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Abstract
Background
The main research topic in this paper is how to compare multiple biological experiments using transcriptome data,
where each experiment is measured and designed to compare control and treated samples. Comparison of multiple
biological experiments is usually performed in terms of the number of DEGs in an arbitrary combination of biological
experiments. This process is usually facilitated with Venn diagram but there are several issues when Venn diagram is
used to compare and analyze multiple experiments in terms of DEGs. First, current Venn diagram tools do not provide
systematic analysis to prioritize genes. Because that current tools generally do not fully focus to prioritize genes, genes
that are located in the segments in the Venn diagram (especially, intersection) is usually difficult to rank. Second,
elucidating the phenotypic difference only with the lists of DEGs and expression values is challenging when the
experimental designs have the combination of treatments. Experiment designs that aim to find the synergistic effect
of the combination of treatments are very difficult to find without an informative system.
Results
We introduce Venn-diaNet, a Venn diagram based analysis framework that uses network propagation upon
protein-protein interaction network to prioritizes genes from experiments that have multiple DEG lists. We suggest
that the two issues can be effectively handled by ranking or prioritizing genes with segments of a Venn diagram. The
user can easily compare multiple DEG lists with gene rankings, which is easy to understand and also can be coupled
with additional analysis for their purposes. Our system provides a web-based interface to select seed genes in any of
areas in a Venn diagram and then perform network propagation analysis to measure the influence of the selected
seed genes in terms of ranked list of DEGs.
(Continued on next page)
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Conclusions
We suggest that our system can logically guide to select seed genes without additional prior knowledge that makes
us free from the seed selection of network propagation issues. We showed that Venn-diaNet can reproduce the
research findings reported in the original papers that have experiments that compare two, three and eight
experiments. Venn-diaNet is freely available at: http://biohealth.snu.ac.kr/software/venndianet
Keywords: Venn diagram, Differentially expressed genes, Network propagation, Gene prioritization

Introduction
A biological experiment is generally designed to characterize the biological mechanism underlying different
phenotypes. Transcriptome, or gene expression profile
in the whole cell, provides a holistic picture of a cell
at the fine-grained level, individual gene. In transcriptome studies, identifying differentially expressed genes
(DEGs) is the first step to understand the difference
between control and treated samples in transcriptome
level. Some experiment designs have multiple lists of
DEGs to address complicated biological questions that
tries to narrow down the subset of genes. When the lists
of DEGs increases, summarizing the relationship between
lists becomes much more challenging. Therefore, Venn
diagram, an effective method that can effectively summarize and illustrate the portion of each gene sets is generally used. Venn diagram is an intuitive interpreter that
helps researchers to understand common or distinctive
characteristics of the experiments and helps researchers
make the decision for further investigation. However,
there are several issues when Venn diagram is used to
compare and analyze experiments that have multiple
DEG lists.
First, current Venn diagram tools do not offer enough
information to identify genes that are related to the phenotype differences. Most of the current Venn diagram
tools are developed to visualize a Venn diagram in a
easy-to-understand or assists researchers’ understanding
of the experiment in terms of the number of genes in
each section of a Venn diagram [1–9]. These tools are
very useful but they do not give effective method to
design an effective follow-up study to further investigate
which genes are more related to the phenotype differences in multiple biological experiments. For example, in
some scenario, the researcher might be interested to focus
on DEGs that satisfies three experimental conditions (in
other words, the intersection of three distinct DEG lists).
However, the number of genes in the following condition
might have too many genes to be considered and it is
generally difficult to prioritize the most promising genes
because the candidate DEGs have three distinct ranks that
are corresponded to each DEG lists.

Second, prioritizing genes that satisfy the researcher’s
interests only with the lists of DEGs and expression values are challenging when the experiment is designed
to have the combination of treatments. For instance,
when researchers designed an experiment to investigate
the synergy effect of two different treatments (for convenience: drug A, drug B), the experiment will have
three lists of DEGs to compare: drug A, drug B, and
drug A+B, respectively. The relative complement of
DEGs from the combination of drug A and drug B,
can logically represents the synergy effect of two different treatments, but it cannot illustrate which drug had
more efficacy to the expression alteration. Also, DEGs
from the intersection of three different lists cannot be
ignored. Some DEGs might have been boosted by the
combination of drugs. However, these DEGs might be
underestimated because these genes are also differentially expressed in other treatments and it is difficult to
create the decision criteria of how whether the expression alteration of the drug combination is outstanding
than others.
In this paper, we show that the two issues can be effectively handled by ranking or prioritizing genes in regions
of a Venn diagram. Thus, a gene prioritization strategy
needs to be implemented into the Venn diagram in order
to rank the DEGs of each region. Gene prioritization
is a widely used strategy that rank genes by combining
multiple data sources (including methods) to maximize
the biological relevance to answer difficult questions that
cannot be easily solved in a single data. Among various
strategies of prioritizing genes, network propagation is
one of the widely used technique that computes the influence of initial nodes (or seeds) to other nodes [10], and can
prioritize genes in the context of biological networks [11–
17]. However, selection of seed genes is one of the critical factors for the network propagation and becomes more
important when prior knowledge is not available or is not
enough. In this paper, we suggest that the seed selection
issue can be handled by allowing the user to select seed
genes with the combinations of regions in a Venn diagram.
We argue that each area of the Venn diagram represents
a subset of DEGs and each area represents genes that
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contain biological meaning. And these subsets can be used
as a guidance to logically select seeds for the subset of
genes that the user is in interested.
Here, we present Venn-diaNet: a web-based Venn diagram based network analysis framework that can prioritize genes to compare multiple biological experiments of transcriptome data. A convenient web-based
user interface is provided to generate Venn diagrams
of DEGs dynamically and to perform network propagation upon protein-protein interaction (PPI) network to investigate which genes are relevant to certain phenotypes. We believe that Venn diagram, coupled with analytic methods such as network propagation, can be a very useful tool for comparing multiple biological experiments that have multiple different
controls.
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Venn-diaNet work flow
STEP 1: Taking input data

Venn-diaNet takes multiple DEG lists as input. Each DEG
list is determined by comparing treatment/control or
treatment/treatment in the experiment (Fig. 1: Step 1).
Each file must include a DEG list from an experiment.
For example, if a researcher wants to compare three different experiments, three independent files of DEG list
must be provided. The format of the file is as follows.
Each input file requires transcript ID (or gene ID) for
the first column and gene symbol for the second column. Venn-diaNet takes transcript ID to handle inputs
that might annotate identical genes (causing duplicated
genes). Currently, Venn-diaNet requires this column but
the information does not need to be strict to certain annotation format. We provide an example data on the web
page of Venn-diaNet for better understanding.

Methods
In this section, we explain how Venn-diaNet performs network analysis to prioritize genes from DEGs with Venn
diagram and the network propagation technique. The
overview is shown in Fig. 1.

STEP 2: Generating Venn diagram of DEG sets

Venn-diaNet considers each experiment as a set for the
diagram. Therefore, With given number (=n) of experiments E, Venn-diaNet generates a diagram of n circles that

Fig. 1 Venn-diaNet work flow. Step 1 : Venn-diaNet, as input, takes DEG lists per experiments from user. Step 2 : Uploaded DEGs from Step 1 are
interpreted with a Venn diagram and they are organized as sets with table. Now, a user can repeat Steps 3 and 4 as many times as she wants. Step 3 :
One or multiple regions of Venn diagram, Ci , is selected as seeds for further network propagation analysis. Step 4 : Once seed is defined,
Venn-diaNet instantiates a PPI network of DEGs from STRING DB. Network propagation with given seeds from the previous steps. As a result, DEGs
are ranked by the probability score calculated during the Markov Random Walk
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have a maximum of 2n − 1 regions. Each region is denoted
as Ci (1 ≤ i ≤ 2n − 1) while each Ci contains genes of:
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b represents a binary number of Ci (i.e. C1 = 001) while
bj indicates the position of digits (i.e. b1 = 1, b2 = 0, b3
= 0). If Venn-diaNet receives DEG lists from 3 experiments, Venn-diaNet illustrates a Venn diagram of 3 sets
(E1 , E2 , E3 ) that have 7 regions (C1 , C2 , C3 , · · · C7 ), where
C7 contains genes of E1 ∩ E2 ∩ E3 . We emphasize that
Ci represents DEGs that is specific to the corresponding region that could be considered as ‘condition-specific
genes’.

similar function between two different tissues, C3 can
be seeds. Similarly, if the common KO effect in different
tissues are in interest (C3 ), C1 +C2 can be seeds.
The last scenario suggests to use GO terms to consider
seeds that have ‘Functional similarity’ between segments
in Venn diagram. This scenario assumes the case that
there is no sufficient knowledge to have confidence selecting certain Ci as seeds. This scenario is for users who
expect the DEGs of interest (Cj ) to have functional similarity to the DEGs in other condition (Ci ) but not certain
which Ci is closer to Cj . In this case, we suggest using GO
terms to compare the similarity between Ci and Cj , and
choose Cj similarity to the condition of interest will be
appropriate to be as seeds. This scenario is suggested as
a ‘minimum guideline’ to analyze the data that might not
be covered by the fore-mentioned scenarios. Currently,
Venn-diaNet does not support GO term analysis, thus the
GO term analysis should be conducted separately by the
researcher.

STEP 3: Seed selection

STEP 4: Network propagation and gene ranking

⎧
⎫
N
⎨
⎬

Ci = g : g ∈
G(bj )
⎩
⎭
j=1

G(bj ) =

Ej if j = 1
Ejc if j = 0

This step is the most important part of Venn-diaNet. A
user can select one or more segments of the Venn diagram
(Ci ) as seeds for network propagation to measure the
global influence of the seed DEGs. Thus, the results will
vary depending on the selected seeds. As we previously
mentioned, network propagation methods generally use
informative genes (i.e. ‘disease-related genes’, ‘phenotyperelated genes’) as seeds. The idea of network propagation
in Venn-diaNet is similar. Since DEGs in each region of
the Venn diagram can be considered as condition-specific
DEGs, DEGs in Ci can be a guide to find similarities
or dissimilarities to other Cj (j  = i) that we are interested in. Because the selection is crucial, we describe three
possible seed selection scenarios with examples to help
understand the seed selection. Each seed selection scenario describes that user can select seeds from one or
more segments from Venn diagram and prioritize genes
with specific prospects.
The first scenario is to consider ‘condition-specific function’ as seeds. Again, DEGs in specific region can be
considered as condition-specific DEGs. If we use these
genes as seeds, then we can prioritize DEGs belonging to
other conditions in terms of functional similarity to the
seed DEGs. For example, if a user wants to prioritize tissue
A-specific DEGs (Fig. 2A: C1 ) that have similar function to
the tissue B-specific DEGs when the same genes is knockout (KO), tissue B specific-DEGs (Fig. 2A: C2 ) can be used
as seeds.
The second scenario is to consider ‘common function’
as seeds. In some cases, a user might be interested in
condition specific DEGs that have common function in
different experiments. For instance, if the user is interested in tissue A-specific DEGs (Fig. 2A: C1 ) that have

When a set of seed DEGs are selected, Venn-diaNet
instantiates a PPI network of DEGs from STRING DB
[18]. In the instantiated network, nodes are DEGs and an
edge between two DEGs is defined when the corresponding edge in the original PPI network is of high-confidence
(combined score >700). Then, Markov Random Walk
(MRW) [19] is performed using the seeds selected in the
previous step (Fig. 1: Step 4). The goal of network propagation is to quantify the influence of seed DEGs to the
remaining DEGs. The selected seed DEGs can be considered as the hypothesis that a user wants to test. Thus,
by performing a network propagation analysis, the user
can obtain the DEGs pertaining to the hypothesis. For
the network propagation, an R package diffusr, the
implementation of MRW, is used. The equation is shown
below:
pt+1 = (1 − r)A pt + rp0
where p0 is the vector of initialized nodes, t is a time
step, pt is the vector at the current time step t, pt+1 is
the vector at the next time step, A is column-normalized
matrix of adjacency matrix A, and r is the restart rate.
p0 is initialized in 1 or 0, to represent the assigned seed
DEGs and target DEGs, and normalized so the sum of the
elements in p0 becomes 1. The adjacency matrix A is a
matrix consists with 0 or 1 that represents a graph with no
weighted edges. The network propagation was performed
with the default options of the diffusr package, where
r is 0.5 and stops the network propagation when L1 norm
difference between pt and pt+1 is smaller than 10−4 . When
the algorithm stops, Venn-diaNet returns a ranked gene
sets based on the network propagation result.
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Fig. 2 Key concept of Venn-diaNet. a Instantiate a PPI network with the DEGs from the multiple experiments. b When we are interested in C1 that
has similar function as C2 , we can define C2 as seeds. c Performing network propagation with Markov Random Walk. d Discard C3 genes (as well as
seed genes) in order to focus on C1 genes. Remaining genes are ranked by the probability score calculated from the previous step

Web interface

The web tool of Venn-diaNet’s work flow is summarized
in Fig. 3. The details of Venn-diaNet work flow (web)
is described in the manual of Venn-diaNet (Additional
file 1).

Results
We evaluated the performance of Venn-diaNet using
three datasets downloaded from Gene Expression
Omnibus (GEO) [20] or from the supplementary data of
the corresponding published paper. The selected dataset
is used to determine whether Venn-diaNet can be used in
various experimental designs.

reproduce the authors’ results by following the authors
inputs, interest, and approach. As we mentioned, the
study reported that Per2 KO caused BAT specific genes to
express in WAT by controlling PPARγ -dependent genes.
Therefore, we set our aim to find promising C2 DEGs
that have the similar characteristic in BAT tissue. For this
study, we could use all three suggested seed scenarios to
address the authors interest. For each seed scenarios, we
compared (i) how the GO terms of ranked top 10% genes
matches the GO terms reported in the original paper,
and (ii) how many genes matches to the genes that are
reported in the original paper. Note that the authors used
only fold change to rank genes and did not use any gene
prioritization method.

Case 1: Venn-diaNet for two experiments

In order to validate the Venn-diaNet performance for
experiment designs that have two experiments, we used a
dataset from a study of Per2 KO mice with two different
tissues [21]: (i) Per2 KO vs Wild type (WT) in white adipose tissue (WAT Per2 KO), and (ii) Per2 KO vs WT in
brown adipose tissue (BAT Per2 KO). The authors used
these two DEGs lists and reported that several WAT specific expressed genes have similar behavior in BAT when
Per2 is KO. Two independent DEG lists, BAT Per2 KO
and WAT Per2 KO are downloaded from the supported
supplementary data.
For convenience, we will denote BAT Per2 KO specific
DEGs as C1 , WAT Per2 KO as C2 , and the intersection DEGs of BAT Per2 KO and WAT Per2 KO as C3
(Fig. 4A). We used this data to show that Venn-diaNet can

Condition specific function (C1 ) & common function (C3 ) as
seeds

BAT Per2 KO specific DEGs (C1 ), can be used as seeds
in order to prioritize genes of WAT Per2 KO specific
DEGs (C2 ). This scenario is to investigate the unknown
genes that expresses exclusively in BAT somehow seems
to be expressed in WAT when Per2 is KO. The phenomenon indicates that there might be functional similarity between these two different conditions.
Similarly, common DEGs between two experiments
(C3 ) can also be considered as seeds. The activation
of BAT-specific genes in WAT also means that BAT
and WAT share common functions. Thus, the common function of these genes (C3 ) might be guideline to prioritize WAT specific genes (C2 ) with the
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Fig. 3 Venn-diaNet (web) work flow. A work flow of Venn-diaNet (web). Step 1: Upload DEG list per experiment. Step 2: Select seed condition Ci Step
3: Perform analysis. Venn-diaNet gives user (1) list of ranked genes, (2) gene’s neighbor nodes information (when the node is clicked). (3) Venn
diagram with PPI network (when the Venn diagram is zoomed in)

Fig. 4 Venn-diaNet Per2 GO term comparison. a Venn-diagram of Per2 KO experiment perform by Benedetto Grimaldi et al. C1 represents Per2 KO
vs WT DEGs that is specific to BAT while C2 represents WAT specific Per2 KO vs WT DEGs. b Enriched GO terms by DAVID gene functional clustering
analysis. Gene functional clustering was performed for each specific condition (Ci ). c Enriched GO terms of Top 30 genes prioritized by
corresponding seeds
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context of ‘functional similarity’ between two different tissues. It is interesting that Venn-diaNet could
prioritize genes in top 30 (about 10% of total candidates) as well as prioritizing genes that are related
to the functions that the authors reported (Fig. 4C,
Additional file 2:(2)).
Analysis scenario with functional similarity (C1 ) as seeds

As we discussed in the previous section, we might
encounter a situation where the user does not have sufficient knowledge to select seeds. Therefore, we assumed
ourselves that we do not have confidence to choose certain seed scenario. In this case, we suggested a ‘minimum
guideline’ to choose certain condition as seeds to rank
genes in condition of interest. For this, we define it as
‘The condition that have functional similarity to the condition of interest will be appropriate to be as seeds’, which
the ‘function of the condition’ can be determined by gene
function clustering by DAVID [22, 23].
The process is very straight-forward. (i) Find the major
GO terms of each Ci , (ii) use the genes in Ci if the GO
terms are similar to the condition Cj (j  = i) that we want
to prioritize. As a result, we found that GO term (mitochondrion) in C1 was similar to the condition of interest
(C2 ) (Fig. 4B). Thus, C1 becomes appropriate seed for
this scenario and the results shares the same which we
discussed in the previous subsection.
Venn-diaNet is also tested with other possible seed scenario (C1 +C3 ) to confirm whether Venn-diaNet performs
better than random seeds. Genes lists and GO terms that
we compared are described with details in (Additional
file 2).
Case 2: Venn-diaNet for three experiments

Data from a study of human papillomavirus oncogenes [24] is used for Venn-diaNet validation to consider the case of more complicated experiment designs.
The study observes the independent, synergistic effects
of two treatments: (i) K14E6/E7 bitransgenic mice
vs WT mice (E6/E7), (ii) estrogen treated mice vs
WT mice (E2), and (iii) K14E6/E7 bitransgenic mice
treated with estrogen mice vs WT mice (E6/E7+E2)
(Fig. 5).
As the authors did, we focused on E6E7+E2 DEGs (C1
+ C3 + C5 + C7 ) to determine the synergistic effect of
E6/E7 and E2. We selected E6/E7 specific DEGs and E2
specific DEGs (C2 + C4 ) for the seed scenario of ‘condition specific function’. The seed scenario represents that
the independent effect of each treatment as a guideline to find the effect of the combined factors. Our goal
for this study is to reproduce GO terms and genes that
the authors reported. For this study we focused on the
results of top 100 genes (from 461 genes), prioritized by
Venn-diaNet.
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Condition specific function as seeds (C2 + C4 )

We found that Venn-diaNet could prioritize genes and
GO terms that are reported in the original paper by using
the combination of independent effects of two factors
as seeds (C2 + C4 ) (Fig. 5C and Additional file 3:(2)).
However, several careful consideration remains to be discussed. When we consider the prioritized top 20% genes,
Venn-diaNet was not superior than the original paper’s
results, but it could still prioritize genes that are related to
the GO terms were the original paper focused. In addition,
Venn-diaNet could prioritize other genes that are related
to the function of interest (immune response & inflammatory response) that are responsible to the HPV associated
cervical cancer while the authors did not.
For example, Tlr2, a gene that is known to be related to
take a significant role in HPV associated cervical cancer
[25–28], was also over expressed exclusively in E6/E7+E2.
The results supports that Tlr2 might also be one of the significant gene that is enhanced by the combined effect of
E6/E7 and E2, which achieves the condition of ‘inflammatory response are increased by epithelial E6/E7 expression
and further enhanced by estrogen’. We conjecture that
Tlr2 was not included in the original paper because the
fold change of Tlr2 is not significant (ranked 332th in
terms of fold change rankings) enough and become outfocused. However, our gene prioritization analysis ranked
Tlr2 much higher in the 33rd place.
Likewise, CD74 is reported that it may play an important role in the pathogenesis and angiogenesis of cervical
cancer [29] as well as the influence of the HPV [30]. VenndiaNet placed this gene in the 76th position while fold
change could only rank them as 182th . Icam1 was ranked
76th in foldchange but had the 3rd position in Venn-diaNet
which also might have a E6/E7+E2 specific expression
while Icam1 was also reported to have a role with HPV
related cervical carcinoma [31]. The comparison of Top
100 ranked genes related to ‘inflammatory response’ &
‘immune response’ is summarized in Additional file 3:(3).
Functional similarity as seeds (C4 )

C4 was selected by following the ‘minimum guideline’
to select seeds. Unlike ‘Condition specific function as
seeds’, seeds chosen by functional similarity performed
weaker (Both in GO terms and rankings) than the previous seeds (Fig. 5C and Additional file 3:(3)) This is
probably because the seed scenario does not reflect the
effect of E6/E7. E6/E7 is well known to change the activity
of cytokine and chemokine, and Venn-diaNet could not
prioritize those genes without considering those effects in
seeds. We would like to emphasize that this seed scenario
reflects that using seed genes from a singular treatment
is not effective to rank genes that is under the influence
of multiple treatments. However, Venn-diaNet could still
prioritize 7 genes in top 100 with seeds of ‘functional
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Fig. 5 Venn-diaNet HPV experiment GO term comparison. a Venn-diagram of E6/E7 experiment performed by Megan E. Spurgeon et al. C1 , C2 , and
C4 represents E6/E7+E2 specific DEGs, E6/E7 specific DEGs, and E2 specific DEGs, respectively. b Enriched GO terms by DAVID gene functional
clustering analysis. Gene functional clustering was performed for each specific condition (Ci ). c Enriched GO terms of Top 100 genes prioritized by
corresponding seeds

similarity’ (Additional file 3:(2)). Other possible seeds
were also tested and the results indicates other seeds are
less effective than the suggested seed scenarios.
Case 3: Venn-diaNet for eight experiments

Case 3 is a dataset from a study that designed the experiments with four treatments in four tissues [32]: (i) narciclasine (ncls), (ii) vehicle (veh), (iii) high-fat diet (HFD),
(iv) normal chow diet (NCD), (v) WAT, (vi) BAT, (vii) liver,
and (viii) muscle. The initial number of sets of this study
were extremely complicated that makes almost impossible
to interpret the DEG list at once. Thus, the authors used
a step-by-step filtering method to find promising genes
for these multi-condition data. The authors searched the
relation between treatments and tissues using hierarchical
clustering and narrowed down to compare two DEG lists
(HFD-ncls/HFD-veh: DEGs from the comparison of HFD
mice treated with ncls and HFD mice treated with veh,
NCD-veh/HFD-veh: DEGs from the comparison of NCD
mice treated with veh and HFD mice treated with veh) of
muscle. The study reported genes that have low expression level in HFD, changed to have a high expression level
when ncls was given. The results indicate that a natural
compound ncls can attenuate diet-induced obesity and the
associated genes can enhance the energy expenditure.

To reproduce the results of the original paper, we
planned two different scenarios. The first scenario is to
follow the story of the authors: using two DEG lists. The
authors compared the expression profile of treatments
and tissues using hierarchical clustering as a very first step.
They discovered that muscle had partial mutual exclusive
expression pattern to other tissues, and made a hypothesis of ‘ncls might accelerate genes to be expressed again
while the genes were suppressed in HFD environment in
muscle’. We assumed that we also reached to this step
and use Venn-diaNet for the DEGs of HFD-ncls/HFDveh and NCD-veh/HFD-veh. Venn-diaNet will mimic this
story with the concept of ‘Case 1: Venn-diaNet
for two experiments’ analysis of Venn-diaNet.
Another scenario is to find promising genes purely by
Venn-diaNet, using eight DEG lists. The goal of this scenario is to check whether Venn-diaNet can track down the
reported genes, with a reasonable story. We would like to
emphasize that the original paper has (i) filtered out less
interesting conditions at the early stage, (ii) focused on
DEGs that are related to muscle, and (iii) report the DEGs
of interests while supporting the full list of DEGs that
are related to muscle through their supplementary data.
Therefore, to make both scenarios available in our study,
we need to process the raw data of the tissues that are
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not directly supported in the original paper. Thus, we analyzed the raw RNA-seq data (GSE63268) with pipelines
that are slightly different from the original paper. The
pipeline we used reported 184 DEGS as up-regulated at
HFD-ncls/HFD-veh while authors calculated them as 160.
The details of RNA-seq data processing are explained in
section ‘Materials’.
Authors’ approach : two DEG list

As we described in the previous section, we assumed that
we also performed hierarchical clustering and focus to
find certain genes in C3 (Fig. 6A) that have the common
characteristics of up-regulation when ncls is induced and
up-regulated in NCD without any treatments .
In order to prioritize genes in C3 , we used the
seed scenario of Condition specific function
as seeds. DEGs that are common in both experiments
can be prioritized using the independent effects of each
factor. Therefore, C1 +C2 , the specific effect of each treatments was selected as seeds to observe the influence
to the genes that have same activity alteration in HFDncls/HFD-veh and NCD-veh/HFD-veh (C3 ). As a result,
we found that Venn-diaNet could prioritize and reproduce the genes where the authors reported (Additional
file 4:(2)) as well as prioritizing GO terms of the authors’
interest with better hit ratio (Fig. 6C). The minimum
guideline, ‘Functional similarity as seeds’ (C2 ) showed
weaker gene prioritization but still had a better focus on
GO terms (Fig. 6C and Additional file 4:(2)). In addition, this study is designed to find the common effect
from independent conditions, meaning that the condition of interest is closely related to each other condition.
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Therefore, it is natural to have poor performance with the
same reason discussed in the previous section.
Venn-diaNet approach: All (eight) DEG list

We assumed ourselves that we do not have enough knowledge to this data, and tested whether Venn-diaNet could
reach the same conclusion to the authors. We simply
used Venn-diaNet with all DEG lists (that contains up
and down-regulation) from eight different experiments at
once (Fig. 7A). The Venn diagram shows that the intersection of HFD-ncls/HFD-veh and NCD-veh/HFD-veh
shared many DEGs in muscle (C48 ) than any other tissues
(C3 , C12 , C192 ).
The findings of Venn diagram reaffirms the authors’
hierarchical clustering results and leads to the idea
that the intersection of HFD-ncls/HFD-veh and NCDveh/HFD-veh in muscle have common functions than
other tissues, and needs to be analyzed in detail. To start
the detailed search, we now used up-regulated DEG list to
examine whether Venn-diaNet can answer for the hypothesis of ‘ncls might accelerate genes to be expressed again
while the genes were suppressed in HFD environment in
muscle’. As a result, we were able to discover that the
condition of interest was much more distinct to other conditions (Fig. 7B: C48 ) and the portion of common genes
between HFD-ncls/HFD-veh and NCD-veh/HFD-veh in
muscle was bigger than any other tissue (C48 , C3 , C12 ,
C192 ). The findings indicate that up-regulation of C48 is
likely to be more specific and distinct to other tissues. To
prioritize genes in C48 , we choose the seed scenario of
‘common functions as seeds’. We selected the intersection
of HFD-ncls/HFD-veh and NCD-veh/HFD-veh of other

Fig. 6 Venn-diaNet HFD GO term comparison. a Venn-diagram of GSE63268 experiment. C1 represents HFD (ncls/veh) specific DEGs while C2 shows
veh (NCD/HFD) specific DEGs. b Enriched GO terms by DAVID gene functional clustering analysis. Gene functional clustering was performed for
each specific region. c Enriched GO terms of Top 100 genes prioritized by corresponding seeds
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Fig. 7 Venn-diaNet using 8 different DEG list. a Using up and down-regulated DEG list to Venn-diaNet (web). The Venn diagram directly shows
muscle DEGs in HFD-ncls/HFD-veh, and NCD-veh/HFD-veh are similar to each other while other tissues are not similar to each other. b Using
up-regulated DEG list to Venn-diaNet. The Venn diagram shows that up-regulated muscle DEGs in HFD-ncls/HFD-veh, and NCD-veh/HFD-veh are
very similar to each other while other tissues are not similar to each other

tissues as seeds (C3 , C12 , C192 ) to represent that the function of ’ncls might accelerate genes to be expressed again
while the genes are suppressed in HFD environment’ in
other tissues can assist to prioritize genes in muscle. As a
result, we were able to reproduce genes that the authors
reported in their original paper (Additional file 4:(2)).
In addition to seed selection, the minimum guideline
cannot be used for this complex condition data. The data
is composed of 255 conditions that makes it difficult to
compare and analyze the GO terms of all these conditions.

System Architecture
Venn-diaNet is a web analysis tool built with Django
web framework v.1.10.3 (https://djangoproject.com) and
draws Venn diagram using venn.js [33]. venn.js
draws keen Venn diagrams only with circles regardless to
the number of conditions and considers the size of the circle and the position of the diagram’s centroid that depends
on the size of the given sets. When the number of experiments is more than four, the drawn Venn diagram might
not be perfectly correct, but it still considers the distance
between circles as well as the size of circles to draw a reasonable Venn diagram as possible. d3.venngraph.js
[34] is used to overlay the network graph upon the Venn
diagram by using the position of each circle’s centroid. The
distance between nodes was calculated by using the idea
of the Nelder-Mead method to make nodes that have the
same condition more closer while nodes that are distinct
to the other conditions to be more further.

Conclusions
We present Venn-diaNet, a web-based software that does
not require any additional installment or registration. In
this paper, we introduced that Venn-diaNet can be applied
for various experiment designs and can effectively prioritize genes from multiple DEG lists. Experiment designs
that have multiple lists of DEGs are generally difficult
to prioritize phenotype related genes because it requires
multiple data processes to gain a subset of gene lists. However, Venn-diaNet has shown that the combination of PPI
network and Venn diagram can simplify these process.
Venn-diaNet showed that the seeds from the segments of
Venn diagram and the results of the network propagation
with PPI network are effective enough to prioritize genes
without considering the specific expression values of each
DEGs lists. Also, because that Venn-diaNet can prioritize
genes in a single step regardless to the number of DEGs
lists, it has an advantage for analyzing complicated experiment designs that forces to analyze with multiple steps
because it can simplify the analysis steps.
In addition, in the aspects of gene prioritization, VenndiaNet can avoid the ‘black-box’ issue in gene prioritization which is caused by the integration of heterogeneous data sources because Venn-diaNet provides
explainable ranking results of the network propagation [35]. Venn-diaNet supports gene list with ranking
and additional features that explains how the specific
gene is influential to other genes. Venn-diaNet is available at: (http://biohealth.snu.ac.kr/software/venndianet).
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Source code can be reviewed at: (https://github.com/
hurben/VenndiaNet).

Materials
RNA-seq data processing

GSE63268, the dataset used in Case 3: Venn-diaNet
for eight experiments, raw data (fastq) files were
obtained from GEO [20], while RSEM (v1.2.19) and
Bowtie2 (v2.2.6) were used for aligning reads. Reference
genome (mm10) and gene annotation information was
obtained from UCSC genome browser [36]. EBSeq [37],
‘rsem-run-ebseq’ was used for DEG calculation and 0.05
was used as a cutoff value for ‘rsem-control-fdr’. Every
mentioned program was executed without any additional
options. We would like to emphasize that the calculated
DEGs slightly differs from the authors. In muscle, our
pipeline calculated 184 DEGS as up-regulated at HFDncls/HFD-veh while authors calculated them as 160. We
assume that the difference came from different reference
genome and analysis pipeline which authors used mm9,
and Cufflink. Despite the different pipeline and reference
genome, key genes that the authors pointed out were still
able to be reproduced. Details of gene list are in Additional
file 4.

Supplementary information
Supplementary information accompanies this paper at
https://doi.org/10.1186/s12859-019-3302-7.
Manual for additional files A manual that describes the details of
Supplementary data 1, 2, 3.
Additional file 1: A manual that describes the instructions of using
Venn-diaNet (web)
Additional file 2: Supplementary data 1 is related to the detailed results
of the experiment related to section Case 1: Venn-diaNet for
two experiments
Additional file 3: Supplementary data 2 is related to the detailed results
of the experiment related to section Case 2: Venn-diaNet for
three experiments
Additional file 4: Supplementary data 3 is related to the detailed results
of the experiment related to section Case 3: Venn-diaNet for
eight experiments
Abbreviations
BAT: Brown adipose tissue; DEG: Differentially expressed genes; GEO: Gene
expression omnibus; GO: Gene ontology; HFD: High fat diet; HPV: Human
papillomavirus; KO: Knockout; MRW: Markov random walk; NCD: Normal chow
diet; PPI: Protein-protein interaction; WAT: White adipose tissue; WT: Wild type
Acknowledgements
Not applicable.
About this supplement
This article has been published as part of BMC Bioinformatics Volume 20
Supplement 23, 2019: Proceedings of the Joint International GIW & ABACBS-2019
Conference: bioinformatics. The full contents of the supplement are available
online at https://bmcbioinformatics.biomedcentral.com/articles/
supplements/volume-20-supplement-23.
Authors’ contributions
B. Hur and D. Kang constructed the web application of Venn-diaNet. S. Lee
thoroughly advised and discussed the theory and methods of Venn-diaNet

Page 11 of 12

J.H. Moon discussed and revised the manuscript and figures of the
Venn-diaNet S. Kim designed and supervised the research project and edited
the paper. Every other analysis and development was done by B. Hur. All
authors read and approved the final manuscript.
Funding
This publication has been funded by (i) Next-Generation Information
Computing Development Program through the National Research
Foundation of Korea (NRF) the Ministry of Science ICT (MSIT)
(No.NRF-2017M3C4A7065887), (ii) The Collaborative Genome Program for
Fostering New Post-Genome Industry of the National Research Foundation
(NRF), the Ministry of Science and ICT (MSIT) (No.NRF2014M3C9A3063541),
and (iii) a grant of the Korea Health Technology R&D Project through the Korea
Health Industry Development Institute (KHIDI) the Ministry of Health & Welfare,
Republic of Korea (Grant number: HI15C3224).
Availability of data and materials
Public dataset analyzed during the study were retrieved from the GEO
repository or from the supplementary data from the original papers. Dataset1,
supplementary information : https://www.cell.com/cell-metabolism/fulltext/
S1550-4131(10)00357-8 Dataset2, supporting information : https://www.pnas.
org/content/114/43/E9076/tab-figures-data Dataset3, GSE63268 : https://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE63268 We summarized the
DEG lists that are used for the validation of Venn-diaNet at: https://github.
com/hurben/venndianet_analysis.
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Author details
1 Interdisciplinary Program in Bioinformatics, Seoul National University, 1
Gwanak-ro, Seoul, Korea. 2 Department of Computer Science and Engineering,
1 Gwanak-ro, Seoul, Korea. 3 Bioinformatics Institute, Seoul National University,
1 Gwanak-ro, Seoul, Korea. 4 National Creative Research Initiatives Center for
Adipose Tissue Remodeling, Institute of Molecular Biology and Genetics,
Department of Biological Sciences, Seoul National University, 1 Gwanak-ro,
Seoul, Korea.
Received: 19 November 2019 Accepted: 2 December 2019
Published: 27 December 2019
References
1. Kestler HA, Müller A, Gress TM, Buchholz M. Generalized venn diagrams:
a new method of visualizing complex genetic set relations.
Bioinformatics. 2004;21(8):1592–5.
2. Martin B, Chadwick W, Yi T, Park S-S, Lu D, Ni B, Gadkaree S, Farhang K,
Becker KG, Maudsley S. Vennture–a novel venn diagram investigational
tool for multiple pharmacological dataset analysis. Plos one. 2012;7(5):
36911.
3. Kestler HA, Müller A, Kraus JM, Buchholz M, Gress TM, Liu H, Kane DW,
Zeeberg BR, Weinstein JN. Vennmaster: area-proportional euler diagrams
for functional go analysis of microarrays. BMC Bioinformatics. 2008;9(1):67.
4. Oliveros JC. An interactive tool for comparing lists with Venn Diagrams.
http://bioinfogp.cnb.csic.es/tools/venny/index.html. Accessed 2019.
5. Chen H, Boutros PC. Venndiagram: a package for the generation of
highly-customizable venn and euler diagrams in r. BMC Bioinformatics.
2011;12(1):35.
6. Heberle H, Meirelles GV, da Silva FR, Telles GP, Minghim R. Interactivenn:
a web-based tool for the analysis of sets through venn diagrams. BMC
Bioinformatics. 2015;16(1):169.
7. Hulsen T, de Vlieg J, Alkema W. Biovenn–a web application for the
comparison and visualization of biological lists using area-proportional
venn diagrams. BMC Genomics. 2008;9(1):488.

Hur et al. BMC Bioinformatics 2019, 20(Suppl 23):667

8.
9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

Wang Y, Thilmony R, Gu YQ. Netvenn: an integrated network analysis
web platform for gene lists. Nucleic Acids Res. 2014;42(W1):161–6.
Jeggari A, Alekseenko Z, Petrov I, Dias JM, Ericson J, Alexeyenko A.
Evinet: a web platform for network enrichment analysis with flexible
definition of gene sets. Nucleic Acids Res. 2018;46(W1):163–70.
Cowen L, Ideker T, Raphael BJ, Sharan R. Network propagation: a
universal amplifier of genetic associations. Nature Rev Genet. 2017;18(9):
551.
Li Y, Patra JC. Genome-wide inferring gene–phenotype relationship by
walking on the heterogeneous network. Bioinformatics. 2010;26(9):
1219–24.
Smedley D, Köhler S, Czeschik JC, Amberger J, Bocchini C, Hamosh A,
Veldboer J, Zemojtel T, Robinson PN. Walking the interactome for
candidate prioritization in exome sequencing studies of mendelian
diseases. Bioinformatics. 2014;30(22):3215–22.
Köhler S, Bauer S, Horn D, Robinson PN. Walking the interactome for
prioritization of candidate disease genes. Am J Human Genet. 2008;82(4):
949–58.
Vanunu O, Magger O, Ruppin E, Shlomi T, Sharan R. Associating genes
and protein complexes with disease via network propagation. PLoS
Comput Biol. 2010;6(1):1000641.
Lee I, Blom UM, Wang PI, Shim JE, Marcotte EM. Prioritizing candidate
disease genes by network-based boosting of genome-wide association
data. Genome Res. 2011;21(7):1109–1121.
Chen J, Aronow BJ, Jegga AG. Disease candidate gene identification and
prioritization using protein interaction networks. BMC Bioinformatics.
2009;10(1):73.
Chen JY, Shen C, Sivachenko AY. Mining alzheimer disease relevant
proteins from integrated protein interactome data. Biocomputing.
2006;2006:367–78.
Szklarczyk D, Franceschini A, Wyder S, Forslund K, Heller D,
Huerta-Cepas J, Simonovic M, Roth A, Santos A, Tsafou KP, et al. String
v10: protein–protein interaction networks, integrated over the tree of life.
Nucleic Acids Res. 2014;43(D1):447–52.
Dirmeier S. Diffusr: Network Diffusion Algorithms. R package version 0.1.4.
2018. https://CRAN.R-project.org/package=diffusr.
Edgar R, Domrachev M, Lash AE. Gene expression omnibus: Ncbi gene
expression and hybridization array data repository. Nucleic Acids Res.
2002;30(1):207–10.
Grimaldi B, Bellet MM, Katada S, Astarita G, Hirayama J, Amin RH,
Granneman JG, Piomelli D, Leff T, Sassone-Corsi P. Per2 controls lipid
metabolism by direct regulation of pparγ . Cell Metabolism. 2010;12(5):
509–20.
Huang DW, Sherman BT, Lempicki RA. Bioinformatics enrichment tools:
paths toward the comprehensive functional analysis of large gene lists.
Nucleic Acids Res. 2008;37(1):1–13.
Huang DW, Sherman BT, Lempicki RA. Systematic and integrative
analysis of large gene lists using david bioinformatics resources. Nature
Protocols. 2008;4(1):44.
Spurgeon ME, den Boon JA, Horswill M, Barthakur S, Forouzan O, Rader
JS, Beebe DJ, Roopra A, Ahlquist P, Lambert PF. Human papillomavirus
oncogenes reprogram the cervical cancer microenvironment
independently of and synergistically with estrogen. Proceedings of the
National Academy of Sciences. 2017;114(43):E9076–E9085.
Woodby B, Scott M, Bodily J. The interaction between human
papillomaviruses and the stromal microenvironment. Progress Mole Biol
Transl Sci. 2016;144:169–238.
Zom GG, Welters MJ, Loof NM, Goedemans R, Lougheed S, Valentijn
RR, Zandvliet ML, Meeuwenoord NJ, Melief CJ, de Gruijl TD, et al. Tlr2
ligand-synthetic long peptide conjugates effectively stimulate
tumor-draining lymph node t cells of cervical cancer patients.
Oncotarget. 2016;7(41):67087.
Halec G, Scott ME, Farhat S, Darragh TM, Moscicki A-B. Toll-like
receptors: Important immune checkpoints in the regression of cervical
intra-epithelial neoplasia 2. Int J Canc. 2018;143(11):2884–91.
Yang S, Liu L, Xu D, Li X. The relationship of the tlr9 and tlr2 genetic
polymorphisms with cervical cancer risk: a meta-analysis of case-control
studies. Pathol Oncol Res. 20181–9. https://doi.org/10.1007/s12253-0180465-x.

Page 12 of 12

29. Cheng R-J, Deng W-G, Niu C-B, Li Y-Y, Fu Y. Expression of macrophage
migration inhibitory factor and cd74 in cervical squamous cell carcinoma.
Int J Gynecol Canc. 2011;21(6):1004–12.
30. Klymenko T, Gu Q, Herbert I, Stevenson A, Iliev V, Watkins G, Pollock C,
Bhatia R, Cuschieri K, Herzyk P, et al. Rnaseq analysis of differentiated
keratinocytes reveals a massive response to late events during human
papillomavirus type 16 infection, including loss of epithelial barrier
function. J Virol. 2017;91(24):e01001–17.
31. Viac J, Chardonnet Y, Euvrard S, Schmitt D. Epidermotropism of t cells
correlates with intercellular adhesion molecule (icami) expression in
human papillomavirus (hpv)-induced lesions. J Pathol. 1992;168(3):301–6.
32. Julien SG, Kim S-Y, Brunmeir R, Sinnakannu JR, Ge X, Li H, Ma W, Yaligar
J, KN BP, Velan SS, et al. Narciclasine attenuates diet-induced obesity by
promoting oxidative metabolism in skeletal muscle. PLoS Biol. 2017;15(2):
1002597.
33. Frederickson B. venn.js. GitHub. 2018. https://github.com/benfred/venn.
js. Accessed 2019.
34. Kang D. Project Title. GitHub. 2018. https://github.com/kuna/d3.
venngraph.js. Accessed 2019.
35. Moreau Y, Tranchevent L-C. Computational tools for prioritizing
candidate genes: boosting disease gene discovery. Nature Rev Genet.
2012;13(8):523.
36. Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, Zahler AM,
Haussler D. The human genome browser at ucsc. Genome Res.
2002;12(6):996–1006.
37. Leng N, Dawson JA, Thomson JA, Ruotti V, Rissman AI, Smits BM, Haag
JD, Gould MN, Stewart RM, Kendziorski C. Ebseq: an empirical bayes
hierarchical model for inference in rna-seq experiments. Bioinformatics.
2013;29(8):1035–43.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

