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ABSTRACT

The revolution in new sequencing technologies is
greatly leading to new understandings of the rela-
tions between genotype and phenotype. To interpret
and analyze data that are grouped according to a
phenotype of interest, methods based on statistical
enrichment became a standard in biology. However,
these methods synthesize the biological information
by a priori selecting the over-represented terms and
may suffer from focusing on the most studied genes
that represent a limited coverage of annotated genes
within a gene set. Semantic similarity measures have
shown great results within the pairwise gene compar-
ison by making advantage of the underlying structure
of the Gene Ontology. We developed GSAn, a novel
gene set annotation method that uses semantic simi-
larity measures to synthesize a priori Gene Ontology
annotation terms. The originality of our approach is
to identify the best compromise between the number
of retained annotation terms that has to be drastically
reduced and the number of related genes that has to
be as large as possible. Moreover, GSAn offers inter-
active visualization facilities dedicated to the multi-
scale analysis of gene set annotations. Compared to
enrichment analysis tools, GSAn has shown excel-
lent results in terms of maximizing the gene coverage
while minimizing the number of terms.

INTRODUCTION

Over the past decade, the revolution in new sequencing tech-
nologies has strongly supported the production of omics
data to improve our understanding of the relations between
genotype and phenotype. This research field involves ana-
lyzing gene sets to identify their biological function and to
synthesize the key annotation information with the objec-
tive to help biologists in their interpretation. In this frame,
many tools have been developed to support gene set anal-

ysis and visualization of annotations. Most of these tools
are based on statistical enrichment methods that usually in-
volve two stages: (i) an a priori stage that aims to synthesize
the annotation by selecting the over-represented terms, and
(ii) an a posteriori stage to remove the potentially redundant
information by using the Gene Ontology (GO) (1) relations.
Examples of such enrichment-based tools are g:Profiler (2),
clusterProfiler (3) and WebGestalt (4). In g:Profiler, sta-
tistically enriched terms are grouped if they share one or
more common parent terms. Two filters, named moder-
ate and strong, then make use of the hierarchical struc-
ture of the used ontologies. The specific functionality sim-
plify in clusterProfiler provides a score to retain only the
most statistically relevant enriched GO terms (obtained by
the EnrichGO tool) according to semantic similarity mea-
sures. WebGestalt does not propose any step to reduce re-
dundancy within enrichment results, but an annotation file
free from redundancy may be used as input of the analysis.
Other tools like DAVID (5) propose an a posteriori stage
that clusters the annotation terms that may be related to
each other according to the genes they annotate. This stage
does not reduce the number of terms but rather categorizes
terms according to their use. The results are thus given as
lists of related terms and an additional manual expertise is
still required to synthesize the information. Moreover, sig-
nificant limitations of enrichment-based methods have re-
cently been reported (6,7). First, these methods tend to fo-
cus on the most studied genes and provide gene set annota-
tion results that may cover a limited number of annotated
genes (6,7,8). Moreover, visualization facilities often suf-
fer from a lack of capacity to perform multi-scale analyses
which may help users while interpreting their results.

Another solution can take advantage of the ontology
structure where terms are hierarchically structured accord-
ing to the level of detail of information they provide. These
approaches, designated as gene functional similarity, are
based on semantic similarity methods and aim to compare
two genes according to their annotation terms. Literature
has given a variety of tools dedicated to the gene-to-gene
analysis in order to group the genes sharing similar anno-
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tations and includes G-SESAME (9), GFSAT (10), GOGO
(11) and GOSemSim (12), which differ, among other things,
by the strategy they adopt for calculating similarity. These
approaches have the advantage to compute a comparison
score between terms and the extension of such computation
to deal with a gene set (that may contain a large number of
genes) is certainly of great interest to synthesize the gene set
functional information.

Herein, we developed a novel gene set annotation web
server, called Gene Set Annotation (GSAn). The imple-
mented method uses semantic similarity measures that al-
low users to a priori reduce a large number of GO terms
by computing a synthetic annotation for a given gene set.
The originality of this new approach is to identify the
best compromise between the number of retained annota-
tion terms that has to be drastically reduced and the num-
ber of related genes that has to be as large as possible.
Moreover, GSAn provides interactive visualization facili-
ties dedicated to the multi-scale analysis of gene set annota-
tions. The GSAn website is available at: https://gsan.labri.fr,
the source code is licensed under the MIT licence (https:
//github.com/Ayllonbe/gsan/tree/Release 1.0.1) and is also
available from the release repository at: https://zenodo.org/
record/3602010.

MATERIALS AND METHODS

GSAn, dedicated to the gene set annotation, is based on a
method that makes use of the annotations from Gene On-
tology Annotation (GOA) (13) and the hierarchical struc-
ture of GO. The method is composed of four main steps
which are described in the following paragraphs and sum-
marized in Figure 1. The general workflow is based on find-
ings of a previous study which aimed at studying the impact
of using a semantic similarity measure over another one for
annotating a gene set (14). All steps, except for step 2, have
been improved within GSAn (details about the differences
between the GSAn method and the method used in (14) are
provided in Supplementary Figure S1).

Removing inappropriate annotation

The first stage aimed at removing inappropriate annota-
tions, being GO terms that do not provide relevant informa-
tion. An annotation can be inappropriate for two reasons:
redundancy and incompleteness.

Two features can help to identify redundancy: associ-
ated evidence and term relationships. For the first feature,
GOA provides an evidence code for each gene-term associ-
ation that explains how this annotation was acquired. Ad-
ditional information such as NOT, contributes to and colo-
calizes with are specified for qualifying some annotations.
Thus, the annotations that were exclusively associated with
the evidence code ND (no biological data available) or with
the qualifier NOT were removed. As for the second feature,
redundancy corresponds to situations where a gene is an-
notated by two GO terms hierarchically related. In such
case, only the association involving the most specific GO
term was retained. Moreover, considering the regulatory re-
lationships within GO, we assumed that a gene associated
with a term that regulates another term is also involved in

Figure 1. The GSAn method workflow. Steps are represented in dark grey
(orange in the electronic version) rectangles while their input and output
are displayed as gray rectangles.

the regulated term. Thus, all regulation terms have been re-
placed by their regulated terms. For example, the term reg-
ulation of ion transport (GO:0043269) was replaced by ion
transport (GO:0006811).

The notion of incomplete annotation was first reported
by Faria et al. (15) that considered terms with more than
10 descendants as inappropriate (being too general). We
adapted this definition of incomplete annotation for tak-
ing into account the quality of the annotation. To this
end, we considered the information content (IC) defined by
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Mazandu and Mulder (16) as follows:

IC(t) = −log(p(t)) (1)

where the probability p(t) is computed considering the po-
sition of a term t within the hierarchy of a given ontology,
as follows:

p(t) =

⎧⎪⎨
⎪⎩

1 if t is the root.∏
ti ∈Anc(t)

p(ti )
|Desc(ti )| otherwise. (2)

where Anc(t) and Desc(t) correspond to the list of ancestor
and descendant terms of t in the hierarchy, respectively.

We computed the IC distribution of terms from GO and
we retained only GO terms whose IC was higher than the
value of the first quartile.

Clustering of terms according to semantic similarity mea-
sures

Semantic similarity compares GO terms depending on on-
tological or annotation features. A pairwise semantic simi-
larity measure is defined as a function that, given two terms,
returns a value reflecting how close in meaning they are
(17,18). A semantic similarity matrix was thus computed
for each pair of GO terms associated with the gene set.
The semantic similarity measures implemented in GSAn
are: Resnik (19) normalized according to Jain and Bader’s
approach (20), Lin (21), Aggregate Information Content
(AIC) (22), NUnivers (16) and Distance Function (23). For-
mulas of these semantic similarity measures are available in
Supplementary Subsection 2.2. This matrix was then used
to compute groups of terms according to the average link-
age clustering algorithm (that exhibited the highest cophe-
netic correlation compared with other algorithms consid-
ered in (14)). The best number of clusters was determined
using the Average Silhouette Width score (24).

Selecting the most relevant representative terms

We defined a representative term as a term that exhaustively
represents the various information given by the terms of a
cluster. As the number of representative terms may vary ac-
cording to the size of the cluster, two strategies were used
to determine the best number. First, if a single term inside
a cluster annotated more than 70% of genes, it was directly
considered as representative. Second, if such a term did not
exist, the MSRT algorithm described in (14) was applied to
compute an appropriate number of representative terms for
the cluster.

For each cluster of terms, the MSRT algorithm aims to
find the best compromise between a few number of terms
(that has to be small) and a highly specific biological mean-
ing. Starting from the root of the ontology (i.e. biological
process), the objective was to identify a subset of descendant
terms (thus being more specific in their biological meaning)
that covers the same set of genes annotated by the terms
within the cluster. If multiple subsets of representative terms
were obtained, only the one having the best IC mean value
was retained.

At the end of this stage that has been applied to each clus-
ter, a new set of terms is obtained from the addition of rep-
resentative terms of each cluster.

Then, to retain the most relevant representative terms, we
used two quality criteria: term redundancy and gene cover-
age.

Removing inappropriate representative terms. Some clus-
ters of terms may have been generated from terms with
low similarity between them according the cutting thresh-
old computing by the Average Silhouette Width, resulting
in very general representative terms. We thus removed terms
whose IC is lower than the first quartile. A new selection
stage was then applied to eliminate potential redundancies.
According to the type of hierarchical relationship (is a or
part of), the removal of the ancestor terms may have a dif-
ferent impact on the number of annotated genes. To deal
with this issue, a different strategy was applied according
to the type of hierarchical relationships. For the is a rela-
tionship, the representative terms being ancestors of other
representative terms were removed. For the part of relation-
ship, only the parent or child terms annotating the largest
number of genes were retained.

Filtering representative terms according to the gene coverage.
To filter out the representative terms associated with a lim-
ited number of genes, we used a formula that depends on the
size of the gene set provided as input. The resulting filtering
value This filtering value computes the minimal number of
genes for a given gene set and it gradually increases accord-
ing to the number of genes. For a given gene set, the number
of genes of this set is used to determine the minimum num-
ber of genes that must be annotated by each representative
term. This threshold increases by steps based on the size of
the gene set according to the following formula:

f (gs) = floor(

√
| Ngs

10
− 1|) + 2 (3)

where gs is the gene set and Ngs is the number of genes in
gs.

Selecting the synthetic terms

At last, a heuristic algorithm based on the set cover prob-
lem (SCP) (25) was applied to the representative terms for
selecting the terms that best summarize the biological infor-
mation within the gene set, hereafter called synthetic terms.
In this framework, we thus defined a solution of the SCP
as a minimal set of terms covering the maximum number of
genes of the gene set.

For a set R of representative terms and a gene set G whose
genes are now annotated by at least a representative term,
the synthetic terms were identified according to an itera-
tive process. At each iteration, a score was computed for
each representative term and the representative term with
the biggest score was then added to a set S that gathers syn-
thetic terms. This score is based on the number of genes
annotated by a given representative term that are not yet
covered by terms within S and on a weighted score asso-
ciated with each representative term. This weighted score
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takes into account the IC of a term and the number of genes
it annotates and is computed as follows:

w(t) =
−log( annotated genes in genome(t)

nb genes in genome )

−log( annotated genes in set(t)
nb genes in set )

(4)

where annotated genes in set(t) (respectively
annotated genes in genome(t)) corresponds to the
number of genes annotated by the term t in the gene
set under investigation (respectively within the whole)
and nb genes in set (respectively nb genes in genome) is
the total number of annotated genes within the gene set
(respectively within the whole genome). In this formula,
a relative measure (expressed as a ratio) has been used to
evaluate the quantitative relation between two amounts
of terms. The numerator actually corresponds to the IC
proposed by Resnik (19). The pseudo-code of the synthetic
algorithm (SA) and the customized implementation of the
SCP are described in Supplementary Subsection 1.2.

GSAn input

At first, users have to upload a gene or gene prod-
uct list and to select the appropriate organism within
the form. Fourteen organisms are currently stored in
GSAn, downloaded from the GO website (http://www.
geneontology.org/page/downloads) and from the Euro-
pean Bioinformatics Institute website (https://www.ebi.ac.
uk/GOA/downloads), and listed in Supplementary Subsec-
tion 2.1. To be more flexible, users can also upload the
annotation of any organism of interest using the GAF 2.1
format (http://www.geneontology.org/page/go-annotation-
file-gaf-format-21). Users may choose any of the three GO
sub-ontologies (being biological process or BP, molecular
function or MF and cellular component or CC) or any com-
bination of them. If more than one sub-ontology is chosen,
the analyses are computed separately and results are then
merged. Five semantic similarity measures are available (see
the list in ‘Materials and Methods’ section). By default, GO
annotations inferred automatically (evidence code: IEA) are
included in the analysis but users may decide to exclude such
annotations.

To customize the analysis, two advanced parameters are
proposed to users: the gene support and the incomplete in-
formation filter. The gene support is the minimum number
of genes that have to be associated to each representative
term. The default value of this parameter is determined ac-
cording to Formula (1) (based on the size of the gene set)
and can be modified. The incomplete information filter is
used to discard terms presenting a low specificity in the
ontology. Four levels of tolerance (none, low, medium and
hard) can be applied, corresponding to the percentile val-
ues given by the IC distribution (1, 10, 25 and 50, respec-
tively) of GO terms. As a result, terms below the chosen
percentile value are discarded. Optionally, users can pro-
vide their email address to be notified when the analysis is
finished.

The input parameters to be used in GSAn for the analysis
are listed in Table 1.

GSAn output

GSAn results are presented according to multiple visual
metaphors. At the top left, three gauge plots display the
global gene set information (see Figure 2A). The first one
indicates the percentage of genes which are annotated by
GO terms while the second one provides the percentage of
genes part of GSAn results. At last, the gene set similar-
ity consists in a groupwise approach using the gene anno-
tation proposed in (26). A gene set similarity score of 1.0
means that all genes in the set have the same annotation
and 0.0 means that terms have no common annotation. At
the top right, a diverging bar plot displays the gene cov-
erage and the IC score of each synthetic term (see Figure
2B). Information about the representative terms is avail-
able within two separate pages in two different ways: a ta-
ble (Figure 2C) and a combined tree visualization (Figure
2D). The table summarizes the information of each repre-
sentative term, being synthetic or not. The tree visualiza-
tion aims to describe the hierarchical context of each rep-
resentative term of the gene set within GO. This tree visu-
alization has previously been described in details in (27) for
the annotation of multiple gene sets (each leaf of the tree
corresponds to a gene set) and has been adapted for being
integrated within GSAn to focus on the gene information
(each leaf of the tree corresponds to a gene). To obtain such
a visualization, the GO structure (represented as a directed
acyclic graph) has been transformed into a tree according
to the most informative parent of each representative term.
Two types of tree visualizations are then combined: a col-
lapsible indented tree and a circular treemap. A tree color
algorithm is applied to attribute similar colors to terms that
are hierarchically related (28). The brightness of the circle is
related to the depth of terms in the ontology (darker means
deeper in GO). White color forms represent the genes inside
their annotation terms. Thus, a given gene can appear inside
several terms of different branches. Moreover, within each
gene circle, a bar chart is displayed to represent its annota-
tion terms (using their assigned colors). This visualization
allows to explore annotation results thanks to interactions
such as zooming within the circular treemap, or expanding
the branch in the indented tree (Figure 2D). Additionally,
users can download a JSON file and explore these results
again by uploading the file within the ‘Visualization’ page.
Also, results can be downloaded as a CSV format.

Implementation and storing results

GSAn has been implemented in JAVA EE using the Spring-
Boot framework. From the client side, the page exhibit-
ing results has been implemented based on JavaScript us-
ing the D3.js (29) and TreeColors.js (https://github.com/e-
/TreeColors.js/) libraries. The releases of GO and GOA are
weekly updated. The JSON files created by GSAn are stored
during 12 h.

RESULTS AND DISCUSSION

To illustrate GSAn, we present two analyses: (i) a compar-
ison of the results with known enrichment tools, (ii) an ap-
plication of GSAn using a gene set involved in the immune
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Figure 2. GSAn output results. (A) Three gauge plots show information about the annotated genes and the genes covered by GSAn as well as the groupwise
similarity of genes in the set defined in (26). (B) A diverging bar plot displays the IC and the gene coverage of each synthetic term. (C) A table presents all
information about representative terms. (D) An example of the combined visualization shows the click and zoom interactions.
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Table 1. Input parameters to be used in GSAn for the analysis

Parameter Description Default value

Gene list A list of gene identifiers.
Genome annotation Organism name that will be used to recover the gene

annotations. Fourteen organisms are proposed and any
other organism can be uploaded using the GAF 2.1 format.

homo sapiens

Inferred from electronic annotation
(IEA)

Boolean that indicates whether the IEA annotations
should be used.

true

Ontology Sub-ontology of GO (BP, MF, CC) to be used for the
analysis.

BP

Semantic similarity measure Measure to be used for computing the term similarity
matrix.

AIC

Advanced parameter
Gene support Minimal number of genes that have to be covered by any

representative term.
see Formula 3

Incomplete information filter Tolerance degree to discard terms with a low specificity. medium
Email Provided by users for being notified when the analysis is

finished.

system and (iii) an application of GSAn to genes involved
in pathways.

For the first two analyses, we used the dataset computed
by Li et al. (30), called BTM for blood transcriptional mod-
ules. This dataset is a repertoire of 346 gene sets charac-
terizing innate and adaptative immune response in vaccina-
tion studies and was built using a large-scale data integra-
tion of human blood transcriptome provided by the NCBI
Gene Expression Omnibus. Moreover, ‘interactome’, ‘bib-
liome’ and pathways extracted from public databases were
integrated to create a set of transcription modules.

For the last analysis, details are provided in Supplemen-
tary Section 5. More precisely, seven gene sets have been in-
vestigated, for which we present the annotation terms corre-
sponding to the name of the pathway given by each studied
tool (see Supplementary Table S1).

Comparing GSAn to enrichment tools

Due to the fact that GSAn provides an annotation for a
given gene set, it has been compared to the following classi-
cal enrichment analysis tools: g:Profiler (2), clusterProfiler
(3), WebGestalt (4) and DAVID (5) (Table 2). As mentioned
in the introduction, each tool provides a stage to reduce the
number of terms by eliminating the redundancy, except for
DAVID. This comparison investigates the impact of the re-
duction step to decreasing the number of annotation terms
while maintaining the number of annotated genes.

Qualitative comparison based on expert assessment. Two
aspects were developed in this qualitative comparison using
the same data set composed of a group of 84 genes extracted
from Li et al. (30) (the list of UNIPROT IDs is available in
Supplementary Subsection 3.1). First, the end-user experi-
ences was quantified and qualitatively analyzed through a
heuristic evaluation with eight experts and six master stu-
dents. Second, a more detailed analysis was conducted us-
ing the tools results from the quality point of view. Based on
the recommendations given by Pesquita et al. (31), we con-
ducted a domain expert assessment of the tools described in
the previous section (except for clusterProfiler which does
not offer a web interface).

The purpose of this investigation was to evaluate the us-
ability of the different tools. The setup of this evaluation
was based on the Post-Study System Usability Question-
naire (PSSUQ (32)) composed of 16 questions with a seven
point Likert scale to evaluate the agreement, ranging from
1 (strongly agree) to 7 (strongly disagree). These items can
be analyzed in more details regarding the three sub-scores
that reflect different aspects of the tool usability: usefulness
(SYSUSE score: six questions), information quality (IN-
FOQUAL score: five questions) and interface quality (IN-
TERQUAL score: four questions). A score has been com-
puted for each of these categories for each evaluated tool.
In this scope, we built a panel of users composed of domain
experts with five medical/pharmacist researchers and three
bioinformaticians. In addition to this panel, seven master
students with a background in biology performed this eval-
uation. Both evaluation results are shown in Supplemen-
tary Figure S2. Using the tools, the participants had to an-
alyze a set of 84 genes that was constituted by Li et al.
(30) while analyzing five human vaccines. Participants of
the evaluation were asked to process the following tasks:
(i) Can they identify the function(s) (a maximum of three
functions was expected for interpreting the 84 genes) that
describe the gene set of interest, (ii) looking at the anno-
tation terms that were proposed, can the user estimate the
ratio of the genes that are related to this annotation? The re-
sulting scores displayed in Figure 3 showed that GSAn and
WebGestalt both exhibit a different profile from DAVID
and g:Profiler. For the two first tools, evaluators provided
positive comments regarding the overall score and the three
sub-scores and they generally performed the required tasks
without difficulty. For the two other tools, median score val-
ues were close to the neutral threshold (that corresponds to
the score value of 4) with, in addition, a wider score dis-
persion that demonstrates more nuanced responses by each
end-user. The results given by WebGestalt and GSAn follow
the same trend with a slightly better evaluation concerning
the INTERQUAL score for WebGestalt, closely followed by
GSAn.

To go further, a more detailed analysis of the five top
terms according to the specific quality criteria for each tool
(used as default mode) was conducted. The top five terms
provided by each tool were positioned along the GO hier-
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Table 2. Comparison of gene set functional analysis tools

GSAn DAVID g:Profiler clusterProfiler WebGestalt

Statistical method - Fisher’s Exact Hypergeometric Hypergeometric Hypergeometric
Genes id Symbol Many Many Many Many
Accessibility WebSite, Rest Api WebSite, Rest Api, R WebSite, Rest Api, R R WebSite, R
Number of organisms 14* hundreds hundreds 2 12*
Updates daily
Other resources No Yes Yes Yes Yes
Reduction step Synthetic algorithm,

see ‘Materials and
Methods’ section for
more details

Hierarchical filtering
of the terms based on
the P-value

Score filtering of the
terms based on
semantic similarity
measures

Hierarchical filtering of
the terms in the
annotation file before
computing the analysis

* Users may contact authors if they need an additional organism to be supported within GSAn.

Figure 3. Results of the qualitative assessment. Each boxplot shows the experience of eight experts and seven master students through the PSSUQ ques-
tionnaire.

archy represented on an image constructed using QuickGO
(33) (provided as Supplementary Figure S3). The depth cor-
responding to the top five terms for each tool is ranged from
6 to 10 for GSAn, 2 to 10 for DAVID, 3 to 7 for g:Profiler
and 3 to 5 for WebGestalt. Their biological pertinence can
be related to their depth within the tree varying from 0 (cor-
responding to Biological Process) to 15. Most specific terms
are proposed by GSAn, with the highest specificity for 3 out
of 5 terms. DAVID also proposes very specific terms while
giving general terms (two out of five terms with a depth of
two or three). The terms given by the other tools have more
intermediate levels of specificity. Then, while ascending the
tree, by starting with the most specific terms, the number
of genes related to each term was computed for each tool
and displayed in Table 3. g:Profiler and WebGestalt show
a high level of coverage from the first term while the results
for DAVID and GSAn give a growth in this coverage, which
can be interpreted as a best solution for finding a compro-
mise between a good quality of non redundant information
and a high level of biological pertinence.

Quantitative comparison using 226 gene sets. Supplemen-
tary Figure S4 shows the percentage of genes annotated by
GSAn, DAVID, g:Profiler, ClusterProfiler and WebGestalt
for the 360 BTM gene sets. To carry out the quantitative
comparative analysis, we focused on the GO biological pro-
cess terms and retained only the BTM gene sets (30) for
which annotation was provided by all tools. Two hundred

and twenty-six gene sets were thus considered for the analy-
sis. An IC distribution measure was computed based on the
IC proposed in (16) and the ontology. This measure is rele-
vant to analyze the gene coverage and the number of terms
provided by each tool. We used four thresholds (from Q0 to
Q3) corresponding to the quartiles of the IC distribution to
filter the results of each tool. Each threshold filters out the
terms with an IC below their value. Thus, Q0 refers to the
whole resulting GO terms and Q1, Q2 and Q3 correspond
to GO terms having an IC value over 18.4, 44.4 and 155.3,
respectively.

Figure 4 displays, for each tool, the gene coverage and the
number of terms according to the IC distribution.

Regarding the distribution of the gene coverage in Q0,
no significant difference has been observed between tools
(statistical results are provided in Supplementary Figures
S5–12). Thus, all tools present a median value higher than
80% of the complete gene set. On the other hand, regard-
ing the number of terms, two classes of tools can be iden-
tified. First, DAVID, clusterProfiler and WebGestalt give a
median number of terms ranging from 10 to 25. The second
group, involving GSAn and g:Profiler, has a smaller disper-
sion of numbers according to the various gene set with a
median value ranging from 0 to 5. This smaller number of
terms combined with a high gene coverage is relevant be-
cause very few terms annotate almost the whole genes. Con-
sidering Q1, all tools except GSAn get decreased gene cov-
erage and number of terms. GSAn keeps the same values
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Table 3. Comparison of the top five GO terms provided by each gene set functional annotation tool

TOOL TERM TERM ID RELATED GENES
CUMULATIVE RELATED

GENES
TOOLS THAT ALSO USE
THE TERM

GSAn INNATE IMMUNE
RESPONSE-ACTIVATING
SIGNAL TRANSDUCTION

GO:0002758 23 23

T CELL RECEPTOR
SIGNALING PATHWAY

GO:0050852 37 55 DAVID

T CELL COSTIMULATION GO:0031295 15 58 DAVID
CYTOKINE BIOSYNTHETIC
PROCESS

GO:0042089 15 60

T CELL PROLIFERATION GO:0042098 19 63
DAVID T CELL RECEPTOR

SIGNALING PATHWAY
GO:0050852 34 34 GSAn

B CELL RECEPTOR
SIGNALING PATHWAY

GO:0050853 14 44

T CELL COSTIMULATION GO:0031295 26 49 GSAn
ADAPTIVE IMMUNE
RESPONSE

GO:0002250 21 53 WebGestalt

IMMUNE RESPONSE GO:0006955 26 63
g:Profiler IMMUNE

RESPONSE-ACTIVATING
SIGNAL TRANSDUCTION

GO:0002757 60 60

IMMUNE
RESPONSE-REGULATING
SIGNALING PATHWAY

GO:0002764 67 67 WebGestalt

POSITIVE REGULATION OF
IMMUNE SYSTEM PROCESS

GO:0002684 68 70

REGULATION OF IMMUNE
RESPONSE

GO:0050776 71 71

REGULATION OF IMMUNE
SYSTEM PROCESS

GO:0002682 73 73

WebGestalt IMMUNE
RESPONSE-REGULATING
SIGNALING PATHWAY

GO:0002764 68 68 g:Profiler

REGULATION OF
LEUKOCYTE ACTIVATION

GO:0002694 38 72

T CELL ACTIVATION GO:0042110 35 72
LEUKOCYTE CELL-CELL
ADHESION

GO:0007159 27 72

ADAPTIVE IMMUNE
RESPONSE

GO:0002250 34 72 DAVID

Figure 4. Box-plots providing the impact on the gene coverage percentage and the number of terms for each tool using the BTM gene sets (30) according
to the quartile computed by the IC distribution in GO. Each quartile Qx corresponds to the IC value according to which the terms are filtered out. Thus,
Q0 corresponds to the whole set of terms provided by the tools and Q3 to terms with an IC value higher than the third quartile of the IC distribution in
GO.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/2/2/lqaa017/5805305 by guest on 23 April 2024



NAR Genomics and Bioinformatics, 2020, Vol. 2, No. 2 9

Figure 5. Box-plots showing the classification of terms according to the number of annotated genes. When terms are annotated mainly by 2 or 3 terms, it
means that the result presents more specific terms. When terms are annotated mainly by more than 5 terms, it means that the terms are more general but
that they are involving more genes.

as for Q0 due to the IC filter applied to remove incomplete
information (corresponding to the first quartile in the dis-
tribution).

At last, Q2 and Q3 present the results for the most spe-
cific terms. The gene coverage is higher for DAVID and
clusterProfiler with a median of gene coverage over 40%.
They both lead to a better compromise regarding the num-
ber of terms and the gene coverage while maintaining rele-
vant knowledge. However, the high number of terms may
suggest that each resulting term is likely to annotate few
genes.

To further investigate this hypothesis, we analyze the per-
centage of terms according to the number of genes that are
annotated by these terms. Thus, Figure 5 shows the percent-
age of terms annotating 2, 3, 4, 5 and more than 5 genes.
We observe that a median value of 50% of terms provided
by DAVID annotate only two genes and the rest of the me-
dian boxes does not exceed 20%. On the contrary, the ma-
jority of terms provided by GSAn and g:Profiler annotate
more than five genes. That suggests the existence of some
general terms among GSAn and g:Profiler results, which in-
volve more genes compared to DAVID and clusterProfiler
that include terms annotating few genes. Lastly, clusterPro-
filer and WebGestalt follow a similar behavior, with a me-
dian value for each box under 25%.

At last, one should note that the combination of results
obtained from GSAn and those of an enrichment tool could
be of interest. In such case, the tools have to be used in-
dependently because representative/synthetic terms com-
puted by GSAn may not be among the annotations pro-
vided by GOA and then not part of the annotations within a
whole genome of interest (that are used in enrichment anal-
ysis).

Gene set application by using GSAn

In the second case study, we use GSAn to analyze a BTM
module annotated by experts as regulation of antigen pre-
sentation and immune response (30). This module contains
81 genes involved in the signal transduction in the immuno-
logical process against pathogens. The default parameters
of GSAn are used and the chosen semantic similarity mea-
sure is NUnivers. GSAn retains 37 representative terms cov-
ering 80 out of 81 genes and eight of them are synthetic

terms (Figure 2). The gauge plots show a high gene cov-
erage using the GOA file (first gauge) and GSAn analysis
(second gauge). At last, the third displays a gene set similar-
ity of 0.59, which means that genes share a high number of
terms.

By focusing on the synthetic annotation displayed within
the diverging bar plot, we observe terms related to the pro-
liferation and co-stimulation of T cells and the activation
of signaling transduction by the innate immune response.
Also, these terms and the term antigen processing and pre-
sentation of exogenous peptide antigen via MHC class II
(GO:0019886) are consistent with the manual annotation
performed by experts and show that the annotation pro-
vided by GSAn is even more specific. Indeed, GSAn illus-
trates that the module is also involved in the proliferation
of T cells. Moreover, more complete information may be
observed from the representative terms through the infor-
mation table or the combined tree visualization. By explor-
ing the tree visualization, we obtain additional information,
such as terms sharing the same informative ancestor or the
genes annotated by more than one term. For example, by
focusing on the term antigen processing and presentation of
exogenous peptide antigen via MHC class II, we notice that
eleven genes are annotated by this term. When clicking and
developing in details each gene, we observe that six out of
the eleven genes are annotated by T-cell receptor signaling
pathway (GO:0050852) and three of them by T-cell prolif-
eration (GO:0042098). Thus, with very few user interac-
tions, we retrieve additional information about the biologi-
cal role of some genes in the module.

CONCLUSION

The main problems in finding gene signatures are mainly
related to the investigation of the biological function of
gene sets. That problem can be solved using classical en-
richment methods, such as DAVID or g:Profiler. However,
these methods focus on the most studied genes that may
provide annotations covering a limited number of anno-
tated genes (6,7,8). Another problem is the redundant in-
formation within annotations that may increase the diffi-
culty in interpreting results when no a posteriori filter is ap-
plied. To address these issues, we propose a new web server
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as an alternative to classical enrichment analysis. The un-
derlying method makes use of the hierarchical structure of
GO to reduce the number of terms while keeping an ap-
propriate level of biological information. Compared to en-
richment analysis tools, GSAn has shown excellent results
in terms of maximizing the gene coverage while minimiz-
ing the number of terms. GSAn has provided a gene set
annotation that is more specific than results given by ex-
perts (for a human gene set). Also, an originality of GSAn
is to provide interactive visualization abilities to analyze
the resulting gene set annotations. The underlying visualiza-
tion is based on a combined tree that supplies zoom opera-
tions to browse terms and the genes they annotate accord-
ing to the level of biological information that may interest
users.
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record/3602010.

The generated datasets analyzed in the current study
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Release 1.0.1 repository and in Supplementary Data.
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