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Abstract 

The main advantage of modern natural language processing methods is a possibility to turn an amorphous 
human-readable task into a strict mathematic form. That allows to extract chemical data and insights from 
articles and to find new semantic relations. We propose a universal engine for processing chemical and 
biological texts. We successfully tested it on various use-cases and applied to a case of searching a 
therapeutic agent for a COVID-19 disease by analyzing PubMed archive. 

Introduction 

Natural language processing (NLP) is one of the driving forces of machine learning (ML) and artificial 
intelligence (AI) nowadays. In particular, it is of growing interest for chemical applications. An enormous 
quantity of published research papers1 faced us with a necessity of its automated processing to collect, 
purify and organize the contained data to get new insights2,3.  

The development of NLP has been noticeably accelerated in recent years. For instance, the so-called word 
embeddings made it possible to translate words into high-dimensional vector space of real numbers, 
keeping semantic and syntactic relationships between words in a corpus4. Moreover, they can be used as 
input features for other ML models. Word embeddings have helped to significantly advance in such 
biomedical NLP (BioNLP) tasks as name entity recognition5–7 (NER), information retrieval8 (IR), question 
answering9 (QA), drug-drug10,11 and protein-protein12 interaction extraction. The performance of these 
language models significantly depends on the training corpus of texts. The best results have been obtained 
with domain-specific corpora13, such as abstracts14 and full texts15 of biomedical papers or clinical notes16. 
Unfortunately, only a few biomedical word embeddings17–21 are publicly available to date. Moreover, most 
of them are provided by authors as source files, which means that their application by end-users, e.g., 
biochemists, requires at least basic programming skills. Online services that allow one to extract relevant 
information from biomedical sources are mainly based on more traditional approaches, such as the co-
occurrence of terms22. 

The mentioned web-based architecture of modern solutions dictates additional restriction to a useful NLP 
tool: one should minimize both response time and a volume of stored data. That pushes the idea of a 
universal engine, able to work both on word- and text-levels. As a result, we would like to present an 
example of a deep-learning driven engine. The proposed solution was trained on a PubMed abstracts 
archive and is available to establish different NLP tasks in a reasonable time. We tested it on several classic 
(chemical) NLP cases and applied it to the most burning task nowadays: decision-support for a COVID-19 
drug search. 

 



Figure 1. General workflow 

The general workflow is presented in Fig. 1. The downloaded PubMed abstracts were initially tokenized 
with domain-specific software, while all numbers and punctuations were converted into uniform tags. 
Next, pre-processed abstracts were used as input for word embedding training. At this stage, any word 
(token) included in the PubMed2Vec model is representable as a fixed-length vector. This representation 
makes it possible to operate at a word- and phrase-level (e.g. via word vector averaging). In addition, word 
vectors were also normalized to simplify the clustering process. A more detailed description of the 
presented pipeline is provided in the Supporting Information. 

There are two main groups of validation techniques for NLP approaches. The intrinsic validation may be 
considered as ‘down-up’ or preliminary testing of the approach. We tested the engine to prove its ability 
to calculate reasonable similarity, to recognize the identity of term and its abbreviation, etc. More details 
of the first tests are available in the Supporting Information. Here we concentrated on the examples of 
‘up-down’ validation as the solution of typical cases for NLP. The choice of the cases was based on the 
necessity of testing word-level processing as well as a text-level one. Also, we would like to check the 
performance of a highly-loaded task and try different types of ML approaches (supervised or 
unsupervised). As a result, we chose two cases: named entities recognition and search for similar 
abstracts. 

Named entities recognition (NER) is one of the basic and, at the same time, the most important NLP 
tasks. We may define the general NER task as highlighting known entities in the text and classifying them 
according to some pre-defined classes. In a case of chemical information, it means identifying chemicals, 
drugs, biological objects in a text, i.e. compulsory for structuring knowledge and turning it into uniform 
data. While the highlighting part is well-studied and implemented e.g. in the PubTator23 service, the 
classification part is still in the focus of investigations. As our aim was to demonstrate the capability of the 
engine, we used third-party PubTator software for the initial text preprocessing, while the encoding and 
classification tasks were performed on our pre-trained models. 

For the biochemical NER we used well-known datasets based on BioNLP Shared Task series24. An early 
embeddings benchmark on several subsets13 showed average F1-score about 0.73. The further 
improvement of the neutral networks architecture allowed to increase this value up to 0.80-0.86 in 
average, and up to 0.95 for single tasks7,24,25. As different research groups used different subsets from the 
initial database (including custom ones, available only by request), it was rather difficult to make a correct 
benchmark. Thus, we possessed the F1 value more than 0.80 as an acceptable value for an average 
biochemical NER task with modern machine learning algorithm applied. 

To test the developed engine, we trained a drug/disease classifier using the dataset from 
[https://github.com/JHnlp/BioCreative-V-CDR-Corpus]. We used the pre-trained embeddings and 
gradient boosting approach26. The following scheme (Fig. 2) shows that the algorithm can identify diseases 
or chemicals with F1 score equal to 0.9 for an external test set. Thus, it proves the applicability of the 
proposed approach. 

  

… anti-cancer drug paclitaxel in culture condition. … 
compounds including taxol. Carbohydrate-active enzymes, 

proteases, and secretory proteins were annotated …. … 
for terpene biosynthesis … pinned to taxol synthesis. 

(PMID:32217134) 
 

https://github.com/JHnlp/BioCreative-V-CDR-Corpus


Figure 2. The metrics (left) and example (right) of chemicals (green) / diseases (blue) 
classification. 

 

The second test case was a search of texts similar to the target one. While the previous example 
was devoted to word processing, the second tested the proposed approach on a text-level. Here the 
processing time appears along with the processing quality. And the question of search time is a choice of 
processing algorithms as well as sensible data storage. We had to split the embedded data into separate 
clusters to reduce both loading and processing time. Thus, the case involves the texts clustering as well 
as similarity search. 

The general scheme is presented in Figure 3. We used a set of normalized abstract vectors to pre-
train 2000 clusters with semantic similar abstracts. Each cluster was described by a single initial centroid 
vector. A preliminary search stage looked for 20 clusters, that were the most similar to the target one. 
The second stage processed the chosen abstracts in a parallel mode to identify the most similar abstracts. 
The described approach allowed to reduce the search time for nearly 12 seconds comparing the hours for 
the basic sequential grid search. 

 

Figure 3. The general workflow of an algorithm searching for similar abstracts. 

As an example of the system’s work, we performed a search for articles similar to an article with 
PMID: 3966546. A search was performed according to the above scheme within our system, and, for 
comparison, a similar search was performed using the search engine of PubMed itself. The search results 
are presented in Figure 4. The top article for the original PubMed search engine also appeared in our top 
list (green dot). The target publication was devoted to the investigations of the Guinea pig embryo, 
namely, the change in its physicochemical composition during embryonic development. PubMed search 
results include publications on similar topics, all of which relate directly to Guinean pigs. The search results 
obtained through our search include publications directly on the development of Guinea pigs, as well as 
articles on similar topics that are not directly related to a specific animal species or that describe other 
species. We can also mention, the original frequency-based search looks for a compact topic, while the 
embedding-based allows to perform broader search. 



 

 

Figure 4. Comparison of the embedding-base similarity search (this article, red dots) with frequency-
based PubMed search (blue dots) 

Finally, we applied the proposed NLP architecture to a drug search task. Word embeddings based on 
neural network models have been proven to capture properly semantic relationships4,27. In particular, 
word embedding models allow retrieving analogy terms. Given a pair of related terms 𝑎𝑎 and 𝑏𝑏, we can 
determine unknown analogy word 𝑑𝑑 for term 𝑐𝑐 by applying the simple semantic operation: 

𝑤𝑤𝑑𝑑 = 𝑤𝑤𝑐𝑐 − 𝑤𝑤𝑎𝑎 + 𝑤𝑤𝑏𝑏 

where 𝑤𝑤𝑎𝑎, 𝑤𝑤𝑏𝑏, 𝑤𝑤𝑐𝑐, and 𝑤𝑤𝑑𝑑 are word embedding vectors for corresponding words. The calculated vector 
𝑤𝑤𝑑𝑑 usually does not exactly match any of the words from the vocabulary. Thus, it worth considering 
several nearest words in the vector space in terms of cosine similarity. By embracing this concept, we 
considered resolving drug-disease relationships for drug repurposing. 

We extracted the described relation (𝑤𝑤𝑐𝑐 − 𝑤𝑤𝑎𝑎 vectors) for several drug/disease pairs and tested the 
approach (Fig. 5). In all the cases the algorithm proposed the required drugs in the output. It means, the 
algorithm compressed the impossible task of manual reading of thousands of articles with the mentioned 
terms inside, to a simple task of choosing from ten options.  



 
Figure 5. The proposed ‘drugs’ for a set of chosen diseases. The highlighted sectors represent real drugs, 

relevant to the diseases. 
 

The outbreak of the novel coronavirus disease in 2019 (COVID-19) attracted considerable attention from 
the global scientific community. Significant efforts are focused on the search for therapeutic agents and 
the development of preventive vaccines28. The former well formalizable task can be considered using the 
PubMed2Vec model. Given the already known pairs disease – therapeutic agent, where the disease is 
related to COVID-19, such as Middle East respiratory syndrome (MERS), we can obtain the alleged 
therapeutic agents for COVID-19 using the semantic arithmetic described above. In addition, we 
considered disease – therapeutic agent pairs, where the therapeutic agent is an existing drug with 
therapeutic potentials for COVID-19, according to drug repurposing conception28. The used pairs of terms 
and the most likely candidates are presented in Table 2 and Table 3, respectively. 

Table 2. Drug-disease pairs using to define promising candidates for COVID-19. 

drug disease 

baricitinib rheumatoid arthritis (RA) 

remdesivir Ebola virus infection (EVD) 

galidesivir Ebola virus infection (EVD) 

chloroquine malaria 

Arbidol influenza 

Interferon beta-1b (interferon-beta-1b) Middle East respiratory syndrome (MERS) 

lopinavir Middle East respiratory syndrome (MERS) 



ritonavir Middle East respiratory syndrome (MERS) 

 

Table 3. Most promising candidates (as therapeutic agents for COVID-19) obtained via semantic 
arithmetic. 

drug cosine similarity 

atazanavir 0.6949 

darunavir 0.6879 

indinavir 0.6822 

saquinavir 0.6718 

efavirenz 0.6584 

nelfinavir 0.6567 

fosamprenavir 0.6455 

amprenavir 0.6431 

raltegravir 0.6382 

solumedrol 0.5887 

betamethazone 0.5794 

betaferon 0.5751 

simeprevir 0.5378 

favipiravir 0.5080 

t-1105 0.5032 

 

Thus, we have demonstrated how the presented PubMed2Vec engine can act in two modalities (word- 
and sentence-level), helping in named entity recognition, similarity search, and resolving drug-disease 
relationships. Now we are working on the graphical interface, but we hope even the current results will 
be helpful.  
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Corpus preprocessing. The choice of a relevant set of texts is a critical point for efficient word embedding training. 

If we consider the following sequence: title-abstract-full text of the article, the second option seems preferable. 

Titles of articles are usually too short to contain understandable relationships between biomedical terms. Access 

to full-text articles is often limited due to publishing policies. In addition, accessible texts may require additional 

preprocessing, including text recognition, classification of paragraphs followed by the elimination of irrelevant 

ones (references, acknowledgments, etc.). At the same time, abstracts are the most information-dense part of 

articles, and they are easily available online. Therefore, to implement our PubMed2Vec model, we used the 

PubMed abstracts available at https://www.nlm.nih.gov/databases/download/pubmed_medline.html. 

22,158,154 abstracts were extracted and subjected to the following preprocessing. To tokenize, i.e., to split 

abstracts into a list of its constituent words (tokens), we used ChemDataExtractor1 tokenizer. This tool has 

demonstrated the state-of-the-art results previously in automatic identification and extraction of chemical-related 

entities. All numbers and punctuations were converted into <NUM> and <PUNKT> tags, respectively. Common 

stop-words were removed from consideration with Natural Language Toolkit (NLTK) package2. 

Word embedding. To implement the PubMed2Vec engine, we used Skip-gram—a neural network model proposed 

by Mikolov et al3. Simply speaking, Skip-gram model learns word representation via predicting context words given 

a target word. The model training is aimed at maximizing the average log probability defined as follows: 

1
𝑇𝑇
� � log𝑝𝑝�𝑤𝑤𝑡𝑡+𝑗𝑗�𝑤𝑤𝑡𝑡�

−𝑐𝑐≤𝑗𝑗≤𝑐𝑐
𝑗𝑗≠0

𝑇𝑇

𝑡𝑡=1

 

where 𝑇𝑇 is the number of words in the sequence, 𝑐𝑐 is the width of context window, i.e., the number of words that 

taken into account to capture word’s context, 𝑤𝑤𝑡𝑡 is the target (central) word. In common, the probability is defined 

using softmax function: 

(𝑤𝑤𝑐𝑐|𝑤𝑤𝑡𝑡) =
𝑒𝑒𝑒𝑒𝑝𝑝(𝑤𝑤�𝑐𝑐𝑇𝑇𝑤𝑤𝑡𝑡)

∑ 𝑒𝑒𝑒𝑒𝑝𝑝(𝑤𝑤�𝑘𝑘𝑇𝑇𝑤𝑤𝑡𝑡)𝐾𝐾
𝑘𝑘=1

 

https://www.nlm.nih.gov/databases/download/pubmed_medline.html


where 𝑤𝑤𝑐𝑐 is the context word, i.e., word from context window, 𝐾𝐾 is the number of words in the vocabulary. 

Computing gradient of the average log probability is highly resource-consuming; to address this issue, negative 

sampling with the number of samples of 15 was applied. We used the following hyperparameter values: the 

dimensionality of word embedding of 200, the width of the context window of 5. All words with total frequency 

lower than 10 were ignored. PubMed2Vec model was implemented with genism library4. 

Sentence embedding. Recently, several advanced techniques have been implemented to represent sentences in 

the biomedical domain5,6, i.e., sequences of words, as vectors. However, a simple averaging strategy shows 

comparable performance7, and it is able to represent sentences accurately8. For all sentence-level tasks, we 

generated sentence representation by averaging the embedding vectors of all its constituent words. 

Technical validation 

Intrinsic validation. To provide an intrinsic evaluation of the PubMed2Vec model, we estimated the semantic 

similarity of biomedical abbreviations and corresponding meanings. This task relates to using word-level 

embeddings for sentence-level applications and provides an assessment of word-averaging reliability. The results 

are presented in Table S___. 

However, it is worth noting that the absolute values of cosine distance do not provide valuable information about 

the considered approach. Next, we calculated the distances between the above abbreviations and all other tokens 

included in PubMed2Vec embedding (Figure S___). As we clearly see, the cosine distance between abbreviations 

and the corresponding phrases is significantly less; therefore, we can assume that the PubMed2Vec model has 

successfully passed the technical validation in the sense of generalization from word- to phrase-level applications. 

  



 

Figure S1. Cosine distances between abbreviations (Table S1) and corresponding meanings (vertical blue lines). 

Continuous distributions correspond to distances between abbreviations and all other tokens included in 

PubMed2Vec embedding. 

  



Table S1. Abbreviation-term pairs used to validate PubMed2Vec model. 

abbreviation term cosine distance 

DNA deoxyribonucleic acid 0.34 

CPR cardiopulmonary resuscitation 0.24 

IDDM insulin dependent diabetes mellitus 0.32 

ECG electrocardiogram 0.09 

SIDS sudden infant death syndrome 0.43 

IBS irritable bowel syndrome 0.27 

ADHD attention deficit hyperactivity disorder 0.28 

HRT hormone replacement therapy 0.61 

ICD implantable cardioverter defibrillator 0.24 

RA rheumatoid arthritis 0.25 
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