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ABSTRACT 
Word embeddings enable state-of-the-art NLP workflows in im-
portant tasks including semantic similarity matching, NER, ques-
tion answering, and document classification. Recently also the 
biomedical field started to use word embeddings to provide new 
access paths for a better understanding of pharmaceutical enti-
ties and their relationships, as well as to predict certain chemical 
properties. The central idea is to gain access to knowledge em-
bedded, but not explicated in biomedical literature. However, a 
core challenge is the interpretability of the underlying embed-
dings model. Previous work has attempted to interpret the se-
mantics of dimensions in word embeddings models to ease mod-
el interpretation when applied to semantic similarity task. To do 
so, the original embedding space is transformed to a sparse or a 
more condensed space, which then has to be interpreted in an 
exploratory (and hence time-consuming) fashion. However, little 
has been done to assess in real-time whether specific user-
provided semantics are actually reflected in the original embed-
ding space. We solve this problem by extracting a semantic sub-
space from large embedding spaces that better fits the query se-
mantics defined by a user. Our method builds on least-angle re-
gression to rank dimensions according to given semantics 
properly, i.e. to uncover a subspace to ease both interpretation 
and exploration of the embedding space. We compare our meth-
odology to querying the original space as well as to several other 
recent approaches and show that our method consistently out-
performs all competitors. 
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1 INTRODUCTION 
Today word embeddings [5, 31-33] are an often used natural lan-
guage processing (NLP) technique in biomedicine [34-37]. Con-
sider for instance Word2Vec [5, 6, 22], a state-of-the-art neural-
language model based on the idea of embedding words into some 
high-dimensional space based on their surrounding word con-
texts. The distance between two words in the embedded space is 
smaller the more similar word contexts they share. This contex-
tualization property is of great interest for the biomedical do-
main [23], where entities like active substances, diseases, genes, 
and their interrelations play an essential role. The distance be-
tween embedded biomedical entities expresses a certain similari-
ty according to some predominant semantics as provided by the 
training corpus, e.g., a therapeutic similarity between active sub-
stances [17]. Moreover, based on such lexical similarities, also 
predictions of complex chemical properties are possible [23]. 
This makes word embeddings interesting for important down-
stream tasks such as drug repositioning [17, 41], medical hy-
potheses generation [16], disease diagnosis [18], and many oth-
ers. However, when taking large and diverse corpora (such as 
Medline) for training, entities are bound to appear in many dif-
ferent word contexts. For example, active ingredients may have 
chemical, therapeutic, pharmacological, or anatomical relation-
ships or a combination of these. This raises the question: which 
semantics do entities actually have in the embedding space? 

Based on this interpretation problem and the growing popu-
larity of NLMs like Word2Vec, newer approaches try to shed 
light on this semantic black box. On one hand, research focuses 
on general relationships between the corpus and the semantic 
quality of models [19, 20], where similarity analysis is mainly 
applied to the entire feature space. On the other hand different 
semantics might exist in different subspaces [1, 21], which would 
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then be preferable for query processing. The general problem in 
this context is that in a 𝑑-dimensional embedding space 2𝑑 − 1 
possible subspaces exist: the search for the best subspace ful-
filling specific semantic properties is therefore prohibitive.  

Due to these problems, recent works [1, 21] try to create a 
semantically changed (sub-) space 𝑊𝑠 from the original word 
embedding space W. Generally speaking, the model learns a 
transformation matrix using categories defined by experts. Af-
terwards, this transformation matrix is applied to create an op-
timized (sub-) space from the original embedding space. Such 
approaches, thus, require a large amount of expert knowledge 
per semantics, i.e. a transformation without expert knowledge is 
not possible, and semantic information may be lost [1, 21]. On 
the other hand, unsupervised methods exist, such as subspace 
clustering [38-40] or node embedding approaches [24, 25], which 
have the potential to assign several different contexts to an enti-
ty. Here, however, the semantics in the resulting clusters and 
subspaces are unknown and thus need to be labelled afterwards. 
Furthermore, the number of contexts is fixed for all entities, 
which is difficult without a detailed knowledge of all aspects of 
the training corpus. Here a user-driven approach would be help-
ful to choose desired semantics. 

In this paper, we develop a method that allows the user to 
express desirable semantics for active ingredient similarity 
search at query time. Based on this input, users query an auto-
matically generated embedding subspace, which corresponds 
best to the given semantics, i.e., a therapeutic subspace where 
active substances are grouped according to their similar thera-
peutic properties (Figure 1). To summarize, the contributions of 
this paper are as follows: 
 We introduce a method that given examples exhibiting cer-

tain semantics, automatically discovers a sub-space that ex-
presses semantic similarity pursued by the query. Our 
method empowers users, since it does not require a prede-
fined semantics of the embeddings space (Sections 2 and 3). 

 We prove that our method can ease the interpretation of 
embedding spaces with substantial improvements in simi-
larity tasks (Section 5). 

2 FUNDAMENTALS 
In this section, we first explain and define the relationships be-
tween different (semantic) similarities that exists between a pair 
of pharmaceutical entities. Finally, we define the problem finding 
a semantic subspace followed by a measure to calculate a mean 
squared error for a given subspace.  

2.1 Relationship between Word-embedding and 
Semantic Similarity-Measures 

The semantic subspace searched for, expresses a given semantic, 
which can be measured by similarity measures. In this context, 
given a set of 𝑛 entities 𝑒1, … , 𝑒𝑛 ∈ 𝐸 and a set of representations 
for these entities, such as (but not limited to): 
 
 𝑓𝑖𝑛𝑔𝑒𝑟𝑝𝑟𝑖𝑛𝑡𝐹𝑚

 (𝑒𝑖) ≔ (𝑓1, … , 𝑓𝑚)  ∈  {0, 1}𝑚, i.e. bit vector 
for 𝑒𝑖 according to some fingerprint definition 𝐹𝑚  (i.e. [43]) 

 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑊𝑘
 (𝑒𝑖) ≔ (𝑤1, … , 𝑤𝑘)  ∈  {0, 1}𝑘, i.e. word vector 

𝑣 of  a word embedding matrix 𝑊𝑘  

 𝑡𝑎𝑥𝑜𝑛𝑜𝑚𝑖𝑐_𝑐𝑙𝑎𝑠𝑠𝑇𝑙
 (𝑒𝑖) ≔ (𝑡1, … , 𝑡𝑙)  ∈  {0, 1}𝑙 , i.e. the set 

of classes entity 𝑒𝑖 belongs to in taxonomy 𝑇𝑙 

then the similarity between two entities 𝑒𝑖 and 𝑒𝑗  can be ex-
pressed by different similarity measures 𝑠𝑖𝑚(𝑒𝑖 , 𝑒𝑗) working on 
their respective representations and evaluating different features 
like e.g. Euclidean distances, cosine similarities, overlap of taxo-
nomic classes, etc. 

Please note that depending on the representation and the 
similarity measure used, the similarity value between the same 
two entities may strongly vary. For instance, two active ingredi-
ents may be to treat the same illness, i.e. show a high therapeutic 
similarity, while being very different, i.e. dissimilar, on their 
chemical structure. A similarity with respect to a certain repre-
sentation is a proper subspace similarity, if the similarity meas-
ure is evaluated on a projection  𝜋(∙) of the original representa-
tion, i.e. a subset of dimensions for vector-based representations 
or a subset of classes for taxonomical representations, etc. where 

 
Figure 1. Method overview: we start with a pre-trained model, and then we apply our approach. First, it optimizes the 
user-input and generates a semantic vector for training and ranking the dimensions. After that, it prunes the dimen-

sions and finally it generates an interpretable semantic subspace. 
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the cardinality of dimensions, classes, etc. is strictly smaller than 
in the original representations. 

2.2 Problem Definition 
Now, the problem of semantically focused subspace selection for 
word embedding spaces can be framed as: Given a similarity 
measure 𝑠𝑖𝑚(𝑒𝑖 , 𝑒𝑗) for 𝑒𝑖 , 𝑒𝑗  ∈ 𝐸, find a projection 𝜋(∙) on the k-

dimensional word embedding space 𝑊𝑘 so that |𝜋(𝑊𝑘)| ≪ 𝑘 and 
a similarity measure of entity pairs in word embedding space 𝑊𝑘 
is proportional to 𝑠𝑖𝑚(𝑒𝑖 , 𝑒𝑗) with a suitable quality threshold: 
 

1

𝑛(𝑛−1)
 ∑ (𝑠𝑖𝑚𝜋(𝑊𝑘) −  𝑠𝑖𝑚(𝑒𝑖 , 𝑒𝑗))2

𝑒𝑖,𝑒𝑗∈𝐸  ≤ 𝑡   (*) 

 
i.e. the mean squared error (MSE) is bounded by threshold t. 

Since this problem does not have always valid solutions, we ap-
proach the related problem of “best effort” semantic focused se-
lection where the error term (*) is minimized. The resulting pro-
jected subspace can be subsequently used for best effort similari-
ty query processing following the semantics expressed by 
𝑠𝑖𝑚(𝑒𝑖 , 𝑒𝑗).  

3 METHODOLOGY  
Our method is based on regression analysis that has long been 
used in the field of chemometrics [14] to reveal (linear) relation-
ships between the dependent variable (target variable) and one 
or multiple independent variables (predictors). For regression 
analysis and feature selection it is helpful to use dependent vari-
ables whose semantics/relationships are well-understood [14]. 
Moreover, it is extremely beneficial to identify and exclude fac-
tors that have little or no influence on predicting dependent var-
iables, because this can lead to the optimization of the accuracy 
of a regression model [15]. We apply these ideas to our problem 
to determine an optimized semantic subspace with fewer dimen-
sions. In this context, the Multiple Linear Regression Model de-
scribes the target variable 𝑦 through the linear line (matrix nota-
tion): 

𝑦 = 𝑋𝛽 + 𝜀 
where 𝑦 represents a vector of observations 𝑦𝑖  (1 ≤ 𝑖 ≤ 𝑛), 𝑋 

represents a matrix with the predictor variables in the columns, 
𝛽 represents a (𝑛 + 1)-dimensional vector with regression coef-
ficients, and 𝜀 represents an 𝑛-dimensional vector with the error 
terms. According to our problem, we adjust the notation for the 
following steps: 

ys = Wβ + ε 
Here we call 𝑦𝑠 the semantic vector because it expresses a us-

er-specified semantics between entities. In our specific case 𝑦𝑠 is 
an n-dimensional vector, where each entry of 𝑦𝑠 contains the 
relative position of some entity 𝑒𝑣. On the other hand, we have 
as input the word-embedding matrix 𝑊 whose dimensions rep-
resent the independent variables. After an initial document pre-
processing and training step, in which the result is the word-
embedding matrix 𝑊, we can divide our approach into four steps 
(Figure 1). In the first step, we prepare the user-input for the fol-

lowing dimension-learning and ranking step. Afterward, we re-
move dimensions that do probably not contain the preferred se-
mantics. In the last step, we construct the semantic subspace and 
prepare it for k-Nearest-Neighbor queries. In the next sections, 
we will describe each of the steps in detail. 

3.1 Semantic Vector Generation 
The user input can be seen as a one-dimensional space i.e. the 
user places the entities on a line (user-interface) relative to each 
other. Here, the user expresses a certain semantic between the 
entities, i.e.,  semantically similar entities are positioned close to 
each other while semantically dissimilar entities are separated as 
far as possible. These positions have nothing to do with the posi-
tions (values) in the word-embedding matrix 𝑊. If the values of 
the observations represented by 𝑦𝑠  have nothing in common 
with the values of the predictors (matrix 𝑊), then our approach 
will probably not be able to find a connection between 𝑦𝑠. and 
𝑊. We will prove this in chapter 5.1 (Influence of the semantic 
vector). To determine the entity positions for 𝑦𝑠 we use two 
steps. First, we identify a dimension from 𝑊 for which the MSE 
between user input and the dimension is lowest. Since we meas-
ure in one-dimensional spaces, we use the Euclidean distance for 
this task. This dimension reflects the user input nearest. After 
this step we remove this dimension from 𝑊 and select it as the 
vector 𝑦𝑠. In the second step we optimize the user input by iden-
tifying the k-entities that cause the largest MSE and remove 
them from 𝑦𝑠. Formally, this procedure can be defined as follows.   

Sampling set-up: Given two similarity measures 𝑠𝑖𝑚𝐴(𝑒𝑖 , 𝑒𝑗) 
and 𝑠𝑖𝑚𝐵(𝑒𝑖 , 𝑒𝑗), (in practice one of them reflects a similarity on 
a word embedding space, while the other reflects the semantics 
desired by some user) let us define a fully connected undirected 
graph  𝐾𝑛 over the entity set E as nodes:  

𝑉 = {𝑒𝑣1
, 𝑒𝑣2

, … , 𝑒𝑣𝑛
} 

Then we label each edge between each two nodes 𝑒𝑣𝑖 , 𝑒𝑣𝑗  by 

the squared error |𝑠𝑖𝑚𝐴(𝑒𝑣𝑖 , 𝑒𝑣𝑗) −  𝑠𝑖𝑚𝐵(𝑒𝑣𝑖 , 𝑒𝑣𝑗)|
2
 between both 

similarities. 
Sampling: To select a sample of entities for the respective 

semantics, we proceed as follows: 
1. From the word embedding matrix W, a dimension is chosen 

in which the 𝑀𝑆𝐸 is minimal, this is our  𝑦𝑠 first.  

2. To lower the 𝑀𝑆𝐸 in the selected dimension further, we 
first remove all edges that do not fulfill the condition 

|𝑠𝑖𝑚𝐴(𝑒𝑣𝑖 , 𝑒𝑣𝑗) −  𝑠𝑖𝑚𝐵(𝑒𝑣𝑖 , 𝑒𝑣𝑗)|
2

≤  𝜆 . Then iteratively 𝑘 
entities (including edges) are removed which have the 
smallest number of remaining edges to other entities. The 
remaining 𝑛 − 𝑘 entities that appear most often together 
form the semantic vector 𝑦𝑠. 

 
We use this method to construct the semantic vectors in our 

experiments, and we use the parameter 𝜆 to regulate how many 
entities should be selected for 𝑦𝑠. We demonstrate the efficiency 
of this graph-pruning in our evaluation (section 5.1). 
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3.2 Dimension Ranking  
Considering the learning objective of NLMs like Word2Vec [5], 
we do not assume an independence of the dimensions in the ma-
trix 𝑊. Furthermore, we assume that values of some dimensions 
correlate linearly stronger with ys than others, and thus have 
probably a stronger correlation with the semantics defined in ys. 
We hypothesized that the predictors, therefore dimensions that 
have a linear correlation with the entity positions in ys, indicate 

the semantic subspace 𝑊𝑠. We will prove this assumption later in 
our experiments (section 5.1). In order not to have the problem 
to try 2𝑑 − 1 combinations arbitrarily to calculate an optimized 
space, we need a ranking of the dimensions by correlation 
strength with ys. This ranking enables us to decide in which or-
der we can combine the dimensions. Furthermore, we have to 
keep in mind that the number of rows can significantly exceed 
the number of columns. This can hurt many regression ap-
proaches, such as the inaccuracy of the model [15]. In order to 
achieve such a ranking of dimensions under the given condi-
tions, we use Least Angle Regression (LAR). The LAR algorithm 
is an efficient version of forward stepwise regression and con-
sists of the following steps [11, 42]: 
 
1. Standardize the predictors to have mean zero and unit 

norm. Start with the residual 𝑟 = 𝑦 − �̂�, 𝛽1 , 𝛽2, … , 𝛽𝑚 = 0  
2. Find the predictor 𝑥𝑗 most correlated with 𝑟. 
3. Move 𝛽𝑗  from 0 towards its least-squares coefficient 〈𝑥𝑗 , 𝑟〉, 

until some other competitor 𝑥𝑘  has as much correlation 
with the current residual as does 𝑥𝑗   

4. Move 𝛽𝑗  and 𝛽𝑘 in the direction defined by their joint least 

squares of the current residual on (𝑥𝑗 , 𝑥𝑘), until some other 
Competitor 𝑥𝑙 has as much correlation with the current re-
sidual.   

5. Continue in this way until all 𝑚 predictors have been en-
tered. After 𝑚𝑖𝑛( 𝑁 − 1, 𝑚) steps, we arrive at the full 
least-squares solution.  

Conclusions: LAR reduces the residual error in each step. The 
dependent variable �̂� is the semantic vector ys, whose relative 
entity positions are to be predicted. Therefore, the reduction of 
the residual error should correlate with the Mean Squared Se-
mantic Error (MSE, Section 2.2). Besides LAR determines which 
predictors (dimensions) have the strongest correlation with ys. 
After this step, the predictors can be listed according to their ab-
solute coefficient value. The lower the value, the smaller the in-
fluence of a predictor in predicting the dependent variable [15]. 
We combine LAR with Cross-Validation and in Lasso-Mode, as 
this can lead to an optimized result [10]. 

3.3 Dimension Pruning  
Next, we have to decide how many dimensions to choose for the 
subspace. On the one hand, Anscombee's Quartet [9] shows that 
different sets of data points can have almost the same statistical 
properties as, e.g., the same linear regression line, but their posi-
tion in space can be completely different. However, the position 

affects the semantic quality and the MSE in the subspace. On the 
other side, a LAR ranking alone will probably not be expressive 
enough, because we can assume that a low number of dimen-
sions (i.e., only one dimension) leads to a loss of semantic infor-
mation. On the other hand, if the coefficients of some dimen-
sions are near to zero or set to zero, then these dimensions prob-
ably lead to an increase of noise [15] and therefore probably to 
lower semantic subspace quality. We confirm this assumption in 
section 5.1. In this context, we need an approach that approxi-
mates an optimal number of dimensions in acceptable query 
runtime. We decided to approximate the optimal number of di-
mensions as follows:  
 
1. Remove all predictors  𝑥𝑖  (1, … , 𝑛) where  𝛽𝑖 = 0. 
2. Rank all remaining predictors  𝑥𝑖 according to their absolute 

coefficient value |𝛽𝑖|, where |𝛽𝑖| > 0. 
3. Calculate the standard deviation 𝑠𝑑 of all coefficients. 
4. Take all predictors 𝑥𝑖 where |𝛽𝑖| ≥ 𝛼 ∗ 𝑠𝑑, 𝛼 ∈ 𝑅 

The remaining predictors form the dynamic generated semantic 
subspace 𝑊𝑠.  

3.4 Subspace Construction  
To compute the MSE, we determine the similarity values for all 
pairs in ys. This can be computed fast because ys contains only a 
small set of entities. To provide for the user k-Nearest-Neighbor 
queries in a dynamically generated subspace, we need to be able 
to calculate the k-Neighbors at query time [12] and this for thou-
sands of entities efficiently. For this task, and in contrast to the 
MSE for computing ys, a pre-computation of all pairwise similar-
ities is not strictly necessary. Therefore, we use for this task the 
k-dimensional tree algorithm, which shows excellent perfor-
mance compared to other approaches [13]. 

4 EXPERIMENTAL SET-UP 
In this section, we will first describe our pharmaceutical text 
corpus and the necessary experimental set-up decisions followed 
by implementation details. 

4.1 Document Corpus and Query Entities 
Evaluation corpus. For our document corpus, we used all ab-
stracts from the bio-medical digital library PubMed1. Specifically, 
we used all annotated abstracts from PubTator2. In this context, 
PubTator applies named entity recognition to identify pharma-
ceutical entities such as drugs, diseases and genes in PubMed 
publications uniquely. We used the annotated documents be-
cause word-embedding algorithms generally create an embed-
ding per word and not per entity. However, this is a problem for 
drugs consisting of several words (e.g. "acetylsalicylic acid"). In 
addition to a unique entity-id, PubTator also provides the exact 
position of the entity in the text. We used this information and 
                                                                 
1 https://www.ncbi.nlm.nih.gov/pubmed/ 
2 https://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/PubTator/ 
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inserted the entity id into the text to get/learn an entity embed-
ding. 
Query Entities. As query entities for the evaluation, we selected 
all approved drugs from the DrugBank3 collection, which can also 
be found in the documents as well have a MeSH-Id listed in the 
Comparative Toxogenomics Database (CTD4) Database. Thus, 
our final entity set for evaluation contains 1124 approved active 
substances. In total, we can identify ~75.000 chemicals in Pub-
Med. After our core method evaluation, we will use these 75.000 
entities to show that our method can scale to that amount of en-
tities (Section 5.4). 

4.2 Experimental Implementation and Parame-
ter Settings 

In the following, we describe experimental implementation de-
tails and parameter settings. 

Text Pre-processing. To improve the embedding-quality 
and to reduce the training time, we first removed stop-words 
and applied stemming (Lucene’s5 Porter Stemmer) afterwards. 

Word-Embeddings. We used DeepLearning4J’s Word2Vec6 
skip-gram implementation to train the word-embeddings. We set 
the window-size to 50, as a larger window size can lead to im-
proved results in learning (pharmaceutical) associations [20, 34]. 
Further, according to [34] we set the layer size to 200 features 
per word, and we removed all words with a lower word frequen-
cy than five occurrences.  

Word-Embedding (WE) Similarity-Measure. As the simi-
larity measure between the drug-entity embedding vectors, we 
choose Euclidian based similarity in all experiments. We decided 
for Euclidean based similarity because the user input is a one-
dimensional space. We rescale and rearrange the distance so that 
a value of 1 between two vectors means a perfect similarity and 
the value 0 means a maximum distance between two vectors. 

LAR-Training. We use Scikit’s7  implementation of LAR 
with Cross-Validation and in Lasso-Mode. Here, we use the de-
fault settings. 

4.3 Semantic Similarity Measures  
To simulate a (pharmaceutical) user input, we have decided to 
test our approach with three different main used drug semantics 
(pharmacologic, therapeutic, and anatomical). Thus, we will 
group active substances according to pharmacologic, therapeutic 
and anatomical properties. The computation of these semantics 
is primarily based on active substance similarity. In the follow-
ing, we describe how we compute the different similarities, 
which we use in our experiments, using taxonomical infor-
mation. 

Active Substance Similarity. The taxonomical similarity 
approach to compute active ingredient similarity is based on 
mostly manually curated semantic classification systems. Con-
                                                                 
3 https://www.drugbank.ca/ 
4  http://ctdbase.org/ 
5 https://lucene.apache.org/ 
6 https://deeplearning4j.org/word2vec 
7 https://scikit-learn.org 

sidering pharmacy, the Anatomical Therapeutic Chemical (ATC) 
Classification System8  is one of the most used classification sys-
tems. ATC first groups drugs according to anatomical properties 
(at level 1), then to therapeutic (level 2), and then to therapeutic-
pharmacologic (level 3) properties. If drugs are in the same 
group and at the same level, they are to some degree similar. We 
use this classification to calculate the different similarities. For 
example, to calculate the anatomical similarity, we first generate 
a drug-drug adjacency matrix 𝐴 = [𝑎𝑖,𝑗] and set the values as 
follows: 

 

𝑎𝑖,𝑗 {
1 𝑖𝑓 𝑑𝑟𝑢𝑔 𝑖 𝑖𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑔𝑟𝑜𝑢𝑝 𝑎𝑠 𝑑𝑟𝑢𝑔 𝑗,

0 𝑒𝑙𝑠𝑒.  
 

 
After that, we determine the anatomical similarity by meas-

ure the similarity between two drug-vectors using a similarity 
measure (e.g. cosine similarity). We repeat this approach, using 
different group levels, to measure therapeutic and pharmacologic 
similarity. 

5 EXPERIMENTAL EVALUATION  
For the experimental evaluation, we first have to determine what 
quality criteria our proposed method should meet to be useful 
for dynamically creating and querying semantic subspaces. In 
this context, the following quality criteria have to be fulfilled. In 
our evaluation, we will investigate each of the defined quality 
criteria.  
 Subspace-Quality: First, we have to confirm the hypothe-

sis that the LAR rank correlates with the subspace quality, 
and thus an LAR rank enables us to generate an optimized 
semantic subspace. A group of dimensions with a lower 
rank should lead to a lower subspace quality than the di-
mensions of a higher rank. The quality can be measured by 
determining whether semantically similar active substances 
are more likely to be grouped in a subspace. 

 Subspace Diversity and Stability: The identified semantic 
subspaces should be pairwise different as possible; there-
fore, a high amount of different dimensions per semantic 
should be found. The differences can be determined using 
the Jaccard coefficient. On the other side, Subspace Stability 
indicates that probably no much better subspaces exist and 
that the desired semantics are actually found in the sub-
space. Therefore, the subspace should be stable when using 
different entities for 𝑦𝑠. For a given semantics and varying 
𝑦𝑠, the majority of equal/similar combinations of dimen-
sions should always be found so that: 
 

𝑦𝑠~ 𝑦�́�  ⟺  𝑊𝑠 ~ 𝑊𝑠
́  

 
We use the Jaccard coefficient to measure how many iden-
tical dimensions occur in different subspaces. 
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 State-of-the-Art Approach Comparison: We compare 
our subspaces with State of the Art approaches from the 
paper [2]. In this context, our method should lead to im-
proved or to comparable results.  

 Subspace Construction Performance: Given a user-
defined semantic, the method should be able to construct a 
subspace for all existing chemical substances (~75.000) in 
query-time and thus in maximal few seconds.  

5.1 Subspace Quality  
In our first experiment, we investigate several hypotheses, which 
we have formulated in our method description. In this context, 
first we describe how we determine semantic quality in a (sub-) 
space. After that, we investigate whether a LAR ranking in com-
bination with a standard deviation threshold leads to a qualita-
tively improved subspace and to what extent.  We then investi-
gate the influence of the semantic 𝑦𝑠-vector generated by our 
pruning method and show that our Graph-based pruning tech-
nique sole leads to the improved results. Finally, we prove the 
hypothesis that the standard deviation approach helps us to con-
trol the semantic quality. With this, we prove the hypothesis that 
with too few dimensions too much semantic information is re-
moved as well as with too many dimensions noise is added.  The 
implementation details (e.g., parameter settings) described as 
well as the subspaces generated here will be part of subsequent 
investigations. 

To start our experiments, we must first clarify how to meas-
ure semantic quality for pharmaceutical entities existing in dif-
ferent (sub-) spaces.  

Measuring Subspace Quality. To measure the semantic 
quality for pharmaceutical entities, we apply the clustering ap-
proach described in [29] to measure the semantic cluster coher-
ence in a (sub-) space. Here, semantic coherence means that the 
entities of a cluster should be grouped under a common theme, 
e.g., they have similar therapeutic properties. On the other side, 
to compute and to compare the semantic similarity quality of an 
entity cluster, first, each entity (active substance) needs a unique 
class label. For this task, we use the ATC Classification System. 
How many clusters should we expect? Since most drugs for our 
evaluation are assigned to only one ATC Root-Group, there will 
be, in most cases a zero similarity between drugs from different 
ATC-Groups. Therefore, we select the number of the highest-
level groups as the number of clusters we expect, which are, in 
our case, all 14 ATC root groups. As an example, we investigate 
whether acetylsalicylic acid, with the anatomical group "N", oc-
curs in the anatomical subspace of a cluster in which most drugs 
have the same group "N".  For the therapeutic subspace, we in-
vestigate the quality of the next ATC level (for acetylsalicylic 
acid = N02) in one of the 14 clusters. Finally, to compute the 
cluster quality, we determine the clusters Precision, Recall, and 
F1 Score using the method described in [28]. These measures al-
low us to compare the different (sub-) spaces with each other. 
On the other side, a minority of drugs can have several classes 
and this for different ATC-groups (e.g., Like acetylsalicylic acid). 
Since we have to determine a unique label for each active sub-

stance, we use the majority label approach described in [29] to 
determine a unique label for each drug. 

Experimental Implementation Details. For our experi-
ments, we generate three different 𝑦𝑠 -vectors that represent 
three different user-inputs. First, we calculate an anatomical, 
therapeutic, and pharmacological pairwise drug similarity with 
the approach described in Section 4.3. Then, we apply our Sam-
pling Approach (described in Section 3.1) to generate an anatomi-
cal, therapeutic and pharmacological 𝑦𝑠-vector. In total, we have 
for each semantic a different dataset which is represented by the 
different semantic vectors. 

In our evaluation, we use half of all drug entities (with the 
lowest MSE) of each 𝑦𝑠-vector to train a subspace and the other 
half to evaluate the subspace. The partitioning was done to have 
enough training entities on the one hand and to keep the MSE in 
the 𝑦𝑠-vectors as low as possible on the other hand. We set the 
semantic vector threshold parameter 𝜆 to 0.0081, as this led to 
improved results. We set the standard deviation threshold pa-
rameter 𝛼 for the optimal choice of dimensions to 0.65 for the 
anatomical subspace, 1.45 for the therapeutic subspace, and 1.35 
for the pharmacological subspace. The above parameter settings 
also led to improved results. For the LAR ranking in Lasso Mode, 
we use the LassoLars implementation of the Python library 
sklearn [30]. For the clustering of the drug entities, we used the 
K-Means++ Clusterer of the Java library Apache-Math9. We per-
form the clustering for the expected 14-ATC clusters in total 200 
times and calculate the AVG F1 score.  

Results and Result Interpretations. In Tables 1-3, we pre-
sent the F1 scores and percentage changes for the various se-
mantics and subspaces, including the number of dimensions. W 
refers to the original space, SemSubspace (> SD) is the space gen-

                                                                 
9 https://commons.apache.org/proper/commons-math/ 

Table 1. Anatomic Semantic (ATC) 
Space #Dims. F1-Score % Imp. 
Original space (W) 200 0.377   0 
SemSub(>SD)   74 0.395 +4% 
SemSub(<SD) 126 0.354 -4% 
 
 

Table 2. Therapeutic Semantic (ATC) 
Space #Dims. F1-Score % Imp. 
Original space(W) 200 0.286  0 
SemSub(>SD)   35 0.333 +16.43% 
SemSub (<SD) 165 0.279    -2.74 
 
 

Table 3. Pharmacologic Semantic (ATC) 
Space #Dims. F1-Score % Imp. 
Original space(W) 200 0.128 0 
SemSub(>SD)   29 0.150 +17.19% 
SemSub(<SD) 171 0.126    -1.56% 
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erated by our method and the standard-deviations threshold ap-
proach.  

SemSubspace (< SD) is the subspace that contains all dimen-
sions that fall under the SD threshold and have been filtered out 
by our approach. First, in all clusterings, the semantic subspace 
generated by us shows increased values between 4% and 17% 
compared to the original space. As expected, the F1-Scores are 
decreasing, when calculating F1 on a finer ATC Level but for the 
same number of clusters.  Besides, the subspace with the filtered 
dimensions is the worst in comparison. This experiment under-
pins our hypotheses: 1) Our method leads to improved semantic 
subspaces, and 2) our approach ranks dimensions containing a 
searched semantics higher. Since semantics are separated in our 
semantically “distilled” subspaces, this can lead to improvements 
in the interpretability of a neural-language model output.  We 
can observe the highest percentage improvement in the thera-
peutic and pharmacologic subspace. This finding could indicate 
that the therapeutic/pharmacologic contexts are the most pro-
nounced. This could be useful for all approaches using entity 
embeddings in subsequent applications, e.g., to predict new ther-
apeutic (drug) properties as currently being tested in drug repo-
sitioning [17, 41]. In our next experiment, we investigate the role 
of the semantic Vector. 

What influence do the semantic vector and its genera-
tion process have? To answer this question, we generate the 
models under two aspects and measure the Cluster-Coherence 
(F1-Score) if 1) Pruning is omitted and the entities are chosen 
randomly and 2) if we do not use the best dimension (lowest 
MSE) for Pruning but randomly choose a dimension with a high-
er MSE. For training, we used the same number of entities as in 
the previous experiment. We again run the clustering 200 times 
and measure the AVG F1 scores on the entities not used for 
training. We show the results of this experiment for the different 
semantics in Table 4. 

Results and Result Interpretation: We can observe that if 
we omit the pruning step, the F1-Scores per semantics decreases 
for all models. Furthermore, we can observe that if a dimension 
with a higher MSE is chosen, the F1 decreases further until the 
results correspond to the original space (compare with Tables 1-
3) or even become worse. We conclude from this that without 
our core y-vector generation approach, LAR alone cannot lead to 
improved results. 

What effect does the SD-Approach have? Finally, and for 
the sake of completeness, we examine the influence of the stand-
ard deviation step (see Dimension Pruning Step in section 3.3. 
The lower the parameter 𝛼 is set, the more dimensions we select. 

We want to confirm the hypothesis that we achieve a semantic 
loss with too few and add semantic noise with too many dimen-
sions. For this experiment, we use the settings from the first ex-
periment but change the SD parameter. Here we test 𝛼 in a 
range between [0, 2] and increase 𝛼 by 0.05 iteratively. Again, 
we measure the cluster coherence AVG F1 scores. Figure 2 
shows the results for the different semantics. 

Results and Results-Interpretation: Rather, less surprising-
ly, our hypothesis applies here. For all semantics, we see a peak 
in the F1 scores (Figure 2). Therefore, it is advantageous to use 
the SD approach; otherwise, the values can fall so far that there 
is hardly any difference to the original space. A good guideline is 
to set the parameter 𝛼 to 1. This setting leads to improved results 
in all models. 

5.2 Subspace Diversity and Stability 
Have we indeed learned different semantics, or do we have some 
semantics that leads to improvements for other subspaces? This 
is an important point because if there exists no diversity, there is 
again the problem of interpretability. As an example, it should 
not be the case that a therapeutic subspace has almost the same 
dimensions as the anatomical subspace. On the other hand, we 
should expect that with similar y-vectors, we will find/learn the 
same dimensions, and thus we can achieve certain subspace sta-
bility. 

For Subspace Diversity, we compared the subspaces from 
the previous experiment and determined the proportion of iden-
tical dimensions using the Jaccard coefficient. Table 5 shows the 
pairwise Jaccard coefficients. 

For Subspace Stability, we removed randomly 5% of the 
training-entities of a y-Vector. We repeated this step 20 times to 
retrieve 20 different y-Vector samples. Afterwards, we learned a 
subspace for each y-Vector, and (using the resulting dimensions) 
we compared the pairwise Jaccard coefficient for each semantic. 
The results are presented in Table 6, where column >SD shows 
the results for the subspaces with the same parameter setting as 
for Subspace Diversity experiment and column |x| > 0 shows the 
results for all dimensions that have a coefficient value > 0. 

 
Figure 2. Results for different Standard Deviations. 

Table 4. Semantic Vector Generation 
 Pruning 

+Best Dim. 
No Pruning 
+Best Dim. 

No Pruning 
+Worse Dim. 

An.SubSp. 0.395 0.392 0.354 
Th. SubSp. 0.333 0.310 0.296 
Ph. SubSp. 0.150 0.142 0.127 
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Results and Result Interpretation. For Subspace-Diversity, 
the Jaccard coefficients show only a moderate dimension over-
lap. The most significant overlap exists with a Jaccard coefficient 
of 0.60 between the pharmaceutical and therapeutic subspace. 
This could be because we trained the pharmacologic semantic 
with ATC-level 3, which is also known as the therapeutic-
pharmacological level10.  Overall, however, the subspaces have a 
moderate proportion of different dimensions and, therefore, a 
moderate diversity. On the other side, for Subspace-Stability the 
dimension overlap is with Jaccard coefficient values up to 82 
high. Based on these results, we assume that we learned different 
semantics and probably stable subspaces with our approach. 

5.3 Subspace Quality Comparison  
To compare the quality of the subspace, we introduce the task of 
entity intrusion. Similar to word intrusion [2, 26, 27] the goal is 
to assess the semantic coherence of a space by measuring how 
easy it is to identify an intruder from a set of semantically simi-
lar entities. The idea is as follows: given an entity 𝑒𝑙 , we extract 
the 𝑘 nearest neighbors 𝑒1, 𝑒2, . . , 𝑒𝑘 and add an ‘intruder’ entity 
𝑒𝑖𝑛𝑡𝑟𝑢𝑑𝑒𝑟 to the set. Because the entities except the intruder have 
similar meanings to each other, one can easily select the intruder 
to conclude that the 𝑘 entities are sharing coherent meanings. 
How do we choose an intruder for a specific entity 𝑒𝑙 ? Follow-
ing the work of [2, 26, 27] for word intrusion, we adapt the idea 
to our work as follows. An intruder must satisfy two criteria: 
firstly, it is in the lower half of all the possible neighbors of a 
given entity 𝑒𝑙, and secondly, it is in the top 10% of some other 
entity 𝑒𝑚. Given the definition of how to find an intruder, we 
evaluate subspace quality using the distance ratio (DR) metric [2, 
26-27]. 

The distance ratio is the average of the ratio between 𝐷𝑖𝑛𝑡𝑒𝑟
𝑒  

and  𝐷𝑖𝑛𝑡𝑟𝑎
𝑒  over 𝑛 entities, calculated as follows: 

 

𝐷𝑅 =  
1

𝑛
 
∑ 𝐷𝑖𝑛𝑡𝑒𝑟

𝑒𝑛
𝑒=1

∑ 𝐷𝑖𝑛𝑡𝑟𝑎
𝑒𝑛

𝑒=1

 

Where 𝐷𝑖𝑛𝑡𝑟𝑎
𝑒  is the average distance between each pair 

among the top 𝑘 neighbors of an entity 𝑒 
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𝐷𝑖𝑛𝑡𝑟𝑎
𝑒 =  

∑ ∑ 𝑑𝑖𝑠𝑡(𝑒𝑖 , 𝑒𝑗)𝑒𝑗𝑒𝑖

𝑘(𝑘 − 1)
 

 
Moreover, 𝐷𝑖𝑛𝑡𝑒𝑟

𝑒  is the average distance between the intruder 
and each of the top 𝑘 neighbors of entity 𝑒 
 

𝐷𝑖𝑛𝑡𝑒𝑟
𝑒 =  

∑ 𝑑𝑖𝑠𝑡(𝑒𝑖 , 𝑒𝑖𝑛𝑡𝑟𝑢𝑑𝑒𝑟)𝑒𝑖

𝑘
 

 
The higher the distance ratio, the better because it shows to 

which degree a multidimensional space is semantically coherent. 
In other words, an average distance between similar entities with 
an intruder entity should be higher than the average distance 
between similar entities. In our experiments, we use the cosine 
distance and different values of 𝑘 as follows: we compute dis-
tance ratio using the k neighbors from five to 20 for a range of 
randomly sampled entities (five to 50) five times.  To summarize 
the results, we average distance ratios among the sampled enti-
ties. Finally, to assess the statistical significance between the dif-
ferences among methods, we used Welch’s t-test (when we ob-
served a p-value less than 0.05, we rejected the null hypothesis of 
equal means).  

Experimental Implementation Details. We compare our 
approach SemSubspace to the original space (Original) and to 
eight (state-of-the-art) other approaches from the paper [2]. For 
comparison, we used the three subspaces (anatomic, therapeutic, 
and pharmacologic) from our first experiment (Section 5.1). In 
[2], researchers show that the use of rotational methods im-
proves the interpretability of word embeddings. We use the im-
plementation of the authors and follow the experimental settings 
to obtain the different rotated versions that we show in our re-
sults.  

Results and Result Interpretation. In Table 7, we observe 
that overall our approach SemSubspace performs better than 
the original space and all the rotated-based approaches. The ob-
served differences are statistically significant, based on Welch’s 
t-test. We also observe that methods based on orthogonal rota-
tion consistently outperform oblique rotation methods. To our 
surprise, all the orthogonal methods deliver a semantic coher-
ence space with no differences between them. We can conclude 

Table 5. Subspace Diversity (Jaccard coefficient) 
 An. SubSp.   Th. SubSp. Ph. SubSp.  
An. SubSp. 1 0.48 0.40 
Th. SubSp.  1 0.60 
Ph. SubSp.   1 

 
 

Table 6. Subspace Stability (Jaccard coefficient) 
Subspace >=SD |x| > 0 
An. SubSp. 0.76 0.82 
Th. SubSp. 0.70 0.81 
Ph. SubSp. 0.69 0.79 

 
 

Table 7. Distance ratio for the different similarities 
Approach Th. An. Ph. 
Original 5.802 6.109 6.667 
Quartimax(orth.) 5.802 6.109 6.667 
Varimax(orth.) 5.802 6.109 6.667 
Parsimax(orth.) 5.802 6.109 6.667 
FacParsim(orth.) 5.802 6.109 6.667 
Quartimax(obl.) 2.832 3.589 3.830 
Varimax(obl.) 2.832 3.590 3.611 
Parsimax(obl.) 3.038 3.445 3.611 
FacParsim(obl.) 3.006 3.445 3.865 
SemSubspace     6.241 6.445      7.419 
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that our approach SemSubspace consistently extracts from the 
original space a semantically interpretable subspace.   

In summary, our experiments prove that our approach 
SemSubspace delivers a specific semantic space that outper-
forms the original space and delivers a space that does not lose 
the representative power of the original space. In other words, 
SemSubspace finds a subset of the original space that is seman-
tically coherent and delivers better results than the other tested 
approaches. 

5.4 Subspace Construction Performance  
In our last experiment, we investigate how much time the entire 
method takes to construct a semantic subspace for a user-defined 
query, considering all chemical substances (~75.000) found in all 
29 million PubMed abstracts. We assume that the original space 
𝑊 already exists and a semantic subspace for a user has to be 
extracted. We assume that the user has a pharmaceutical interest 
and is mainly interested in active substances.  

In the following, we will determine the performance of a user 
query. The machine on which we measure the time has the fol-
lowing characteristics: 16 Xeon E5/Core i7 Processors with 377 
GB of RAM 

Results: First, the user submits a sample of entities that have 
a semantic similarity (e.g., therapeutic) and the next step is to 
find the dimension that has the lowest MSE for the user sample 
(see 2.2). For this step, we select a 10% sample of active ingredi-
ents (~112) from our active ingredient entities, which should ide-
ally overlap largely with the sample defined by the user. We 
then calculate the MSE in multithread mode (10 threads) and ar-
rive at a runtime of ~0.852 milliseconds. Afterward, the semantic 
vector 𝑦𝑠 is determined by our graph-pruning approach (see Sec-
tion 3). For this step, we use the therapeutic entities as an exam-
ple and prune so far that we get half of all entities (562) for train-
ing. This step has a runtime of 3.58 seconds. As next step, LAR 
determines the coefficients. For this step, we need another ~2.6 
seconds to train the 562 entities with LAR in Lasso Mode. The 
choice of dimensions with the SD approach in the next step 
takes a total of ~0.03 seconds. In the last step, the subspace for all 
chemical substances (~75.000) is constructed and the user can 
query the k-Nearest-Neighbors. This step and querying a certain 
entity and its 10-NNs takes a total of ~1.80 seconds. Thus, in 
summary, we achieve a total execution time of fewer than 9 sec-
onds. Compared to the rotational approach [2] that takes for the 
same number of entities and the same query a total of 900 sec-
onds, which is 100 times slower. 

6 RELATED WORK 
Our work builds on the current growing interest in interpretable 
semantics of word embeddings.  One line of research, for in-
stance, is the work of Rothe et al. [1] that given the word em-
bedding space, performs an orthogonal transformation of the 
original space using a task-specific training set. Thus, Rothe’s 
approach called Densifier, finds a new space that is several or-
ders of magnitude lower than the original space where one can 
find some specific semantics given some binary classification 

task, such as positive or negative sentiment, frequency of words, 
e.g., frequent and not frequent, and concreteness of words, e.g., 
concrete and no concrete. Similar to their approach, we do have 
as an input to our model a supervised task. However, we push 
further the idea by letting the user define a continuous semantic 
subspace instead of binary assignment of classes. Thus, we com-
plement previous efforts that allow for more flexibility empow-
ering the user for query-time semantics using a handful of ex-
amples. Park et al. [2] use exploratory factor analysis to word 
embedding spaces using basis rotation algorithms. The algo-
rithms used in their work empirically proved to ease understand-
ing of the dimensions of the original embedding space while re-
taining the semantics in several NLP tasks. After applying the 
rotation algorithms, one needs expert manual effort to interpret 
each dimension.  We compare our approach to what Park et al. 
contributed to the community because we considered Park’s ap-
proach a good baseline since it improved the original space in a 
word similarity task. In our case, our goal is arguable more chal-
lenging since entity similarity in the biomedical field involves 
specialized vocabulary and acronyms to consider.  

Some representative examples of another line of work that 
modifies the original word embeddings algorithms aiming at a 
better interpretation of the dimensions are the works of Luo et 
al. [3] and Murphy [4]. Murphy applies non-negative constraints 
to the word vectors learned from a matrix-factorization ap-
proach. Similarly, Luo et al. applied non-negative constraints to 
the Skip-gram model [5-6].  

Moreover, the work of [7-8] developed methods to transform 
dense word vectors into sparse, word vectors with the potential 
of making ease the final vector’s dimensions. These approaches 
focused on designing new algorithms that enforce through the 
non-negative constraints and sparseness the interpretability of 
the learned embeddings. Here, we instead focus on designing an 
algorithm that works on top of a conventional model such as 
Skip-gram driven by user input and aiming at finding a semantic 
continuous similarity space.  

7 CONCLUSIONS AND FUTURE WORK 
Considering the exponential growth of scientific publications in 
digital libraries [44], new and innovative ways of extracting 
knowledge from literature and exploring it are urgently needed. 
In this context, neural language models can be a tool to automat-
ically and efficiently learn and predict entity relations embedded 
in literature.  
   In this paper, we introduced the novel idea of finding semantic 
subspaces for medical entities. Our approach SemSubspace con-
tributes to the current body of knowledge regarding the inter-
pretability of word embeddings. SemSubspace has two core ad-
vantages over the original space and competitive state-of-the-art 
baselines: firstly, it allows finding a user-defined semantic sub-
space in query-time, and secondly, it shows substantial im-
provements in two meaningful tasks: clustering of pharmaceuti-
cal entities and entity intrusion detection. In both tasks, SemSub-
space results show that it can extract a subspace that is semanti-
cally coherent. Moreover, our in-depth analysis showed the sta-



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

 

 

bility of our approach regarding the variety of entities selected 
as input.  

To further advance our current efforts in the biomedical field, 
we would like to address the task of semantic relatedness be-
tween two different types of entities, such as those that exist be-
tween drugs and diseases. In this context, a drug can be used to 
treat a disease or on the other side can induce it. We believe that 
the extraction of a semantic subspace that represents “treats” or 
“induces” associations for example, could help to advance litera-
ture-based biomedical research analytics such as needed for 
complex tasks like drug-repurposing. 
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