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Abstract

Biological network figures are ubiquitous in the biology and medical literature. On the
one hand, a good network figure can quickly provide information about the nature and
degree of interactions between items, and enable inferences about the reason for those
interactions. On the other hand, good network figures are difficult to create. In this
paper, we outline 10 simple rules for creating biological network figures for
communication, from choosing layouts, to applying color or other channels to show
attributes, to the use of layering and separation. These rules are accompanied by
illustrative examples. We also provide a concise set of references and additional
resources for each rule.

Author summary

Biological network figures are ubiquitous in the biology and medical literature. In this
paper, we outline 10 simple rules for creating biological network figures for
communication, from choosing layouts, to applying color or other channels to show
attributes, to the use of layering and separation.

Introduction

Biological networks are present in many areas of biology, including studies of cancer and
other diseases, metagenomics, pathway analysis, proteomics, molecular interactions,
cell-cell interactions, epidemiology, network rewiring due to perturbations or evolution,
etc. Increasingly, published studies in these areas and many others include figures
meant to convey the results of one or more experiments or of the network analysis
carried out. As a result, biological network figures are ubiquitous in the biology and
medical literature. On the one hand, a good network figure is able to quickly provide
information about interactions between items and can often convey the nature and
degree of interactions, as well as enable inferences about the reason for those
interactions. On the other hand, good network figures are difficult to create. The scale
of data can often obscure the relationships that the figure is trying to convey, the
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spatial layout and distribution of the network can be difficult to interpret, and the
many ways in which data can be mapped onto network representations provide an easy
pathway to violating best practices of data visualization.

Some relatively simple rules, when followed, can significantly improve the likelihood
that a network visualization will “tell the story” the author intends. The set of rules
below was a result of a week-long seminar that brought together leading biology,
bioinformatics, and visualization researchers from different countries [1]. Note that the
rules we give are meant for static figures as used for publications, not for dynamic
figures, or for interactive or exploratory tools that allow users to manipulate the data
view. The rules are tightly interconnected, and follow in general the typical
visualization design decision process (without forming a decision tree, due to their
interconnectedness), from determining first the intended message of the illustration we
seek to create [2,3], to selecting appropriate encodings for that message and network. In
order to provide a useful interpretation of these rules, we use real data for our
illustrations below, and, in many cases, we utilize network figures from the
bioinformatics literature. In no way do we mean to detract from the science or
experimental results that these published figures are trying to represent. As already
noted, good network figures are difficult to create, and even some of the figures we use
to illustrate specific rules below may come up short with respect to another rule. Last
but not least, for each rule we also provide a concise set of references and resources,
where the interested reader may find additional information on the topic.

Rule 1: First, determine the figure purpose and
assess the network

The first rule is also arguably the most important: before creating an illustration, we
need to establish its purpose [4], and then the network characteristics. When
establishing the purpose, it helps to first write down the explanation (caption) we wish
to convey through the figure, and note whether the explanation relates: to the whole
network, to a node subset in the network, to a temporal, causal, or functional aspect of
the network, to the topology of the network, or to some other aspect. This analysis
needs to happen before we draw the network, because the data included in the view, the
focus of the figure, and the sequence we use to visually encode the network should
support the explanation we wish to convey. For example, salient aspects of the figure
may need to be displayed centrally, in larger size, or marked by annotations. Second, we
need to assess the network in terms of scale, data type, structure, etc. These network
characteristics will further constrain salient aspects of the visualization, such as the
color, the shape, the marks used, and the layout of the network [5].

Figure 1 delivers two messages about proteins known to be involved in glioblastoma
multiforme (GBM). The first figure is a RAS signaling cascade in a curated GBM
network. Because the message of the figure relates to protein interaction functions, the
figure uses a data flow encoding, with nodes connected by arrows. The nodes are
colored by the expression variance across samples. The second figure is a STRING
protein-protein interaction (PPI) network representing proteins that show significant
expression changes in subtype 3 of GBM, in addition to 20 additional proteins to
improve connectivity; the colors represent the fold change and the size represents the
number of mutations. Because the message of this figure relates to the structure of the
network, not its functionality, the nodes are connected by undirected edges and the
nodes are placed to reinforce the structure. Furthermore, note how the quantitative
color scheme (yellow to green gradations) in the first network shows expression variance,
whereas the divergent color scheme (red to blue) in the second network emphasizes the
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extreme values of differential expression for one GBM subtype. Similarily, the edges in
the first network are arrows indicating function, whereas in the second network they are
edges to indicate structure. Each image tells a different story: the first message is about
network functionality, the second about the network structure.

Fig 1. First, determine the figure purpose and assess the network. Two
representations of proteins involved in glioblastoma multiforme (GBM). The left image
(A) shows a curated cancer signaling pathway taken from the TCGA’s original
Mondrian plugin to Cytoscape. The node color represents the overall variance of
expression across a set of patients, and the lines and arrows represent the function of
the interactions between the proteins. In the right image (B), a protein-protein
interaction network was created using the Cytoscape stringApp and annotated with
data downloaded from TCGA. The colors represent the fold change for subtype 3 of
GBM, the node sizes vary with the number of mutations, and the edges represent
functional associations.

Rule 2: Consider alternative layouts

Node-link diagrams are the most common way to display network data. Node-link
diagrams are familiar to readers, and they can show relationships between nodes that
are not immediate neighbors. However, node-link diagrams also have drawbacks: for
dense and large networks they tend to produce significant clutter, edge attributes are
difficult to visualize, and node-labels often cause even more clutter. An alternative
network representation are adjacency matrices (see Fig. 2). An adjacency matrix lists
all nodes of a network horizontally and vertically. An edge is represented by a filled cell
at the intersection of the connected nodes.

Adjacency matrices have several advantages: first, they are well suited for dense
networks with many edges, as every possible edge is represented by a cell [7]. Second,
they can encode edge attributes, for example with color or color saturation of a cell.
Third, adjacency matrices excel at showing neighborhoods of nodes and clusters,
provided the node order is optimized [8]. Fourth, the layout of the matrix makes it easy
to display readable node labels, whereas labels in a comparable node-link layout would
cause significant clutter. Matrix layouts are easy to implement, e.g., in R, Python, or
JavaScript, even without dedicated graph visualization libraries. In practice, using an
appropriate column/row reordering algorithm is crucial [8].
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