigned to each of the L clusters. 

[0037] Similarly, in the general case of evaluating the syn 
ergy of n factors With respect to a binary phenotype, one 

clustering can be made to estimate H(C|Gl, G2, . . . , G”). This 

Will result in a partitioning of the set of samples into a number, 
say L, ofclusters S1, S2, . . . , SL in the n-dimensional space; 

and H(C|Gl, G2, . . . , G”) can be evaluated as equal to 

The evaluation of the conditional entropy of C conditioned on 
m out of the n expression values, Where m<n, Will similarly be 
made by uniformly allocating the membership of each sample 
to each cluster to Which it could potentially belong based on 
the limited knowledge of the m out of the n expression values 
of the sample. As before, the determination of Whether or not 
a sample can belong in a cluster is made by examining if all 
the m expression values of the sample lie Within the corre 
sponding m in ranges determined by the minimum and maxi 
mum expression values among all samples in that cluster. The 
value of the conditional entropy Will then again be equal to 
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except that the values of PI. and Q. Will be modi?ed to re?ect 
the neW membership values. 
[0038] In the second method of the one-step evaluation 
approach, to estimate the entropy H(C|G) for a particular 
gene G, cluster membership values are assigned in a non 
uniform Way so that the values of PI. (relative membership of 
cluster Si) remain constant, i.e., as they Were before the frac 
tional allocation. This can be done as folloWs: 

[0039] First, de?ne a set (e.g., Set A) Which initially con 
tains all of the samples provided. For each cluster, an initial 
assignment of Zero is made to the number of their diseased as 
Well as healthy samples. 
[0040] Then, ?nd a set of potential clusters of the ?rst 
sample in Set A. Let K be the number of these potential 
clusters. All the other, if any, samples are found, each of 
Which has the identical set of K potential clusters. All these 
samples are included together With the ?rst sample in a list 
(e.g., List A). Let N be the number of samples in List A. 
De?ne another list (e.g., List B) of siZe N, indicating the 
actual cluster (found in the highest-dimensional space) to 
Which each of the N samples in List A belongs. In other 
Words, the jth element of List B is the actual cluster to Which 
thej’h element ofListA belongs, Wherej is 1, 2, . . . , N. There 
are totally K clusters appearing in List B. For each of these K 
clusters, assign a Weight W(i), i:1, 2, . . . , K, equal to the 
number of times cluster i appears in List B divided by N. The 
sum of these Weights is equal to 1. Then, for each sample in 
List A, do the folloWing: If the sample is diseased, add W(i) to 
the number of diseased samples in each of the K clusters. 
Otherwise, add W(i) to the number of healthy samples in each 
of the K clusters. This method Will retain the number of 
samples in each cluster, because the ith cluster Will have total 
membership of N times W(i), Which is equal to the number of 
times it appears in List B. It Will also retain the total number 
of diseased and healthy samples, because the type (disease 
versus health) of each sample Will be distributed into K clus 
ters With Weights that add to 1. 
[0041] Next, remove the samples in ListA from SetA. If Set 
A is noW not empty, identify its ?rst sample and, based on that 
sample, de?ne neW List A and List B and repeat the same 
procedure as in the previous paragraph. When SetA is found 
empty, all samples of the corresponding set of potential clus 
ters have been found. At that point, stop and evaluate the 
entropy of the corresponding clustering partition, Which is the 
estimate of H(C|G). 
[0042] The information (e.g., conditional entropy and/or 
synergy) gained from the continuous expression data from 
multiple samples can be further used in various Ways. For 
example, given a number of samples containing continuous 
expression levels of a set of genes, the conditional entropy 
and synergy With respect to a certain outcome (e.g., cancer) 
can be evaluated for one of more selected subsets of the 
original set of genes. One or more modules of genes (some 
particular subsets of the genes that produce loW conditional 
entropy or high synergy) can be identi?ed and can then be 
treated as a single factor. These modules can be used as 
candidates for prediction of the outcome. These modules of 
genes can further include sub-modules of genes Which pro 
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duce loW conditional entropy or high synergy, Which can be 
similarly identi?ed by evaluating conditional entropy or syn 
ergy of the subsets of the modules of genes. The loW condi 
tional entropy can be minimum conditional entropy; the high 
synergy can be maximum synergy. 
[0043] Alternatively, an systematic evaluation of condi 
tional entropy or synergy can be conducted for each subset of 
genes out of the originally given set of genes. Module(s) or 
sub-module(s) of the genes can be identi?ed that produce loW 
conditional entropy or high synergy. Smallest cooperative 
module of genes can also be readily identi?ed. The loW con 
ditional entropy can be minimum conditional entropy; the 
high synergy can be maximum synergy. The module(s) or 
sub-module(s) of the genes can be used to predict a given 
sample containing continuous expression data of one or more 
genes comprising a common subset of gene(s) shared With the 
module(s) or sub-module(s) of the genes. In particular, When 
provided With a sample Where gene expression data are 
incomplete (e.g., gene expression levels for some relevant 
genes are unavailable), the module(s) or sub-module(s) of 
genes that comprise genes for Which the continuous gene 
expression levels are present in the sample can be advanta 
geously used to predict the outcome of the sample. Preferably, 
such module(s) or sub-module(s) include a smallest coopera 
tive module of genes. 
[0044] The techniques of the disclosed subject matter can 
be implemented by Way of off-the-shelf software such as 
MATLAB, JAVA, C++, or other software. Machine language 
or other loW level languages can also be utilized. Multiple 
processors Working in parallel can also be utilized. As illus 
trated in the embodiment depicted in FIG. 2, a system in 
accordance With the disclosed subject matter can include a 
processor or multiple processors 204 and a computer readable 
medium 201 coupled to the processor or processors 204. The 
computer readable medium includes data such as factors and 
outcomes 202 and can also include programs for synergy 
analysis and/ or entropy analysis 203. The system leads to the 
identi?cation of the synergy, synergies or cooperative inter 
action(s) among multiple interacting factors 205. Multiple 
processors 204 Working in parallel can also be utilized. 
[0045] In one example of the disclosed subject matter, pub 
licly available prostate cancer expression data from 102 pros 
tate samples are obtained, 50 of Which Were deemed as 
healthy and the remaining 52 as cancerous using RMA-nor 
malized values (RMA normalization is one of the standard 
microarray gene expression normalization methods to derive 
expression values likely to be approximately proportional to 
the actual biological concentration of the mRNA produced by 
the genes). All genes Were ranked in terms of their conditional 
entropy H(C|Gl-). The ten loWest scoring genes are shoWn in 
Table 2. These are the genes that are individually most corre 
lated With cancer, because the same genes Would equivalently 
have been found as highest scoring in terms of the mutual 
information I(Gl-; C). Nearly all genes in the list are Well 
knoWn biomarkers of prostate cancer, such as HPN, ERG, 
AMACR, FOLHl, TACSTD1 and AGR2. 

TABLE 2 

Rank Symbol Accession Number Entropy 

1 HPN X07732 0.5151 
2 TRGV3 M30894 0.6164 
3 PDLIM5 AL049969 0.6503 
4 ERG M21535 0.6640 
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TABLE 2-continued 

Rank Symbol Accession Number Entropy 

5 AMACR A1130733 0.6809 
6 NELL2 D83018 0.6838 
7 CPD M84526 0.6917 
8 FOLHI M99487 0.6969 
9 TACSTDI M93036 0.6973 

10 AGR2 AF038451 0.7090 

[0046] All gene pairs Were then ranked in terms of their 
synergy I(Gl, Gj; C)—[I(Gl-; C)+I(Gj; C)]. Genes RBPl and 
EEF1B2 produce the highest synergy, indicating in combina 
tion they appear to predict prostate cancer in Ways that cannot 
be attributed to the additive individual contributions of the 
genes. 
[0047] FIG. 3(a) shoWs the scatter plot of gene expression 
data for genes RBPl and EEF1B2. 52 cancerous samples and 
50 health samples are represented by solid circles (') and 
un?lled circles (0) respectively. The axes represent the 
expression levels of the tWo genes. FIG. 3(b) shoWs the cor 
responding dendrogram for the tWo-dimensional scatter plot 
in 3(a). On the horizontal axis are the genes depicted as the 
“leaves” of the tree, While the vertical axis measures the 
“distance” (dissimilarity) betWeen clusters. The high synergy 
is re?ected by the fact that cancer tends to occur only in the 
simultaneous loW expression or RBPl and high expression of 
EEF1B2, but not otherWise. It is noted that in FIG. 3(a), tissue 
T39 appears to be mislabeled, as it Would be labeled as 
healthy using other knoWn classi?cation techniques. 
[0048] In this example, a value of D*:1 .5 (the height of the 
shoWn dashed line) can be used on the RMA-normalized data. 
When using this averaged value of H as a ?gure of merit to be 
minimized over the choices of gene sets, there is not much 
sensitivity on the choice of D* in terms of the relative com 
parison of values of entropy or synergy associated With gene 
sets. For example, comparing the top 100 most synergistic 
pairs for D*:1 .5 to the top 100 pairs for D*:1.25 and D*:1. 
75, there are 83 pairs in common for D*:1.5 and D*:1.25, 
and 76 pairs in common for D*:1.5 and D*:1.75. Further 
more, regardless of the choice of D*, this measure is still 
backWards compatible With the evaluation of the conditional 
entropy in binary expression data, in Which case H is inde 
pendent of D*. 
[0049] To further estimate the sensitivity to the choice of 
the parameter, the result of top 100 gene pairs using different 
D* values can be compared With the result using D*:1.5. The 
results for D':1.0, 1.25, 1.75 and 2.0 are 62%, 83%, 76% and 
54%, respectively. Therefore, there is a reasonably Wide 
range of the values of D* yielding consistent results. The 
biological meaning of the parameter can be the threshold of 
biological signi?cance, so that each cluster is interpreted as a 
biological event. 
[0050] The foregoing merely illustrates the principles of 
the disclosed subject matter. Various modi?cations and alter 
ations to the described embodiments Will be apparent to those 
skilled in the art in vieW of the teachings herein. For example, 
synergy evaluation can be based on estimating the mutual 
information betWeen tWo continuous variables as a Whole as 
Well as in the presence and absence of disease separately. 
Furthermore, When the size of the set of sought biomarkers is 
large, one can ?rst evaluate the pair or triplet of biomarkers 
that minimizes the conditional entropy, serving as a sub 
module of factors, and then identify the remaining, comple 
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mentary sub-module of factors so that the synergy of the tWo 
sub-modules With respect to the outcome is maximized, as 
described herein, in Which case approximate synergy evalu 
ation can also be conducted using recursive feature elimina 
tion. 
[0051] It Will thus be appreciated that those skilled in the art 
Will be able to devise numerous techniques Which, although 
not explicitly described herein, embody the principles of the 
disclosed subject matter and are thus Within the spirit and 
scope of the disclosed subject matter. 

1. A method for selecting factors from a data set of con 
tinuous measurements, the continuous measurements includ 
ing values of the factors and outcomes, comprising: 

identifying tWo or more factors that are jointly associated 
With one or more outcomes from the data set; and 

analyZing each of the tWo or more factors to determine at 
least one cooperative interaction among the factors With 
respect to an outcome. 

2. The method of claim 1, Wherein the tWo or more factors 
comprise a module of factors. 

3. The method of claim 1, Wherein the tWo or more factors 
comprise a sub-module of factors. 

4. The method of claim 1, Wherein the at least one interac 
tion comprises a structure of interactions. 

5. The method of claim 1, Wherein the tWo or more factors 
comprise tWo or more genes, the data includes continuous 
gene expression data comprising expression levels for each of 
the tWo or more genes, and the one or more outcomes include 

presence or absence of a disease. 
6. The method of claim 5, Wherein the tWo or more genes 

comprise a module of genes. 
7. The method of claim 6, Wherein the module of genes 

comprise a smallest cooperative module of genes With joint 
expression levels that can be used for a prediction of the 
presence of a disease. 

8-16. (canceled) 
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17. A system for selecting factors from a data set of con 
tinuous measurements, each measurement comprising values 
of the factors and outcomes, comprising: 

at least one processor, and 

a computer readable medium coupled to the at least one 
processor, having stored thereon instructions Which 
When executed cause the at least one processor to: 

identify tWo or more factors that are jointly associated 
With one or more outcomes or factors from the data; 

and 

determine at least one cooperative interaction among the 
tWo or more factors With respect to the outcome or the 

factor. 

18. The system of claim 17, Wherein the tWo or more 
factors comprise a module of factors, treated as a single 
factor. 

19. The system of claim 18, Wherein the tWo or more 
factors comprise a module of factors With tWo or more genes, 
the data comprises continuous gene expression data compris 
ing expression levels for each of the tWo or more genes, and 
the one or more outcomes comprise the presence or absence 
of a disease or trait. 

20. The system of claim 19, Wherein the tWo or more genes 
comprise a module of genes. 

21. The system of claim 20, Wherein the module of genes 
comprises at least one sub-module of genes to be treated as 
one factor. 

22. The system of claim 20, Wherein the module of genes 
comprises a smallest module of genes that can be used for a 
prediction of the presence of disease With high accuracy. 

* * * * * 


