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Computation is critical for enabling
us to process data volumes and
model data complexities that are
unthinkable by manual means.
However, we are far from automat-
ing the sense-making process.
Human knowledge and reasoning
are critical for discovery. Visualiza-
tion offers a powerful interface
between mind and machine that
should be further exploited in
future genome analysis tools.

Visualization for Discovery
As computer scientist Frederick Brooks put
it ‘a machine and a mind can beat a mind-
imitating machine working by itself’ [1]. He
advocated for ‘intelligence amplifying’
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Figure 1. Visualization for Discovery. (A) Anscombe'
correlations, and regression lines [2]. (B) Visualization of
important roles throughout the scientific process (blue 

hypotheses, and to communicate these findings to a b
systems that acknowledge the role of the
human expert in the data interpretation
process and enhance an individual's ability
to reason about information. Visualization is
a powerful modality for reasoning about
data. First, it takes advantage of the pattern
recognition capabilities of our visual sys-
tem. By processing visual inputs in parallel,
we can rapidly perceive complex patterns
in plotted data that would be much slower if
not impossible to perceive in tabular form
(Figure 1A,B). Second, visualizations can
reveal details that are hidden by computed
statistics. This is perhaps most famously
demonstrated by Anscombe's quartet [2].
These four sets of x and y values share
identical summary statistics (i.e., mean of
x values, mean of y values, variances, cor-
relations, and regression lines); however
they differ considerably when graphed
(Figure 1B). Third, visualizations reduce
the computational barrier to data analysis
in particular as interactive interfaces, and
empower the non-computational biologist
to manipulate and investigate their data
directly.

Visualization is perhaps best known for
its role in scientific communication,
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s quartet consists of four datasets of x and y values with t
 the datasets in (A) with regression lines reveals very diffe
gradient), but are particularly powerful in enabling resea
roader community.
which occurs once the discovery pro-
cess is complete and the insights to
be reported are well defined. However,
the scientific process is an iterative cycle
of generating hypotheses, data, and
insights and visualization also plays an
integral role in data interpretation and
hypothesis generation (Figure 1C).
Genome browsers are popular data
exploration tools in genomics [3]. As
an example from my own experience,
a collaborator came across a striking
localization of histone modifications
within exon boundaries when inspecting
human chromatin immunoprecipitation
and sequencing (ChIP-seq) data in a
genome browser. This observation
sparked new hypotheses about the
functional connections between chroma-
tin structure and RNA processing. The
initial exploratory visualization was itself
not a final result, but rather the starting
point for a systematic investigation of the
enrichment of histone modifications
across exons that was later published
[4]. Such exploratory visualization is a
powerful mechanism to deepen a
researcher's understanding of the data
and inspire new scientific ideas.
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rchers to translate data into insights, to generate new
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Improving Human–Computer
Iteration to Accelerate Discovery
Both human and machine should tackle
the tasks to which they are best suited. If a
solution can be computed then it should
be computed; visualization is a powerful
approach whenever human input is
required. Non-trivial amounts of analysis
time are lost in the lag between computa-
tional and human processing. An interface
that creates a seamless hand-off between
the two results in greater efficiency in data
interpretation, which today is very much a
bottleneck. One approach is to equip the
visualization tool with interactive comput-
ing capabilities. For example, EpiViz [5]
creates a direct link between an interactive
R computing session and a web-based
genome visualization environment, thus
reducing the iteration time between
computational adjustment and visualiza-
tion of results. Alternatively, the computa-
tion can be triggered from within the visual
interface itself, for example, in Trackster
[6], which allows researchers to interac-
tively run computational tools using a
range of parameters and to visually com-
pare the outputs. Another approach is to
use computation to guide researchers
towards interesting data patterns. For
example, StratomeX [7] enables visual
comparison of patient stratifications
Step 1: Data extrac�on 
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Figure 2. Genomics Pattern Discovery with Spa
experiments, are preprocessed to enable rapid data ret
interest (r1–r5) centered on transcriptional start sites (TS
correspond to data samples, while the columns repre
normalized to be between 0 and 1, represented here b
clusters (c1 and c2). In step 3, the clusters and their r
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based on different datasets (e.g., copy
number profile, mRNA expression) and
includes a query wizard to assist research-
ers in discovering interesting stratifica-
tions. Tools that reduce the number and
time of analysis iterations between human
and computer will go far in accelerating
discovery.

With Great Power Comes Great
Responsibility
Like any tool, visualizations can be mis-
used. They can mislead instead of
enlighten if not applied correctly. A com-
mon concern with making interactive visu-
alization tools readily accessible to a broad
community is that they open the door to ill-
informed analyses conducted by novice
users. For example, visualizations can
facilitate cherry picking data patterns,
such as correlations, that are consistent
with a researcher's hypothesis. Some
visualization tools report a P value for
the significance of an observed effect;
however, these do not consider the multi-
ple testing done by the user in visually
inspecting perhaps tens or hundreds of
cases before finding the desired pattern
and thus these handpicked effects are
prone to be false positives. The problem
in this example is that a tool intended for
hypothesis testing is being used for data
Step 2: Clustering 
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rk. In step 1, the user's genomic regions of interest a
rieval in later steps. (Gray) Data enrichment peaks for two
Ss). A data matrix is extracted for each input region and
sent data bins along the genomic x axis; two bins per
y white and dark blue, respectively. In step 2, the matric
egion members are viewed in the Spark interactive visu
exploration. The onus falls on both tool
users and designers. First, researchers
who use statistical tests need to under-
stand the conditions under which those
tests are valid. Greater education in data
analysis and statistics within the biological
sciences is critical as large data become
routine outputs of biological experiments.
Second, tool designers must carefully
consider the goals of the visualization
and apply appropriate techniques. For
example, they should use caution in
reporting P values in an interface that
promotes repeated querying, particularly
if there is no tractable way to correct for
multiple testing. They also need to con-
sider their choice of statistic. Halsey et al.
[8] recently discussed the fact that the P
value exhibits wide sample-to-sample
variability unless statistical power is very
high. Instead, they advocate for more
robust effect size estimates with confi-
dence intervals. Third, it is our role as
colleagues, supervisors, and reviewers
to apply the same scientific rigor to data
visualizations as to any other result. An
attractive graphic with a P value is not the
end of the story. The effects we observe
need to be subjected to thorough inde-
pendent validation such that spurious
cherry picked observations are never
treated as final results.
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 oriented according to strand. Rows in these matrices
 region are used in this diagram. The values are then
es are clustered. k = 2 in this diagram, resulting in two
alization interface (figure adapted from [9]).



Future Opportunities: Beyond the
Genome Browser
Great opportunities exist for innovation
in genomic visual representation, inter-
face flexibility, and scalability. First, there
are vast possibilities for visualizations to
move beyond the linear genomic axis.
The urge to plot data directly is strong
yet suboptimal for many analysis tasks.
For example, genome browsers visually
represent genome-aligned data verba-
tim, which is powerful for detailed
inspection of an individual locus, but
challenging for spotting patterns across
loci. Spark [9] offers an alternative view
that uses clustering across regions of
interest to reorganize the genome into
sets of related data patterns (Figure 2).
This is one example of an alternative
genomic view inspired by a researcher's
analytic needs, but the area remains
critically underexplored. Second, most
genomic visualization tools address
one or two analysis tasks and the abun-
dance of specialized tools leads to inter-
operability challenges. Although it is
unlikely that we will ever build a single
monolithic tool that serves all our visuali-
zation needs, there is room for more
customizable interfaces. For example,
Tableau is a commercial product
(http://www.tableau.com) that allows
users to flexibly build and share combi-
nations of simple interactive plots as
web dashboards that are coupled to
diverse data resources (e.g., spread-
sheets, relational databases, cloud ser-
vices). Similar principles could be
applied to genomic visualization. Third,
as genomic data resources continue to
grow, visualization tools will need to
tackle the challenges of scale. This
involves designing new ways of visually
integrating diverse genome-wide data
types measured from potentially hun-
dreds or thousands of samples. Graph
structures that better capture the range
of observed human genetic variation [10]
provide an example in this direction.
Moving forward, we should not be sat-
isfied with the visualization tools on
hand; rather we need to push our imagi-
nation and exploit the power of compu-
tation to build new visual interfaces that
inspire hypotheses and deepen our
understanding of genomic data.
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