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a b s t r a c t

Motivation: Commonly used gene enrichment analysis methods, such as Hypergeometric distribution,
play an important role in the functional analysis of interesting gene lists. But the statistical significance
obtained by these methods only represents the probability of error that is involved in accepting enrich-
ment, and is not suitable to evaluate the degree of enrichment. Although there have been some methods
to measure the enrichment degrees, such as relative enrichment factor, new methods are still needed to
meet the requirements for comparing the degree of enrichment.

Results: We developed a novel method, Enrichment Disequilibrium (ED), to measure the degree of
enrichment. Enrichment equilibrium means that the interesting gene set and the known functional gene
set (such as a KEGG pathway) are independent (i.e. random association). ED is defined as the degree of
non-independence. Compared with the relative enrichment factor, ED has a clearer biological meaning,
is a standardized indicator, and has a symmetrical interval (range from �1 to +1). It is more suitable
to measure the enrichment degree. For an interesting gene set, researchers can obtain some significant
functional gene sets by traditional enrichment test. Then using ED, they can compare the degree of
enrichment among these significant gene sets, and prioritize them.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

High-throughput technologies (such as DNA microarrays,
proteomics, ChIP-on-CHIPs, etc.) usually produce large amounts
of ‘interesting’ gene lists as their final results. However, under-
standing the biological meaning of the output gene lists is still a
challenge [1]. The being developed genome annotation databases
(such as KEGG pathway database [2–5] and GO database [6–9])
and a number of high-throughput enrichment analysis methods
(such as Hypergeometric distribution, Chi-square, Binomial proba-
bility and Fisher’s exact test [10,11]) made it possible for us to
understand the biological meaning of the ‘interesting’ gene set
from system or functional level.

In the process of enrichment analysis, the statistical significance
(p-value) obtained by enrichment test methods (such as Hypergeo-
metric distribution) was used to identify whether there is an asso-
ciation between a functional pathway (or a GO category) and the
‘interesting’ gene set. In some studies, the p-value was also used
to represent the degree of enrichment and prioritize significant
pathways or GO categories [12]. But the p-value is not suitable to
evaluate the degree of enrichment. For example, there are 300
ll rights reserved.

Y. Jiang), zhangruijie2009@
genes in an ‘interesting’ gene list and 10,000 genes in the back-
ground distribution. Consider two known functional gene sets,
such as two specific GO categories: G1, containing 50 genes, 10
of which were ‘interesting’ genes, and G2, containing 500 genes,
50 of which were ‘interesting’ genes. The two p-values, calculated
using the Hypergeometric distribution, were p1 = 1.942e-7 for G1
and p2 = 4.730e-12 for G2. Though p2 < p1, it does not mean that
the ‘interesting’ genes had a higher degree of enrichment in G2
than G1. In general, the p-value only represents the probability
of error that is involved in accepting enrichment. When we calcu-
lated the percentage of the ‘interesting’ genes in the two gene set
G1 and G2 (enrichment percentage, EP), we could see that
EP1 = 20% (=10/50) > EP2 = 10% (=50/500). This indicates that G1
has a higher proportion of ‘interesting’ genes than G2. Though Zee-
berg et al. also developed a ‘relative enrichment factor’ Re = (ng/nG)/
(nK/nN) (where ng is the number of ‘interesting’ genes in a known
functional gene set, nG is the total number of genes in the known
functional gene set, nK is the number of ‘interesting’ genes in an
‘interesting’ gene list, and nN is the total number of genes in the
background distribution) [13,14], to try to measure the degree of
enrichment, it is a simple improvement of EP. New methods are
still needed to meet the requirements for comparing the degree
of enrichment.

In this study, we developed a novel method to measure the
degree of enrichment in gene enrichment analysis. Our method
mainly uses the principle of independence (P(AB) = P(A)P(B)) in
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statistics. This principle has been successfully used to define the
degree of linkage disequilibrium (LD) between the two Single
Nucleotide Polymorphisms (SNPs). Consider two SNP (SNP-A and
SNP-B), each having two alleles (A1, A2, B1, and B2). LD coefficient
is defined as D = p(A1B1) � P(A1)P(B1), and it was usually used to
measure the degree of non-random association of alleles at the
two loci [15]. In this study, we will extend the application of the
principle of independence, and use it to describe the relationship
between the interesting gene set and the known functional gene
set.
2. Methods

2.1. Enrichment Equilibrium

Suppose that there were nN genes in a background data set N,
and total nK genes in an ‘interesting’ gene set K (such as a list of dif-
ferentially expressed genes between two groups of samples). Con-
sider a known functional gene set G (such as a specific GO term),
containing nG genes, ng of which were in the ‘interesting’ gene list.
If there is no association between the ‘interesting’ gene set K and
the functional gene set G, we usually think that the two sets are
independent of each other. Based on the principle of independence,
we will get the following expression: P(KG) = P(K)P(G) (Fig. 1A).
Then, if K and G satisfy the following conditions:

PðKGÞ ¼ PðKÞPðGÞ

We call that the ‘interesting’ gene set K is Enrichment Equilib-
rium in the known functional gene set G.
2.2. Enrichment Disequilibrium

Enrichment Disequilibrium (ED) can be described as the non-
random association between the ‘interesting’ gene set K and the
known functional gene set G. As we described in the above section,
if there is no association between K and G, we will get
P(KG) = P(K)P(G). Then, if there is non-random association between
Fig. 1. The relationships between the ‘interesting’ gene set K and the functional
gene set G. (A) K and G are independent. (B) The number of ‘interesting’ gene
annotated in G is more than random. (C) The number of ‘interesting’ gene annotated
in G is less than random. (D) K and G are incompatible. (E) K is a subset of G. (F) G is a
subset of K.
K and G, we will get P(KG) – P(K)P(G). Therefore, we define the
Enrichment Disequilibrium coefficient ed as follow:

ed ¼ pðKGÞ � pðKÞpðGÞ

ed can be used to described the degree of non-random associa-
tion between the ‘interesting’ gene set K and the known functional
gene set G. ed > 0 means that the number of ‘interesting’ genes
annotated in functional gene set G is more than random (overrep-
resentation, Fig. 1B), and ed < 0 means that the number of ‘interest-
ing’ genes annotated in functional gene set G is less than random
(underrepresentation, Fig. 1C).

2.3. Some special ed values

In this section, we will discuss some special relationships be-
tween the ‘interesting’ gene set K and the functional gene set G.
There were four special relationships between K and G: K and G
are independent, K and G are incompatible, K � G and K � G. We
will get four different ed values:

(1) If K and G are independent (Fig. 1A), then ed = p(KG) –
p(K)p(G) = 0.

(2) If K and G are incompatible (Fig. 1D), then ed = p(KG) –
p(K)p(G) = – p(K)p(G).

(3) If K � G (Fig. 1E), then ed ¼ pðKÞ � pðKÞpðGÞ ¼ pðKÞ
ð1� pðGÞÞ ¼ pðKÞpð�GÞ.

(4) If K � G (Fig. 1F), then ed ¼ pðGÞ � pðKÞpðGÞ ¼ pðGÞ
ð1� pðKÞÞ ¼ pð�KÞpðGÞ

2.4. Standardization of ed

We have measured the degree of enrichment using ed, but ed is a
value has not been standardized. In some cases, ed is not suitable for
comparing the degree of enrichment between two functional sets
(such as two KEGG pathways). For example, in Fig. 1E and F, both
k � G and K � G represent the strongest associations between the
‘interesting’ gene set K and the functional gene set G. But we can ob-
serve different ed values in the above section: for K � G (Fig. 1E),
ed ¼ pðKÞpð�GÞ, however, for K � G (Fig. 1F), ed ¼ pð�KÞpðGÞ. To solve
this problem, and convenient to compare the degree of enrichment
between two functional sets, we standardize the ed as follows:

ED ¼ ed
edmax

where

edmax ¼
pðKÞpð�GÞ if PðKGÞ > pðKÞpðGÞ and nG > nk

pð�KÞpðGÞ if PðKGÞ > pðKÞpðGÞ and nG < nk

pðKÞpðGÞ if PðKGÞ < pðKÞpðGÞ

8><
>:

ED range from �1 to +1. Table 1 shows the relationships be-
tween the ‘interesting’ gene set K and the functional gene set G un-
der different ED intervals.

2.5. How to use ED

As a useful method, ED can be used in assessing the degree of
enrichment after traditional enrichment analysis test. Using tradi-
tional enrichment analysis methods, such as Hypergeometric dis-
tribution and Fisher’s exact test, researchers can obtain some
significant functional gene sets (such as some pathways or GO
terms). Then using the ED, they can measure the enrichment de-
gree of these significant functional sets.

In addition, when researchers calculate the ED, they can use the
following formula to estimate the probability: P̂ðNÞ ¼ 1; P̂ðKÞ ¼
nk=nN; P̂ðGÞ ¼ nG=nN and P̂ðKGÞ ¼ ng=nN .



Table 1
The relationships between K and G under different ED intervals.

ED Relationship between K and G

ED = 1 K � G or K � G, in the two cases, the ‘interesting’ gene set K and the known functional gene set G have the strongest association.
0 < ED < 1 The number of ‘interesting’ genes annotated in functional gene set G is more than random. A larger ED indicates a higher degree of enrichment

(overrepresentation).
ED = 0 The ‘interesting’ gene set K and the known functional gene set G are independent.
�1 < ED < 0 The number of ‘interesting’ genes annotated in functional gene set G is less than random. A smaller ED indicates a higher degree of depletion

(underrepresentation).
ED = �1 The ‘interesting’ gene set K and the known functional gene set G are incompatible.

Y. Jiang et al. / Biochemical and Biophysical Research Communications 424 (2012) 563–567 565
3. Results

3.1. An example of using ED

In this study, we use the differential expression results from
Chin et al. study [16]. They analyzed the gene expression differ-
ences between human induced pluripotent stem cells (hiPSCs)
and human embryonic stem cells (hESCs). By using a Student’s
t-test (p-value < 0.05) and minimum 1.5 fold expression difference
between hESC and early passage hiPSC, they detected 3,947 differ-
ential expression genes. Among these genes, 3640 genes has Entrez
gene ID in NCBI build 37.2.

There are total 5900 genes (nN = 5900) in human KEGG path-
ways. These genes can be considered as a background data set N.
Among 3640 differential expression genes, 1132 genes (nK = 1132)
can be annotated to KEGG database. These genes can be considered
as an ‘interesting’ gene set K. There are total 220 human pathways
containing at least 10 genes in KEGG database. Each pathway can be
considered as a functional gene set G. Next, we will use Hypergeo-
metric distribution to find some ‘interesting’ KEGG pathways, and
use the Enrichment Disequilibrium coefficient ED to prioritize these
pathways.

The results (Table 2) showed that there were 16 significant
pathways which had p < 0.01 (Hypergeometric test), and the DNA
replication pathway (hsa03030) has the highest ED (ED = 0.484).
This indicated that the DNA replication pathway has the strongest
association with expression differences. But the DNA replication
pathway (p = 3.35E-08) did not have the lowest p-value. The path-
way with the lowest p-value is RNA transport (hsa03013), but the
ED is 0.272 (<0.484).

In this example, we not only find some ‘‘interesting’’ pathways
by traditional enrichment analysis test, but also measure the
degree of enrichment by Enrichment Disequilibrium coefficient
ED.
Table 2
The enrichment analysis results of differential expression genes. 16 significant pathways

Pathway ID Pathway name nN nK

hsa03030 DNA replication 5900 1132
hsa03410 Base excision repair 5900 1132
hsa03008 Ribosome biogenesis in eukaryotes 5900 1132
hsa03013 RNA transport 5900 1132
hsa04110 Cell cycle 5900 1132
hsa03018 RNA degradation 5900 1132
hsa03430 Mismatch repair 5900 1132
hsa03420 Nucleotide excision repair 5900 1132
hsa05217 Basal cell carcinoma 5900 1132
hsa04115 p53 signaling pathway 5900 1132
hsa03022 Basal transcription factors 5900 1132
hsa03015 mRNA surveillance pathway 5900 1132
hsa04120 Ubiquitin mediated proteolysis 5900 1132
hsa00240 Pyrimidine metabolism 5900 1132
hsa00230 Purine metabolism 5900 1132
hsa03040 Spliceosome 5900 1132
3.2. Comparison between relative enrichment factor Re and
Hypergeometric test p-value

In this section, we will compare the correlation between enrich-
ment analysis test p-value and traditional indicators that measure
the degree of enrichment. Here, Hypergeometric test will be used to
represent the enrichment analysis test method. EP and Re will be used
to represent the traditional indicators that measure the degree of
enrichment. We calculated the EP and Re for all above 220 human
KEGG pathways. The Pearson’s correlation coefficient between EP
and Re is greater than 0.99, and then we only use Re as a traditional indi-
cator to compare the correlation with Hypergeometric test p-value.

Fig. 2A shows a scatter plot of Re against p-value. From Fig. 2A,
we can see that with the p-value decreases, Re tends to increase.
This indicates that some correlation does exist for Re and p-value.
We calculated the Pearson’s correlation coefficient between Re

and p-value. The correlation coefficient is �0.890. Though there
is a high degree of negative correlation between Re and p-value,
we still found different degree of correlation in different range of
p-value. For example, when p is less than 0.1 or more than 0.9
(p = 0.9 corresponds to the left tail probability of 0.1), Re and p-va-
lue show a lower correlation. The Pearson’s correlation coefficients
are �0.613 for p < 0.1 and �0.482 for p > 0.9. In addition, 0.05 and
0.01 are often used as significance level. For pathways which have
p < 0.05 and 0.01, we also calculated the Pearson’s correlation coef-
ficients between Re and p-value. The two correlation coefficients
are �0.549 for p < 0.05 and �0.533 for p < 0.01. This indicates that
when p-value less than a certain threshold (e.g. p < 0.01), it is not
suitable to be used to measure the degree of enrichment.

3.3. Comparison between ED and Hypergeometric test p-value

To compare the correlation between ED and Hypergeometric
test p-value, we also drew a scatter plot of ED against p-value
were ranked by ED.

nG ng Hypergeometric test p-vaule ED

36 21 3.35E-08 0.48441
34 15 0.000203 0.3085
84 37 3.85E-08 0.30764
153 63 5.93E-11 0.27211
128 52 3.95E-09 0.26528
71 28 1.87E-05 0.25058
23 9 0.006509 0.24679
48 17 0.00228 0.20084
55 18 0.005074 0.16756
69 22 0.003626 0.15712
54 17 0.009511 0.15214
84 26 0.003059 0.14559
139 41 0.001055 0.12758
100 29 0.005836 0.12143
163 46 0.001651 0.11179
128 36 0.004714 0.11061



Fig. 2. Scatter plots of enrichment analysis test p-value against indicators that measure the degree of enrichment. (A) A scatter plot of Re against p-value. (B) A scatter plot of
ED against p-value. We can see that when p-value <0.05 (commonly used threshold), p-value shows a low correlation with Re or ED.
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(Fig. 2B). From Fig. 2B, we also observed a high degree of negative
correlation between ED and p-value. The Pearson’s correlation
coefficient is �0.895. However, we also notice that when p is less
than 0.1 or more than 0.9, ED and p-value show a lower correlation.
This is consistent with the results described in the above section.
Combining the results in this section and the above section, we
found that when p-value < 0.1, 0.05 or 0.01 (commonly used
threshold), p-value shows a low correlation not only with the tra-
ditional Re , but also with our novel method ED. This implies that
the p-value only represents the probability of error, and not suit-
able to represent the degree of enrichment.
3.4. Comparison between ED and Re

In this section, we will describe the correlation and differences
between traditional Re and our novel method ED. Fig. 3 shows a
scatter plot of Re against ED. From Fig. 3, we can observed a high
degree of positive correlation between Re and ED. The Pearson’s
correlation coefficient is 0.921. This implies that Re and ED have
some similar properties, and can solve the same types of problems
(measure the degree of enrichment). Although both Re and ED can
measure the degree of enrichment, they differ in some aspects:
Fig. 3. Scatter plots of Re against ED.
(1) ED reflects the degree of non-random association between
the ‘interesting’ gene set and the known functional gene
set, while Re describes the ratio between percentage of
‘interesting’ genes in known functional gene set and in back-
ground gene set. Therefore, ED has a more specific biological
meaning.

(2) ED is the standardized value of ed, and will fall within a cer-
tain range [�1,1]. The interval is symmetrical about 0. There
were three special reference values: ED = 1 (upper bound)
represents the strongest association between the ‘interest-
ing’ gene set and the known functional gene set; ED = 0 rep-
resents the two sets are independent; ED = �1 (lower
bound) represents the two sets are incompatible. For a given
ED, we could know how far it is from the strongest degree of
enrichment (ED = 1). However, for Re, it is a value has not
been standardized, and has no fixed upper bound (Re range
from 0 to +1). The interval of Re is non-symmetrical. There-
fore, for a specific ‘interesting’ gene set and a known func-
tional gene set, ED can help us better understand the
degree of enrichment by comparing with the upper and
lower bound.

(3) As we described in the Method, both K � G and K � G (Fig. 1E
and F) represent the strongest associations between the
‘interesting’ gene set and the functional gene set, and they
should have the same degree of enrichment. In the two
cases, ED has the same value +1, and could represent the
same degree of enrichment. But Re has different values:
for K � G (i.e.ng = nK, Fig. 1E), Re = (ng/nG)(nK/nN) = nG/nN,
however, for K � G(i.e. ng = nG, Fig. 1F), Re = (ng/nG)(nK/nN) =
nK/nN. Therefore, ED is more suitable to describe the relation-
ship between the ‘interesting’ gene set and the functional
gene set.

4. Discussion

Enrichment analysis is important in understanding the biologi-
cal interpretation of ‘interesting’ gene set (derived from the results
of high-throughput data analysis). In the enrichment analysis pro-
cess, both enrichment test and enrichment degree should be con-
sidered. They were different types of methods. Enrichment test
was used to identify whether there is an association between a
functional gene set and the ‘interesting’ gene set, while enrichment
degree was used to measure the extent of the overlap. In this study,
we also illustrate that when enrichment test p-value less than a
certain threshold, enrichment test p-value and enrichment degree
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indicator (ED or Re) have a lower correlation. However, some
researchers usually pay no attention to the difference between
enrichment test and enrichment degree, and only use p-value to
measure the degree of enrichment and prioritize significant func-
tional gene sets. We must emphasize that the p-value only repre-
sents the probability of error, and is not suitable to measure the
degree of enrichment. A complete enrichment analysis should in-
clude two steps: (1) the first step is to identify which functional
gene sets are significantly associated with the ‘interesting’ gene
set by using enrichment test method, (2) the second step is to mea-
sure the degree of enrichment and prioritize significant functional
gene sets by using enrichment degree indicator.

In this study, we focus on the second step. We have developed a
novel method ED to measure the degree of enrichment. The princi-
ple of independence (P(AB) = P(A)P(B)) was used to describe random
association between a functional gene set and the ‘interesting’ gene
set (i.e. Enrichment Equilibrium). The degree of non-independence
could reflect the strength of the association between the two sets.
Therefore, the ED has a clear biological meaning, and is suitable to
describe the relationship between the ‘interesting’ gene set and a
functional gene set. As a standardized value, ED convenient to com-
pare the enrichment degree between different functional sets, and
can help to prioritize these functional sets. In addition, the symmet-
rical interval of ED (rang [�1, +1]) and three special reference values
(ED = �1, 0, +1) can help us better understand the relationship be-
tween the ‘interesting’ gene set and a functional gene set.

At last, we hope that ED can be widely used to measure the
enrichment degree of after enrichment test (such as Hypergeomet-
ric test).
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