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Accurate and rapid identification of perturbed pathways through
the analysis of genome-wide expression profiles facilitates the
generation of biological hypotheses. We propose a statistical
framework for determining whether a specified group of genes for
a pathway has a coordinated association with a phenotype of
interest. Several issues on proper hypothesis-testing procedures
are clarified. In particular, it is shown that the differences in the
correlation structure of each set of genes can lead to a biased
comparison among gene sets unless a normalization procedure is
applied. We propose statistical tests for two important but differ-
ent aspects of association for each group of genes. This approach
has more statistical power than currently available methods and
can result in the discovery of statistically significant pathways that
are not detected by other methods. This method is applied to data
sets involving diabetes, inflammatory myopathies, and Alzhei-
mer's disease, using gene sets we compiled from various public
databases. In the case of inflammatory myopathies, we have
correctly identified the known cytotoxic T lymphocyte-mediated
autoimmunity in inclusion body myositis. Furthermore, we pre-
dicted the presence of dendritic cells in inclusion body myositis and
of an IFN-a/B response in dermatomyositis, neither of which was
previously described. These predictions have been subsequently
corroborated by immunohistochemistry.

microarrays | gene ontology | normalization | correlated data |
inflammatory myopathies

Extracting clear and coherent hypotheses from genome-wide
expression data remains an important challenge. Much of the
initial work has focused on the development of techniques for
accurate identification of differentially expressed genes and their
statistical significance in a variety of experimental designs (1).
However, the main difficulty in analysis lies not in the identification
of differentially expressed genes but in their interpretation. At-
tempting to understand individual genes on a list of significant
genes is demanding and laborious. Also, a comparison of gene lists
from random subsets of a data set in simulation studies clearly
shows that the gene list based on a small number of samples can be
highly variable and that studying each gene separately may be
ineffective in many cases (2, 3). The problem is compounded when
the pathway of interest involves moderate effects that are not
captured by the genes near the top of the list. Therefore, recent
efforts have focused on the discovery of biological pathways rather
than individual gene function, with the development of methods
that are robust to the inaccuracies of specific gene estimates and
provide a more expansive view of the underlying processes.

In the most common approach, genes are first ordered
according to their evidence for differential expression, by one
of many statistical methods available. Then, a short list of
specified length containing the top genes is examined against
each of the predefined sets of genes representing different
pathways, to determine whether any set is overrepresented in
the short list compared with the whole list. Suppose there are
By differentially expressed genes from the total of B genes, and
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mg genes of the pathway that involves m genes are among the
differentially expressed genes. To examine the evidence of
association in this case, Fisher’s exact test based on the
hypergeometric distribution or its large-sample approximation
x> test is typically used. Given its simplicity, numerous soft-
ware and web sites provide this capability, most often by using
Gene Ontology as the source of gene sets. Examples include
GENMAPP (4), CHIPINFO (5), GOMINER (6), ONTO-TOOLS (7), and
FUNCASSOCIATE (8).

This approach is reasonable but has at least three shortcomings,
some of which are pointed out in ref. 9. First, only the most
significant portion of the gene list is used to compute the statistic,
treating the less-relevant genes as irrelevant. Second, the order of
genes on the significant gene list is not taken into consideration.
Simply counting the number of gene set members contained in the
short list leads to loss of information, especially if the list is long and
the difference between the more significant and the less significant
is substantial. Third, the correlation structure of gene sets is not
considered at all. This last issue is perhaps not as conspicuous as the
first two, but it is an important aspect to consider in assessing
statistical significance. We discuss this issue extensively in the
present work.

An alternative and more successful technique should consider
the distribution of pathway genes in the entire list of genes (9-12)
as well as adjust for the correlation structure. In the innovative
Gene Set Enrichment Analysis (GSEA) method (13), the following
steps are applied: () all genes are ranked by using a signal-to-noise
ratio; (if) for each gene set, the distribution of gene ranks from the
gene set is compared against the distribution for the rest of the
genes by using the enrichment score (ES) based on a one-sided
Kolmogorov—Smirnov statistic; (iii) class labels are permuted to
generate a null distribution of ES; and (iv) statistical significance of
the observed score is assessed for the top-ranking gene set by
comparison with the null distribution of maximum scores from each
permutation. By considering the distribution of the gene ranks
belonging to each gene set over the entire list, this method is a clear
improvement over previous ones. However, the effect of the
gene-set size and the influence of other gene sets not under
consideration can be counterintuitive in some instances (14). Its
normalization and permutation procedures also may lead to inac-
curate assessment of statistical significance.

A successful approach for finding significant pathways depends
on two components: (7) an accurate and powerful statistical method
to discover significant patterns for a group of genes and (ii) a
comprehensive and well-characterized pathway information
mapped to microarray probes. In this work, we introduce a previ-

Freely available online through the PNAS open access option.

Abbreviations: GSEA, Gene Set Enrichment Analysis; ES, enrichment score; NES, normalized
ES; IBM, inclusion body myositis; AD, Alzheimer’s disease; MMSE, Mini Mental Status
Examination.

#To whom correspondence should be addressed. E-mail: peter_park@harvard.edu.

© 2005 by The National Academy of Sciences of the USA

www.pnas.org/cgi/doi/10.1073/pnas.0506577102



Column permutations {(}

|/

samiples i Q1: do the genes in a gene
B '&L o ¢ set have the same pattern
3 ol ' of association as the rest?
g -, 1
S/ mi %" —_ Q2: does the gene set
‘lé g L T L contain genes correlated
8 1. L' B * q with the phenotype?
3 -y .
= - " [ ]
..
- A We properly account for the
| 5 1 S— correlation structure within
phenctyps and between gene sets
Statistically
Significant
pathways
oA E . Sorted by
5 e g-values from
: m % | Q1 and Q2
Fig. 1. Outline of the methodology. An extensive collection of pathway

information is assembled from various databases; a statistical test is applied to
find relationships between the expression levels and the phenotype, and then
two different testing procedures are used to find statistically significant
pathways. Proper adjustments for correlation structure and multiple testing
are critical.

ously undescribed statistical framework (Fig. 1). We present two
related hypotheses that test for complementary aspects of the gene
sets and develop a testing procedure for each case. In particular, we
point out that a normalization step is necessary to account for the
different correlation structure of gene sets before they can be
compared. The proposed approach includes a correct estimate of
the statistical significance for each group of genes in addition to
correct rank order, with proper adjustment for multiple testing
based on g values (15). The advantages of the method are demon-
strated on data sets from studies on diabetes, inflammatory my-
opathies, and Alzheimer’s disease (AD). The examples are carried
out by using >600 gene sets we have collected from pathway
databases (Biocarta, KEGG, and BioCyc) and pathway-specific
microarray annotations (wWww.superarray.com), as well as >5,000
gene sets from Gene Ontology.

Methods

Hypothesis Testing Framework. The overall objective of the analysis
is to test whether a group of genes has a coordinated association
with a phenotype of interest. In terms of formal statistical language,
there are two ways to formulate the null hypothesis.

1. Hypothesis Q;: The genes in a gene set show the same pattern
of associations with the phenotype compared with the rest of
the genes.

2. Hypothesis Q»: The gene set does not contain any genes
whose expression levels are associated with the phenotype of
interest.
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Q1 and Q; are related but not equivalent. When there is a significant
proportion of genes associated with the phenotype of interest, a
gene set would contain genes with association, even if the gene set
is purely a random subset from the entire gene list. A less obvious
but important fact, however, is that even if all the genes of the entire
list are not associated with the phenotype of interest, the observed
association of genes within a gene set could have a different
distribution compared with that of the genes outside the gene set
because of the special correlation structure among the genes in a
given gene set.

We give a simple example to illustrate this second point. Assume
that we only have three genes whose expression levels are inde-
pendent with the phenotype of interest. Suppose the expression
levels of the first two genes are positively correlated with a
high-correlation coefficient, e.g., 0.95, and the expression level of
the third gene is independent with that of the first two genes.
Moreover, we assume that the test statistics, e.g., ¢ statistics, for
testing association between three genes and the phenotype, #;, i =
1,2, 3, have the same marginal distribution. Letr;,i = 1, 2, 3 be the
ranks of #;, i = 1, 2, 3. If we consider a gene set that consists of the
first two genes, then the ranks of the genes in this gene set {r, 72}
can take six possible combinations: {1, 2}, {2, 1}, {1, 3}, {3, 1}, {2,
3}, and {3, 2}. However, because #; and #, are highly correlated, we
would expect that r; and r, are more likely to be close to each other
than otherwise. Therefore, the probability of observing {ry, r2} =
{1, 3} would be smaller than that of {ry, 72} = {1, 2}, which suggests
that {1, £} is not a random sample from {t, t, #3}.

An essential difference between Q; and O is that Oy compares
the association strength for genes in a gene set with the association
strength for genes outside the gene set, whereas Q- only focuses on
the associations of genes within the gene set. The disadvantage of
Q1 is that a gene set without any gene associated with the phenotype
may be identified as demonstrating a special pattern of the asso-
ciations, and the identified gene set list is often much longer than
that according to Q5. The results from Q;, therefore, should be
interpreted with the awareness that some gene sets are statistically
significant because of correlation structure among expression pro-
files of its member genes. As a ranking criterion, Q; also has its own
limitation: When there is a significant proportion of genes associ-
ated with the phenotype of interest, large gene sets corresponding
to irrelevant pathways could contain many genes associated with
the phenotype by chance and be ranked highly according to Q.

Mathematical descriptions of the hypothesis-testing procedures
are presented in Appendix. Here, we describe the ideas briefly. The
two statistics we introduce for Q; and Q, are Ty and Ey, respectively,
for the kth gene set. Large magnitude indicates high significance,
and the sign indicates the direction of change in expression. To
obtain 7%, a measure of association ¢ is first computed between each
gene i and the phenotype of interest. Then, for the kth set, these
association measures of genes in that set are summed. To get
statistical significance of the statistic, it is compared against the
distribution under the null hypothesis, obtained by permuting the
association measures. For Ey, the procedure is similar, but the null
distribution is generated by permuting the phenotypes across
samples. If the data are represented by a matrix where the rows are
genes and columns are samples, the permutations of the null
distributions of Ty and Ej correspond to permuting rows and
columns, respectively. Because ¢ values are correlated, a special
weighting function may also be used in the summation. The details
are discussed in Appendix.

The original GSEA procedure generates the null distribution of
the ES by permuting the phenotype (group labels) with O, as the
implicit null hypothesis, although the claimed null hypothesis is that
the differences between two states of genes in the gene set are
randomly distributed in the list of all differences. As discussed
before, Q1 and Q, answer related but different questions. The fact
that it generates the null distribution of the test statistic under
hypothesis O, while using the Kolmogorov-Smirnov statistic to test
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hypothesis O, results in loss of power. Furthermore, to test Oy, it
seems counterintuitive to use the expression levels of genes outside
the gene set as done in GSEA. All of the genes of interest are within
the gene set, and the test result should not be influenced by genes
outside the set.

Normalization for Comparing Gene Set Scores. After the test statistics
Ty and Ej are computed for testing hypotheses QO and O, respec-
tively, we rank the K gene sets in order of their significance and
control for the inflated Type I error due to multiple comparisons
of gene sets. It is tempting to use a permutation-type procedure as
in Significance Analysis of Microarrays (16), where a regularized ¢
statistic is computed for each gene, and its significance is deter-
mined by how each observed order statistic compares with the
mean of the same order statistic in permuted samples. The diffi-
culty, however, is that unlike in the Significance Analysis of
Microarrays procedure for regular microarray data, the null distri-
butions of the test statistics (7% or Ex) for different gene sets are not
the same. It is therefore unfair to rank the gene sets simply by the
observed raw test statistics. For example, when we test hypothesis
Q1, the null distribution of Tj, ..., Tk could be very different
because of different gene set sizes and correlation structure. This
effect is a subtle but critical issue.

This phenomenon is observed, for example, in the application of
GSEA to a diabetes data set (13). Focusing on the difference
between the 17 normal glucose tolerance and 18 Type 2 diabetes
mellitus subjects, we repeated the analysis with the same prepro-
cessing steps and the same gene sets. When we simulated the null
distribution of raw ES for each gene set by permuting the group
labels with 1,000 permutations, we indeed found that the null
distributions are markedly different, with their standard deviations
(SDs) ranging from 25 to 110. This result implies that the same ES
for different gene sets could suggest evidence of different strengths
for association of interest and that the raw ES across different gene
sets should not be compared directly. The marked difference in
distributions is due to the complex correlation structure of genes
within different gene sets. The highest ranked gene set representing
oxidative phosphorylation, for example, contains genes that are
tightly regulated and hence highly correlated. When we plot the SDs
of the approximated null distribution for ES vs. the observed ES
(Fig. 2), we see a clear positive correlation. In fact, the three highest
gene sets by ES are the same three with the largest variance in the
null distribution.

To remedy this problem, we suggest a simple standardization that
results in normalized statistics NT; and NE,, which have the same
null distributions for all gene sets. We then can rank the gene sets
by NTy, and a resampling procedure similar to the one in Signifi-
cance Analysis of Microarrays can be carried out to approximate
the joint null distribution of ordered {NT7, . .., NTx}. See Appendix
for a mathematical description.

Results

Example I: Reanalysis of Diabetes Data. We carry out a more
comprehensive analysis of the data set described above to illustrate
the properties of the method, especially in relation to GSEA. To be
sure that the differences observed are only due to the main feature
of the algorithm, we make a couple of adjustments. First, the
original GSEA was a one-sided approach to identify gene sets
containing down-regulated genes in Type 2 diabetes mellitus sub-
jects, but we implement a two-sided test. Second, we use the ¢
statistic as the difference metric for individual genes.

For the measure of significance, we estimated the g value from
the permutation procedure for each gene set, resulting in the
identification of eight gene sets significant at the 0.05 level. As
discussed in Appendix, the g value is the counterpart of the p value
in the multiple testing scenario. Some of the test statistics and their
corresponding ranks for 26 gene sets, including the five top-ranked
gene sets for each procedure, are listed in Table 1. One statistic
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Fig.2. Ascatterplotofthe SDs of null distributions for the ES vs. the observed
ES for the diabetes data. Each point represents a gene set. The Pearson
correlation coefficient is 0.55. Without proper normalization among different
gene sets, a high score may be due to its wide null distribution, which depends
on the size and correlation structure of the gene set.

shown is the normalized ES (NES), applying the normalization step
described above to ES. Interestingly, the oxidative phosphorylation
gene set is still ranked first, but the rest of the rankings for ES and
NES are substantially different, confirming the necessity of stan-
dardization. Overall, even when the various test statistics produced
similar rankings, only some of them yielded statistically significant
findings. In particular, we find that none of the NES based g values
are <0.1. This loss in power is not surprising: In GSEA we tested
the hypothesis Q,, from which we generated the null distribution,
by using the Kolmogorov—Smirnov test, which is designed to test Oy
and hence is less powerful.

The final interpretation requires consideration of both N7 and
NE. As described earlier, the correlation structure in gene sets can
give false positives in NTj; conversely, NEy can be influenced by the
gene set size. Therefore, the gene sets that rank high in both
categories are the best candidates. It appears that all procedures
point to gene set OXPHOS (oxidative phosphorylation), whose
members tend to be expressed relatively higher in normal glucose
tolerance subjects. This finding is consistent with the previous
conclusion (13) and also is supported by another gene set
(MAP00190) and the mitochondria gene sets. Of particular interest
are two gene sets that are significant by N7, and NE criteria (g
value < 0.01), even though their rankings by ES are not as high.
MAP00910 group has 19 genes related to amino acid metabolism
that are up-regulated in Type 2 diabetes mellitus patients, which has
been repeatedly reported (17). ¢22-U133 is more difficult to inter-
pret because it refers to a cluster in ref. 18 consisting of heteroge-
neous set of genes. It contains many mitochondrial genes as well as
those related to protein and carbohydrate metabolism and tran-
scription. Further investigation is needed to identify targets of
interest.

Example 1I: Inflammatory Myopathies. We examined 49 muscle
samples consisting of 23 from patients with inclusion body
myositis (IBM), 13 from patients with dermatomyositis, and 13
from normal subjects (NORM). After a global normalization, we
eliminated those genes whose expression levels were below the
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