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Text mining is an essential method for extracting valuable information from
biomedical literature, especially concerning chemical-disease relationships
(CDR). This study integrates named entity recognition (NER), relation
extraction (RE), classification, and topic modeling to analyze kratom-related
research articles from PubMed. Using the biocreative V chemical-disease
relation (BCSCDR) dataset, NER achieved high recall and accuracy,
demonstrating its ability to identify diverse entities. However, low precision
revealed challenges with false positives due to ambiguous contexts and term
overgeneralization. Network analysis of extracted relationships identified
“Neuropathic” as the most central entity, underscoring its importance in
linking chemicals like “mitragynine” to clinical conditions. Classification
with bidirectional encoder representations from transformers for biomedical
text mining (BioBERT) yielded moderate results, with an F1-score of 0.48,
precision of 0.43, and recall of 0.38, highlighting the need for larger, curated
datasets to improve accuracy. Bidirectional encoder representations topic
modeling (BERTopic) uncovered five main topics with moderate coherence
(C_V = 0.5567), emphasizing themes related to kratom’s toxicity and
clinical implications, although capturing semantic relationships remained
challenging. This research demonstrates the potential of text mining in
biomedical knowledge discovery, revealing key insights and thematic
patterns in scientific literature. Improved data preprocessing, model fine-
tuning, and manual validation are recommended to enhance the reliability
and application of these methods in future studies.
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1. INTRODUCTION

The growing use of technology in biomedical research has increased the number of discoveries and
experimental data. This trend is closely related to the rising quantity of scientific publications in biomedical
each year and the increasing number of citations in the PubMed database, which, in 2023, contains 36 million
citations and abstracts of biomedical literature in electronic text format. However, biomedical literature is
primarily available in electronic form in unstructured formats [1] and is not optimized for effective
information extraction [2]. Literature searches that rely only on titles, abstracts, and keywords often have
limited sensitivity because scientific publication databases typically restrict searches to these elements,
thereby reducing the specificity of the search results [3]. One of the main goals of large-scale biomedical
literature processing is to extract relevant biomedical information and uncover new knowledge or the latest
research findings in the biomedical field [4], [5]. It can also improve the quality of research and discovery by
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integrating the results of information extraction into new findings in the biomedical field [6]. Collecting and
updating biological data from millions of articles is a time-consuming and challenging process because
simple term-based searches often yield irrelevant documents or overlook important information due to
homonyms, synonyms, abbreviations, and term mismatches [7], [8]. The vast amount and complexity of
biomedical literature make it time-consuming for researchers to read data and uncover new knowledge
manually [9]. The use of computational technologies, such as artificial intelligence (Al), in the extraction and
retrieval of large amounts of biomedical literature can greatly reduce search time and lead to the discovery of
new knowledge [7]-[9].

Biomedical information extraction plays an important role in automatically identifying semantic
structures, such as entities and relations, from large volumes of unstructured biomedical text articles [10].
Extracting information from large collections of scientific text is an effective approach for knowledge
acquisition [11]. The abundance of diverse named entity classes in the biomedical field results in a
combinatorial explosion of relationships between entities, making it costly and time-consuming to identify
the most significant relationships through biological experiments [10]. Text mining techniques can uncover
hidden information from large text corpora such as trends, patterns, and data duplication, as well as improve
the conceptual understanding of unstructured data through classification, clustering, and summarization
techniques [12], [13]. Text mining can support the process of knowledge extraction and discovery in
biomedical scientific articles. Biomedical text mining aims to extract, analyze, and summarize meaningful
information from structured and unstructured biomedical texts, enabling automatic text mining and
generation techniques to help researchers gain valuable insights from the vast amount of available biomedical
literature data [14]. Text mining techniques, such as named entity recognition (NER) [10], [15] and relation
extraction (RE) [5], [16], can be used to extract information from scientific literature articles. NER is a part
of information extraction that aims to identify and categorize entities in unstructured text documents and can
be divided into general NER and domain-specific NER [10], [17]. The NER model forms the foundation for
the relationship extraction (RE) process by identifying entities that are subsequently used as input for the RE
model, these identified entities play a crucial role in establishing relationships between them [18].

Multiple studies have been conducted on RE, specifically extracting relationships between
biomedical entities using generative pre-trained transformer (GPT) models [19] and utilize stacking-based
ensemble learning and attention mechanisms by combining the advantages of multiple pre-trained
models [20]. Research on NER using bidirectional encoder representations from transformers (BERT) with
prompt contrastive learning [21], neural network-based joint learning approach [22], machine reading
comprehension framework [23], and hybrid graph-based neural network [24] to identify disease and chemical
entities within document texts. Previous studies indicate that NER and RE methods can effectively extract
information from biomedical texts.

This study aims to identify entities and extract relationships between them, with a focus on the
connection between chemicals and diseases in biomedical scientific articles using NER and RE text mining
techniques. The model used for NER and RE is the biocreative V chemical-disease relation (BCSCDR)
model from spaCy. The connection between chemicals and diseases is crucial in biomedical research, while
entity RE plays a role in extracting information from biomedical literature [25]. The relationship between
chemicals and diseases is represented in the form of a knowledge graph. The knowledge graph is a semantic
network that represents information using various nodes (objects) and edges (relational interactions) to
provide clear knowledge regarding entity attributes and their connections [26]. This study also performs topic
modeling with Bidirectional encoder representations topic modeling (BERTopic). This aims to link
information extraction results with the main topics in biomedical articles.

The dataset used in this study is a scientific article about Mitragyna speciosa, commonly known as
kratom, which was obtained from the PubMed database using the National Center for Biotechnology
Information (NCBI) Entrez application programming interface (API). Kratom has many benefits [27], but its
use can cause negative impacts [28] and has been classified as a new psychoactive substance [29]. This study
utilizes a dataset of scientific articles on kratom to demonstrate the effectiveness of text mining techniques.
Specifically, it highlights the value of NER, RE, and topic modeling in uncovering hidden information and
knowledge within biomedical literature. This method links biomedical entity extraction, relationships, and
topic modeling to better understand kratom’s biological aspects, benefits, risks, and regulations.

2. METHOD

This study focuses on the automated extraction of biomedical information from scientific literature.
This research uses a computational approach based on text mining and natural language processing (NLP) to
extract, model, and analyze the relationship between chemical compounds and diseases from scientific
literature. The research design includes several main stages: data collection, text preprocessing, entity and
RE, knowledge graph construction, and embedding-based topic modeling, as illustrated in Figure 1.
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Figure 1. Research method

2.1. Data collection

The data for this study were collected from PubMed using the NCBI Entrez API, which provides
access to metadata and abstracts from kratom articles. The data collection process was performed by
executing a search query using specific keywords: “Mitragyna speciosa”, “kratom benefits”, “kratom
effects”, and “kratom regulation”. These keywords were selected to ensure coverage of scientific articles
relevant to the research topic, including information on kratom’s benefits, risks, regulations, and potential in
a biomedical context. The collected dataset consists of 612 articles with important metadata, including title,
abstract, author, and keywords.

2.2. Named entity recognition

This NER stage utilizes the SpaCy model enhanced with the BCSCDR, a pre-trained model
specifically tailored for biomedical literature. The primary focus of this NER implementation is to identify
two types of biomedical entities: chemical and disease, which are particularly relevant to kratom research.
The NER process starts by using the tokenization and named entity tagging capabilities of SpaCy,
optimized by ScispaCy’s en_ner_bcS5cdr_md model. This model was selected due to its proven performance
in handling complex biomedical terminology and specialized linguistic patterns, ensuring higher reliability in
entity detection.

2.3. Relation extraction: knowledge graph construction

The RE process utilizes the BCSCDR model-based pipeline, specifically designed for RE in
biomedical literature. This model is trained on the BC5SCDR dataset, which includes explicit relationship
annotations between chemical and disease entities, such as “Chemical A is used to treat Disease B. The
extracted relationships between chemicals and diseases are then represented in a knowledge graph. In this
graph, nodes represent chemical and disease entities, while edges represent relationships between entities,
weighted based on association scores. The knowledge graph is constructed and analyzed using the NetworkX
library, which allows for systematic exploration of network structures, identification of relationship patterns,
and topological analysis.

2.4. Topic modeling

To identify key themes in a collection of scientific literature, this study applies embedding-based topic
modeling using the BERTopic framework. BERTopic is a topic modeling technique that combines class-based
clustering with vector-based representation to produce more intuitive and meaningful topic representations.
Semantic representations of documents are generated using sentence-BERT (SBERT), which are then
dimensionally reduced using uniform manifold approximation and projection (UMAP). Next, the clustering
process is performed using hierarchical density-based spatial clustering of applications with noise (HDBSCAN)
to group documents based on semantic similarity. Keyword representations for each topic are obtained using a
class-based term frequency—inverse document frequency (TF-IDF) class-based term frequency—inverse
document frequency (c-TF-IDF) approach, with the option of fine-tuning the embedding model to improve the
suitability for the biomedical domain. In this study, topic modeling seeks to identify the primary themes in
scientific articles about kratom, including medical benefits, side effects, and legal regulations.

3.  RESULTS AND DISCUSSION
3.1. Named entity recognition

Biomedical entities extracted from the dataset include disease and chemical entities, which were
identified using SpaCy and SciSpaCy libraries. SpaCy is a comprehensive NLP library that facilitates
essential tasks such as tokenization, part-of-speech tagging, and NER. In addition, the SciSpaCy extension
provides domain-specific models that are fine-tuned to meet the unique requirements of biomedical text
mining, allowing for more precise entity classification.
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SciSpaCy offers pre-trained models that are designed to handle terminology and language
commonly used in biomedical research. The model utilized in this research is en ner bcScdr md,
specifically designed to identify two categories of biomedical entities: disease and chemical. Examples of
biomedical entity extraction results with this model are shown in Table 1. The BCSCDR NER model was
tested on the dataset, categorizing 332 “chemical” entities and 265 “disease” entities.

The evaluation results show that the model has a precision of 0.17, which indicates a relatively low
proportion of correct positive predictions. However, the model demonstrates a very high Recall rate of 0.99,
indicating that almost all relevant entities were successfully identified. The Fl-score of 0.29 indicates an
imbalance between precision and recall, while the overall accuracy is 0.99, suggesting most predictions,
including those of the negative class, are correct. According to the confusion matrix heatmap in Figure 2, the
model achieved 330 correct predictions for the label “chemical” with no errors. For the label “disease,” there
were 259 correct predictions along with just 2 incorrect ones. This indicates the model’s excellent ability to
detect entities with high accuracy, although low precision indicates the model’s tendency to produce many
false positive predictions. Overall, the precision of the BCSCDR NER model needs improvement to achieve
a better balance between prediction accuracy and entity detection capability.

The observed performance, characterized by exceptionally high recall (0.99) but lower precision
(0.17), is consistent with the inherent challenges of biomedical NER systems. Entity recognition in
specialized medical domains often encounters a ‘precision-recall trade-off” due to the linguistic ambiguity of
chemical nomenclatures that overlap with common biological terms [10]. This high sensitivity is crucial in
clinical discovery tools to ensure no relevant chemical-disease associations are overlooked, although it
necessitates subsequent human-in-the-loop validation or more stringent rule-based filtering, as suggested in
comprehensive surveys of deep learning for NER [30].

Table 1. Results of chemical and disease entity extraction using the BCSCDR model

Entity Label
7-hydroxymitragynine Chemical
9-hydroxylated oxindole alkaloids speciofoline ~ Chemical
9,10-phenanthrenequinone Chemical
Abnormal behavior of blood concentration Disease
Abnormal liver Disease

Confusion Matrix Heatmap

300

250

CHEMICAL

200

True Labels

150

100

DISEASE

CHEMICAL
Predicted Labels

Figure 2. NER confusion matrix heatmap

3.2. Relation extraction: biomedical application on kratom

In biomedical research, the relationship between chemical compounds and diseases is essential for
developing new therapies, understanding drug side effects, and uncovering disease mechanisms. This section
discusses the implementation of NLP models to extract chemical and disease entities and their relationships
from scientific texts. The connection between chemical and disease entities was determined by analyzing
sentences that included both. Key verbs (such as “cause,” “lead,” and “associated”) were recognized as the
links between the chemical and disease entities.

Text mining in biomedical literature: identifying chemical and disease relationships (Nurul Mutiah)
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This study employs the BCSCDR model to extract the relationship between chemical compounds
and diseases from scientific articles discussing the kratom plant (Mitragyna speciosa). Kratom has long been
used traditionally as a medicine, but scientific literature shows a complex relationship with various medical
conditions. Understanding the relationships between the chemicals in kratom and various diseases is crucial
for evaluating their biomedical effects. This process aids in identifying potential therapeutic benefits, adverse
effects, and interactions with other substances, offering a clearer insight into their pharmacological
properties. By mapping these relationships, researchers can reveal important patterns that guide medical
usage, regulatory decisions, and future research directions. Table 2 shows the results of kratom plant
extraction, illustrating the relationship between chemicals and disease.

Table 2. Results of chemical and disease entity extraction using the BCSCDR model

Chemical Disease Relation
7-hydroxymitragynine Chronic pain Used
Mitragynine Cholestatic hepatitis ~ Demonstrated
Mitragynine Drug abuse Required
Mitragynine Psychotic symptoms Associated
Mitragynine Liver injury Associated
Mitragynine Neuropathic pain Reduced

According to the results regarding the relationship between chemicals and diseases, three categories
describe this relationship:

i)  Positive relationship: the use of kratom for medicine
—  7-Hydroxymitragynine and chronic pain: this relationship suggests that the compound

7-hydroxymitragynine is “used” to treat chronic pain. This compound is known to have a stronger
analgesic potential than morphine [31].

—  Mitragynine and opiate addiction: this relationship shows that mitragynine can “reduce” opioid
addiction, supporting its role as a substitution therapy for opioid use disorder [32].

ii)  Negative relationships: risks and side effects
—  Mitragynine and liver injury, toxicity: this relationship indicates that mitragynine use is

“associated” with liver injury and toxicity. These effects emphasize the possible risks associated
with long-term or high-dose use of mitragynine [33].

—  Mitragynine and hemorrhagic stroke: this relationship suggests a possible connection between
Mitragynine and hemorrhagic stroke [34]. These findings emphasize the necessity of closely
monitoring the use of kratom.

iii) Controversial relationship: potential for abuse: mitragynine and drug abuse, psychotic symptoms: this
association indicates that mitragynine is associated with drug abuse and psychotic symptoms. These
findings emphasize concerns regarding the potential for dependency and neuropsychological effects
associated with kratom use [35].

The data visualization illustrating the relationship between chemicals and diseases in the kratom
scientific article dataset is presented as a knowledge graph, specifically focusing on the mitragynine chemical
type. The visualization of the knowledge graph shows the relationship between mitragynine and various
medical conditions, offering a clear overview of its therapeutic benefits, side effects, and clinical potential. A
knowledge graph utilizes a weighted graph structure, which is comprised of nodes and edges. Nodes
represent chemical entities (such as mitragynine) and diseases (such as pain, depression, and seizure). Edges
connect two nodes to show the relationship between them, with labels being verbs that indicate the nature of
the relationship (such as alleviating, causes, and  associated). The knowledge graph in Figure 3 clearly
represents the relationship between mitragynine and various medical conditions. By combining both positive
and negative relationships, this graph provides a useful tool for understanding the potential of mitragynine in
greater depth. Visual information is essential for assessing the balance between the benefits and risks of
mitragynine. The patterns observed in the graph guide further toxicology studies, molecular mechanisms, and
clinical trials. Centrality metric calculations are used to assess the quality of relationships visualized in the
knowledge graph. There are three types of centrality metrics used in network analysis. Degree centrality
measures the extent to which a node is directly connected to other nodes. Betweenness centrality assesses
how often a node acts as a link in the shortest path between other nodes. Closeness centrality evaluates how
easily a node can access other nodes based on the shortest paths. These metrics help to understand the roles
and importance of different nodes within a network. Table 3 presents a sample of the results from measuring
centrality metrics on the extracted chemical disease relations.

The higher the degree centrality value of a node, the more direct relationships it has. According to
the centrality metrics measurement results, neuropathic has the highest degree centrality value (34, 965, 034,

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4830-4838



Int J Artif Intell ISSN: 2252-8938 O 4835

965, 034, 900). This indicates that neuropathic is connected to more nodes in the network, making it the
entity with the most connections. Mitragynine has a significantly lower value (944, 055, 944, 055, 944), but it
is still important as a representative of the key chemical in kratom. Pain (12, 937, 062, 937, 062, 900) and
neuropathic pain (17, 482, 517, 482, 517, 400) play significant roles in the network, representing clinical
conditions frequently associated with kratom use. In this result, every node has a betweenness centrality
value of 0.0. This indicates that no node acts as a key connector in the network, all relationships are direct
and do not require intermediary nodes. Closeness centrality indicates that higher values suggest faster access
or closer relationships within a network. Neuropathic recorded the highest closeness centrality value of 34,
965, 034, 965, 034, 900, demonstrating that this node has relatively quick access to other nodes. This
highlights its role as a major hub in the network. Pain and neuropathic pain play a crucial role in linking
chemicals, such as mitragynine, to disease.

Knowledge Graph: Relations for Chemicals Mitragynine

cardiac arrest

anxiety s
x arrhythmia
&
cardiotoxicity 8 hypothermia
’ %, = =) -
% a &
&
iy A eb
writhes Y~ g
adminics
Sterag )
~ — alkaloid — depression
ranged Mitragynine \
drug toxicity )
"Mprove
P -
o \ - diabetes
& i o,
& % y
diarrhea & 3
.
¥ harshness
Torsade de Pointes 4
2 death
pain

Figure 3. Knowledge graph illustrates the relationship between the chemical “mitragynine” and disease

Table 3. Results of centrality metrics for CDR

Node Degree centrality Betweenness centrality Closeness centrality
Mitragynine 944.055.944.055.944 0.0 0.0
Pain 12.937.062.937.062.900 0.0 12.971.175.166.297.100
Chronic pain 2.097.902.097.902.090 0.0 2.097.902.097.902.090
Neuropathic 34.965.034.965.034.900 0.0 34.965.034.965.034.900
Hypersensitivity 6.993.006.993.006.990 0.0 6.993.006.993.006.990
Neuropathic pain 17.482.517.482.517.400 0.0 17.482.517.482.517.400

3.3. Topic modeling

The stages of topic modeling with BERTopic begin with document embedding, where document
vectors are represented using sentence transformers. Next, HDBSCAN is used for document clustering,
followed by dimension reduction using UMAP. Once each document in the corpus has been assigned to a
cluster, a topic representation is generated using c-TF-IDF (class-based TF-IDF). The next step is to analyze
the topic using a model that identifies five specific topics. This analysis produces two main outputs: the
topics themselves and their corresponding probabilities. The topics represent the themes identified within a
document, while the probabilities indicate the extent to which a document aligns with each given topic. The
BERTopic model was executed three times to ensure consistency in the results. The findings indicate that the
main topics generated remain consistent with each model run, as illustrated in Figure 4. Figure 3 illustrates
the frequency distribution of topics across all analyzed documents. A total of 149 datasets belong to topic 1,
111 datasets to topic 2, 20 datasets each to topics 3 and 4, and 13 datasets to topic 5. Additionally, 82 datasets
are not classified into any specific topic (referred to as topic -1). This lack of classification may be attributed
to the limited number of specified topics, which are five in total. This restriction on the number of topics is
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implemented to maintain a high coherence score, which makes the resulting topics easier for people to
understand. A higher coherence score indicates that the topics are more relevant and meaningful within the
context of human language.

Figure 5 presents a bar chart visualization of the most significant words associated with each topic,
based on their c-TF-IDF scores. The words at the top of the chart indicate a higher frequency of occurrence
within that topic cluster, while those at the bottom represent lower frequencies. This diagram also facilitates
comparisons among sets of words within each topic. For instance, the most relevant words from topic number
2 include opioid, report, pain, withdrawal, and user. This highlights the relationship between the benefits of
kratom, particularly in alleviating symptoms associated with opioid use.

The coherence score of 0.5567 indicates a moderate but acceptable level of thematic consistency for
a specialized biomedical corpus. As demonstrated by Egger and Yu [36] in their comparative study of
transformer-based topic models, BERTopic typically yields more interpretable clusters than traditional LDA
in technical domains, even if the coherence metrics remain in the 0.5-0.6 range. Our findings confirm that
c-TF-IDF effectively captures the distinct nuances between ‘opioid withdrawal® and ‘toxicity’ topics, which
are essential for understanding the multifaceted nature of kratom research [37].

Topic Count Name Representation Representative_pDocs
1] -1 Bz -1 affact mitragynin use user [effect, mitragynin, use, user, report, axirac... [indigen known tradit addict potenti esia yaar. ..
1 [u] 149 C_milragynin_alkalaid_seffacl_opioid [mitragynin, alkaloid, allact, apioid, recapla... [rnilragynin indol alkaleid isal praviows repor...
2 1 111 1_apdeid _repart_pain_withdraw [pioicl, report, pain, withdraw, user, efect,... [opidraceptar mediat efect emen patenti su..
3 2 20 2 ewposur_poison_report_associ  [expasur, poison, repart, sssoci, effect, amen.., [interest remedi incress westarn countri recan, .,
4 3 20 3_mitragynin_concantr_case_report  [mitragynin, concantr, cesa, report, detect, d...  [substenc major chemic compon mitregynin sluci. ..
5 4 15 4 _lver_injuri_dil_repart [, imued. dill, repart, hepatotex, herba... ldruginduc liver injur dill amoeng cammon caus. ..

Figure 4. Topics generated using BERTopic
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Figure 5. Visualization of topics based on topic word scores

4. CONCLUSION

This study shows that text mining methods, such as NER, RE, and topic modeling, effectively
extract and analyze biomedical knowledge from scientific literature. The findings show that these methods
effectively identify important entities, relationships, and thematic patterns in kratom research, promoting
biomedical knowledge discovery and literature analysis. Additionally, network-based analysis highlights the
key role of clinically relevant concepts in organizing CDR. Meanwhile, topic modeling emphasizes the main
themes related to toxicity and clinical implications. This study has some limitations related to linguistic
variability and semantic ambiguity in biomedical texts, which may affect the consistency of information
extraction and thematic representation. Additionally, the quality of topics generated through topic modeling
is influenced by the size of the corpus and its semantic diversity, which may limit the coverage of less
prominent concepts. Future work should focus on expanding domain-specific corpora, integrating biomedical
ontologies to improve semantic disambiguation, and incorporating expert validation to enhance the
robustness and interpretability of text mining results.
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