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Abstract
Measuring drug-drug similarity is important but challenging. Significant progresses have been made in drugs whose labeled
training data is sufficient and available. However, handling data skewness and incompleteness with domain-specific knowledge
graph, is still a relatively new territory and an under-explored prospect. In this paper, we present a system KGDDS for node-link-
based bio-medical Knowledge Graph curation and visualization, aiding Drug-Drug Similarity measure. Specifically, we reuse
existing knowledge bases to alleviate the difficulties in building a high-quality knowledge graph, ranging in size up to 7 million
edges. Then we design a prediction model to explore the pharmacology features and knowledge graph features. Finally, we
propose a user interaction model to allow the user to better understand the drug properties from a drug similarity perspective and
gain insights that are not easily observable in individual drugs. Visual result demonstration and experimental results indicate that
KGDDS can bridge the user/caregiver gap by facilitating antibiotics prescription knowledge, and has remarkable applicability,
outperforming existing state-of-the-art drug similarity measures.

Keywords Drug-drug similarity . Knowledge graph . Therapeutic substitution .Medical knowledge curation . Visualization

Introduction

Drug-drug similarity metrics (DDS) in medicine has attracted
substantial attention in recent years due to its broad applica-
tions in medical information retrieval and knowledge reason-
ing [1]. The most promising application scenario is therapeu-
tic substitution, also known as therapeutic interchange and
drug substitution [2]. In literature, drug-drug similarity mea-
sures have been extensively studied in the last decade to en-
able a proper interpretation of drug information [3].

Despite the effectiveness of previous studies, DDS measure
remains a challenge in real-world applications for two reasons:
(i) The issues of complex and diverse terminology, relations,
hierarchies and attributes in the medical field remain yet to be
resolved. Knowledge graph (KG) is a collection of relational
facts that are represented in the form of triplets [4]. The existing
computation measures of KG-based semantic similarity can be
classified into path/depth-based similarity measures and
corpus-based methods. However, path-based and depth-based
similarity measures cannot adequately handle the computation
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between two concepts with the same path but different seman-
tic similarity in the KG taxonomy [5], while Corpus-based
methods are substantially dependent on the training corpus
and susceptible to data sparseness and data noise [6]. (ii)
Pharmacology information, which plays a crucial role in se-
mantic comprehension and similarity metric, is yet to be well-
researched. Although many studies struggle to measure the
semantic similarity aimed at bio-medical category, they lever-
age knowledge from KG to conduct knowledge representation
learning rather than capture the various medical features such
as common specificity and local granularity [7, 8].

To alleviate these limitations, this paper presents a system
KGDDS for node-link-based bio-medical Knowledge Graph
curation and visualization, aiding Drug-Drug Similarity mea-
sure in therapeutic substitution of antibiotics. The KGDDS
architecture is designed to support four key principles: 1)
Good Graphic Display. KGDDS can display knowledge
based on the following criteria: uniform edge length, uniform
vertex distribution and showing symmetry; 2) Easy
Extensibility. KGDDS is easily adapted and extended to ful-
fill additional aesthetic criteria; 3) Good Interaction. The
flexible RESTful API can be accessed to obtain local data as
requested by users easily. KGDDS presents information in
both an intuitive vision and textual form formats; 4)
Domain specific. KGDDS takes the viewpoint of a user,
and bridge the user/caregiver gap by exhibiting clinical
knowledge.

We deploy the system on a server, which is equipped with
32GB of RAM and 8 Intel Xeon E5–2630 CPUs of 2.4GHz; 4
cores each. The machines run a 64-bit CentOS Linux. The
KGDDS is developed by Java 1.8 in IntelliJ IDEA 2017.
Spring Boot greatly accelerated the initial construction and
development of Spring applications. Tomcat, which is embed-
ded in Spring Boot, enables a one-click deployment of WAR
file, simplifying the application deployment to the server con-
figuration process. After packing codes into a war package,
one can successfully deploy the system by entering the com-
mand line Bjava -jar packageName.war .̂ Then one can access
the system in a web browser. MyBatis automatically com-
pletes the interaction between the system and the database.
The queried data is cached, greatly accelerating the follow-
up of the same data query. Once the templates of the website
have been decided, FreeMarker displays backend data from
the backend and relieves the developer from web designing.
D3.js converts the json data sent from the backend into SVG,
and displays it on the system page. D3.js speeds up the gen-
eration and loading of front-end, large-scale data visualiza-
tions. KGDDS takes less than 100 ms to display the knowl-
edge graph after receiving the user’s query.

The main contributions of our approach are three-folded:

(1) We propose a novel neural network model, which lever-
ages pharmacological and pharmaceutical knowledge

from external knowledge bases, so as to broader medical
knowledge for similarity measures.

(2) We construct a large-scale antibiotic relevant knowledge
graph to aid the drug-drug similarity computation, ad-
dressing the data skewness and knowledge incomplete-
ness. The KG visualization can be accessed via www.
iasokg.com.

(3) Based on experimental results on Drugbank, the method
proposed herein achieves better performance than
existing methods in drug-drug similarity measures.

Related work

Knowledge graph construction

In the field of medicine, clinicians cannot obtain the necessary
knowledge regarding clinical processes from inadequate med-
ical databases [8, 9]. Some platforms in the general field, e.g.
CKAN1 and CN-Dbpedia,2 cannot provide high-quality do-
main knowledge to meet the practical needs of the medical
industry [10]. To address this problem, many studies have
investigated constructing medical knowledge graphs [11], in-
cluding Drugbank,3 Disease Ontology (DO),4 Infectious
Disease Ontology (IDO)5 and Dengue ontology (IDODEN).6

However, most medical knowledge graphs are published
without sophisticated visualization tools that are equipped
with advanced knowledge harvesting and analytics support
[12]. Most current visualization techniques are applicable to
graphs with specific structural properties [13, 14]. The visual
representation of large datasets enables faster analysis by end
users since human beings are better at Brecognition^ tasks than
at Bmemorization^ tasks [15]. As a result, there is a growing
need for effective medical knowledge graph visualization for
design and browsing [16].

Drug-drug similarity

Recently, there is a growing interest in computationally
predicting potential drug-drug interactions (DDI). These ap-
proaches are broadly classified as either similarity [17] or
feature-based [18] DDI predication methods. The core idea
of the similarity-based approach [19] is to predict the presence
of interactions between a pairwise of drugs by comparing it to
known interacting drug pairs. However, existing similarity-
based approaches are difficult to distinguish between a low

1 https://ckan.org/
2 http://kw.fudan.edu.cn/apis/cndbpedia/
3 https://www.drugbank.ca/
4 disease-ontology.org/
5 infectiousdiseaseontology.org/
6 https://bioportal.bioontology.org/ontologies/IDODEN
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similarity value between two drugs without proper features
[20–22]. In addition, these existing techniques for drug simi-
larity measures rely on a limited number of data sources (e.g.,
DrugBank) that can provide only partial information about a
subset of drugs of interest, leading to varying levels of incom-
pleteness [23].

Different from the aforementioned studies, we develop
new DDS measures within neural network architecture by
simultaneously considering the drug pharmacology and the
domain-specific knowledge included in the KG. We also de-
fine drug features by learning low-dimensional embeddings of
drugs from textual and graph-based datasets.

Medical knowledge graph

Knowledge graph construction

In this study, we reuse existing knowledge bases to alleviate
the difficulties in building a high-quality domain knowledge
graph. The KG hierarchical conceptual schema is arranged
based on knowledge acquisition associated with infectious
disease diagnosis and antibiotics prescriptions. The schema
covers the following nine dimensions: Disease, Infection site,
Bacteria, Animal, Symptom, Symptom Type, Situation,
Complication, and Antibiotic. A MySQL database was creat-
ed based on this schema.

Based on the existing knowledge bases, the KG completion
is carried out by filling the existing knowledge bases into sche-
ma through knowledge acquisition and matching. The existing
knowledge bases include the aforementioned DO and IDO on-
tology, as well as NCBI organismal classification ontology,
Human Phenotype Ontology (HPO), and DrugBank.

These existing knowledge bases were matched in the
MySQL database based on the components Bclass name^
and Balias^ (defined by the relation BhasExactSynonym^ in
OWL) through entity linking. Classes not found in the data-
base are considered and labelled as new classes. For classes
that have already existed in the database, we merge the infor-
mation between the new input class and the existing class.

For the KG construction, the Owlready7 package was used
to convert the MySQL database to OWL (Web Ontology
Language) format. To carry out the medical KG visualization,
KG components are retained in MySQL database for easy
querying.

Subgraph probability

Generally, KG is build-up with entities and the relations be-
tween entities and without probability distribution, the latter of
which is crucial in various domain applications such as

decision making support and probabilistic inference. For a
large KG, determining the probability between relations re-
quires tremendous amount of time. Moreover, the uneven en-
tity distribution in the corpus may lead to deviation of proba-
bility, resulting in low precision of probability acquisition of
the whole KG. In this study, we provide insights into proba-
bility distributions for the subgraph consisting in individual
nodes and edges.

Subgraph model Let Gw(V, E,W) be a probabilistic subgraph
with V = (p0, p1, p2,⋯, pn) being a set of vertexes made up of
a center node p0, where pi denotes the edge node of the sub-
graph. E is a set of edges. W ¼ wpi

� �
pif g∈Ve

is the co-

occurrence frequency of words in websites and can be consid-
ered as a set of probability values of nodes in KG:

Freq pið Þ ¼ log jV j þ 1ð Þ= DF p0; pið Þ þ 1ð Þ ð1Þ
where |V| is the set of documents containing the center node
p0, DF(p0, pi) is the number of documents containing center
node p0 and edge node pi. We normalize the weight of each
edge as:

wpi ¼
Freq pið Þ−min Freq pj

� ����pj∈Ve

n o

max Freq pj

� ����pj∈Ve

n o
−min Freq pj

� ����pj∈Ve

n o ð2Þ

In this context, we get the probabilistic edge as shown in
the left panel of Fig. 1. Considering that all weights are mu-
tually independent, the probabilistic path (see the 2nd panel in
Fig. 1) from one node to another node through the centroid
node is the product of the weights of the two paths.

All paths going through the same centroid are clustered to
form an initial subgraph. The probability distributions of these
paths are evaluated (see the 3rd panel in Fig. 1). Since not all
paths are reasonable (e.g. some probabilities are too low to be
considered), we follow the constraints of weights inW to filter
useless paths:

∑
pif g∈Ve

wpi ¼ 1 ð3Þ

Force-directed layout Using a force-directed layout, we com-
pute the node positions. For each node, its positions as an
approximation to its distribution in 2D space (see the 4th
panel in Fig. 1). Each displacement of pi can be calculated
as follows:

displacement pið Þ ¼ w p0ð Þ d− pi−p0k kð Þv
w pið Þ þ w p0ð Þð Þ∙ pi−p0k k ð4Þ

where d is the maximum distance between the center node p0
and the edge node pi, ‖∙‖ denotes the Euclidean norm, v is the
unit-length direction vector of the line passing through p0 and7 https://pypi.python.org/pypi/Owlready
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pi. Eq. (4) can converge reliably after cycling constraints of the
displacement of nodes relatively few times, and can well rec-
ognize the potential flexibility and scalability of a general
framework for complex 2D graph layout built on Euclidean
distance constraints.

Knowledge graph edge splatting

We believe that the KG structure and association of node and
edges should be visible at the same time. We depict edges
between node instances by adopting hierarchical edge bun-
dling [24], even though this conceals the distribution of edges.

In terms of hierarchical edge bundling, we define a set of
edges between two sets of sample nodes as one level of hier-
archy. Formally, a bundled edge is defined as rational quartic
Bézier curve C(t) with nodes ni ∈ ℝ2 and corresponding
weights wi > 0:

C t; n;wð Þ ¼ ∑
4

i¼0

4

i

� �
ti 1−tð Þ4−iwini ð5Þ

where n1 and n3 are the centroids of the clusters. n0 and n4
represent the source and target positions of sample nodes,
respectively. The remaining point n3 is the midpoint of the
segment (n1, n3).

Drug-drug similarity measure

KGDDS (Fig. 2) is a similarity metric of medicine predicted
by the Drug Similarity Computation Module with pharma-
cology features and KG features. TheUser interactionmodel

allows users to input the name of an antibiotic and obtain the
drug similarity results.

Input representation

Pharmacology embeddings

We explore the pharmacology features that can simplify the
semantic representation of medicines.

Side effect Given a drug d, its side effect information can be
obtained from SIDER database. We use the Inverse Document
Frequency (IDF) to reduce the impact of high frequency
words and pay more attention to low frequency words:

IDF s;Drugsð Þ ¼ log
�

Drugsj j þ 1ð Þ=
�
DF s;Drugsð Þ þ 1 ð6Þ

where s indicates a side effect, Drugs stands for the set of all
drugs, and DF(s,Drugs) is the number of drugs with the side
effect s. The vector of the side effect of a drug is sider(d), and
its value is IDF(s,Drugs). The side effect-based similarity of
two drugs d1, d2 is the cosine distance between the vectors
sider(d1) and sider(d2).

Drug mechanism and physiological effect Given a drug, its
drug mechanisms and physiological effect are both collected
from NDF-RT. Based on these two features separately, the
similarity of two drugs d1 and d2 is calculated same as the
drug side effect.

We use a feedforward layer to reduce the dimensionality of
the pharmacology features from over 7000 dimensions to 500

Fig. 1 Overview of the probabilistic graph layout process
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dimensions, so as to improve the the interpretability and cal-
culation of feature embeddings.

Knowledge graph embeddings

Structural feature LINE [25] is adopted to learn the hierarchy
embeddings from the taxonomy of DrugBank. Different from
the structure-based methods that mainly concern the path con-
nection and node degrees of KG, structural embeddings learn
the KG properties by projecting the whole knowledge graph
into a low dimension vector space. The similarity between the
two drug vectors can be calculated by the cosine distance
between them.

Textual feature The entity description and other textual infor-
mation of concepts in KG usually carry conceptual semantic
information. Based on the entity description, the BM25 algo-
rithm [26] is adopted to calculate the textual similarity. Given
a drug d1 and its description D that containing keywords q1,
q2,… , qn, we can compute the BM25 score of drug d2:

score d1; d2ð Þ ¼
∑
n

i¼1
IDF qið Þ∙ f qi;Dð Þ∙ k1 þ 1ð Þ

f qi;Dð Þ þ k1∙ 1−bþ b∙ Dj j=avglð Þð Þ ð7Þ

where IDF(qi) stands for the IDF weight of the keywords qi.
f(qi,D) indicates the occurrence frequency of keywords qi in
the descriptionD. |D| is the number of words in the description
D. avgl denotes the average number of words of all entity
descriptions extracted from Drugbank.

Given the set of all drugs Drugs, the KG-based textual
similarity between drug d1 and drug d2 can by given by:

KTS d1; d2ð Þ ¼ socre d1; d2ð Þ−min score x; yð Þ│x; y∈Drugs	 
� �� �
=

max score x; yð Þ│x; y∈Drugs	 

−min score x; yð Þ│x; y∈Drugs	 
� �� �

ð8Þ

Attention mechanisms and softmax layer

Given a drug and all aforementioned features, we apply atten-
tion mechanism to assign different weights according to the
specific role each feature plays when interacting with other
features. The representation of side effect feature vs are calcu-
lated as:

Mw ¼ tanh WswHwð Þ ð9Þ
αw ¼ softmax wT

wMw
� � ð10Þ

vs ¼ Hwα
T
w ð11Þ

where Mw ∈Rdlxm is a nonlinear mapping function, Wsw ∈
Rdlxdl and ww ∈Rdl are projection parameters, αw ∈Rm is the
normalized attention, Hw refers to the side effect vector se-
quence of a drug. Other four types of features are processed by
the same attention mechanism.

Afterwards, there is a joint layer to join the final drug rep-
resentations of drug 1 and drug 2. The outputs of the softmax
layer is to predict the similarity of a drug pair:

y ¼ softmax Wopr þ boð Þ; ð12Þ
where each dimension of y denotes the normalized the simi-
larity of a drug pair. Wo ∈R2xdl is the projection matrix, and
bo ∈R2 is the offset vector.

Fig. 2 Drug-Drug similarity
measure framework
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Experiment and results

Dataset and metrics

Data collection KGDDS conducts the drug similarity evalua-
tion mainly based on the antibiotic-relevant information in
DrugBank.8 We study the relationships between antibiotics
and their corresponding side effects from SIDER,9 explore
the mechanism of essential pharmacologic properties of med-
ications fromNDF-RT10 and extract textual feature frommore
than 500,000 papers about medicine provided by PubMed.11

Antibiotic pairs labeling To verify the effectiveness of
KGDDS, we conduct experiments on 1326 pairs most com-
monly used antibiotics. Referring to [27], doctors score the
similarity between two antibiotics, which ranges in [0, 1],
according to both antibacteria spectrum and efficacies of med-
icine (see www.iasokg.com). 0 indicates that there is no
similarity between two antibiotics, while 1 implies that the
two antibiotics are extremely similar. To make antibiotic
pairs labeling more accurate, each pair is labeled by at least
3 doctors and the average is taken as the final result. The
Pearson coefficient between the scores issued by each doctor
and the average score ranges from 0.827 to 0.864 while
Spearman coefficient ranges from 0.792 to 0.888, both
proving the reliability of doctors’ assessment. The labeled
antibiotic pairs are divided into training set and test set.

Metrics For the CNNmodel, the kernel and the depth are set to
5 and 20 respectively. A Fully connected layer whose size is
500 is added after the CNN layer. In the BM25 implementa-
tion, k1 and b are set to 2 and 0.75, respectively. Themaximum
length of entity description is set to 400 words. For the DDS
on Drugbank, Pearson correlation coefficient and Spearman
rank correlation coefficient are adopted to evaluate the corre-
lation between doctors’ assessment and experiment results.

Knowledge comprehensiveness of knowledge graph
construction

The antibiotics KG was constructed based on the DO,
IDO, NCBI, HPO and DrugBank databases. Table 1 indi-
cates different KG metrics as reported in Protégé. We
deleted irrelevant object properties and hidden GCIs be-
cause they are sporadic and thereby better suited to the
manual investigation. All other components of Class,
Axiom and SubClassOf were retained.

Experimental results of KG-based drug-drug similarity
measures

The experimental results on Drugbank are summarized in
Table 2. Several state-of-the-art baselines are adopted for com-
parison: (1) GADES: a graph-based semantic similarity mea-
sure approach [8]; (2) Res: a model using information content
to evaluate semantic similarity in a taxonomy [6]; (3)Wpath: a
model which computes semantic similarity of concepts in
knowledge graphs by considering both path information and
information content [28]; (4) Hybrids: an information retrieval
method based on Wpath and takes medical properties into
account to calculate the drug similarity [29]. (5) MedSim: a
semantic similarity method in bio-medical knowledge graphs
using random forest regression model [30]. (6) Tiresias, a
large-scale similarity-based framework that takes in various

8 https://www.drugbank.ca/
9 sideeffects.embl.de/
10 https://www.nlm.nih.gov/research/umls/sourcereleasedocs/current/
NDFRT/
11 https://www.ncbi.nlm.nih.gov/pubmed/

Table 1 Results of KG Enrichment

Class Axiom Logical axiom Annotation axiom SubClassOf Object property Hidden GCI

IDO 507 4668 1064 2.973 582 39 81

HPO 936 5937 840 4.143 840 1 0

DO (infectious diseases) 11,280 118,726 7509 99.876 7.507 0 0

DrugBank (antibiotics) 341 3871 275 2.856 287 0 0

Website and guidelines 415,533 2,498,168 1,696,510 878.270 423.244 0 0

KGDDS 1,267,004 7,608,725 2,540,731 2.533.987 1.266.993 39 0

Table 2 Result on Drugbank (with ablation study)

Model Pearson Spearman

GADES: Traverso et al. 2016 [8] 0.251 0.202

Res: Resnik et al. 2005 [6] 0.211 0.223

Wpath: Zhu et al. 2017 [28] 0.250 0.203

Hybrids: Hliaoutakis 2005 [29] 0.257 0.278

MedSim: Lei et al. 2018 [30] 0.585 0.523

Tiresias: Abdelaziz et al. 2017 [31] 0.591 0.532

KGDDS 0.623 0.589

w/o pharmacology feature 0.336 0.348

w/o KG structural feature 0.578 0.511

w/o KG textual feature 0.551 0.489
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sources of drug-related data and knowledge as inputs, and
provides DDI predictions as outputs [31].

In order to analyze the effectiveness of the different fea-
tures of KGDDS, we also report the ablation test in terms of
discarding pharmacology feature (w/o pharmacology feature)
and KG feature (w/o KG structural feature and w/o KG textual
feature).

There are multiple interesting observations from Table 2
are shown as follows: (1) KGDDS substantially and consis-
tently outperforms the existing methods by a noticeable mar-
gin with respect to different correlations. (2) Generally, all
features contribute in similarity measure, and it makes larger
performance boosting to measure medical semantic similarity.
(3) Although the MedSim and Tiresias employ more features,
the KG we used is more domain-specific and completed, thus
providing more knowledge for the similarity computation.
This is within our expectation since medical knowledge can
enhance the knowledge representational learning of a specific
domain, while KG can further introduce structural and textual
knowledge to enrich overall knowledge representations.

Data visualization and availability

KGDDS is a visual environment for browsing KG represented
as directed graphs. Graphs are visualized using circle and arcs
between them. Nodes are class and instance nodes, with rela-
tions represented as the edges linking these nodes.

Overview, zoom and details on demand Most current
knowledge bases, e.g. DBPedia, Yago and Drugbank, are
release without visualization tool and present information
in textual formats. KGDDS enables different forms of
visualization on the proposed KG, including intuitive vi-
sion and textual formats.

Users can either consult the entities in a graphical dis-
play or browse the waterfall chart which visualizes the

hierarchy of entities with respect to their biomedical clas-
sification. The left panel BGraph^ in Fig. 3 shows results of
entity relation query and subgraph query, while the middle
panel BDescription^ presents results of entity facts query.
KGDDS also allows the user to explore the KG hierarchy
(see the right panel in Fig. 3).

Different from the most common used OntoViz visualiza-
tion tool [32], KGDDS allows keyword search and enables
users to explore the hierarchy or graph starting from a specific
node. The KG is presented as a 2D graph with the capability
for each class to present, apart from the name, type, descrip-
tion, taxonomy and relations. The entities are displayed in
different colors.

Case study To study drug substitution, we employ KGDDS to
predict the similarity scores between cefoperazone and other
antibiotics. Referring to [33], two antibiotics whose similarity
scores over 0.85 can be replaced with each other under normal
circumstances.

Fig. 3 Visualization of Bamoxycillin^ subgraph. From left to right: tree overview, detail description, and taxonomy demonstration

Fig. 4 Drug similarity result provided by KGDDS
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For the antibiotic cefoperazone, Fig. 4 presents antibiotics
that are similar to it whose similarity score is over 0.85 and
indicates the cases where they can replace each other. Take
cefoperazone and ceftriaxone as an example. Ceftriaxone can
replace cefoperazone in most cases except disease caused by a
few bacteria such as Pseudomonas aeruginosa etc. In the ab-
sence of susceptibility testing, our method can help doctors to
find the most appropriate drug substitution to treat most of
Gram-negative bacteria infections, such as respiratory infec-
tion, pneumonia, and biliary infection.

Conclusions

KGDDS displayed excellent performance in calculating
semantic similarity in antibiotics. The proposed method is
extensible, reproducible and applicable to KG-based simi-
larity calculation in medical field. In addition, this study
developed a KGDDS with combined research on knowl-
edge acquisition, KG construction and visualization in the
infectious disease and antibiotic prescription fields. We
believe that the most promising avenues for future research
include incorporating other semantic similarity evaluation
methods based on taxonomical relation, property informa-
tion, relationships and other factors.
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