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ABSTRACT

Background: We previously introduced a method
based on post hoc pairwise comparisons to analyze
gene expression responses. This method utilized di-
rected graphs to represent gene response to all treat-
ment pairs. It has been found useful in identifying
structure-activity relationships among drugs and dif-
ferentiating genes sharing similar functional path-
ways. Directed graphs are descriptive, visually ex-
pressive and can benefit subsequent functional analy-
sis. Results: mDAG is a web-based software package
based on this established method for the analysis,
visualization, and interpretation of patterns of re-
sponses in gene expression data involving multiple
treatments. Genes with the same directed graph pat-
terns hypothetically share similar biological function,
which may be further analyzed using external tools.
To facilitate subsequent functional analysis, several
well-known tools have been incorporated into mDAG
to help users explore hypotheses about gene function
and regulation. This tool is useful for any studies that
analyze comparatively response patterns in gene ex-
pression data with multiple treatments (chemicals,
cell types, etc.). Availability: The (server/personal/de-
mo) software is freely available at

http://cetus.cs. memphis.edu/mdag.
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1. INTRODUCTION

In gene expression studies with many treatments (e.g.
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[1,2]), it is desirable to employ a post hoc approach in
which only k groups of gene expression values are

k(k-1)
2

a gene responds to all pairs of treatments. A number of
post hoc approaches, such as [3,4], employed ternary
digits to represent patterns of gene response. Although
ternary-digit patterns are concise and have been found
useful in calculating the statistical significance of ob-
served response patterns, they are harder to interpret and
visualize. Instead of ternary digits, recent studies ex-
ploited directed graphs to represent patterns of gene re-
sponse to all treatment pairs, such as [5,6]. In this ap-
proach, vertices represent treatments and edges represent
how a gene responds to all pairs of treatments. The au-
thors showed that this representation made it possible to
reason about the accuracy of response as a function of
sample size. Specifically, as the number of samples (rep-
licates) increases, gene patterns are more likely contrac-
tible. Moreover, representing patterns of gene response
as directed graphs makes it possible to visualize how
genes respond to all treatment pairs and to identify effec-
tively primary responses and secondary responses of any
particular subset of treatments of interest. This work led
to the creation of a software package that allows visuali-
zation of gene responses and a visual distinction between
possibly accurate response patterns (for genes whose
replicates are sufficient) and possibly unreliable response
patterns (for genes whose replicate maybe insufficient).
To the best our knowledge, there has been no similar tool
that assists researchers visualize how genes respond to
multiple treatments.

mDAG is a web-based software that implements this
approach. It allows users to analyze and visualize gene
response patterns represented as directed graphs. Genes

measured and tests are made to compare how
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with same directed-graph response patterns are grouped
together and linked to external resources, such as DAVID
[7], GeneMANIA [8], and GCAT [9], for functional
analyses. The software is configurable as a stand-alone
application for individual usage, or as an online service
on a server for group usage. At this release, the software
assumes microarray data as inputs. Subsequent releases
will allow data from other technologies that measure
gene expression levels.

2. METHOD
2.1. Response Graphs

Give gene expression data of k treatment groups, each
having multiple replicates, significantly differentially
expressed genes are selected. Then, each gene is assigned
a directed-graph pattern or response graph, in which each
vertex represent a treatment group and edges represent
how the gene responds to treatment pairs. Edges are de
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tices A and B, a Wilcoxon rank sum test considers
replicate data of treatments A and B and determines
how the gene responds comparatively to A and B. If
the gene is expressed statistically significantly higher
under A than B, then the edge A— B is estab-
lished. Conversely, if the gene is expressed statistically
significantly higher under B than A, then the edge
B — A is established. When the test cannot distinguish
how the gene responds comparatively to A and B,
there is no edge between A and B in the graph. De-
tails can be found in [6].

fined by statistical tests. Given a pair of ver-

2.2. Assessing Confidence of Observed Patterns

Response graphs capture exactly primary and secondary
patterns of gene responses to all treatment pairs. To help
users assess confidence in observed patterns, two types
of directed graph patterns are identified: contractible and
non-contractible. A graph is said to be contractible if and
only if non-adjacent vertices are equivalent, in the sense
that their incoming vertices are identical and their out-
going vertices are also identical. Figure 1 shows exam-
ples of contractible and non-contractible graphs. As
shown in [6] and validated in [10], contractible patterns
are more likely to be accurate, whereas non-contractible
patterns are inaccurate due to having too few samples.
Contractible patterns are also more easily interpreted. As
an example, genes bearing the pattern shown in Figure
1(B) are unaffected by treatment 3 and down-regulated
by treatments 1 and 2; these genes also respond more
strongly to treatment 2 compared to treatment 1. Our
recent work [5] shows the utility of the contractibility of
graphs to make inference about patterns of gene re-
sponse.

Copyright © 2013 SciRes.
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Figure 1. Examples of graph patterns based on control and 3
hypothetical treatments. (A) a non-contractible graph; (B) a
contractible graph, which codifies genes unaffected by treat-
ment 3 and down-regulated by treatments 1 and 2.

3. IMPLEMENTATION

mDAG is written in Python, developed based on a web
framework known as web2py, and support most popular
browsers. For database storage, it can be configured to
use SQLite, MySQL, Postgres, or a variety of database
management systems. mDAG needs a minimum re-
quirement that includes a pre-installed Python 2.6+ and
Graphviz, an open source graph visualization software. It
has an own scheduler program to manage requests pro-
perly as well as exploit computer resources effectively to
perform requests. It can be configured as a stand-alone
application for personal usage or installed on a server for
group usage.

4. RESULTS

To illustrate the utility of the software, we simulated
three sample datasets from a gene expression dataset of
rats’ liver tissues [6]. The original dataset includes 12906
genes with control and three treatments and 5 replicates
per treatment (including control). The simulated datasets
have 8, 10, and 12 treatments (including control), respec-
tively. To be convenient for manipulating with these
datasets, we denote control by C and treatments by
numbers (1 to 7 for the first, 1 to 9 for the second, and 1
to 11 for the third dataset).

4.1. Recognizing Contractible Patterns

To help users interpret patterns of gene responses, the
software distinguishes two types of directed graph pat-
terns: contractible and non-contractible patterns. The
reason for differentiating these kinds of patterns is that as
shown in [6], contractible patterns are more likely to be
true patterns and can be interpreted unambiguously.

For example, consider Figure 2, which shows four sel-
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Figure 2. Examples of response graphs: (a) a non-contractible
pattern with control and 7 treatments; ((b)-(d)) contractible
patterns with control and 7, 9, and 11 treatments, respectively.

ected patterns from an analysis with 8, 71, 7, and 23 ge-
nes, respectively. We see that pattern A is non-contrac-
tible and patterns B, C, and D are contractible. Non-con-
tractible pattern A is ambiguous in that, for example,
genes having this pattern respond indistinguishably to
both treatment pairs 3 & 5, and 5 & 2, and yet they re-
spond more to treatment 3 than to treatment 2. On the
other hand, contractible pattern B captures precisely how
genes respond to all treatments. The response can be
unambiguously linearized as follows:
{6:C}>{5:1}>{2:4:3:7}. This means that the 71
genes in pattern B are not affected by treatment 6, and
are down-regulated by treatments 5,1,2,4,3,7, but more
so by treatments 2,4,3,7. Further, these genes respond
indistinguishably to treatments 5 & 1, and to treatments 2,
4, 3, & 7. We can similarly and unambiguously interpret
contractible patterns C and D.

For user convenience, the software distinguishes cont-
ractible and non-contractible patterns. For contractible
patterns, the linearized responses are depicted.

4.2. Filtering to Identify Secondary Responses

Users are able to analyze further gene clusters by filte-
ring patterns based on how genes respond specifically to
individual treatments: affected or not affected, up-regu-
lated or down-regulated by a treatment. Users can also
filter patterns for a group of genes indicated by Probeset
IDs, Gene Symbols, UniGene IDs, or Accession Num-
bers. Figure 3 shows how to filter patterns with gene
response criteria (the left side) and how to filter patterns
for a group of genes with proper identifiers (the right
side).

Additionally, to facilitate gene cluster analyses, patt-

Copyright © 2013 SciRes.
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Figure 3. Filtering to identify secondary responses. Left: fil-
tering based on treatment effect: up-regulated, down-regulated,
affected, not affected, or any; Right: filtering based on Probset
IDs.

erns of gene responses are pre-grouped into meta-clusters.
A meta-cluster at k-level can be defined as a group of
genes that have k groups of equivalent treatments (that
can be one or more treatments). Each meta-cluster can
consist of several directed graph patterns. Currently, our
software shows first level meta-clusters, which includes
all genes that have one group of equivalent treatments.
For example, patterns in Figures 2(a) and (b) (see Sec-
tion 4.1) share the same meta-cluster “<{6: C}”. We can
also account for up-down responses for meta-clusters, in
this case, pattern in Figure 2(b) has the meta-cluster
“>{2:4:3:7}".

4.3. Functional Analyses

Genes sharing same directed-graph patterns hypothetic-
ally share similar biological function. To facilitate func-
tional analyses, the software incorporates other tools that
are well known for this task. Each cluster of genes with
same patterns can be analyzed further via three external
well-established tools with quite different approaches
DAVID [7], GeneMANIA [8], and GCAT [9]. Figure 4
(the upper part) shows how to use these tools with our
software.

Users are also able to link genes in patterns to NCBI
resources by using their identifiers such as Probset IDs,
Gene Symbols, UniGene IDs, or Accession Numbers.
Figure 4 (the lower part) shows how to link to these re-
sources from our software. Tools with well-defined APIs
will be continually incorporated into the software. To
facilitate subsequence analyses, the software also shows
P-value and fold change for each gene. In the future, we
will make users be able to set fold change threshold in
the software by themselves. In this case, the edge
A— B (B— A) will be established if and only if the
gene is expressed statistically significantly higher under
A (B) than under B (A), and fold change is higher
than the given threshold. Otherwise, there is no edge
between A and B.

5. CONCLUSION

We introduced a novel web-based software to facilitate
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1369206_at Cpb2 Rn.12572 NM_053617 0.005 ['1.83','1.38', "1.15', '1.38
"1.83', 1.0, "1.15
1368536_at Enpp2 Rn.20403 NM_057104  0.005 ['2.78', '1.53', '0.86', '1.53
'2.78', 1.0/, '0.981]
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'1.39', 1.0, 1.021]
1368323_at Tipi Rn.15795 NM_017200 0.005 ['1.59', '1.21', '0.95', '1.21'
'1.59', "1.0', 0.951

Figure 4. Functional analyses of genes with same patterns.
Upper: analyzing biological functions of patterns by transfer-
ring their gene lists to proper external tools with several options;
Lower: checking information of genes in patterns by linking
genes to NCBI resources using their identifiers.

comparative gene-expression studies involving multiple
treatments. This tool uses directed graphs to represent
patterns of gene response to treatments in such a way
that these response patterns are descriptive and visually
informative. We showed how to use the software to in-
terpret patterns of gene response, filter these patterns to
identify secondary responses, and how to perform func-
tional analyses for genes with same patterns. mDAG has
features to help users analyze, organize and manage data
conveniently and can be easily configured for personal or
group usage.
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