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Abstract
Inferring potential therapeutic indications and identifying clinically important side-effects are both important and
challenging tasks in modern drug development. Previous studies have utilized drug chemical structures and protein
targets to construct predictive models for both tasks. According to our study, the drug therapeutic information itself
is highly predictive for side-effects, and drug side-effect information highly predictive of therapeutic indication. This
confirms that there exist underlying associations among drug therapeutic indications and side-effects. Exploring these
associations can lead to better understanding of the drugs as well as more informed hypotheses for drug repositioning
and adverse effect monitoring. In practice however, it is impractical to check all possible associations using an
exhaustive list. In this study, we present Dydruma, a dynamic drug map which encodes drug therapeutic indications
and side-effects as well as their associations. The map can be dynamically adjusted based on a significance value
attached to each association, where the significance value is derived from a statistical test such as Fisher’s exact test.
We describe an optimization-based approach for dynamic bipartite graph layout to ensure visual continuity among
successive layouts at different significance thresholds, to help the user maintain a consistent mental map throughout
the exploration. We demonstrate the effectiveness of dytruma for exploring the associations among drug indications
and side effects and for hypothesis generation using real world data sets.
Introduction
Predictive modeling of therapeutic indications and side-effects of drugs holds is an important computational approach
for reducing the drug attrition rate and improving the drug discovery process. In the past many works have been
done along this line. For example, prediction with drug chemical structure [1][2], protein target information [3][4],
and fusion of multiple information sources [5][6]. In our recent study [7], we developed models to incorporate drug
therapeutic indication and side-effect information into the prediction procedure of each other. We showed that drug
side-effects are important information for therapeutic indication prediction; and drug therapeutic indications are also
predictive for their side-effects. This confirms that there are some underlying associations between them, and understanding those associations can be very helpful to drug development. For example, those discovered associations can
provide repositioning hypotheses (e.g., drugs causing postural hypotension are potential candidates for hypertension),
as well as adverse-effect watch lists (e.g., drugs for heart failure possibly cause impotence). We also compiled a list
of associations among all known drug-disease and drug-side-effect to build disease-side-effect profiles and identified
statistically significant associations between drug side-effects and therapeutic indications.
However, because the size of the potential association list is very large, it is exhausting to check the list one by one
to identify the interesting ones. Therefore in this study we present dydruma, a bi-partite graph representation of the
drug therapeutic indication, side-effects and their associations. We will present the details on the visualization design
in next section, followed by case study and conclusions.
Visualization Design
On dydruma there are two types of nodes, drug therapeutic indications and side-effects, and the edges correspond to
the discovered associations between them. Attached to each association there is a strength (which is represented by the
p-value of Fisher’s exact test, the smaller the value the stronger the association [7]). We do not want to encode those
values into the edge colors because that will make the graph messy. Therefore we come up with a dynamic design. We
provide a sliding bar which the user can use to adjust the association strength threshold: only the associations whose
p-value below the threshold will be shown. With the user dragging that bar, the bipartite graph will change and we

Figure 1: An overview of the dydruma system, which consists of three parts: (I) the generated bipartite graph of the
drug therapeutic indications (orange) and side-effects (blue); (II) a sliding bar for adjusting the strength threshold (pvalue) for showing the discovered associations; (III) a text box displaying the descriptions of the selected nodes (the
user can select a bunch of nodes with mouse and their descriptions will be depicted in this box).
need to make that change as smooth as possible for visual pleasure. In the following section we will introduce the
details of our visualization design. Before going into that, we give an overview of dydruma in Fig. 1.
The dynamic bi-partite graph layout is based on an optimization approach. Specifically, in order to help maintain a
user’s mental map, successive layouts of similar graphs should have minimal changes (stability). Furthermore, each
of such layouts should still effectively convey the properties of the underlying graph (readability). Thus, our goal is to
produce a sequence of graph layouts that optimize both the stability and readability of the resulted visualization. To
achieve this goal, we develop a spectral layout algorithm.
Given a dynamic graph Gt = hVt , Et i at time t, consisting of a set of nodes Vt and links Et , we define an energy
function to model the desired graph layout as follows:
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Where Xi0 and Xi represent the previous and new position of node vi ∈ Vt , respectively. The first term of the objective
in Eq.(1) is from the Kamada and Kawai method [8], which maximizes the readability of a graph visualization by
preserving the pairwise distances, where dij is the shortest distance between two nodes vi and vj . The second item,
which we have added, attempts to minimize the changes in successive layouts.
Instead of stabilizing all the unchanged nodes (which consists of a set U), we extract a representative set of unchanged
nodes Ck ∈ U to improve the performance of the algorithm. The final layout model is constructed by optimizing Eq.(1)
with a spectral method. Here α ∈ (0, 1) is the weight that is dynamically computed to achieve the desired balance
between readability and stability. An online demo of the dydruma system can be found on http://nancao.org/
demos/druggraph/.
Case Study
Data. In the experiment, we analyzed the approved drugs from DrugBank [9], where we collected 1,447 FDAapproved small-molecule drugs. We mapped these drugs to several other key drug resources including PubChem [10]
and UMLS [11] in order to extract other drug related information. In the end, we extracted chemical structures of
the 1103 drugs from PubChem. To encode the drug chemical structure, we used a fingerprint corresponding to the
881 chemical substructures defined in the PubChem. Each drug was represented by an 881-dimensional binary profile
whose elements encode for the presence or absence of each PubChem substructure. There are 132,092 associations
between drugs and chemical substructures in the dataset, and each drug has 119.8 substructures on average.

From DrugBank, we also got target information of each drug. To facilitate collecting target protein information, we
mapped target proteins to UniProt Knowledgebase [12], a central knowledgebase including most comprehensive and
complete information on proteins. In the end, we extracted 3,152 relationships between 1007 drugs and 775 proteins,
and each drug has 3.1 protein targets on average. Each drug was represented by a 775-dimensional binary profile
whose elements encode for the presence or absence of each target protein by 1 or 0, respectively.
Side-effect keywords were obtained from the SIDER database [13] which contains information about marketed medicines
and their recorded adverse drug reactions. This led to a dataset containing 888 small-molecule drugs and 1385 sideeffect keywords. Each drug was represented by a 1385-dimensional binary profile whose elements encode for the
presence or absence of each of the side-effect keywords by 1 or 0, respectively. Altogether, there are 61,102 associations between drugs and side-effect terms in the dataset, and each drug has 68.8 side-effects on average.
Drugs’ known usages were obtained by extracting treatment relationships between drugs and indications from the
National Drug File - Reference Terminology (NDF-RT), which is part of the UMLS [11]. This list is also used by Li
et al [14] as the standard set for drug repositioning. After normalizing various drug names in NDF-RT to their active
ingredients, we were able to extract therapeutic indications for 799 drugs out of the 1103 drugs, which constructed
3250 treatment relationships between 799 drugs and 719 indications. Thus each drug was represented by a 719dimensional binary profile whose elements encode for the presence or absence of each of the therapeutic indications.
Prediction Results.
As stated in the introduction, the whole motivation of dydruma is the high prediction ability between drug therapeutic
indications and side-effects. Based on the approach in [7], we got 167,392 predicted associations between 567 drugs
and 1262 side-effect terms, and 22,639 predicted associations between 567 drugs and 612 indications. Then we combine both predicted and ground truth indication-side-effects associations to construct the confusion table for Fisher’s
exact test [15], from which we can get the strength (p-value) of those predicted associations [7].
Example Clique. We demonstrate those discovered associations in our dydruma system and show an example clique
in Fig.2, where there are four diseases: Diabetic Nephropathies, Heart Failure, Hypertension, and Ventricular Dysfunction. The last three are cardiovascular diseases, and Diabetic Nephropathies is a common comorbidity and one of
the causes of cardiovascular diseases. This clique also contains 30 highly correlated side-effects. Some of the sideeffects are physiologically linked to the cardiovascular diseases and the mechanism of action (MOA) can be explained.
For example, some hypertension drugs may result in a sudden drop in blood pressure when a person stands up, thus the
side-effect postural hypotension happens. Some cardiac drugs (e.g., β-blockers) hits α-adrenergic receptors protein
target in penile tissue, which will cause side-effect impotence. The decreased blood pressure caused by some cardiac
drugs (e.g., β-blockers) also cause side-effects cold extremities, dizziness, vertigo, and weakness. Side-effect pemphigus is related to ACE inhibitors, which is also one kind of cardiac drug. Some popular cardiac medications (e.g.,
Diuretics) cause human body to lose salt and water, potentially causing side-effect gout.
Conclusions
We present dydruma, a dynamic bi-partite graph laying out system for visualizing the predicted associations between
drug therapeutic indications and side-effects, which could be potentially very interesting because of their high predictability of each other according to our previous study. We finally present a real world case study to demonstrate its
validity.
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