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Aim: This study aimed to develop a chemoinformatic tool for extracting natural product information
from academic literature. Materials & methods: Machine learning graph embeddings were used to extract
knowledge from a knowledge graph, connecting properties, molecular data and BERTopic topics. Results:
Metapath2Vec performed best in extracting compound names and showed improvement over evaluation
stages. Embedding Propagation on Heterogeneous Networks achieved the best performance in extracting
bioactivity information. Metapath2Vec excelled in extracting species information, while DeepWalk and
Node2Vec performed well in one stage for species location extraction. Embedding Propagation on
Heterogeneous Networks consistently improved performance and achieved the best overall scores.
Unsupervised embeddings effectively extracted knowledge, with different methods excelling in different
scenarios. Conclusion: This research establishes a foundation for frameworks in knowledge extraction,
benefiting sustainable resource use.

Plain language summary: In this study, a tool to extract relevant information on natural products
from scientific papers was developed. Advanced machine learning techniques were used to create a
knowledge graph by connecting different information sources. Several methods were tested, with some
showing better performance in specific tasks such as the extraction of compound names and bioactivity
information. The incorporation of additional data associated with the studied resources proved to improve
the results of the models. This study provides a foundation for the development of future tools that can
assist researchers in extracting valuable knowledge from scientific literature. Such tools have the potential
to facilitate drug discovery efforts and promote the sustainable utilization of natural resources.
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The biodiversity of tropical environments possesses an exceptionally valuable chemical diversity, being the most
traditional source for the development of innovative drugs. The structural diversity of the small-molecule natural
products continues to represent an important source of lead compounds for a wide variety of infectious and
noncommunicable diseases. A detailed analysis of new drugs approved by the US regulatory agency (FDA) between
1981 and 2019 revealed that 23.4% of these molecules are natural products or derivatives [1]. Molecules such as
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Figure 1. Natural product used as a drug for the treatment of different
types of neoplastic diseases.
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Figure 2. Natural products from Brazilian biodiversity as sources of hits with rich chemical diversity for drug
discovery.

paclitaxel (1998), extracted from the bark of the Pacific yew tree (Taxus brevifolia) is a representative of a natural
product that has been used in the treatment of a number of different cancer types (Figure 1) [1–3].

Computational drug discovery approaches that would allow research on natural products through data access,
searches, exploration and organization are of great importance. The discovery of hits derived or inspired in natural
products is a promising starting point for the design of drug candidates, as shown in Figure 2. This process starts
with the in silico screening of libraries of compounds from suitable databases. The selected compounds are then
tested in vitro for the evaluation of properties such as biological activity, selectivity and toxicity. These early steps lead
to the selection of promising hits for further development. Pharmacokinetics (absorption, distribution, metabolism,
and excretion) is also investigated in silico and in vitro to identify the best candidates for clinical trials [4]. The
process of simultaneous optimization of multiple pharmacodynamic and pharmacokinetic properties, known as
multiparameter optimization, is of special value in the early stages of drug discovery. The design and synthesis
of series of compounds are usually assisted by ligand-based and structure-based drug design methods. Following
several cycles of hit-to-lead and lead optimization, the most promising candidates can advance to clinical trials.

The Brazilian Biodiversity Natural Products Database (NuBBEDB) is a broadly known source of information
on drug discovery research based on natural products from Brazilian biodiversity. Currently, this database contains
2223 compounds, providing valuable data such as chemical, spectral, biological, taxonomic, geographic and phar-
macological information (https://nubbe.iq.unesp.br/portal/nubbe-search.html) [4,5]. The information is extracted
(Figure 2) from scientific articles, including natural products identified or isolated from Brazilian species. The need
to address major challenges in natural product drug discovery led the authors of the present study to investigate
intelligent tools for natural product data extraction. Knowledge graphs (KGs) are crucial tools for the generation of
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structured data for a number of scientific applications, which are often laborious and time consuming [6], requiring
a variety of sophisticated reading and understanding natural language processing strategies. In addition, it is very
difficult to keep the datasets up to date with the most recent information [7].

Knowledge extraction can be used to help keep datasets up to date – for example, the NED-EE method that
combines Stanford NER with a conditional random fields classifier [8]. At the same time, JERL [9] uses a custom
conditional random fields model, and ADEL [10] and USFD [11] use Stanford NER. Meanwhile, WAT [12] combines
a maximum entropy model with OpenNLP’s NER, and J-NERD [13] uses Stanford’s dependency parse-tree as inputs
for each sentence in a Gibbs sampling inference model.

In this paper, the authors have chosen a different approach based on unsupervised graph embedding methods.
They compared four different unsupervised graph embedding methods in the task of knowledge extraction,
using a technique called KG completion, presentend by Martinez-Rodriguez et al. [14]. The graph embedding
models the authors benchmarked contain an unsupervised graph embedding technique, called DeepWalk [15]. It
samples a training dataset for a skip-gram architecture using random walks. The DeepWalk technique is extended by
Node2Vec [16] to provide the random walks additional control. Another DeepWalk modification, Metapath2Vec [17],
converts random walks into meta-path-based walks. A regularization function is used to disseminate an initial
embedding on a KG in the embedding propagation approach called Embedding Propagation on Heterogeneous
Networks (EPHEN) [18]. As a result, in an unsupervised scenario, it considers both text and structured data. It
propagates a Sentence BERT [19] multilingual model embedding, so that all nodes in a KG receive an embedding
in the same vector space from the Sentence BERT regulated by all nodes. These approaches were selected because
they produce embeddings for each node without requiring a complete KG (where all nodes are connected),
predetermined weights or an ontology. This is significant because since only automatically extracted attributes will
be used to connect papers when the model is applied in the actual world.

The development of advanced knowledge extraction techniques is therefore considered a benchmark for KG
curation and maintenance. In this work, the authors investigated an approach for data extraction from a set of
over 2000 papers in natural product sciences. The evaluation comprised three aspects: extraction of data from
papers using a dataset of the natural product database NuBBEDB [4,5], acquisition of similarity distances from
unsupervised graph embedding models by KG completion and evaluation of the data extraction of four different
graph embedding models to compare their behavior in each property extraction. In addition, evaluations of different
unsupervised incorporation generation methods and of extracting properties from natural products are presented.

Materials & methods
Dataset
Hundreds of peer-reviewed scientific articles with information on more than 2521 potential natural product
extraction methods were used to create the dataset for testing and training. The NuBBEDB was originally designed
by chemistry specialists, who compiled it manually by reading the articles and annotating the relevant information
of each natural product [4,5]. As a starting point, the authors requested a list for the National Council for
Scientific and Technological Development (Conselho Nacional de Desenvolvimento Cient́ıfico e Tecnológico)
containing scientific articles published between 1950 and 2015 by researchers in the area of “natural products”
that were cataloged on the Lattes platform (http://lattes.cnpq.br/). A list of 32,524 papers resulted. From this
list, the authors selected only articles with registered digital object identifiers reporting compounds that have
been isolated/identified from species of Brazilian biodiversity. This work used 390 papers, which represented
5% of this list. The number of papers is representative for data extraction in the area of natural products.
The models in this work were designed using five of the properties in NuBBEDB for training and prediction:
compound name (NuBBEDB:common name), bioactivity (NuBBEDB:biologicalActivity), species (species where the
natural product was identified), NuBBEDB:collectionSpecie), species location (NuBBEDB:collectionSite) and obtention
method (NuBBEDB:collectionType). The authors used the ontology created for the Database of Natural Products
from the Brazilian Biodiversity (https://github.com/AKSW/dinobbio/tree/main/ontology) for property extraction.
The number of unique options for extraction in each information was #compound name = 446; #bioactivity = 34;
#species = 116; #species location = 52; #obtention method = 6.

Experimental setup & evaluation criteria
The performance of several machine learning (ML) graph embeddings was examined for the unsupervised knowledge
extraction challenge. Graph embeddings enable the extraction of data that have previously been extracted from
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Figure 3. The proposed knowledge graph structure.
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Figure 4. Dynamic stages for evaluation.

the graph and encoded in characteristic vectors. The authors modeled a KG with the digital object identifier of
the publication acting as a central node in order to employ graph embedding methods (Figure 3). The previously
extracted properties, associated molecular data properties and topics taken from BERTopic [20] are all connected by
this. BERTopic is a topic modeling technique that uses a class-based term frequency–inverse document frequency
and the bidirectional encoder representations from transformers (BERT) [21] method to construct dense clusters
while preserving keywords from objects in these clusters to enable readily readable topics.

The BERTopic model prohibits the input of complete papers and demands a minimum number of tokens.
In order to feed the BERTopic model the papers, they were divided into sentences. A multilingual pretrained
BERTopic model was fitted to each sentence in order to extract nonduplicate topics. By enabling connections only
when less than 80% of the papers had already been connected, the themes of the paper were filtered. This made
it possible to weed out broad subjects that did not differentiate papers enough. When papers are chosen as testing
data, they may be used to hide all ties to manually extracted data while keeping the nodes related to one another
by their subjects.

The authors created a dynamic evaluation of four phases with varying quantities of training data in each step to
replicate a situation where new training data are continuously added to the model. It is important to underline that
"test data" means that all manually extracted information contained in the dataset is hidden so that it is represented
as a new data point. Throughout the subsequent stages, the training split is raised by 20% until it achieves an
80/20 ratio. The initial stage consists of a training/test split with a 20/80 ratio (Figure 4). For all evaluation stages,
the authors sorted a list by cosine similarity separately for each extraction scenario with the test data.

Models & framework models
Four different unsupervised graph embedding methods were used for the knowledge extraction task to obtain an
embedding vector with 512 dimensions and the following parameters: DeepWalk [15] with 80 walks with the length
of ten nodes; Node2Vec [16] with 80 walks with the length of ten nodes and a balance of 0.5 in p and 1 in q,
meaning that the random walks explore the global network; Metapath2Vec [17] with one walk with the length of
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100, a context window size of 10 and a set of meta-paths; and EPHEN [18] propagating DistilBERT multilingual
embedding in 30 iterations for the first evaluation stages and 20 upon the updates of the remaining stages.

Concept for quantified approach
The schematic representation of the pipeline for training the different ML models is depicted in Figure 5. First,
a group of chemical experts crowdsource a paper and annotate its content manually. The annotations are then
combined with a predefined semantic data model and used to instantiate a KG containing the natural products
and their properties. Later, the resulting KG, as well as the annotated paper, are used for training ML models using
different strategies. Those models are used to annotate automatically different samples of preannotated papers.
The resulting generated natural product knowledge subgraph of each paper is then compared with the manually
annotated one.

Different values of individuals per property were used and they were proportionally attributed to its extraction
difficulty. For instance, it is significantly more challenging to extract the right compound name than it is to extract
the obtaining method, because there are considerably fewer options in the training set for the compound name
than there are for the obtaining method. For that, the authors evaluated with different k from 1 to 50, considering
values multiples of 5. The final k value for each extraction was defined either when a score higher than 0.50 is
achieved at any evaluation stage or the upper limit of k = 50. Using this rule, the final values of k were defined as
follows: compound name, k = 50; biological activity, k = 5; species, k = 50; species location, k = 20; and obtention
method, k = 1.

Results
The predictive ability of each approach to extract knowledge from various compound properties using hits@k
was evaluated separately for each property. The statistic hits@k calculates the average number of forecasts that
place in the top k results. The hits@k metric considers how many predictions achieve top k rankings and has
been widely used to evaluate graph completion researches [22–24]. When there is just one right prediction, hits@k
is a ranking metric that works in conjunction with the mean reciprocal rank. On the other hand, when a list of
pertinent predictions is supplied as a ground truth, mean average precision, normalized discounted cumulative
gain [25] and precision@k are developed for ranking. hits@k was chosen because, by adjusting the k value, it enables
the evaluation of each data extraction with acceptable expectations and is frequently used in the evaluation of
knowledge extraction.

All the results in the benchmark were executed in NuBBEDB and for each graph the bars represent the corre-
sponding hits@k score and the lines represent the execution minutes for the entire process. The results for the
compound name extraction are presented in Figure 6. In this scenario, it can be seen that Metapath2Vec provided
the best results, being capable of increasing performance in the fourth evaluation stage, reaching 0.2 hits@50,
whereas all the other evaluated methods had worse performance and declined with the increase in train data.
Execution time dropped in all methods. This can be explained by the reduction of options in the ranking by cosine
similarity. It can also be observed that in the third evaluation stage, EPHEN starts to have a better execution time
than Metapath2Vec. This is due to EPHEN being able to reuse existing embeddings without recalculating the
entire space every execution, like the other methods. This behavior is constant for all other scenarios.
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Figure 6. Compound name extraction with hits@50 results (bars). Minutes for execution are indicated in the lines.
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Figure 7. Bioactivity extraction with hits@5 results (bars). Minutes for execution are indicated in the lines.

The extraction of the bioactivity information was best achieved with EPHEN at more than 0.6 hits@5 in
the fourth evaluation stage. Meanwhile, Metapath2Vec was the only method capable of increasing performance
comparing the fourth with the first evaluation stage (Figure 7). It can also be seen that DeepWalk and Node2Vec
achieved better performance than Metapath2Vec in the first evaluation stage, but they drastically lost performance
in the following evaluation stages. Finally, in this scenario the performance achieved was much more reasonable
than predicting the extraction of compound name that contains many other options. For execution times in this
scenario, DeepWalk and Node2Vec did not reduce them in the more advanced evaluation stages. This can be
explained by the existence of fewer options overall for bioactivity knowledge extraction.

The results for extracting species were similar to the compound name scenario, with Metapath2Vec being the best
performer and able to increase performance (Figure 8). However, in this scenario the margins were much tighter, and
the other methods were able to maintain their performance in other evaluation stages. Nevertheless, this shows that

10.4155/fdd-2023-0007 Future Drug. Discov. FDD83 future science group



Development of a novel chemoinformatics tool for natural products databases Research Article

1st 2nd 3rd 4th

Evaluation stage

H
it

s@
50

1.0

0.8

0.6

0.4

0.2

0.0 0.0

0.2

0.4

0.6

0.8

1.0

M
in

u
te

s

Algorithm
Deep walk
Node2Vec
Metapath2Vec
EPHEN

Figure 8. Species extraction with hits@50 (bars). Minutes for execution are indicated in the lines.
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Figure 9. Species location extraction with hits@20 (bars). Minutes for execution are indicated in the lines.

Metapath2Vec’s more robust pipeline to deal with different types of relations yields more performance in challenging
knowledge extraction scenarios. As for execution times, DeepWalk and Node2Vec repeated their behavior from
bioactivity but with a more accentuated increase in execution times for the third and fourth evaluation stages.

The species location extraction was the only scenario where DeepWalk and Node2Vec achieved the best perfor-
mance in one evaluation stage (Figure 9). However, they were not able to increase performance in the following
evaluation stages, unlike EPHEN, which was the only method capable of doing that. Once again, DeepWalk and
Node2Vec execution times increased in the third and fourth evaluation stages.

The obtention method information extraction achieved the best scores overall, even though the results were
measured with hits@1, which is basically accuracy (Figure 10). However, only EPHEN was able to achieve good
performance in this scenario, with a significant margin from other methods. Finally, DeepWalk’s execution had
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Figure 10. Obtention method extraction with hits@1 (bars). Minutes for execution are indicated in the lines.

the highest increase, starting in the second evaluation stage. This indicates that for the fewest options, DeepWalk
started to be the bottleneck in execution time for this methodology of knowledge extraction.

Discussion
The quality of the database used for the drug discovery pipeline is extremely important. The NuBBEDB was
originally a manually curated database. This means that the compound chemical structure and bioactivity, as well
as the species from where the compound was isolated, the location where this species was collected and the isolation
method were extracted by a human reading the paper and annotating the data. Extraction of the ever-increasing
amount of data published in the natural product area is a very challenging task. Automation is essential to make work
more structured, more efficient and faster. The main challenge of knowledge extraction from scientific literature is
that it constitutes an unstructured data source, where authors write using different words and formats, sometimes
describing the same compound, method or activity. Therefore, a robust ontology is proposed to create an in-depth
extraction methodology. To achieve more stable and trustworthy results, this work used rule-based information
extraction algorithms. A methodology was developed and evaluated in different ML embeddings for the task of
unsupervised knowledge extraction. The evaluation was designed so that the performance of each approach was
measured when inserting randomly selected portions of a crowdsourced training dataset.

The models were created adding new training data constantly, to ideally increase accuracy over the stages. All
nodes that originated from the crowdsourced dataset out of the KG were removed, leaving the papers connected
only to their topics. The first training/test consisted of a 20/80 ratio, and for other stages, the training ratio was
increased by 20% until it reached 80/20. The KG was enriched with topics related to the papers using BERTopic [20].
Evaluation of this methodology was performed using hits@k, comparing the performance of the four approaches
in extracting the knowledge of a different compound in the literature.

The first important remark considering all the results is the execution time duration to perform the algorithm.
Metapath2Vec took the least amount of time to generate the embedding in all first evaluation stages. However, in
the second evaluation stage EPHEN tied the amount of time it took and was the best performer after that. This can
be explained by two basic characteristics of Metapath2Vec and EPHEN. Metapath2Vec is implemented as a parallel
central processing unit method and EPHEN can dynamically update the embeddings instead of regenerating the
entire vector space every execution.

Another important aspect is that Metapath2Vec achieved the best performance in the two most challenging
scenarios. This indicates that the embeddings this method generates are more capable of discriminating more
unique nodes. However, in all the remaining scenarios, EPHEN achieved the best performance, which can be
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explained by the method characteristics of propagating BERT’s embeddings to the graph’s nodes, allowing the
embeddings to be generated considering two different sources of data.

Conclusion
This study shows that it is possible to use unsupervised embedding approaches to extract natural product knowledge
from academic literature – in particular, those with fewer unique options in our ontology (i.e., biological activity
and obtention method). The quality of the extraction is generally improved by the incorporation of context aware
data. The best outcomes were obtained by EPHEN, and Metapath2Vec performed well in more difficult situations
(i.e., compound name and species location extraction). Last but not least, the random walks of DeepWalk and
Node2Vec perform better with less training corpora. In order to improve EPHEN, resource similarity data could be
used. In the future, this could lead to even better outcomes and the creation of a framework for extracting natural
product knowledge with a human in the loop. The development of reliable extraction models to aid in the update
of this enriched information will be important to drug discovery inspired by natural products as well as increase
community awareness of natural resource values and their sustainable use.

Future perspective
This work opens new ways to gather relevant information on natural products that otherwise would be scattered
in the literature. The algorithm herein reported will be applied to expand the number of articles to be assessed to
extract data for NuBBEDB. Over the next years, the number of papers from which the data on compounds are
extracted will grow significantly faster using the algorithm, compared with doing data extraction manually. New
cycles of training and test sets will be run and the algorithm will be supplied with new data/papers, therefore
improving the relevant statistical indicators. The algorithm will become more robust, as more papers are analyzed.
It is important the development of specific algorithms for each area – in this case, for natural products – given the
lack of tools for data extraction in this area.

Summary points

• Machine learning graph embeddings, including DeepWalk, Node2Vec, Metapath2Vec and Embedding
Propagation on Heterogeneous Networks (EPHEN), were used to extract knowledge from a knowledge graph.

• Metapath2Vec performed well in extracting compound names and showed improvement over evaluation stages.
• EPHEN achieved the best performance in extracting bioactivity information.
• Metapath2Vec excelled in extracting species information, while DeepWalk and Node2Vec performed well in one

evaluation stage for species location extraction.
• EPHEN consistently improved performance across different scenarios and achieved the best overall scores in

extracting obtention methods.
• Unsupervised embeddings effectively extracted natural product knowledge from academic literature.
• Resource similarity data can enhance EPHEN’s performance.
• This research establishes a foundation for human-inclusive frameworks in knowledge extraction, benefiting drug

discovery and sustainable resource use.
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