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ABSTRACT 
State of the Art Neural Language Models (NLMs) such as 
Word2Vec are becoming increasingly successful for important 
biomedical tasks such as the literature-based prediction of com-
plex chemical properties or for finding novel drug-disease asso-
ciations (DDAs). However, NLMs have the disadvantage of being 
hard to interpret. Therefore, it is notoriously difficult to explain 
why an artificial neural network learned or predicted some spe-
cific association.  

Considering that digital libraries offer well-curated contexts, 
the challenge is to automatically create a reasonable explanation 
that is intuitively understandable for a user. For a pharmaceuti-
cal use case, we present a new method that generates pharma-
ceutical explanations for predicted DDAs in intuitively under-
standable sentences. In other words, our approach enables a con-
text-aware access to embedded entities. We test the accuracy of 
our approach with a comprehensive retrospective analysis con-
sidering real DDA predictions. Our explanations can automati-
cally determine the association type (Drug treats or induces a 
disease) of a predicted DDA with up to 83%. For existing DDAs, 
we even achieve accuracies up to 87%.  We show that we per-
form better than deep-learning approaches in this classification 
task by up to 9%.  
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1 INTRODUCTION 
In times when term-based searches lead to thousands of results, 
the exponential growth of scientific publications [22] poses med-
ical digital libraries with significant challenges. Innovative ser-
vices, beyond term-based searches, that facilitate exploration of 
pharmaceutical entities embedded in literature can help to ad-
dress these problems. If we consider the bio-medical field, drugs 
and diseases and their complex relationships among each other, 
as well as their understanding, play a central role in essential 
tasks like drug-repurposing [20, 21, 23]. In this context, state of 
the art neural language models (NLMs) such as Word2Vec [4, 5] 
can learn efficiently relationships embedded in publications.  
Thus, NLMs can be seen as possible candidates for the develop-
ment of such innovative access paths to biomedical literature. 
The general idea behind NLMs like Word2Vec is based on the 
contextualization of entities: Entities that appear in similar word 
contexts (this can be thousands) are positioned close to each oth-
er in a high-dimensional space. Novel research shows that this 
contextualization property can be used to predict complex chem-
ical [11] and new drug relationships [7, 8, 19], as well as can help 
support the process of medical hypothesis generation [3, 6], to 
name just a few. In a word-embedding space, a distance between 
embedded entities may express a particular semantic. On the 
other side, and in general, the output of an artificial neural net-
work is difficult to explain and a scalar like a mere dis-
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tance/similarity value is difficult to interpret [1, 2, 8, 9, 13]. In the 
case of embedded drug-disease associations (DDAs), it hardly 
contains any semantic information about the relation between 
the two embedded entities, i.e., does a drug treat or induce a dis-
ease? What can be the reason why a drug probably may treat or 
cause a disease? What is the probable common context in the em-
bedding space that has been learned by the NLM?  

Regarding NLMs, the general problem of interpretability is 
known and works like Rothe et al. [2], and Jha et al. [9] present 
approaches that transform the original embedding space into a 
semantically optimized subspace. The focus of these methods is 
mainly on the entire (transformed) space. Therefore, unfortu-
nately, these approaches can hardly give information about what 
exactly two entities have in common.  

Since DDAs plays a central role in pharmaceutical research 
[20, 21] and NLMs can be used to predict them [7, 19] our goal in 
this paper is to develop an approach that is able to provide ex-
planations for predicted DDAs in form of short sentences. In ad-
dition, we want is to make these explanations intuitively under-
standable for the users of a medical digital library. 

How to explain relationships between drugs and diseases? In 
pharmaceutical research, the similarity between pharmaceutical 
entities is the basis for explanations, i.e., if two drugs are chemi-
cally similar, we can assume that they also have similar thera-
peutic or toxic properties [23, 28]. This explanation, based on a 
similarity of substances, is a drug-centric approach. The coun-
terpart is a disease-centric approach, where a similarity of dis-
eases is determined [20]. The hypothesis here is that a drug is 
likely to treat or to induce similar diseases. Our explanation ap-
proach is based on this kind of triangulation. Therefore, for a 
predicted DDA an additional (intermediate) entity is always 
needed to help explain a predicted DDA. In such cases, explana-
tions can be defined as a restricted graph-pattern [24]. Based on 
this graph-pattern, we can generate drug- and disease-centric 
explanations for the user, which are intuitively understandable, 
i.e., like the following drug-centric explanation: Since drug A 
and B are chemically similar, and drug B induces disease X, there 
is a high probability that A also induces X. In the next step of 
our approach, we rank the explanations according to their in-
formation value, i.e., according to how good they explain a pre-
dicted DDA. Important for the user is the degree and type of 
chemical similarity and which publications describe the individ-
ual associations. Therefore, we enrich our explanations with ad-
ditional meta-information to support users in their exploration. 

We evaluate our approach and show that we can determine the 
treats/induces association type of a DDA prediction with an ac-
curacy of up to 83%. We determine these values based on a com-
prehensive retrospective analysis for real DDA predictions. As 
baselines, we use state-of-the-art approaches for literature-based 
classification tasks and show that we even outperform deep 
learning approaches (up to 5%). We repeat our experiments also 
for existing DDAs, where the accuracy increases by up to 87%. 
Here we outperform deep-learning approaches with up to 9%. 

We believe that our approach provides innovative access 
paths to bio-medical literature and can help researchers to ex-
plore literature in a new context-aware way: Instead of retriev-
ing entire documents as possible explanations, our approach 
generates small chains of facts preserving the contexts of embed-
ded knowledge. The latter is particularly useful for challenging 
tasks such as drug repurposing or, in general, for literature-
based hypothesis generation. 

We organize our paper as follows: Section 2 revisits related 

work accompanied by our methodology in Section 3. In Section 4, 

we evaluate our approach with an extensive investigation of em-

bedded drug-disease associations. Finally, we present our main 

findings in Section 5. 

2 RELATED WORK 
The prediction and the explanation of drug-disease associations 
(DDAs) are of great interest in important bio-medical tasks like 
drug repurposing [20, 21, 23]. As one result of this interest, nu-
merous computer-aided methods have been developed to auto-
matically predict DDAs, whereby the similarity of entities plays 
a central role for most of them [20, 28]. If we consider active in-
gredients, then their properties can be inferred based on their 
chemical/molecular similarity [28]. The main hypothesis is that 
similar active substances can have similar (therapeutic) proper-
ties. Here, in a first step, a bit-fingerprint representation of an 
active ingredient is generated. This fingerprint can encode in-
formation about, e.g., ring compositions, atom sequences, and 
other molecular features. Next, and using a similarity measure 
(e.g. Cosine-Similarity), different active ingredients can be com-
pared with each other. Since in this case only active ingredients 
are compared with each other, this approach is called a drug-
centric approach. On the other side, also disease-centric ap-
proaches were developed that make predictions based on the 
similarity of diseases. The hypothesis here is that if a drug is ef-
fective against a certain disease, it is likely to be effective against 

 
Figure 1. Method overview: we start with a pre-trained model, and then we apply our approach. First, for a given DDA 
we identify intermediate entities followed by an embedded-graph construction step. After that, we generate explana-

tion-instances, rank them and in the last step we enrich the explanations with semantic metadata.  
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other similar diseases [20]. For our approach, we use the drug- 
and disease-centric methods as templates for the design of ex-
planation-patterns.  

Specialized databases with well-structured and manually cu-
rated information about drugs and diseases are usually the 
source for the approaches mentioned above. In this context, the 
Comparative Toxicogenomics Database [27] (CTD1) is one of the 
best databases for curated DDAs, which is why we use it as a 
ground truth in our work. Furthermore, other mining approach-
es focus on the extraction of DDAs from unstructured data, such 
as from biomedical publications. One of the most popular ap-
proaches is the co-occurrence/mentioning approach [30], where 
the hypothesis is that if entities co-occur in documents together, 
then a relationship/association between these entities can be as-
sumed. In our work, we will use the co-occurrence approach in 
combination with a retrospective analysis to identify DDA pre-
dictions.  

Newer approaches use state-of-the-art neural language mod-
els (NLMs) such as Word2Vec [4] for the investigation and pre-
diction of semantic relations and word-analogies [5, 10, 11]. 
Here, the main idea of these models is to embed words in a high 
dimensional space based on their word-contexts. Afterward, a 
similarity or relationship between words can be inferred based 
on the distance in the embedding space. On the other side, the 
output of a neural network is generally difficult to interpret, so 
that the meaning of distance in the embedding space often re-
mains unclear [1]. This problem is addressed by recent works [2, 
9], that try to create a semantically changed (sub-) space from 
the original word-embedding space to increase the interpretabil-
ity. The main idea is to use expert knowledge to learn a trans-
formation matrix. This transformation matrix is then applied to 
transform the original embedding space to an optimized (sub-) 
space. One of the drawbacks is that semantic information may be 
lost [2, 9], and besides, these approaches focus on the entire 
word-embedding space and therefore cannot explain the rela-
tionships between two entities in an understandable fashion. 
Compared to our approach, we focus on the explanation of enti-
ty relationships in the original space.  

In this context, Derrac et al. [29] describe in their work that 
intermediate entities can help explain relationships between a 
pair of embedded entities. In our work, we will use their ap-
proaches to identify intermediate entities.  

Fang et al. [24] have introduced a new model called REX, 
which receives a related entity pair and generates a ranked list of 
explanations that describe their relationships. For example, their 
model explains how the actors “Angelina Jolie” and “Brad Pitt” 
are related to each other. The explanations are based on an exist-
ing knowledge source, which contains structured information 
about all the entities. They are retrieving explanations from a 
knowledge graph using some predefined explanation graph pat-
terns. This work inspires our approach. Compared to REX, we 
are not relying on a knowledge graph, but instead, we use the 

                                                                 
1  http://ctdbase.org/ 

embedding space, and besides, no information exist for predicted 
DDAs. 

3 BUILDING EXPLANATIONS 
In this section, we formalize the problem we aim to solve in this 
paper, introduce a core concept: pharmaceutical patterns. Then 
we describe the five steps of our approach (Sections 3.3-3.7, Fig-
ure 1).  

3.1 Fundamentals 
Our goal in this work is to create a user-understandable explana-
tion for embedded associations. According to Fang et al. [24], we 
can define an explanation as a restricted pattern, a graph struc-
ture that links two entities with each other: 
 
“Given a knowledge base that can be represented as a graph 
 𝐺 =  (𝑉, 𝐸, 𝜆), where 𝑉 is the set of nodes, 𝐸 is the set of edges, 
and 𝜆 = 𝐸 → 𝛴 is the edge labeling function, a relationship expla-
nation pattern can be represented as a 5-tuple, 𝑝 =

 (𝑉, 𝐸, 𝜆, 𝑣𝑠𝑡𝑎𝑟𝑡, 𝑣𝑒𝑛𝑑), where 𝑉 is the set of node variables, with 
two special variables 𝑣𝑠𝑡𝑎𝑟𝑡 and 𝑣𝑒𝑛𝑑 , 𝐸 is a multiset of edges, and 
𝜆 = 𝐸 → 𝛴 is the edge labeling function.” [24] 
 

As already described in related work, so-called explanation 
instances are extracted from a knowledge-graph using an expla-
nation-pattern [24]. In addition, the authors used intermediate 
entities for the explanation-patterns. For example, the intermedi-
ate entity of the type film can help explain a relationship be-
tween two actors, i.e., they played together in the same film. 
These intermediate entities are chosen to have a meaningful re-
lationship to 𝑣𝑠𝑡𝑎𝑟𝑡 and 𝑣𝑒𝑛𝑑. In our case, instead of a knowledge 
graph we have an embedding space and thus our problem can be 
defined as follows. 

Problem definition. Given a predicted DDA, where the drug 
embedding is the start-entity and the disease embedding is the 
end-entity, it is necessary to identify meaningful intermediate 
entities, or more specific their embeddings, that can help explain 
the relationship of the DDA. Afterwards, based on these embed-
dings an embedded knowledge-graph has to be constructed. 
Then, this knowledge graph serves as a source to generate ex-
planations using predefined and restricted pharmaceutical pat-
terns.  

Transferred to our pharmaceutical use case, this raises several 
questions and problems: Which patterns are useful? How to select 
intermediate entities? How to extract a knowledge graph from the 
embedding space? If several explanations exist, how can they be 
ranked in a meaningful way? In the following sections, we an-
swer all these questions. 

3.2 Pharmaceutical Patterns 
In this section, we will first describe the pharmaceutical patterns 
and identify the type of the intermediate entities that are im-
portant for us.   

As already described in the related work, so-called drug-
centric [28] or disease-centric approaches [20] are used in drug 
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repurposing to predict probable, yet currently unknown drug 
properties. Drug similarity and disease similarity form the basis 
for these approaches [23]. Figure 2 shows an example of the rela-
tionships between the different entities. In the case of a drug-
centric approach we can infer: Drug A is similar (i.e., chemical) 
to drug B, drug B is effective against disease X, so there is a 
chance that drug A also helps against disease X.   

For the disease-centric approach, we can infer the following: 
Drug A is used to treat disease Y, where disease Y shows similar-
ities to disease X. In this case, drug A could be also helpful in the 
treatment of X. Figure 2 shows the two examples for the case 
that the predicted DDA consists of drug A and disease X. 

 
We are aware that many other ways to explain a relationship 

between a drug and a disease exist, i.e., by including genetic in-
formation [21]. However, in this paper, we will focus exclusively 
on the drug/disease centric approaches, as they are easy to un-
derstand and to extract. If we consider the examples described 
above, the intermediate entities are of the type drug or disease. 
Furthermore, curated information about the relationship be-
tween the intermediate- and the start- (i.e., A and Y) or end- (i.e., 

B and X) entity should be already available.  Furthermore, we 
must be able to calculate a similarity between the entities. With 
these restrictions, we can define the four explanation patterns 
for the drug and the disease-centric approaches (Figure 3). 

In the next section and in the first step of our approach, we 
will identify the (embedded) intermediate entities. 

3.3 Intermediate Entity Identification 
In this section, we describe how to identify embedded intermedi-
ate entities using the two embedded start- (drug) and end- (dis-
ease) entities. We first discuss what defines meaningful interme-
diate entities.   

What are the characteristics of meaningful intermediate enti-
ties? In this context, we have not yet considered the importance 
of the spatial position of intermediate entities. However, recent 
work shows [29] that entities located in a particular region, be-
tween a pair of entities, can explain the semantic relationship of 
this pair. We hypothesize that the closer an intermediate entity 
is to a DDA or its location in a particular region, the higher the 
probability that all three entities appear together in a (future) 
publication. Whereby co-occurrence of pharmaceutical entities 
in documents indicates a direct relationship between them [30]. 
We will prove this hypothesis in our evaluation by means of a 
retrospective analysis (see section 4.3). Therefore, we expect that 
the closer an intermediate entity is to the embedded DDA, the 
higher the common lexical context, the more meaningful this 
intermediate entity is for an explanation. To determine the re-
gion, we choose an approach proposed by Derrac et al. [29] to 
calculate a score that represents the (regional) distance from in-
termediate- 𝑖 to the start- 𝑠 and end-entity e embeddings. First, 
we prove if 𝑖 is in-between 𝑠 and 𝑒 with:  

 
cos(𝑠𝑒⃗⃗⃗⃗ , 𝑠𝑖⃗⃗⃗  ) ≥ 0 𝑎𝑛𝑑 cos(𝑒𝑠⃗⃗⃗⃗ , 𝑒𝑖⃗⃗  ⃗) ≥ 0 

 
If this condition is fulfilled, we measure a betweenness-score, 

which is based on the triangle inequality [29]: 
 

𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒(𝑠, 𝑖, 𝑒) = ‖𝑠𝑖⃗⃗⃗  ‖ + ‖𝑖𝑒⃗⃗  ⃗‖   − ‖𝑠𝑒⃗⃗⃗⃗ ‖ 
 
We rescale and normalize the scores, so that a value of 1.0 

means that an entity is perfect in-between the embedded DDA 
and with a decreasing score the distance to the DDA increases. 
In the next step, we describe how we generate an embedded-
graph based on the entities identified by this measure. 

3.4 Embedded Graph Extraction 
Next, we create one embedded graph per DDA. For this purpose, 
we first identify all k-nearest intermediate entities of the DDA 
with the described 𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒. If the intermediate entity is of the 
type drug, we first check whether curated information to the end 
entity is available. In other words, whether it is known if the in-
termediate drug treats or induces the disease. If information is 
available, we create an edge from intermediate entity to end en-
tity and add a treats/induces label. If there is no curated infor-
mation available, we remove the intermediate entity, because in 

 
Figure 3. Drug-centric and disease-centric patterns. 

 
Figure 2. Drug- and disease-centric graph example. 
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this case this intermediate entity is of no benefit to the user in an 
explanation. Analogously we proceed if the intermediate entity 
is of the type disease. In this case, we check if curated infor-
mation for the intermediate entity and the starting entity (drug) 
exists. Therefore, we always create only one curated edge from 
an intermediate entity to either a start or an end entity. The oth-
er edge is labelled with a similarity-value (e.g., cosine-, chemical-
, therapeutic-similarity, etc.). 

In the next step, we describe how we use the explanation pat-
terns to create explanation instances from this graph. 

3.5 Explanation Instance Generation 
We use the defined explanation patterns to extract explanation 
instances after generating the embedded graph for a given DDA. 
We want to describe this step using an example DDA. For this, 
we choose the DDA between the drug simvastatin and the dis-
ease rhabdomyolysis. Simvastatin is in this context a frequently 
applied drug for the treatment of hypertension. A severe side 
effect that can occur under certain circumstances is rhabdomy-
olysis. During this side effect, the patient's muscles decompose, 
which can lead to death [31]. For this DDA, we first determine 
the type of an intermediate entity (drug or disease). If the inter-
mediate entity is of the type drug, we select a drug-centric pat-
tern first. Afterwards, we determine the association type 
(treat/induces) for the edge between intermediate- and end-
entity. If this is an induced association, we select the specific 
drug-centric pattern (Figure 2, Graph-pattern 2). In the case of 
simvastatin, the drug lovastatin is an intermediate entity. Figure 
4 shows an explanation instance for this case. We perform this 
process for all intermediate entities and each defined pattern.  
 

After the explanation-instance generation step, we want to 
rank the instances according to their information value. 

3.6 Explanation Ranking 
In the next step of our approach, we rank the explanation in-
stances, as well as the explanation patterns, by their information 
value. How can we determine an "information value" of an ex-
planation instance or a pattern?  

Since the probability of a pharmaceutical association increas-
es with increasing cosine-similarity between two entities [19], 
we assume that an intermediate entity that is closer to a start- or 
end-entity is of higher interest. Therefore, we rank the explana-
tion instances in a first step combining the 𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒  with the 
cosine-similarity. We calculate the cosine-similarity only be-
tween entities of the same type. Thus, if the intermediate entity 

is of the type drug, we calculate the cosine-similarity between 
the start- and the intermediate-entity embeddings. If the entity is 
of the type disease, we calculate the cosine-similarity between 
the intermediate- and the end-entity embeddings. We calculate a 
combination of the two measures as follows: 

 
𝐵𝑇𝑊𝑐𝑜𝑚𝑏 = 𝜆(𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒 + 𝑠𝑖𝑚𝑐𝑜𝑠) 

 
where 𝜆 is a normalization factor. We show in our experi-

ments that this combination is advantageous and leads to im-
proved explanation-instance ranking results (Section 4.4). 

In a further step and similar to [24], we assume that the more 
explanation instances of a certain pattern exists, the more infor-
mation can be offered to the user, and the more important a pat-
tern and its instances are. Thus, for each pattern we count the 
number of all generated explanation instances. We rank for 
presentation the explanation patterns higher with the most ex-
planations instances. 

The explanations show what other substances and diseases 
are roughly related, and how, to a DDA. However, we do not yet 
know what kind of semantic relationship exists between two 
drugs, such as between simvastatin and lovastatin, i.e., are the 
drugs chemical or pharmacological similar? In the next step, we 
will use metadata that can help to explain the semantic relation-
ship further. 

3.7 Explanation-Instance Enrichment 
In order to increase the interpretability for the user, we enrich 
each explanation instance with pharmaceutical metadata. So far, 
we can only inform the user that there is a context-based similar-
ity between the drugs simvastatin and lovastatin, i.e., using co-
sine similarity or BTW score. However, this information is ra-
ther abstract and only conditionally interpretable. It would be 
better if the user could additionally assess whether two sub-
stances are chemically, therapeutically, or pharmacologically 
similar. To calculate a pharmaceutical-similarity, we use phar-
maceutical classification systems. In this context, the Anatomical 
Therapeutic Chemical (ATC) Classification System is one of the 
most used drug-classification systems and serves as an important 
source for bio-medical tasks like, e.g., drug repurposing and drug 
therapy composition [15]. Besides, we use the American Hospital 
Formulary Service (AHFS). Compared to ATC, in AHFS, drugs are 
grouped according to their pharmacologic and therapeutic effect 
and, thus additional information of a different drug-semantic can 
be presented to the user. Furthermore, we use the Medical Sub-
ject Headings (MeSH) Trees to generate metadata for drugs as 
well as diseases. MeSH is a controlled vocabulary where phar-
maceutical entities are organized in 16 main categories, e.g. cate-
gory C for diseases and D for drugs, further divided into finer 
levels (subgroups), leading to a hierarchical structure. 

Using ATC as an example, we want to demonstrate how we 
calculate a taxonomic similarity between two drugs. In this con-
text, individual drugs such as simvastatin may have several la-
bels. One of the labels is "C10AA01". ATC labels have a hierar-
chical structure and can be divided into five levels. The first level 
consists of one letter “C”, and describes the anatomical main 

 
Figure 4. Explanation instance example. 
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group. The following second level “10” consists of two digits and 
describes the therapeutic subgroup. The third level “A” consists 
of one letter and describes pharmacological/therapeutic features. 
The fourth level “A” consist also of one letter and describes addi-
tional chemical properties. The last two digits of the fifth level 
identify the active substance.  

Given two class labels of two different drugs, we can now 
calculate a hierarchical class label overlap to determine a similar-
ity of the drugs. The more levels match, the more similar the 
drugs are, i.e., if there is a level overlap in the hierarchy up to 
the fourth level, we can speak of a chemical similarity and if only 
the first two levels match, we can conclude that there is a thera-
peutic similarity. If the drugs have more than one label, we al-
ways select the label with the maximum overlap. Given two 
drugs 𝑑1 and 𝑑2 and their class labels 𝑙𝑎𝑏𝑒𝑙𝑑1and 𝑙𝑎𝑏𝑒𝑙𝑑2  we 
calculate the similarity as follows: 

 

𝑆𝑖𝑚𝐴𝑇𝐶  (𝑑1, 𝑑2) =
max[𝑚𝑎𝑡𝑐ℎ(𝑙𝑎𝑏𝑒𝑙𝑑1, 𝑙𝑎𝑏𝑒𝑙𝑑2)]

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑒𝑣𝑒𝑙𝑠
 

 
Since the fifth level clearly identifies a drug, the maximum 

number of levels is four for ATC. The next example shows the 
calculation for the labels of the two substances 𝑑1 =

 {𝑪 𝟏𝟎 𝑨 𝐴 01} and 𝑑2 =  {𝑪 𝟏𝟎 𝑨 𝐵 01}:  
 

𝑆𝑖𝑚𝐴𝑇𝐶(𝑑1, 𝑑2) =
3

4
= 0.75 

 
In this example, there is a pharmacological/therapeutic simi-

larity between the two active substances. Since AHFS and MeSH 
also have a hierarchical structure, we use the same procedure to 
calculate similarity. We use ATC and AHFS to calculate drug-
similarities and MeSH for disease similarity. 

In the next sections, we evaluate our hypotheses regarding 
the intermediate entities and investigate the quality of our ex-
planations. 

4 EVALUATION  
Herein, we describe the general experimental setup and imple-
mentation details. Then we explain how we can identify real 
DDA predictions with retrospective analysis. The DDA predic-
tions form our test set for the entire evaluation.  
We perform two experiments. First, we investigate whether the 
choice of intermediate entities is meaningful with our similarity 
measures (Section 4.3). Then, we show that our explanations and 
their ranking can help to determine the type of a predicted asso-
ciation (treats/induces). We compare our approach to different 
(Deep-learning) baselines. Finally, we present and discuss a sin-
gle use case. This case refers to the example DDA "Simvastatin-
Rhabdomyolysis", which has already been mentioned several 
times in this paper. 
 
 
 
 

4.1 Experimental Setup and Implementation   
In this section, we first describe our document corpus and the 
query entities. Afterwards we describe our document pre-
processing and implementation details. 

Document Corpus. For our evaluation corpus, we collected all 
abstracts from the biomedical digital library PubMed2 for the pe-
riod between 01-01-1900 and 06-01-2019 (~29 million abstracts). 
Furthermore, word-embedding algorithms usually train on single 
words, resulting in one embedding per word and not per entity. 
This representation becomes a problem if we consider that drugs 
and diseases can consist of several words (e.g., coronavirus infec-
tions). To solve this problem, we first identify the entities in 
documents with PubTator3 and then place a unique identifier 
(MeSH-Id) at the entity's position in the text. 

Query-Entities. DrugBank4 is one of the most comprehensive 
databases for curated drug-information. In a first step, we select-
ed all drugs as query entities for the evaluation from the data-
base. Next, we filtered out all drugs that we could not find (using 
a MeSH-Id) in the CTD Database as well as in the pre-processed 
documents. Thus, our final entity set for evaluation consists of ~ 
1700 drugs. As ground truth, we selected for each drug all manu-
ally curated drug-disease associations from CTD. This data set 
consists of 33541 inducing and 18664 therapeutic drug-disease 
associations. 

Text Pre-processing. We removed stop-words and performed 
stemming using Lucene's5 Porter Stemmer implementation to in-
crease word-embedding quality and training performance. Here 
we made sure that the drug and disease identifiers were not af-
fected by ignoring all words with the prefix “mesh:” during the 
pre-processing. 

Word Embeddings. We learned word-embeddings with 
DeepLearning4J’s Word2Vec 6  (Skip-gram) implementation. In 
this context, a larger window-size can lead to improved results 
in learning (pharmaceutical) associations [8, 13, 19]. Therefore, 
to train Word2Vec, we set the word window size in our investi-
gations to 50. Further, as proposed by Chiu et al. [13] we set the 
layer size to 200 features per word and the minimum word fre-
quency of 5 occurrences.  

Similarity-Measures. As the similarity measure for intermedi-
ate entities, we choose the approach defined in section 3.3 in the 
experiments (𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒). As mentioned in section 3.6 (Ranking) 
we will use 𝐵𝑇𝑊𝑐𝑜𝑚𝑏 to rank the explanation-instances. Here, a 
value of 1 means the highest (best) score, and the value 0 means 
the lowest (maximal dissimilar) score. 

4.2 Retrospective Analysis   
In this section, we describe how we identify real DDA predic-
tions in historical corpora using a retrospective analysis [3, 11, 
19] in combination with a co-occurrence approach [30].  

                                                                 
2 https://www.ncbi.nlm.nih.gov/pubmed/ 
3 https://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/PubTator/ 
4 https://www.drugbank.ca/ 
5 https://lucene.apache.org/ 
6 https://deeplearning4j.org/word2vec 
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Retrospective Analysis Evaluation Corpora. In order to detect 
predicted DDAs using a retrospective analysis, we divide our 
evaluation corpus into two corpora: 1900.01.01-12.31.1988 (1989 
corpus) and 1900.01.01-06.01.2019 (2019 corpus). Each corpus 
contains only the documents for the respective time period. As 
next, we proceed as follows. 

First, we train our model with the historical corpus t that 
contains all publications till the year 1989. Next, for each drug-
entity we extract the k-Nearest-Disease-Neighbours (leads to k 
DDAs per drug). Afterwards, we first check if a DDA does not 
exists, i.e., does not appear in at least three publications [30], in 
time period t. Then we check if a non-existing DDAs extracted in 
time period t will appear in time period t+E (Corpus 2019) in at 
least three documents or/and can be found in CTD. With this 
approach, we identify DDA predictions within the k-NDNs sets 
of each drug (where k = 5, 10, 20). This yields to the data set 
shown in Table 1. 

Table 1.    Number of real predicted as well as existing DDAs 

extracted using a k-Nearest-Disease-Neighbors (k-NDN) ap-

proach. 

 k-NDNs/ 
DDA-Type 

5 10 20 

Test  
(predicted) 

inducing 88 168 402 

 therapeutic 91 195 474 
Train 
(existing) 

inducing 687 1161 2311 

 therapeutic 1408 2182 3535 

4.3 Evaluation of Intermediate Entities   
In our first experiment, we investigate how meaningful our in-
termediate entities' choice is and how the quality is related to the 
distance in space. For this, we define the following quality crite-
rion:  

A co-occurrence of entities in documents indicates a relation-
ship between these entities [30]. The probability of a co-
occurrence should therefore decrease with decreasing similarity 
(increasing distance) between an intermediate entity and the 
DDA entities. Thus, with decreasing similarity the probability 
that start-, end-, and intermediate entity (date < 1989) appear 
together in a future publication (date >=1989) should decrease.  

From our retrospective dataset (Table 1) we select all DDA 
predictions for k=20. With k=20 we get the highest amount of 
predictions. For each of the predicted DDAs we extract all inter-
mediate entities using the measure defined in Section 3.3. Next, 
we check if all three entities co-occur together in future publica-
tions (Title/Abstract). With this approach, we determine the pre-
cision. To determine the recall we first identify all documents in 
which the predicted DDA occurs. Then we list all other 
drug/disease entities that occur in these future documents. It 
should be noted that new drugs or diseases may be mentioned 
after >=1989 and therefore the recall in 1989 can never reach a 1. 
For the existing DDAs, we select the same (predicted) DDAs but 

from the Word2Vec model trained on the 2019 corpus. For the 
period until 2019, the predicted DDAs already exist. Our results 
for predicted DDAs are presented in Figure 5 and in Figure 6 for 
existing DDAs. 

 

Results and Result Interpretation. As presented in Figures 5 
and 6, with a high 𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒  the region is too small, and thus no 
entities are found initially. For the predicted DDAs (Figure 5) 
and at a 𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒 value of 0.8, the precision increases to 0.69 
and decreases slowly as 𝐵𝑇𝑊𝑠𝑐𝑜𝑟𝑒values decrease. We see a simi-
lar result for the existing DDAs  (Figure 6), but the precision in-
creases to 1.0. Our experiment confirms our hypothesis. It shows 
that the probability of co-occurrence decreases with increasing 
distance. Therefore, explanations whose intermediate entities 
show a small distance should be preferred and ranked higher. 
Our approach identifies intermediate entities that probably will 
appear together (will be set in context) with the DDA entities 
within a publication. In our next section, we will evaluate the 
quality of our explanations. 

4.4 Evaluation of the Explanations  
In this section, we will investigate if explanations can provide 
valuable information about a predicted DDA. Indeed, it is not 
easy to assess what information a user would consider as valua-
ble. Therefore, we narrow this down. Thus, "valuable" in this 
context means that the user can at least decide based on few ex-
planations whether a (predicted) DDA is of the type treats or in-

 
Figure 5. Results for intermediate entities and for pre-

dicted DDAs. 

 
Figure 6. Results for intermediate entities and for exist-

ing DDAs. 
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duces. From this point of view, this is a classical classification 
task using word embeddings. To allow a comparison with our 
approach, we generate three different baselines: A Support Vec-
tor Classifier and two deep learning models (Multilayer Percep-
tron and a Convolutional Neural Network).  

In this chapter, we describe how we build and train our base-
lines (4.4.1). Then we describe how we can perform a simple 
classification based on the explanations (4.4.2). We do not ne-
glect the users’ perspective, so the classification should be possi-
ble with a few explanations (i.e., three). In section 4.4.3, we dis-
cuss the results. 

4.4.1 Baseline Construction 
How to use Word-embeddings for classification tasks? In this set-
ting, the work of Lev et al. [17] reveals that one can apply 
Word2Vec using pooling techniques. These pooling techniques 
can outperform other algorithms in several NLP classification 
tasks. Thus, in our work, we consider pooling techniques to 
build strong baselines. For example, one pooling technique wide-
ly used is to calculate a mean vector for different vectors. 

Moreover, as investigated by Lev et al. [17], “concat” pooling 
is also a possibility since it helps to capture more semantics that 
"mean" pooling can lose. In our case, we use a drug vector and a 
disease vector for the pooling approach. We tried both ap-
proaches and found that using the “concat” approach led to bet-
ter results. Thus, we will use “concat” pooling in our work to 
build the following baselines. Note that “concat” in our case 
study means that we concatenate the drug and disease vectors 
resulting in a 400-dimensional vector. 

Using our new DDA feature vector representations, we train 
the following algorithms to classify a DDA representation into a 
treats or an induces association. 

Support-Vector-Classifier (SVC) Baseline: We use the Scikit-
learns package to train a Support Vector Classifier (SVC). After 
some experimentation, we chose the following hyperparameters 
for SVC: a degree of three and a radial kernel.  

Multilayer Perceptron (MLP) Baseline: We use the Keras open-
source library to train a multilayer perceptron.  Our model's ar-
chitecture consists of three densely connected layers of decreas-
ing size. In the first two layers, we use a rectified linear unit 
(ReLU) as the activation function. Then, in the final layer, we use 
a sigmoid function to produce the binary classification output. 
Finally, we use a binary cross-entropy loss function. To speed up 
learning, we use Adam optimizer [12], with a learning rate of 1e-
4 and a batch size of eight. 

Convolutional Neural Networks (CNN): Following the success 
of CNNs in Computer Vision in challenging tasks such as object 
detection and image recognition, researchers have also applied 
CNNs to natural language tasks, including document classifica-
tion. The interested reader can see Goodfellow, I. et al. [32] to 
learn more about the key benefits of applying CNNs in such 
challenging tasks.  In our work, we implement a CNN model us-
ing Keras with the following architecture and hyperparameter 
decisions. We use dropout to avoid overfitting with a rate of 0.1. 
The kernel size is set to three for the concatenated vectors. Like 
the MLP, the loss function is a binary cross-entropy loss func-

tion, and the optimizer is Adam [12] with a learning rate of 1e-4. 
The batch size is also eight. 

Cross-Validation: We applied ten-fold cross-validation in our 
evaluation for all baseline approaches. First, and for each train-
ing and test iteration, we randomly selected a balanced data set 
consisting of 50% inducing and 50% therapeutic associations. 
Next, we randomly selected 90% of the associations for training 
and 10% for testing. Here, all test and training sets contained also 
50% inducing associations as well as 50% therapeutic associations 
and in all experiments we measured the average test accuracy.   

4.4.2 Explanation Implementation 
We generate the explanations as described in our five steps and 
for each predicted DDA from the respective evaluation dataset 
(k=5, 10, 20). To generate the knowledge graph, we select k-
intermediate entities using the 𝐵𝑡𝑤𝑠𝑐𝑜𝑟𝑒  (Section 3.3). We rank 
the explanation-instance using our combined measure 𝐵𝑇𝑊𝑐𝑜𝑚𝑏 
(Section 3.6). To allow a fair comparison to our baselines, we on-
ly use an explanation if an intermediate entity and a start or end 
entity appear together in a publication (publication date < 1989). 
Only when they co-occur there is a chance that this association 
could be curated at that time. We ensure that we receive at least 
three explanation-instances. 

Classification with Explanations. We choose the top 3 ranked 
explanations and by a majority vote we determine the 
treats/induces type of the predicted DDA. We test our approach 
on the same balanced test-datasets that we used for the base-
lines. We show the results of our approach and the baselines in 
table 2 and 3. 

Table 2. Accuracies achieved with the different approaches 
on the different k-NDN datasets and for predicted DDAs 

(time < 1989) 

Datasets/ 
Methods 

5 10 20 

SVC 0.65 0.67 0.71 

MLP 0.77 0.75 0.76 

CNN 0.78 0.76 0.75 

Explana-
tions (k=3) 

0.83 0.80 0.78 

Table 3. Accuracies achieved with the different approaches 
on the different k-NDN datasets and for existing DDAs 

(time = 2019) 

Datasets/ 
Methods 

5 10 20 

SVC 0.65 0.66 0.69 

MLP 0.79 0.75 0.78 

CNN 0.78 0.78 0.77 

Explana-
tions (k=3) 

0.87 0.85 0.81 
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4.4.3 Results and Result Interpretation 
As shown in Table 2, we achieve the lowest accuracy for the 
SVC. However, the accuracy increases slightly with the number 
of training data (increasing k), which is not surprising. Overall, 
we can see that the deep learning approaches always lead to bet-
ter results compared to the SVC. For the deep-learning ap-
proaches, however, despite the increasing number of training 
data, the average accuracy tends to decrease. We explain this 
effect by the fact that the deep learning approaches learn a latent 
DDA representation and prefer certain features. At the same 
time, we know that with increasing k, therefore with increasing 
distance between drug and disease, the probability of a DDA 
generally decreases [19]. Therefore, we assume that the latent 
information (treats/induces) is weaker expressed in the embed-
dings when distance increases. Surprisingly, we can see that our 
simple approach leads to the best results. We can see a similar 
result for the existing DDAs (Table 3). Here, we reach accuracies 
of up to 87%. Compared to the deep-learning approaches, we 
achieve an up to 9% better accuracy. We assume that the in-
crease is mainly related to two facts. First, there are already pa-
pers explaining the associations in 2019 and second, the 2019 
corpus is much larger. We can assume that with more Word2Vec 
training data the contextualization quality will also increase. 
Overall, we can say that our explanations can help to distinguish 
between treats/induces associations. Compared to the other ap-
proaches, the user can better assess a DDA prediction, because 
the user is not left alone with a single value or label 
(treats/induces), as would be the case with the baselines. In this 
context, explanations can be used by the user to explore further 
and evaluate the result. Furthermore, there is no contradiction if 
the explanations contain treats as well as induced associations 
for a specific DDA. Typically, drugs that induce a disease are 
also often mentioned together in a document, with drugs that 
can be used to treat the same disease. With our approach, these 
different relations are fanned out for the user.   

So far, we have completely ignored the step of metadata en-
richment in our experiments. In the next section, we will use an 
example DDA to show how the complete explanations are pre-
sented and what additional semantic information they can pro-
vide to the user.   

4.5 Example Use-Case  
In this section, we will illustrate and discuss the result of our ex-
planation approach using a single-use case. In our example, we 
will use the previously mentioned DDA "Simvastatin-
Rhabdomyolysis". It should be noted that no papers exist con-
taining the two entities together before the year 1989. After the 
year 1989, 422 publications were published about this DDA. 
Thus, there was (and is) a strong interest explaining this associa-
tion. We have generated the explanations according to our five 
steps using the historical corpus (date < 1989) and the Word2Vec 
model for this time period. Similar to our previous experiments, 
we only select the explanations if papers are available for the 
intermediate entities and their curated edges. Hence our assump-
tion again is: If no papers exist, curation of the association at 
that time would not be possible. This restriction allows us to re-

move information from the future as much as this is possible. In 
this example, we also assume that the similarity calculation us-
ing ATC, MeSH, or AHFS is possible at that time. This is of 
course to be considered critically, but we want to simulate the 
current situation where all this information is available and can 
be used (nowadays) for predicted DDAs.   

For the DDA simvastatin-rhabdomyolysis the pattern with 
the most explanation-instances is the drug-centric (induces) pat-
tern as shown in figure 7. The first explanation can be read as 
follows: Lovastatin is chemically similar to simvastatin (ATC 
Similarity=1.0) and lovastatin induces rhabdomyolysis. As al-
ready mentioned above, chemical similarity indicates similar 
properties [28], which would allow the hypothesis that simvas-
tatin probably also causes rhabdomyolysis. At this time (<1989), 
four publications exist in which the entities lovastatin and rhab-
domyolysis co-occur and these publications could help to give 
hints on the relationship between simvastatin and rhabdomyoly-
sis. It is also interesting to know how many publications will be 
published in the future (>= 1989), that contain all three entities. 
Executing a query in PubMed with all three entities, the total 
number of publications is 347. Therefore, there is/was a strong 
interest to find out and describe the relationship between all 
three entities after 1989. We get a similar result with the second 
drug bezafibrate. Here we have eight publications, which men-
tion bezafibrate and rhabdomyolysis together (<1989). According 
to ATC-similarity (0.75), there is a therapeutic/pharmacological 
relationship between simvastatin and bezafibrate. Here, after 
1989 seven papers were published which contain all three enti-
ties of the explanation. A further explanation is generated for the 
Disease-Centric Pattern (induces). Disease myoglobinuria has a 
high MeSH-similarity (0.75) with rhabdomyolysis. In total 938 
publications exist (< 1989) containing myoglobinuria and rhab-
domyolysis. It is known that myoglobinuria is a symptom for 
rhabdomyolysis or muscle destruction [31]. Here, nine papers 
(>=1989) were published containing all the three entities.   

This single example should illustrate the possibilities of our 
approach. Our approach can, to a certain extent, automatically 
generate relevant entity relations and point the users to publica-
tions where they can find possible important information early.  

 
Figure 7. Explanation instances for simvastatin and 

rhabdomyolysis before the year 1989. 



June 19 – 23, Wuhan, Hubei, P. R. China Wawrzinek et al. 
 

 

 

5 CONCLUSIONS  
NLMs offer great opportunities for creating innovative access 
paths to scientific literature. With the increasing use of AI in in-
telligent systems, the interest in explaining the results of AI al-
gorithms is growing as well [33, 34]. In this paper, we introduced 
new context-aware access paths to bio-medical literature, which 
can help users to explain predicted entity relations.  

Our extensive evaluation shows that our approach can pre-
dict the type (treats/induces) of a drug-disease association with 
an accuracy of up to 87% and achieve up to 9% better results 
compared to deep learning approaches. Therefore, we believe 
that our method has the potential to support researchers in com-
plex scientific tasks such as hypothesis generation.   
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