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ORIGINAL ARTICLE

Interactive visual analysis of time-series
microarray data

Abstract Estimating dynamic
regulatory pathways using DNA
microarray time-series can provide
invaluable information about the
dynamic interactions among genes
and result in new methods of rational
drug design. Even though several
purely computational methods have
been introduced for DNA pathway
analysis, most of these techniques
do not provide a fully interactive
method to explore and analyze
these dynamic interactions in detail,
which is necessary to obtain a full
understanding. In this paper, we
present a unified modeling and
visual approach focusing on visual
analysis of gene regulatory pathways
over time. As a preliminary step
in analyzing the gene interactions,
the method applies two different
techniques, a clustering algorithm
and an auto regressive (AR) model.
This approach provides a successful
prediction of the dynamic pathways
involved in the biological process
under study. At this level, these
pure computational techniques
lack the transparency required for
analysis and understanding of the

1 Introduction
Improving medicine and human health is the primary
goal of life scientists. To significantly improve medicine
and human health, a more detailed understanding of the
vast networks of molecules and interactions among these

gene interactions. To overcome the
limitations, we have designed a visual
analysis method that applies several
visualization techniques, including
pixel-based gene representation,
animation, and multi-dimensional
scaling (MDS), in a new way. This
visual analysis framework allows the
user to quickly and thoroughly search
for and find the dynamic interactions
among genes, highlight interesting
gene information, show the detailed
annotations of the selected genes,
compare regulatory behaviors for
different genes, and support gene
sequence analysis for the interesting genes. In order to enhance
these analysis capabilities, several
methods are enabled, providing
a simple graph display, a pixelbased gene visualization technique,
and a relation-displaying technique
among gene expressions and gene
regulatory pathways.
Keywords Visual analysis ·
Information visualization ·
Microarray anaysis · Bioinformatics

molecules as well as their interactions with different types
of drugs is required. A more quantitative knowledge of dynamic gene regulatory pathways, i.e., the gene interactions
through time, can provide an understanding of the timedependent enhancement and suppression of gene activities
and drug effectiveness. Dynamic modeling is a process

D.H. Jeong et al.

through which the future of a set of variables is predicted
based on the present and past values of the same variables
as well as other variables. Such a modeling process not
only allows the investigation of time-based interactions
among physical/biological phenomena but also provides
a framework to explore properties such as stability and dynamic network connectivity. Using such a model one can
predict, for instance, how a particular drug can “turn on or
off” a certain gene or group of genes and what combinations of drugs may be more effective over a certain period
of time. However, since dynamic biological pathways involve highly complex interactions among the genes, visual
representations are necessary to facilitate the exploratory
analysis and understanding of these interactions.
A clustering approach is the most popular method
for discovering the global relationships among gene expressions or gene interactions [14, 21]. Even though it
has the advantage of having relatively low computational cost, it cannot be used to investigate and predict
the time-dependent gene networks and interactions [26].
While many different methods for DNA data analysis
have been proposed (see details in Sect. 2), including several for microarray data, there is little work that has been
done on detailed analysis of time-series DNA microarray
data [49].
In this paper we present a new visualization-based
framework with emphasis on temporal feature display and
visual analysis on time-series microarray data. In particular, the framework applies a gene regulatory pathway
(e.g., gene regulatory network) prediction method to predict the gene expressions over time. Although similar in
nature to the combined models in [24, 25], our method
applies a clustering method to group the gene pool into

a number of biologically-meaningful clusters. Then an
auto-regressive (AR) model is used to relate the expression levels of each prototype in time t to the expression levels of other prototypes in previous times. The AR
model is one of the broadly used linear prediction methods
that predict the output of a system based on its previous
values [12, 13].
Based on our combined model (a mixture of clustering
and AR model), the visual analysis framework has been
designed to support finding known and unknown gene interactions as well as understanding individual genes in
detail (The overall layout of the visual analysis system
is shown in Fig. 1). In the framework design, we define two steps: visual representation and visual analysis.
Although both are broadly used terms in the visualization domain, we define them as follows: visual representation serves the major role of displaying visual entities in a visual space (2D or 3D) and visual analysis
supports the user’s interactive understanding of visualized entities and their relationships (see Sect. 5 for detail).
In the following sections, several design properties and
techniques used in the framework will be described further:
– Biological pathways and prediction techniques used in
our model,
– Representation methods on gene interactions and clustered pathway information over time,
– A novel overview and detail-view approach with which
the user can employ interactive analysis to create new
understandings of dynamic pathways, gene properties,
and relationships,

Fig. 1. The overall layout of the visual analysis system, which consists of two main windows: one (left) is for showing regulatory pathway
information depending on time, and the other (right) is for providing interactive analysis of gene information using pixel-based and linegraph visualizations and textual annotations
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– Design schemes used in the detail view to continuously
reveal the patterns and relations using simple graph
drawing and pixel-based representation techniques,
– An integrated analysis tool that can be launched and
whose results can then be compared.
That this framework is both efficient and effective in
the analysis of time-series microarray data as a complex
multi-step process, is supported by the insights described
in Sect. 8.
The rest of the paper is organized as follows. In Sect. 2,
general knowledge about biological pathways is introduced. Section 3 provides a detailed description of existing microarray analysis methods as well as visualization
techniques. In Sect. 4, a detail explanation on applied dynamic modeling of time-series microarray data is given.
Section 5 gives an overview of our designed model. In
Sects. 6 and 7, several interactive visual analyzing techniques are briefly described. Section 8 provides insights
gained on some microarray data while using our visual
analysis framework. Finally, conclusions and future work
are offered.

2 Modeling biological pathways
In many biological systems and regulatory networks, gene
expression levels measured across different time points
during a given biological process provide insights into
the underlying system. As such, more and more DNA
microarray time-series are being used to determine a potential regulatory relationship among genes. Experimentations using DNA microarray chips provide large amounts
of information on gene expressions data through mRNA
transcripts. One of the challenges in microarray analysis
is to discover the dynamic relationships and interactions
among expressions. Estimating a gene regulatory network
by processing DNA microarray time-series is a process in
which microarray time-series data are examined to identify the transcriptional regulation relationships among various genes, especially considering the temporal patterns
of gene expressions. Several statistical methods have been
designed to address this problem. A common approach
when analyzing the gene expressions is to combine the
gene expression profiles into a single row vector such as
x i = [x i1 , . . . , x ij , . . . , x in ] where x ij is the gene expression level at time j for gene i, and n is the total number
of experiments in time. In gene-regulatory networks, there
are two types of regulatory events among genes, activation and inhibition. Activation means that the expression
level of the output gene is increased in the presence of
the activator; while inhibition indicates that the expression
level of the influenced gene is reduced. Even though it
is important to understand gene-regulatory events in microarray analysis, it is difficult to find the regulatory events
using existing methods. One promising direction for gain-

ing such understanding in microarray analysis is to use
visual analytical tools as described in Sect. 3.

3 Previous work
There are a few studies focusing on the temporal regulatory properties of microarray data. Some such approaches
include: correlation analysis [14], Boolean networks [39],
Bayesian networks [18], dynamic Bayesian networks [29],
etc. These methods have proved to be useful in finding
the regulatory network for certain applications. However,
considering the small number of time steps in typical microarray time series and the large number of genes involved in many biological processes, the parameters calculated in these methods may not be reliable [49]. Instead
of using computationally complicated approaches, several
researchers addressed the efficiency of using signal processing models in understanding time-series microarray
data [12, 39].
Although statistical methods and signal processing
models are useful to understanding gene interactions and
regulatory events, it is still difficult to utilize all features in microarray analysis. To address this limitation,
several pathway visualization applications supporting the
understanding of the functions of genes have been designed. The most broadly used applications are KnowledgeEditor [43], GenMAPP [11], GeneSpring [19], PathwayStudio (formerly known as PathwayAssist) [27], etc.
KnowledgeEditor is useful to model and analyze biological pathways directly creating biomolecular network
graphs in order to find molecular interactions, but it has no
prediction capability. GenMAPP is freely downloadable
and widely distributed. It visualizes gene expression data
on maps representing biological pathways and groupings
of genes. Commercial applications such as GeneSpring
and PathwayStudio are efficient at permitting the user to
create her own gene pathways and find interconnections
between genes. Genespring in particular is designed to
produce scatter plots as well as correlation values. Although these tools are useful for certain microarray analysis, they do not fully support understanding of gene interconnections in highly interconnected pathways or analyzing time-series microarray data. Because of this limitation,
several researchers tried to design visualization applications supporting the analysis of time-series microarray
data.
Craig et al. [9] introduced a technique which displays
all continuous temporal features of microarray data. They
designed a tool (called time-series explorer [10]), with
which users easily can find similar and important patterns on time-series data. Peterson [30] addressed the difficulty of analyzing time-series microarray data by proposing a technique which changes the coordinate system
using principal component analysis (PCA) in order to help
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in observing dynamic behaviors of the data. Symeonidis
et al. [41] designed a technique visualizing clusters of
genes as a crossing-free graph. Even though their work is
good in understanding and finding the important patterns
on time-series microarray data, they have not addressed
the needs of predicting the pathway values and analyzing
gene sequences.
Due to the lack of suitable logical connections between
existing analytical tools and the visualization tools, the use
of these visualization tools has not proved as insightful
as it could be. However, evaluation has been applied to
provide the basic requirements in considering human computer interaction (HCI) methods for pathway visualization
systems [37]. Unfortunately, many of such requirements
have not been followed in existing visualization applications. Eisenstein [15] described several technical features
that should be in microarray analysis applications and
pointed out that “the major objective of microarray experiments is not to generate endless spreadsheets and scatterplots, but to produce data that can be used to formulate
an understanding of biological events.” In designing our
visualization system, we have kept in mind all these requirements and guidelines in order to maximize the user’s
understanding of biological interactions.
As mentioned previously, we use a signal processing
model by combining an auto regressive (AR) model [44]
and a clustering method. In contrast to other methods, our
model is useful in analyzing and predicting the dynamic
behaviors of time-series microarray data. Even though the
method is designed to predict the signal patterns and dynamic interactions, understanding and analyzing the information produced by the model may not be straightforward. In particular, concepts such as cluster prototypes,
time steps, and excitatory/inhibitory interactions need to
be effectively presented to users [49]. To address these
needs, we use visualization techniques to find important
patterns, preserve temporal features of time-series microarray data, and analyze gene expressions interactively.

4 A dynamic model
To develop a dynamic model of gene regulatory interactions, we have created a combined technique consisting
of auto regressive (AR) modeling [44] and a clustering
method. Since almost all biological pathways are composed of a large number of genes, the approach of applying the AR model directly to the individual genes is
not computationally feasible. That is, the number of genes
in a biological process is often so large that it is impossible to develop reliable AR models for the typically short
time-series microarray data while directly incorporating
all genes as individual AR variables. To address this issue,
we exploit the fact that many genes behave very similarly in the biological sense and therefore can be clustered
together before dynamic modelling. As a pre-processing

step, K-means clustering is used to group the gene pool
into a number of biologically meaningful clusters. Each
of these gene clusters is represented by a prototype that
reflects the overall time trends of the cluster. After the
preprocessing step, the AR model is applied on each cluster as opposed to individual genes. Since the number of
clusters is small enough, the AR model can be reliably developed for the prototypes. The model relates the future
expression level of the prototype clusters to the values of
the prototypes in past time step (s). The model also considers uncertainty inherent to the model by considering
a noise factor (e). In its most general form, the model is
a linear system of difference equations:
yi (t) = −ai11 y1 (t − 1) − · · · − ai1n 1i y1 (t − n 1i )
− ai21 y2 (t − 1) − · · · − ai2n 2i y1 (t − n 2i )
...
− ai p1 y p (t − 1) − · · · − ai pn pi y1 (t − n pi ) + ei (t),
where yi (t) is the expression level of prototype i at time t,
n ji is the maximum time span of the interactions between
prototype of cluster i and prototype of cluster j, coefficients aik j ’s are the parameters of the model, and ei (t) is
the noise factor.
In this paper, we use a dataset containing the timeseries expression values of approximately 200 genes involved in the cell cycle of the budding yeast S. Cerevisiae [7]. The gene expression values were collected in
17 time points. It is known that there are five major phases
in cell cycle development: early G1 phase, late G1 phase,
S phase, G2 phase and M phase. In each phase only genes
whose biological functions correspond to the changes occurring in that phase are active. Based on the known biologically distinctive functions of these five phases, it is
reasonable to cluster the genes into five clusters. The results show that the model can very accurately predict the
expression values of almost all genes in the future steps
(see [12] for detail).
The main application of this dynamic modeling method
is twofold. First a dynamic regulatory network governing
the quantitative interactions among the prototypes of the
main biological trends can be obtained, i.e., the model discovers the effects of each gene group on itself and on other
groups in time. Secondly, by using the resulting dynamic
network, the expression level of each gene at time t can
be predicted based on its expression level and expression
level of other genes.

5 Designing a visualization model
We define several major steps to be followed and use them
to form our system (Fig. 2).
In microarray data analysis, one must find the biological meanings of the discovered genes. To support find-
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Fig. 2. Major steps in visual analysis of time-series microarray data

ing the biological meanings, two different approaches,
gene sequence analysis and statistical analysis, are typically used. Sequence analysis is performed on the gene
sequences to find similar sequential patterns or regulatory
sequences, some of which have been previously studied
and annotated. Statistical analysis is done using microarray data to identify the regulatory networks or cyclic
genes. While statistical analysis can be performed alone
without understanding the gene sequences, it is still necessary to consider the gene sequences because sequence
analysis can assist in finding the most related genes (regulatory sequences) to the biological system and provide the
molecular basis for understanding the detailed gene interactions. Therefore, gene sequence analysis and statistical
analysis on microarray data often have to be performed
together to understand gene function in detail [40]. This
process is usually followed iteratively until relevant knowledge is found. The knowledge must then be generalized to
help other research scientists understand fully the meaning
of the genes; identified cyclic genes, regulatory events of
activation or inhibition, etc.
In developing the visual analysis framework, we design methods supporting each analysis in Fig. 2 and the
overall iterative process. In particular, we define two steps,
visual representation and visual analysis in our system.
Visual representation is a preliminary step which can
provide the user a general understanding of biological
pathways in display space. Since biological pathways are
highly complicated, we use both 2D and 3D representations. These representations are designed for interactive
analysis. In the 3D view, the analyzed data (clustered pathway information) are directly mapped to the visual attributes, while interactive analysis of the genes is shown in
the 2D view. Temporal attributes in time-series microarray
data are carefully managed by preserving clustered gene
expressions in the 3D view as well as each gene’s individual expressions in the 2D view. The major advantage
of using a 3D representation is to increase the possibility of integrating additional visual relations and information into the representation [42]. Animation is added to

maximize efficiency and create a better understanding of
data [33] because it creates an additional display dimension [48]. However, 2D representation has an advantage
of understanding a gene’s detailed biological meanings.
Pixel-based gene representation and positioning are applied to support discriminating a gene’s properties and
understanding its relationships respectively.
Visual analysis is necessary to support exploration of
interactions among clusters, to increase the capabilities
of both exploratory and focused analyses of gene interactions, and to overcome the limitation of cluttered displays. Four different visual interactions are used to facilitate analysis: labeling, detailing, navigation, and focusing & linking. Labeling displays a simple description in
areas of focus. It helps in discriminating the information in
highly cluttered display. Detailing interactively provides
the user with enriched knowledge when requested. Navigation gives the user the ability to move through the visual
layouts at different scales or extents. Focusing & linking
allows comparison between genomic data to find similar
patterns [6].
Based on the above considerations, the visual interface
is designed as shown in Fig. 1. It has two windows. The
user starts with exploration of the cluster time series in the
3D view. As the user focuses on time steps, clusters, or individual genes, the 2D view is dynamically updated. The
user moves back and forth between these windows as she
explores and analyzes. Detailed descriptions of visualization approaches as well as this highly interactive, iterative
process are provided in following sections.

6 Visual representation
6.1 Visualization of clustered gene expressions
Most microarray visualization applications use a visual
form (e.g., glyphs) to represent abstract information. But
there are limitations to what can be accomplished due
to limited display space and the scale and richness of
detail of the data [37]. Several information visualization techniques are relevant to this problem, such as
Overview+detail [42], Focus+context [31], and Pad++ [3].
Multi-scale visualization techniques are appropriate to
manage large and complex microarray data [37]. Following this path, our framework uses multi-scale visualization [20] to effectively and efficiently manage and increase
understanding of the large-amount of microarray data. In
this section, we will explain in detail how we use this
framework for displaying microarray data.
A 3D representation method is used to show the timeseries microarray data. However, since the 3D display can
produce clutter, the selected gene expression values are
laid out simultaneously in 2D (Fig. 3). The 3D representation is efficient in showing the gene expressions at the
successive time step where the current expression level of
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slider bar ranges over all time steps in the dataset. In the
bar, the time series is colored along a gray scale from
white (17th time step) to dark gray (1st time step). As
Wright [48] points out, animation can be an additional dimension to support displaying and analyzing information
datasets in 3D view. Also, it provides a natural mapping
between time and saturation that allows the user to identify positions in the temporal space while permitting color
to be used for other information display. When the user
makes a selection on the bar, a thin blue semi-transparent
box appears at the selected time step. If the user drags
the mouse along the slider bar, the box moves accordingly
along the time steps. Alternatively, the user can grab and
drag the box directly. In either case an animation showing changes over time is produced. In addition, selections
can be made within the box (e.g., a cluster is selected
and its transitional arrows displayed). These selections are
then maintained at later or earlier time steps as the box
is moved around. By employing this animation capability,
the user can quickly analyze and compare behavior in time
with minimal effort [5, 33].
Fig. 3. a Sketch of time-series gene networks for analyzing cluster
number 1; b static graph prototype at 6th temporal point; c direct
mapping onto 2D; d 3D mapping in context of all time steps

prototype i at time t has a regulatory relation (activation or
inhibition) with the prototype j at time t − 1. Each prototype is regarded as a cluster and represented as a 2D circle
or 3D sphere respectively in 2D or 3D view. The perspective view in 3D representation permits the user to maintain
an overall context in time while exploring dynamic interactions in detail.
The radius of the cluster represents the normalized
mean value of the clustered signal pattern. Thus a bigger
sphere or circle represents stronger overall contributions
of the cluster to the regulatory network at that time step.
Also each cluster makes use of a color coding [38] to
enhance visualization of cluster values. When selected,
a cluster changes color to blue. Transitional arrows colored blue indicate positive transitional pathways (activation) between cluster spheres, and arrows colored red
indicate negative transitions (inhibition). That is, the transitional arrows show controls of one cluster over another
with blue indicating enhancement of gene expression and
red indicating suppression. The self-transitional loop indicates a control of the cluster on itself. With this simple
palette, users can quickly discern important pathway differences and the state of the regulatory network over time.
The user can also select individual arrows for quantitative
information.
As shown in Fig. 1 (left), the layouts are accompanied
by a temporal slider bar at the bottom left that supports
animation corresponding to time-series steps, in particular dynamic animation of cluster pathways over time. The

6.2 Visualization of individual gene expressions within
clusters
As mentioned earlier, finding biological meanings is important in microarray data analysis. Even if the visual
layout described above (Sect. 6.1) gives the user a quick
overview of the dynamics of the gene regulatory network,
significantly more details (gene sequences, interactions,
regulatory behaviors, etc.) are needed to understand each
gene. In general, gene (or protein) sequences range about
a few thousand units in length. To manage data for a single
protein sequence and provide contextual pattern information in a useful way, a pixel-based gene representation
method is used. To support a better understanding on gene
interactions and regulatory behaviors, MDS [1] is a useful
technique to effectively represent high dimensional data
in lower dimensional space. In display space, each gene
is positioned depending on its interactions and regulatory
behaviors. All these representations are laid out in their
own sub-windows in the right window of Fig. 1. The user
can select and bring forward the particular sub-windows
desired for current exploration. Additionally, several interactive analyses are provided to increase the understanding
on time-series microarray data and gene interactions. In
this section, techniques used for designing this framework
are described in detail.
6.2.1 Pixel-based gene representation
The pixel-based gene representation is designed to reveal the features of gene sequences. To map from gene
sequences to pixels, space-filling methods [22] are quite
useful because they produce spatial patterns that have consistent locality, even for long gene sequences. Several
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Fig. 4a–d. Pixel-based gene (SWItching deficient (SWI4)) representation with several different color codings; a A (white), C (yellow),
G (orange), T (dark brown) [47], b A (orange), C (blue), G (purple), T (yellow) [36], c A (green), C (blue), G (black), T (red) [34],
and d A (red), C (blue), G (green), T (yellow) [32]. Black space located in left bottom of each image represents the empty part of the
space-filling curve

methods of this type have been designed. Here we use
a Hilbert curve ordering method [4] to arrange sequence
information mapping with color information, since it has
the advantage of providing continuous curves while maintaining good locality of sequence information.
For mapping with gene sequences, we set the Hilbert
curve order to 12 which covers 212 × 212 sizes of gene
sequences. Color coding is then used to represent the sequence information. DNA is a linear polymer made up of
sequences of four nucleotide bases: adenine, guanine, cytosine, and thymine – designated A, G, C, and T. Gene
regulatory pathways can involve hundreds or more genes
from which different proteins can be expressed. Hence,
two different color mapping approaches have been made,
one for the gene sequence and the other for the expressed protein. Originally, pixel-based visualizations on
large scale of data were pioneered by Keim et al. [22, 23].
And a pixel-based gene representation method has been
suggested by Wong et al. [47]. But they did not concern
themselves with finding an efficient color coding for the
gene sequences.
For determining the correct color codes, four commonly used color maps used by other researchers were
tested on the gene transcription complex SWItching deficient (SWI4)1 , a protein involved in the budding yeast
S. Cerevisiae, in order to find the best-mapped color codes.
All images in Fig. 4 are generated using Hilbert curve ordering.
Figure 4 shows mapped images with different color
codes. But it is difficult to understand clearly the represented patterns and features in the sequence. Therefore, a pixel enhancement technique (initially proposed
by Wong et al. [47]) is applied in order to find the best
color mapping method. The pixel enhancement technique
consists of three steps. First, a Gaussian filter is used to
smooth the high-frequency values. And then histogram
equalization is applied to modify the dynamic range and
the contrast of an image depending on color channels (for
example, R, G, and B channels). Finally, saturation values
1

SWI4 acts as a transcriptional activator to regulate late G1-specific transcripts in budding yeast required for DNA synthesis and repair.

are increased using extrapolation as a saturation adjustment technique.
Even though all pixel-enhanced images have similar
results (Fig. 5) with respect to the patterns in terms of
R, G, B color channels, the pixel representations in the
3rd column of Fig. 5, using color codes from (c) in Fig. 4
(A (green), C (blue), G (black), T (red)), show consistent
patterns in all 3 channels. Furthermore, merging all channels and applying saturation adjustment (Fig. 5e and f)
show in clearest detail which area of the image has denser
information for adenine, guanine, cytosine, or thymine,
and what its shape is. We thus apply the result of Fig. 5f in
the following. To arrange the gene images in 2D view, we
must next apply MDS, as discussed next.
It is important to note that this is a simple way to construct gene images. More sophisticated methods, which
might take into account sequence structure and meaning,

Fig. 5a–f. Rows represent several image processing filters and
a pixel enhancement method are applied to pixel maps shown
in Fig. 4 (represented by columns). a Gaussian filtering, b histogram equalization on red channel, c histogram equalization on
green channel, d histogram equalization on blue channel, e merged
all color channels, f saturation adjustment is applied with the saturation value of 2.5
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could be applied. However, the pixel mapping would be
the same.
6.2.2 Data positioning in 2D View
In our framework, we use nonmetric multidimensional
scaling [45]. Based on this method, the dimensions of
time-series data (17 dimensions of timestamps) and gene
sequences (4 dimensions of nucleotide bases) are changed
to two dimensions.
In each case, the first step is to find a monotonic relationship between the dissimilarities. The relationship is
typically found using isotonic regression. In our application, we use Kruskal’s nonmetric phase [45] as isotonic
regression. For the case of gene sequences, we opted for
a simple approach that references the numbers of nucleotides when finding the relationship. First, gene sequences are counted in terms of adenine, guanine, cytosine, and thymine. Based on the counts, the relationship
is determined. Finally, all gene sequences are mapped
onto 4 dimensional distance matrixes and MDS is applied
to map pixel-represented genes (glyphs) to a 2D display
space. Even though more detailed measures of relationship on gene sequences could be applied, this approach is
quick and gives a rough idea of contextual similarity.
Two different MDS representations are considered
with respect to the time-series data. One representation
shows local differences among genes in the same cluster
group (Fig. 6a), while the other shows global differences
among all genes in all the clusters (Fig. 6b). Selections
in Fig. 6a are then highlighted in Fig. 6b. In this way the
user always has a view available that emphasizes local and
global changes over time. The user can then switch attention to a more detailed view for a selected time step
(Fig. 7), where the circles are replaced by glyphs.
In Fig. 7, two different glyph forms are used, the pixelbased representation of gene sequences and a simple line
graph representing the time-series microarray information. As described above, our visual analysis method is
closely tied to the dynamic pathway prediction model. The
line graph display for each gene, where the gene expres-

Fig. 7a–d. Glyph representations of a, b pixel-based gene sequences and c, d graph-based DNA microarray time-series information. Both local analysis (a, c) and global analysis (b, d) are
given. Highlighted glyphs in b, d indicate the genes located in the
selected cluster with respect to other genes

sion level is plotted along the vertical axis and the time
steps along the horizontal axis, provides an option that
emphasizes each gene’s time history. Distances between
genes are then measured according to the similarity of
their line graphs. Hence, there are 4 possible ways to construct gene expression patterns, as indicated in Fig. 7.
From Fig. 7a and b, it is seen that spatial distributions of the local and global gene representations are not
much different. But the spatial distribution of the graphbased representations (Fig. 7c and d), show major differences between local and global analysis, with the latter
case producing highly clumped results. It is thus clear
that clustered data should be analyzed for both local and
global patterns, considering both gene sequence (pixelbased glyphs) and time series (line graph representations),
since these bring out different aspects that can be used
to bring out differences and similarities in gene structure,
function, and regulatory behavior. This point is illuminated further in Sect. 7. Visual analysis methods discussed
next enrich these capabilities.

7 Visual analysis
Fig. 6a,b. Local similarities of time-series data within a cluster
group (a) and global similarities of all time-series data (b). Each
circle indicates time-series data of each gene and the highlighted
circles in b indicate the data having the same clustered group in a

Interaction is a very useful exploration and discovery tool
for large scale or complex data. In our visual analysis
framework, we apply several interaction methods such as
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labeling, navigation (panning, zooming, and scaling), detailing, and focusing & linking. In this section, the interaction methods are described.

user maintain context and keep track of new annotations
even under continuous cursor movement. All these capabilities are incorporated in the navigable view (Fig. 9).

Labeling. To heighten the knowledge content of the glyph
representations in Fig. 7, we need to have a way of showing brief annotations for specific genes such as scientific
name, gene expression values, regulatory events, etc. The
method of excentric labeling has been explored for textual
labeling [16]. It uses the technique of directly attaching
a focus region to the cursor, and annotations are shown
whenever the cursor is passed over glyphs. Although several different excentric labeling techniques have been proposed [16], there are still some drawbacks with respect
to cluttering due to annotations. Also, the method is not
able to show the gene regulatory events, and context may
be lost since the annotations appear and disappear as the
cursor is moved. Therefore, we have designed a modified
labeling technique which adopts the position-shifting operation [8] to show textual information without cluttering.
Manual position shifting is a broadly used technique because it is especially useful in controlling labels in dense
information visualizations. But it requires user efforts to
manually shift the annotations. Instead of using the manual operation, our approach uses an automatic shifting
method. The size of the overlapped region between labels
is measured, then, using a strength based on this size, each
label has a repulsive force against any overlapping label,
so that the labels are pushed apart. This reduces the need
for user attention and effort and permits the high value annotation knowledge to flow unimpeded to the user.
The labels can contain a variety of information. Here
the labels contain gene names and, in the case of the line
graph representation, arrows indicating the point in the
line graph corresponding to the current time step (Fig. 8),
which supports analyzing the microarray time-series details and relations.
Additionally, the labeling technique supports changing
the size of the focus region centered on the cursor, with
which it is useful for showing labels when the scale of
the glyphs is modified or when the user is interested in
a larger or smaller region. The effective rearrangements
and smooth transitions caused by the force fields help the

Navigation. Zoom and pan navigation within the detail
view is designed based on the “Pad” [28] metaphor and
its extension, Pad++ [3, 17]. In this metaphor, the visual
space is considered as an infinite 2D plane (called Pad),
which can be stretched by orders of magnitude at any point
to investigate details. In our previous design of a genomic
visualization system, GVis [20], we found that the technique provides an important capability for finding details
and relations at all scales within a context of thousands
of genomes. By using the Pad++ metaphor, a user can
easily compare objects’ patterns and find their differences
over the whole object space and at multiple scales through
successive pans and zooms. Figure 9 shows zoomed-out
and zoomed-in navigation states. When the glyphs are in
the zoomed-out state, we can find the overall arrangement
of the gene expressions with respect to each other. Upon
zooming in, we can take a close look at the various glyphs
to find complete details in the gene expressions.
Scaling is included in the navigation interactions and is
quite useful since it shows the glyphs at larger or smaller

Fig. 8. A modified excentric labeling provides labels in a focus region. The focus region dynamically changes its location while the
cursor moves over the display. Labels of the objects located in the
focus region are updated smoothly and dynamically depending on
the focus region

Fig. 9. Navigation in the zoomable space provides the capability for smoothly finding and examining interesting data objects in
overview (left) or close-up (right)

Fig. 10. Scaling makes it possible to see the detail of glyphs without disrupting their location information
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scale without changing their positions or the viewpoint
and retaining the overall pattern. Scaling can avoid or reduce overlaps, or increase glyph sizes to show details,
as shown in Fig. 10. Even though navigation and scaling
work well in avoiding overlaps in the display space, there
are still cluttering problems where elements are highly
correlated and thus close to one another. To minimize this
problem, we permit the reordering of overlapped glyphs in
display space. Selected glyphs can be moved to the front
or back with respect to the user’s viewing perspective. In
this way a clear view of the details of a glyph can always
be obtained.
Detailing. Since genomic data may contain large amounts
of knowledge on sequence, active sites, expressed proteins, etc., it is necessary to present this information as
needed. For best focus and efficiency, we provide these
annotations in detailing windows within the display and
attached to the relevant gene glyphs. These pop up in
a “details on demand” mode, upon selection (see Fig. 11).
Each window has a standard format for the text record of
the item, including the standard name, the original DNA
reference name, the sequence start and end, the gene’s
function, the proteins it creates, and so on (Fig. 11). By
panning or scrolling within the pop-up window, text of any
length is accessible to the user. The windows align themselves dynamically in the 2D space, near the glyphs they
represent, so that overlap is minimized as several boxes
are opened. Each window can be positioned into another
location by dragging it. It also can be scaled up or down
to show the text information more clearly or to avoid overlaps.

Focusing & linking. To support gene analysis, the pop-up
window has buttons for pixel-based visualization, linegraph visualization, and BLAST. The BLAST button
launches the sequence analyzing tool called BLAST (the
Basic Local Alignment Search Tool), as described further
below.
Figure 12 shows that this provides a fast and comprehensive view of the available gene sequence information
permitting, for example, comparison between pixel-based
and line graph views for any gene or gene collection. This
close comparison can extend to two or more gene sequences.
As mentioned above, our application incorporates
a widely used sequence matching tool, BLAST, which
detects relationships among sequences that share only isolated regions of similarity [2]. The National Center for
Biotechnology Information (NCBI) provides BLAST utilities such as network-based BLAST, stand-alone BLAST,
etc. When the BLAST button is clicked, network-based
BLAST is launched and searches for similar alignments
in the NCBI database. Depending on the option selected,
results are provided either in terms of alignments with
the selected nucleotide sequence or its expressed proteins,
which are then displayed in the pop-up window (Fig. 13).

Fig. 12. Pixel-based gene representations and line-graph visualization are used at the same time when analyzing genes

Fig. 11. Additional information will be given for further understanding of the selected genes

Fig. 13. The BLAST outputs are shown with protein and nucleotide
sequences (left); a close-up of BLAST output (right) shows similar
sequences aligned for comparison. The window has a capability of
scaling the output to show in detail
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The outputs are aligned in a graphical representation that
permits the user to get overviews or detailed comparisons
by zooming in or out. This is especially useful when finding regulatory elements among genes that were indicated
in the time series line graphs.
To complete the interactive analysis framework, we
have incorporated the GVis system [20]. GVis supports indepth study of the structure and function of the genomes,
genes, and their expressed proteins involved in the dynamic regulatory pathways. This study provides the user
with a natural, more detailed follow-on to the fast exploratory analysis carried out with the above interactive
tools. Thus GVis automatically takes genes selected from
the above analysis and provides detailed comparison of
their fully annotated genome environments with any other
genome environment (which may be selected by iterative applications of BLAST or other comparative analysis
tools). GVis is capable of permitting interactive exploration of tens of thousands (or more) of genomes from
overviews down to the level of the annotated nucleotide
sequences.

8 Biological insights
In this section, we explore what kinds of biological insights can be gained when using our framework by presenting some results from visual exploration of the microarray analysis of gene regulation in budding yeast
S. Cerevisiae.
The user starts by exploring the time series data using
the left side of the interface in Fig. 1. When she focuses
on particular genes, the predicted regulatory pathways are
displayed on the right side of the interface in Fig. 1 in
order to provide a detailed view of dynamic gene regulation. As the user zooms in, the pathway values are
automatically shown when the scale of the window is
large enough to display them on screen. Figure 14 shows

Fig. 14. Two different ways of representing methods: gene expressions of CDC20 (cell division cycle) in cluster 5 (left) and CLN2
(CycLiN) in cluster 1 (right). Red indicates the predicted values and
black represents the original data

Fig. 15. Similar gene expressions (left) and sequence information
(right) are positioned close to each other in visual space

successfully predicted regulatory pathways alongside the
actual observations. This demonstrates that the predicted
pathways can be used even in the absence of the observations. In the predicted pathways, it is important to note that
there is a one-step delay in computing the effect of all prototypes on time-series microarray data (i.e., the prototypes
determine the expression value of the cluster prototype 1
in the next time point). Thus the predicted curve is shifted
with respect to the observations.
In the framework, we provided two different distancebased visualization approaches, direct mapping with cluster information and data positioning with multidimensional scaling. As she explores further, the user brings up
these distance-based visualizations, which provide useful
insights as described next.
Figure 15 shows two different visual layouts of gene
expressions. Even though the genes are nominally different from each other, the visualization indicates that the
genes in question have similar pathways or patterns. This
is important knowledge for directing further investigations. In the left-hand case, we find there is a close-relation
between the genes SEC2 (SECretory) and UNG1 (Uracil
DNA N-Glycosylase). It is known that SEC2 and UNG1
have the same upstream2 of the ATG start codon [46].
On the other hand, in the right-hand case the genes PCL2
(PHO85 CycLin) and RGT2 (restores glucose transport)
have different molecular functions even though they have
similar sequences [35].
This example shows how interactive visualization supports rapid and efficient exploration of the data followed
by zooming in on subtle but important similarities and
differences. The user can then build on these insights by
comparing with other regulatory behavior, looking closely
at the annotated gene sequencing or protein expressions,
as in Figs. 11–13, or launching BLAST to bring up other
annotated genes or proteins for comparative analysis.
Finally, we did some preliminary evaluations with
bioinformaticists that found some strengths and weakness
about the application. Strengths are (1) the capability of
2

Each strand of DNA or RNA has a 5’ end and a 3’ end. Upstream is
the region towards the 5’ end of the strand relative to the position on the
strand.
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using both sequence analysis and pathway analysis in the
microarray data, (2) the ability of discriminating the gene
interactions in terms of local similarity and global similarity, and (3) predicting the pathway values in future
time-stamps. Especially it has been noticed that sequence
analysis while doing pathway analysis might usefully lead
to further analysis on the gene itself. But further study
has to be performed in determining the full use of sequence analysis in pathway analysis. Even though predicting pathway values is quite useful to drug discovery, fully
understanding the concept of predictions in 3D and 2D visual layouts is difficult. Also 3D representation is useful
to understand the concept of pathway analysis, but it has
some limitation in the manipulating of the 3D visual layout with a 2D mouse.

9 Conclusions and future works
In this paper, we designed an interactive analysis framework, with which the user can develop understanding of
the dynamic regulatory pathways among genes by using
visual analysis coupled with a prediction method. The
framework implements a powerful integrated analysis that
supports both understanding of the gene interactions over
time and the understanding of gene function and structure
(through comparative analysis). To support the analyzing
procedures, we developed visual analyses in terms of three
design steps, visual representation and visual analysis. In
the framework, several interactive analysis features are

provided: time-based cluster visualization, pixel-based visualization, simple line-graph layouts, multi-layered navigation tools, and sequence analyzing features. With these
features, a user can quickly and effectively move among
different perspectives to build an understanding of the
time series structure, the gene interactions, their annotations, and their functional meanings. We have given a brief
example of how these biological insights can be obtained
for a particular gene regulation analysis. This integrated
approach is quite important because it supports what the
analyst must do anyway and, up to now, has had to do
laboriously without an integrated set of tools.
Our future work is to extend the application to display correlative analyses of genomic data in a more comprehensive way. When analyzing time-series microarray
data, referencing existing literatures is always necessary
to unveil and fully understand gene interactions. Therefore the visualization application should have a feature
that provides an overview of relevant literature [37]. For
this reason, we plan to automate an exploratory literature
reviewing process in our application. Finally, although our
team includes bioinformaticists and the visual analysis
framework has been developed, tested, and used with their
help, we will offer the framework to a wider group of bioinformaticists for their use. As part of this, we are planning
thorough evaluations and comparative testing.
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