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PREFACE 

 

 

 

 The pursuit of our dreams can lead us on a winding path through different 

domains and disciplines. I always had a dream of pursuing a research career in the 

interdisciplinary area of computer science, artificial intelligence, and other prominent 

domains such as geography, medicine, and agriculture. A previous attempt I made to do 

research in geoinformatics at one of the prestigious institutes in India got rescinded due to 

unavoidable circumstances and I had to leave the institute and join the information 

technology industry. However, the passion for inter-disciplinary AI research has always 

intrigued me and I was motivated to start again. In 2015, I moved to the United States 

and started working as a Data Scientist in the automotive industry. Using predictive and 

prescriptive analytics, I worked on solving issues related to warranty, plant absenteeism, 

and vehicle complexity reduction, which in turn led me to consider the possibility of 

applying my data science and analytical skills to the healthcare industry and solving 

problems that are affecting people more directly than they do cars. After reading 

numerous healthcare research articles and doing some exploratory research, I discovered 

that there is wealth of valuable information available in a vast corpus of medical research 

papers, but no efficient framework for automating the curation and organization of these 

knowledge sources exists. Hence the key motivation for my research was to build an 

automated framework to extract evidence-based information, enriching the extracted 

knowledge with hospital data and enable healthcare professionals in making data-driven 

clinical decisions. The structured and unstructured data provided by Dr. Ghaus Malik 

regarding cerebral aneurysms in patients proved to be a boon to me since I could test the 
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automated framework of curating knowledge by taking IAs as a case study. As COVID-

19 affected a wide range of people's lives, it motivated me to curate information, extract 

knowledge, and test this framework on a large corpus of research articles related to 

COVID-19. 

 The current construction frameworks for Knowledge Graphs (KGs) fail to 

generate relevant information for evidence-based practitioners. The organization of 

subgraphs lacks specificity to topics and is not suitable for evidence-based PICO queries. 

Manual or semi-automated processes used to build these KGs make them incapable of 

adapting to new domains and incorporating changing information, resulting in loss of 

relevance and missing important evidence over time. Neglecting temporal information 

and the dynamic nature of entities and relations can lead to erroneous information 

extraction and suboptimal decision-making. The proposed automated clinical knowledge 

graph generation framework addresses these issues by extracting knowledge from a huge 

corpus of unstructured data, integrating structured patients’ data, and semantically 

enriching the knowledge with specific and generic ontologies. In this framework, 

evolving knowledge can be automatically incorporated and processed to generate new 

evidence. The architecture of the framework is tested on two types of healthcare datasets, 

IAs and COVID and is flexible enough to be applied to other domains such as the food 

supply chain, dietary recommendations, and agriculture. 

 The research was partially funded by the Brain Aneurysm Foundation USA and 

the Deputyship for Research & Innovation, Ministry of Education, Saudi Arabia. The 

project received invaluable support from Henry Ford Health Systems, Bloomfield Hills, 

Michigan, which provided data and domain expert assistance to validate the results. Dr. 
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Ghaus Malik invested a considerable amount of resources in gathering and formatting the 

unstructured clinical notes, collected over several years, to create valuable structured data 

used in this research. I greatly appreciate his philanthropic insight and empathy towards 

the research world of aneurysms. I sincerely thank my advisor for his kind words, advice, 

and guidance throughout my research.  
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ABSTRACT 

 

 

 

KNOWLEDGE NET: AN AUTOMATED CLINICAL KNOWLEDGE GRAPH 

GENERATION FRAMEWORK FOR EVIDENCE BASED MEDICINE 

 

by 

 

FAKHARE ALAM 

 

 

Adviser:  Khalid Mahmood Malik, Ph.D. 

 

 

 To practice the evidence-based medicine, clinicians are interested to find the most 

suitable research for the clinical decision making. The use of knowledge graphs (KGs) 

and Neuro-Symbolic methods to integrate and analyze complex and heterogeneous 

healthcare data is critical to enable evidence-based treatment in clinical decision support 

systems (CDSS). Healthcare generates a vast amount of data, including electronic health 

records (EHRs), medical images, genetic information, research papers, and clinical 

guidelines. Neuro-symbolic AI can leverage its neural network component to process 

unstructured data, while using symbolic reasoning to interpret the data and make logical 

inferences. It also enables a deeper understanding of patient data, leading to more 

accurate diagnoses, personalized treatment plans, and improved patient outcomes. By 

incorporating symbolic reasoning, Neuro-Symbolic AI systems can provide explanations 

for their outputs, making them more transparent and interpretable. To enable Neuro-

Symbolic AI in healthcare, large-scale KGs play a pivotal role as it can integrate 

heterogeneous and big healthcare data including medical ontologies, clinical guidelines, 

drug databases, patient records, and research literature.  
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 The existing KG construction frameworks are not fully automated and 

predominantly carried out using manual or semi-automated approach, requiring 

substantial effort and expertise. The challenges encompass identifying knowledge 

sources, disambiguating concepts in context, enriching semantics, determining 

relationships, and conducting inferential reasoning. Automating the extraction of 

coherent knowledge and constructing KGs from diverse data forms remains a 

longstanding goal in AI research. Also, the current frameworks for constructing KGs fail 

to generate KGs that provide relevant information for evidence-based practitioners. This 

is because the organization of constructed subgraphs is neither topic-specific nor 

evidence-based PICO (Participants/Problem P, Intervention-I, Comparison C, Outcome 

O) query-friendly. These KGs, built through manual or semi-automated processes, are 

incapable of adapting to new domains and incorporating the constantly changing 

information into their knowledge base. Consequently, they gradually lose relevance over 

time and miss out on important evidence. Thus, ignoring temporal information and failing 

to incorporate dynamic nature of entities and relations can lead to erroneous information 

extraction and suboptimal decision-making.  

 This dissertation proposes fully automated knowledge graph curation framework 

to curate information and create KG of different clinical domains by employing concept 

extraction, semantic enrichment, optimized clustering using Neuro-Symbolic approach, 

and state of art Recurrent Neural Networks (RNNs) with BioBERT based encoded 

representation to categorize PICO elements and predict relationships between concepts 

using huge corpus of publicly available literature on COVID-19 and cerebral aneurysms. 
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 The evaluation shows that the proposed framework achieves significant 

improvement over baseline models and has 93 %, and 82 % accuracy on aneurysm and 

COVID data set respectively for PICO classification. The Neuro-Symbolic clustering 

approach outperforms traditional baseline models by 43 % and achieves average 

precision of 88 % across all identified clusters. Also, the relationship extraction module 

has an accuracy of 96 % with precision and recall being 92 %, and 90 % respectively. 

 The incorporation of domain-specific and language models has proven to enhance 

the performance of machine learning models, particularly in the context of Neuro-

Symbolic clustering, PICO classification, and relation extraction. The integration of deep 

learning and symbolic reasoning techniques has demonstrated significant improvements 

in clustering performance, especially in biomedical research domains. The utilization of 

the BioBERT embedded layer and LSTM model has notably boosted the accuracy of 

PICO classification tasks by 11% for both the COVID-19 dataset and cerebral aneurysm 

dataset. Furthermore, when BioBERT is combined with Bi-LSTM and CNN, the 

performance of the RE model also experiences substantial enhancements. Future work 

will focus on parallelizing the data processing pipeline to enhance the efficiency and 

scalability of the knowledge graph framework, while also developing an interactive user 

interface for visualization. Additionally, efforts will be dedicated to extending the 

framework's application across diverse domains such as the food supply chain, dietary 

recommendations, agriculture, and fisheries, addressing unique challenges and expanding 

its impact. This expansion aims to advance multiple industries and leverage the potential 

benefits of the approach in various domains. 
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CHAPTER ONE 

INTRODUCTION 

 

 

 

The rapid growth of Knowledge Graph (KG) in recent years has been indicative 

of a resurgence in knowledge engineering. The combination of KGs and Neuro-Symbolic 

AI presents an immensely promising opportunity for pushing the boundaries of 

knowledge representation, reasoning, and inference. As new information emerges, Neuro-

Symbolic AI techniques can adapt the KGs to incorporate the latest data, ensuring their 

relevance and timeliness. This dynamic knowledge representation enables more accurate 

information extraction and facilitates better decision-making in domains such as 

healthcare, where up-to-date information is critical. In many real-world applications, KGs 

have been found to be the primary source of information extraction, including text 

interpretation, recommendation systems, and answering natural language questions. 

Neuro-Symbolic AI techniques have seen significant application in various domains 

including healthcare, to provide reasoning and explanation [1,2]. In recent times, a 

number of knowledge bases have been created, covering common sense knowledge such 

as Cyc [3], conceptNet [4], lexical knowledge such as WordNet [5], encyclopedia 

knowledge such as DBpedia [6], YAGO [7], WikiData [8] CN-Dbpedia [9], probabilistic 

taxonomy knowledge like Probase [10] and geographical knowledge GeoNames [11]. 

Incorporating the above-mentioned open KGs and infusing it with external data sources 

using Neuro-Symbolic techniques has enabled a new form of knowledge storage that can 

capture semantically related large datasets. KGs that are generic in nature, as well as open 

world KGs, cannot address all the real-world issues.  
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The use of KGs on published literature to distill usable information that Neuro-

Symbolic AI models and expert-based systems could use is one of the most promising 

approaches to the data consumption problem; and also, it provides more explanations 

for AI techniques such as machine learning and deep learning. While deep learning 

has shown tremendous promise in various fields, relying on it alone for healthcare can 

be insufficient as these models lack interpretability, making it challenging to 

understand the reasoning behind their predictions or decisions. In healthcare, 

interpretability and explainability are crucial for gaining trust from healthcare 

professionals and patients. To overcome these limitations and achieve more robust and 

reliable healthcare solutions, a holistic approach that combines deep learning with 

other techniques, such as symbolic reasoning, domain knowledge using human-in-loop 

validation, and contextual understanding, is necessary. This fusion of approaches can 

provide a more comprehensive and interpretable framework for addressing the 

complexities and nuances of healthcare.  

At present, healthcare KGs are constructed in a static and manual or semi-

automated fashion requiring significant effort and expertise, and their relevance may 

erode over time as the underlying contextual and temporal information keeps changing 

with the discovery of new facts, leading to new understanding of complex phenomena. 

Identification of knowledge sources, disambiguation, and recognition of concepts in 

context, semantic enrichment and relationship determination of concepts, clustering 

information to generate topics, and inferential reasoning are some of the challenges 

associated with the creation of a knowledge base. The automatic extraction of coherent 

knowledge and construction of KGs from the different forms of data is challenging 



 

3 

and a long-standing goal in artificial intelligence research. Data and entities in original 

data sources continuously change and evolve over time as new knowledge is added 

through articles, scientific manuals, and procedures such as recipes, how-to guides, 

etc. The various factors that define entities and relationships change over time, the 

ignorance of temporal information and the dynamic nature of the entities can lead to 

incorrect information extraction and poor decisions being made as a result of these 

factors. Therefore, automated construction of KGs must be more resilient and robust in 

order to accommodate continuous influxes of new knowledge, include temporal and 

contextual information, and make implicit information explicit.  

To facilitate the integration of external knowledge, symbolic reasoning, and 

incorporation of human-in-the-loop feedback, it is crucial to develop an automated 

approach for constructing KGs. Automated construction methods offer streamlined 

processes, reduced manual effort, and accelerated KG creation. Published clinical 

knowledge is an enormous amount of data and the knowledge is constantly evolving, 

where physicians are constantly attempting to find new evidence of diagnosis, 

treatment, and eventually cure. KG presents a light way of organization of biomedical 

facts for different purposes such as question answering, search engines, recommender 

systems, or medical assistants and it powers AI-driven discovery related to different 

drugs and diseases.  

The existing healthcare KGs have issues pertaining to retrieval of relevant 

information within acceptable response time [19], as the subgraphs are not optimized, 

and enabled to provide evidence-based information retrieval using PICO elements 

(Participants/Problem P, Intervention-I, Comparison C, Outcome O). The application 
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of evidence-based medicine is crucial for delivering high-quality care in healthcare 

such as nursing, family medicine, etc., since it allows clinicians, physicians, and 

patients to evaluate available research and evidence, and apply data-backed solutions 

to make quantitative and qualitative decisions based on scientific results. Additionally, 

this knowledge can be used to provide evidence-based treatment options, improve 

treatment effectiveness, and ultimately help find a way to mitigate the disease by 

providing healthcare providers with a better understanding of the disease and its 

symptoms. However, updating the evidence-based decision support system using 

continuous evolving unstructured voluminous literature is challenging. In evidence-

based clinical decision support systems, KG can be used to store and process scientific 

evidence and clinical results, enabling a deeper understanding of symptoms, 

underlying causes, possible diagnoses, analyzing historical data about certain diseases, 

and assisting experts in dealing with complex cases.  However, it can be an enormous 

task to consume this vast amount of published knowledge and present it in machine 

understandable format. Enriching the subgraph with specific problems, intervention, 

and outcomes is key to delivering relevant search results and it reduces the search time 

too. However, the PICO classification is challenging due to the unavailability of clean, 

curated, and preprocessed text corpus specific to the domain. Additionally, as 

knowledge evolves, the underlying topics, and the accuracy of entities and relationship 

among changes, making it difficult to keep KGs contextual and current. As a result of 

continuous evolution, it is also more difficult and challenging to maintain the 

continuity of existing relationships, construction of new relationships from new 

knowledge, and embed it into existing KGs because there must be a mechanism to 
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store temporal information and creation of new topics. The traditional clustering 

techniques such as K-means lack context and have limitation in providing explanation 

of topic identified out of clustering result. With the rise of embedding specific to 

biomedical domains such as BioBERT [20], there is a need to develop Neuro-

Symbolic clustering framework using deep learning and symbolic reasoning having an 

ability to process big data, capture contextual information and infuse knowledge from 

domain specific external sources to enable reasoning in the cluster identification, 

creation and optimization. By harnessing the Neuro-Symbolic approach, the optimized 

clustering technique allows for the generation of PICO-specific subgraphs within each 

identified topic, facilitating evidence-based treatment. 

There is a recent interest in developing KGs specific to a wide variety of 

specific domains such as education, science, automotive, and healthcare [12-16] and 

specific problems such as impact analysis [17], root cause analysis [18], and feature 

engineering. Domain and problem specific KGs are important because they include 

entities that are relevant to the domain and are semantically related to it. The 

construction of KG for rare diseases such as cerebral aneurysm or once in lifetime 

pandemic such as COVID-19 holds immense value in advancing the understanding, 

research, and clinical management of such conditions. Rare diseases often lack 

comprehensive and readily available information due to their low prevalence and 

limited research focus, while a pandemic involves vast amounts of diverse and rapidly 

evolving information from various sources such as research papers, clinical trials, 

public health reports, and social media. A KG can help in organizing and structuring 

this information, making it easily accessible for researchers, policymakers, and 
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healthcare professionals. The disease specific KGs organize existing knowledge, 

including genetic factors, risk factors, clinical manifestations, diagnostic methods, 

treatment options, and outcomes. This structured representation enables researchers, 

clinicians, and patients to access and explore relevant information, promoting 

collaboration, knowledge sharing, and evidence-based decision-making. By capturing 

the complexities of a rare disease within a Knowledge Graph (KG), research 

advancements can be fostered, personalized medicine approaches can be facilitated, 

and ultimately, patient care and outcomes for this rare disease can be improved. 

This dissertation attempts to solve the above-mentioned challenges and 

presents an automated knowledge graph curation framework to address the challenges 

mentioned above. The framework utilizes Neuro-Symbolic clustering techniques to 

construct topic-specific knowledge graphs, enriched with PICO capabilities for 

evidence-based support. It effectively handles the dynamic nature of information, 

entities, and relationships, while seamlessly incorporating new data sources to 

maintain relevance. The implementation methodology focuses on fundamental 

knowledge graph qualities such as accuracy, consistency, completeness, timeliness, 

availability, and scalability [21]. Previous work by the authors [22,23] has 

demonstrated the utility of knowledge graphs in assisting clinicians and scientists. 

However, this dissertation goes further by presenting an automated framework 

specifically tailored to the healthcare domain, utilizing COVID-19 and cerebral 

aneurysms as illustrative examples. It addresses challenges related to concept 

identification and disambiguation through established ontologies and leverages the 

Neuro-Symbolic approach for optimized topic clustering. The framework incorporates 
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hierarchical relationships using specific ontologies and deep learning-based machine 

learning models, with a particular emphasis on contextual embedding facilitated by a 

domain-specific representation layer. It enriches entities through semantic techniques 

and ensures consistency and completeness through the integration of multiple 

ontologies. The framework also allows for easy updates, scalability, and adaptability 

to evolving healthcare domains, thus maintaining a comprehensive and current 

knowledge base 

In summary, this dissertation introduces a comprehensive methodology that 

combines concepts, taxonomic relationships, and non-taxonomic relationships to 

construct an accurate, adaptable, and scalable framework for building a KG. The 

proposed framework demonstrates the capability to incorporate and assimilate 

continuously evolving clinical knowledge. By integrating diverse types of relationships, 

the framework achieves a holistic representation of domain-specific information, 

enabling the KG to capture the complex interplay between concepts. The flexibility and 

scalability of the framework empower healthcare professionals and researchers to 

effectively navigate and utilize the KG, facilitating informed decision-making and 

fostering the integration of emerging clinical insights. 
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CHAPTER TWO 

BACKGROUND 

 

 

 

The use of KG in evidence-based clinical decision support systems could 

provide an ability to store and process scientific evidence and clinical results, enable 

in-depth understanding of symptoms, related causes, potential diagnoses, enable 

historical data analysis about specific diseases, and assist experts when confronted 

with complex patient cases.  KGs have been proven to be an effective utility in this 

arena and are rooted in many healthcare applications such as patient diagnosis [24], 

possible disease treatments [25,26] associate relationship between biomolecules and 

diseases [27], for better data representation and knowledge inference by mapping 

relationships between the enormous variety and structure of healthcare data. Also, 

structuring this large graph-based data should make the query processing easy.   

The central objective of this research is to develop an automated framework 

that can extract knowledge from unstructured data and structure it using knowledge 

graph-based topic modeling, while incorporating PICO elements for evidence to tackle 

the challenges of evidence-based decision support systems. The framework is 

designed to improve the accuracy and efficiency of curation and organization of vast 

knowledge sources available in medical research papers. The major components of the 

proposed automated knowledge graph curation framework are illustrated in Fig.1.  

In the subsequent subsection, this dissertation provides a brief overview of 

cerebral aneurysm and COVID-19, two case studies used in this research. 
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Additionally, and the PICO framework, which is widely used to formulate clinical 

research questions, is discussed. 

Furthermore, the background of the curation framework components such as 

clustering, topic modeling, knowledge graphs, relation extraction, and embedded 

models BERT (Bidirectional Encoder Representations from Transformers) and 

BioBERT (BERT for Biomedical Text Mining) are also discussed. These components 

play a crucial role in the automated curation process and help improve the accuracy of 

the results. 

Fig. 1: Conceptual View of proposed Automated Knowledge Graph Curation Framework 

 

2.1 Cerebral Aneurysm 

 

The cerebral aneurysm, also called an intracranial aneurysm (IA) or brain 

aneurysm, occurs when a weak area in a blood vessel wall bulges or balloons out in the 

brain. When the vessel bulges, it can rupture, causing bleeding in the brain, which can 

cause a stroke or other serious complications. Brain aneurysms can occur anywhere in the 
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brain, and they often have no symptoms until they rupture, which can cause sudden and 

severe headaches, vision problems, and neurological deficits. Treatment options for brain 

aneurysms include surgery to clip or remove the aneurysm, or endovascular procedures to 

fill the aneurysm with tiny metal coils or stents to prevent rupture. The rupture of an 

aneurysm can be caused by many different factors, but the exact parameters that cause 

the rupture are not always known. However, there are several risk factors that are known 

to influence aneurysm. The risks of IA onset and its rupture are not well known are well 

known. Some of the known risk factors include smoking history, hypertension, family 

history, old age, gender, ethnicity, congenital abnormalities in the arteries, excessive 

alcohol and drug use, trauma, and other identified comorbid conditions including 

polycystic kidney disease. 

2.2 COVID -19 

 

COVID-19 is a highly contagious viral disease caused by the severe acute 

respiratory syndrome Coronavirus 2 (SARS-CoV-2). It was first identified in Wuhan, 

China, in December 2019 and has since spread rapidly across the globe, leading to a 

global pandemic. 

The primary mode of transmission of COVID-19 is through respiratory droplets when an 

infected person coughs, sneezes, or talks. The virus can also spread by touching 

contaminated surfaces and then touching the mouth, nose, or eyes. 

The symptoms of COVID-19 range from mild to severe, including fever, cough, 

shortness of breath, fatigue, aches in the body, headache, loss of taste, sore throat, 

congestion, and diarrhea. In severe cases, the virus can lead to pneumonia, acute 

respiratory distress syndrome (ARDS), organ failure, and even death. 
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COVID-19 pandemic has had a profound impact on the world, leading to widespread 

illness, death, and economic disruption. The pandemic has also highlighted the 

importance of public health infrastructure, emergency preparedness, and scientific 

research in combating infectious diseases. 

2.3 PICO Model 

 

The PICO model is a commonly used framework in biomedical documents for 

structuring clinical questions and study design. The PICO framework allows the searcher 

to use specific terms to find clinically relevant evidence by organizing a clinical 

question. Without a well-focused question, it can be very difficult and time consuming to 

identify appropriate resources and search for relevant evidence. PICO stands for: 

• Patient Problem, (or Population): The Patient element of the PICO model refers to 

the population of interest in the clinical question or study. This could include 

characteristics such as age, gender, medical history, and diagnosis. 

• Intervention: The Intervention element refers to the treatment or intervention 

being considered. This could be a drug, a medical procedure, or a behavioral 

intervention. 

• Comparison or Control: The Comparison element is used to compare the 

intervention to an alternative or control group. This could be a placebo, an 

existing treatment, or a different dose or duration of the same intervention. 

• Outcome: The Outcome element refers to the measure of interest or the goal of 

the study. This could include clinical outcomes such as survival or disease 

progression, as well as quality of life, patient satisfaction, or cost-effectiveness. 
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Table 1 illustrates the recommended structure for organizing information in the PICO 

classification system with an example. 

Table 1 PICO formulation and Example [28] 

PICO category Question Formulation Example 

Patient 

OR 

Problem 

OR 

Population 

What are the patient’s demographics such as age, gender and 

ethnicity?  Or what is the or problem type? 

Work-related neck 

muscle pain 

Intervention What type of intervention is being considered? For example, is this a 

medication of some type, or exercise, or rest? 

Strength training 

of the painful 

muscle 

Comparison or 

Control 

Is there a comparison treatment to be considered? The comparison 

may be with another medication, another form of treatment such as 

exercise, or no treatment at all. 

Rest 

Outcome 

What would be the desired effect you would like to see? What 

effects are not wanted? Are there any side effects involved with this 

form of testing or treatment? 

Pain relief 

 

Using the PICO model can help to clarify the key elements of a clinical question or study 

design, which in turn can help to identify the most relevant evidence and studies in a 

literature search. The PICO model is often used in evidence-based medicine and 

systematic reviews, where the goal is to identify and synthesize the best available 

evidence to answer a clinical question. 

2.4 Documents Clustering 

Document clustering is the process of grouping documents based on similarity. 

This is an important task in natural language processing and information retrieval, as it 

can help to organize large collections of documents and make them easier to navigate and 

analyze. Document clustering algorithms use a variety of techniques to measure 

similarity between documents, such as cosine similarity, Jaccard similarity, and 
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Euclidean distance. Once documents have been clustered, it is possible to perform 

various tasks on the resulting groups, such as summarization, classification, and topic 

modeling. Document clustering has many real-world applications, including in search 

engines, recommendation systems, and content management systems. There are several 

algorithms available for document clustering, such as K-means clustering, hierarchical 

clustering, and DBSCAN (Density Based Spatial Clustering of Applications with Noise) 

clustering [29]. 

The K-means algorithm is the most widely used clustering algorithm in many use 

cases. It is an unsupervised machine learning algorithm that partitions a set of documents 

into k clusters based on their similarity. K-means clustering works by randomly selecting 

k centroids and assigning each document to the nearest centroid. The centroid is then 

updated to the mean of all documents assigned to it. The process is repeated until 

convergence. K-means clustering is widely used for document clustering because it is fast 

and efficient.  

2.5 Neuro -Symbolic approach for document clustering 

Neuro Symbolic Clustering is an innovative approach that combines principles 

from both neurocomputing and symbolic reasoning to perform clustering tasks in a 

hybrid manner. It aims to integrate the strengths of neural networks, which excel at 

learning complex patterns from large datasets, with symbolic reasoning, which focuses 

on the interpretability and logical manipulation of knowledge. In neuro symbolic 

clustering, neural networks are utilized to learn the underlying patterns and 

representations of the data, capturing intricate relationships and dependencies. The 

network’s hidden layers act as feature extractors, transforming the input data into a latent 
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space representation. This learned representation is then combined with symbolic 

reasoning techniques, such as logical rules or knowledge graphs, to facilitate the 

clustering process. 

The integration of symbolic reasoning enables neuro symbolic clustering to 

incorporate prior knowledge or domain-specific constraints into the clustering process. 

By incorporating symbolic rules or constraints, the clustering algorithm can enforce 

logical consistency and interpretability in the clustering results, leading to more 

meaningful and understandable cluster assignments. 

The neuro symbolic clustering approach has gained attention in various domains, 

including machine learning, data mining, and artificial intelligence. It provides a 

promising avenue for tackling complex clustering problems where both accuracy and 

interpretability are essential. By fusing the power of neural networks with the 

expressiveness of symbolic reasoning, neuro symbolic clustering offers a unique solution 

to uncovering hidden patterns and structures in data while maintaining human-

understandable results. 

2.6 Topic Modeling 

 

Topic modeling is a technique used in natural language processing to 

automatically discover latent topics that underlie a collection of documents. It is a form 

of unsupervised machine learning that can help to identify the main themes and patterns 

present in a corpus of text. One of the key advantages of topic modeling is that it can help 

to make large collections of text more manageable and easier to explore. For example, by 

using topic modeling to identify the main themes in a collection of news articles, it 

becomes possible to summarize the key trends and topics covered in the news. 
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The most used algorithm for topic modeling is Latent Dirichlet Allocation (LDA) 

[30]. LDA models each document as a distribution of topics, and each topic as a 

distribution of words. It works by iteratively estimating the distributions of topics and 

words until convergence. LDA can be used to uncover hidden themes and topics in a 

wide range of text data, from news articles to social media posts. 

In Natural Language Processing (NLP), topic modeling is used for a wide range 

of applications, including sentiment analysis, text classification, and information 

retrieval. Topic modeling, for example, can be used to automatically classify documents 

into different categories or to identify the most relevant documents. It can also be applied 

to content recommendation systems. An analysis of a user’s previous interactions with a 

system can guide the recommendation of new content that they are likely to find 

interesting. 

2.7 Knowledge Graph  

 

A knowledge graph is a way of representing knowledge in a structured form, 

using nodes and edges to represent entities and their relationships. It is a large semantic 

network, defined as a directed labeled graph G (V, E) with a set of nodes V: {v1, v2…vn} 

and edges E: {e1, e2…en}. A node is a real-world entity, such as an object, an event, a 

situation, a place, or a person, while a boundary defines a relationship among them. 

Specifically in the healthcare, nodes can be diseases, drugs, or symptoms and edges could  

be defined a ‘cures’, ’treats’, ‘symptoms . KGs organize raw information in a structured 

form, integrate knowledge across different sources by defining descriptions of entities 

and relationships that are both understandable by humans and machines. It stores rational 

facts and information in a centralized fashion, bridges data silos, and generates canonical 
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business knowledge models that can incorporate all data formats such as structured, semi-

structured, and unstructured. 

In biomedical domain, KGs are used to represent complex relationships between 

biological entities such as genes, proteins, and diseases. These relationships can be 

represented as edges between nodes, allowing researchers to navigate the complex web of 

relationships between biological entities in a way that is much easier than using 

traditional search methods. For example, a KG might represent the interactions between 

proteins involved in a particular biological pathway, or the relationships between genes 

that are associated with a particular disease. By organizing this information in a 

structured way, researchers can gain insights into the underlying mechanisms of 

biological processes and diseases. 

One of the key advantages of knowledge graphs is their ability to integrate 

information from multiple sources. This is particularly important in biomedical domain, 

where data is often scattered across multiple databases and sources. By integrating this 

data into a KG, researchers can gain a more complete understanding of the relationships 

between different biological entities. Another advantage of knowledge graphs is their 

ability to support sophisticated querying and analysis. Researchers can use query 

languages such as SPARQL (SPARQL Protocol and RDF Query Language) to search for 

specific patterns in the knowledge graph, enabling them to uncover relationships and 

insights that would be difficult to find using traditional search methods. 

By integrating information from multiple sources and supporting sophisticated 

querying and analysis, KGs possess the potential to revolutionize the understanding and 

exploration of vast amounts of data. 
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2.8 Relation Extraction 

 

Relation Extraction (RE) is an NLP task that involves identifying and extracting 

semantic relationships between entities mentioned in text. These relationships can take 

various forms, such as cause-effect, part-whole, and entity-attribute relationships. In the 

biomedical domain, relation extraction has become increasingly important for mining 

valuable knowledge from vast amounts of scientific literature. It is used to identify 

valuable knowledge from vast amounts of scientific literature, such as drug-disease 

relationships, PPIs (protein-protein interactions), and gene-disease relationships. In the 

drug-disease relationships it helps analyzing large volumes of scientific literature and 

identify potential drug candidates for specific diseases or gain insights into the 

mechanism of action of existing drugs. For example, by using relation extraction 

techniques, researchers have identified potential new uses for existing drugs, such as 

repurposing antipsychotic drugs for the treatment of cancer. In the PPIs play a crucial 

role in many biological processes, and their identification can provide insights into the 

underlying mechanisms of diseases. By using relation extraction techniques, researchers 

can identify potential new PPIs and better understand the complex network of 

interactions between proteins in the human body. 

RE is also used to identify other types of biomedical relationships, such as gene-

disease relationships, protein-chemical interactions, and drug-target relationships. These 

relationships can be used to develop new treatments and therapies for diseases, and to 

gain a better understanding of the underlying biology of disease processes and develop 

new treatments and therapies to improve human health. 
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2.9 BERT and BioBERT 

 

BERT is a natural language processing (NLP) model that was introduced by 

Google in 2018 [31]. It has since become one of the most widely used models in NLP, 

due to its ability to understand the context of words in a sentence. 

BioBERT [20] is a variant of BERT that has been specifically trained on 

biomedical text. It was created by adapting the pre-training process of BERT to 

biomedical literature, using a large corpus of PubMed abstracts and full-text articles. 

BioBERT has been shown to outperform other biomedical NLP models on a range of 

tasks, including named entity recognition, relation extraction, and question answering. 

In the medical domain, BioBERT has been used in a range of applications, 

including drug discovery, clinical decision support, and biomedical literature mining. For 

example, BioBERT has been used to identify drug-disease relationships by analyzing 

large volumes of scientific literature, enabling researchers to identify potential new drug 

candidates for specific diseases. It has also been used to develop clinical decision support 

systems that can analyze patient data and recommend treatments based on the latest 

medical research. By leveraging the power of BioBERT, these systems can provide more 

accurate and personalized recommendations, improving patient outcomes. In addition to 

drug discovery and clinical decision support, BioBERT has been used to analyze 

biomedical literature and identify new insights into the underlying biology of diseases. 

By using BioBERT to extract relationships between genes, proteins, and diseases, 

researchers can gain a better understanding of the complex network of interactions that 

drive disease processes. 
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CHAPTER THREE 

RELATED WORK 

 

 

 

This chapter provides a comprehensive overview of the literature on the 

utilization of KGs in the healthcare industry. It delves into the construction mechanism of 

KGs and explores different clustering mechanisms. Additionally, it investigates the 

integration of deep learning with external knowledge infusion through the Neuro-

Symbolic approach. 

The chapter also focuses on the methodology employed for relationship 

extraction, which entails identifying semantic relationships between entities. It sheds light 

on the challenges associated with relationship extraction, including the handling of 

ambiguous language, and examines various approaches used to overcome these 

challenges. Furthermore, the extraction of PICO elements, which play a crucial role in 

evidence-based decision support systems within the healthcare domain, is thoroughly 

examined. The chapter emphasizes the significance of PICO elements and explores 

different techniques for their extraction, including rule-based methods, machine learning, 

and deep learning techniques. 

3.1 Knowledge Graph in Healthcare 

 

In numerous studies, KGs have been constructed and used for clinical research 

and healthcare. KG has a great deal of potential for diagnosing diseases [32], especially 

in terms of identifying disease-symptom relationships [33]. Healthcare specific 

knowledge bases have gained traction as a result of the COVID-19 pandemic, and efforts  
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are being made to establish, enhance, and create disease specific knowledge bases since 

they provide a means of mining, storing, and analyzing vast amounts of multimodal, 

heterogeneous data. Table 2 shows the review of recent healthcare knowledge generation 

by analyzing them on methodology such as reasoning, ML (Machine Learning) based, 

data sources and its limitations in terms of generalizability, PICO enabled, and topic 

specificity. 

3.2 Knowledge Graph Construction Methodology and Data Sources 

 

 In traditional KG construction, Named Entity Recognition (NER) [42], entities 

disambiguation, and RE methods are involved, and it also depends on the underlying 

schema. Schema options include ontology schemas [7,43], schema free approaches, or 

hybrid approaches that combine schema-free and schema-based approaches. In recent 

times, KGs have been constructed using big data mining and NLP techniques, such as 

association mining, deep learning methods such as Convolution Neural Network (CNN), 

Recurrent Neural Network (RNN), machine learning models such as Random Forest 

(RF), Support Vector Machines (SVM), Logistic Regression (LR), XGBoost, Adaptive 

Boosting, and extract knowledge from different sources, including silos of data and entity 

repositories [44-46]. However, these methods need domain expert to validate the mined 

rules. There are also some built-in models available such as IBM Watsons [47], which 

uses KGs to enhance its cognitive computing capabilities by organizing and connecting 

vast amount of data, enabling it to understand, reason, and generate valuable insights but 

it relies heavily on structured data for optimal performance. AllenNLP [48], an open-

source NLP library primarily focuses on deep learning techniques. 
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Table 2: Healthcare Knowledge Graph Review Summary- Implementation Methodology 

and Data Sources 

Reference Description Data Sources Characteristics 

[34] Drug–drug interaction prediction 

with Wasserstein Adversarial 

Autoencoder-based knowledge graph 

embeddings 

DeepDDI and 

Decagon 

. Semi-Automated 

. Not PICO enabled 

. Less generalizable 

[27] multi-typed drug interaction 

prediction via efficient knowledge 

graph summarization 

DrugBank Dataset . Semi-Automated 

. Not PICO enabled 

. Less generalizable 

[24] Breast Cancer diagnosis from clinical 

ultrasound reports 

Collected by 

clinicians Cancer 

Center of SUn Yat-

sen University 

. Automated manual 

feature creation 

. Not PICO enabled 

. Less generalizable 

[35] Investigating plausible reasoning 

over knowledge graphs for semantic 

based health data analytics 

Medline . Automated  

. Not PICO enabled 

. Less generalizable 

[36] Identification and classification 

diseases and symptoms across the 

collected medical records using 

classifiers such as Logistic 

Regression (LR), Naive Bayes (NB), 

Bayesian Inferences 

Custom Data, 

Google Healthcare 

Knowledge Graph 

(GHKG) 

. Automated human 

in loop 

. Not PICO enabled 

. Less generalizable 

[37] Multiple criteria decision-making 

approaches for healthcare 

management applications 

PubMed, DrugBank, 

DrugBook, and 

UMLS 

. Semi-Automated 

. Not PICO enabled 

. Less generalizable 

[38] Knowledge graph for traditional 

Chinese medicine health preservation 

TCM data . Semi-Automated 

. Not PICO enabled 

. Less generalizable 

[39] Italian healthcare knowledge graph EHRs . Manual 

. Not PICO enabled 

. Less generalizable  

[40] Personalized health knowledge graph EHRs, weather data, . Manual 

. Not PICO enabled 

. Generalizable  

[41] Real- world data medical knowledge 

graph 

EMRs . Manual 

. Not PICO enabled 

. Generalizable  
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Though it does not have a built-in knowledge graph like some other systems, AllenNLP 

provides functionalities and tools that allow users to leverage external knowledge graphs 

in their NLP workflows, but it has limited pretrained models. Another open-source 

library CoreNLP [49], offers a wide range of NLP functionalities such as tokenization, 

part-of-speech tagging, named entity recognition, dependency parsing, sentiment 

analysis, and coreference resolution. It provides comprehensive tools for NLP tasks, 

although it does not possess a built-in knowledge graph. 

In healthcare, construction of domain specific KGs using the above-mentioned 

approach is also on the rise as it offers an effective way to extract meaningful information 

from different modalities and variety of data. Gatta, et al. [50] proposed an approach to 

mine medical data and store it in directed graphs for easy visualization and interpretation. 

Authors in [35] integrated ontology-based knowledge with reasoning for completeness by 

integrating various knowledge bases such as DrugBank, Disease Ontology, and semantic 

databases such as MEDLINE. Rastogi & Zaki [51] constructed the personalized KGs by 

using contextual information and combining it with knowledge bases. There has been 

effort made on constructing disease specific KGs to extract health-related symptoms and 

risk factors. Rotmensch, et.al [36] constructed KG by extracting disease and symptoms 

from Electronic Health Records (EHRs) and combining it with Google Health 

Knowledge Graph (GHKG). Likewise, Huang et.al [52] constructed KGs for depressions 

by utilizing PubMed, DrugBank and United Medical Language System (UMLS) library. 

Since the entities and relationship between them are changing, Ma et.al [53] attempted to 

construct a temporal KG for cognitive episodic memory by generalizing four static KGs 

vectors to 4-dimensional temporal KGs. Zhang, et al., [54] present a platform named 
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Health Knowledge Graph Builder that could be used to build disease specific KGs 

considering multiple sources of data including those of clinician feedback. The 

framework utilizes data from medical records to inspect new concepts/relationships and 

allows clinicians to annotate unstructured data based on existing clinical KGs. While this 

approach provides automated and manual knowledge representation and allows to add 

new diseases to existing KGs, the dataset used was limited in quantity. Also, the 

dependency on several sources and bias caused due to manual intervention might reduce 

the extensive usability of this framework. The work in [55] provides a case study on how 

to evaluate the accuracy of health KG models for disease-symptom relationships. 

Unstructured datasets from de-identified patient EHRs (273,174 EHRs) are extracted and 

each chronological patient file is identified as an object entity, GHKG is used as the 

comparison entity to evaluate disease-symptom edge on the KG. While the approach 

aims at availing accurate information on healthcare KGs, their study is limited in 

comparison with GHKG and unclear on the inferencing of outliers. Likewise, Li, et 

al.,[41] presents a series of methods to create a medical KG using a quadruplet structure 

with data extracted from large EHRs, laboratory reports, and radiology reports. NER is 

used to identify 9 different objects pertaining to diseases, symptoms, medicine, gender, 

age, exam, lab exam, lab item and surgery. Relationship is extracted by building triplets 

of two entities with a relation, and every relation is associated with 4 properties providing 

the quadruplet structure. The work provides a novel approach of quadruplet medical KG 

however, the KG build process is variable intensive and manual. Wise, et al., [56] present 

a COVID-19 Knowledge Graph (CKG) for retrieval of semantically similar articles. The 

proposed CKG uses a hybrid approach by combining semantic information with the 
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topological document information. Chen, et.al., [57] utilizes the rich CORD-19 (COVID-

19 Open Research Dataset) dataset and maps the insights obtained from PubMed dataset 

using machine learning to present a KG that helps identify COVID-19 experts and 

concepts from published literature. Wang, et al.,[58] proposed COVID-KG, a knowledge 

discovery framework that uses semantic representation and ontologies to provide 

multimedia analysis of text and image data from literatures to aid in clinical Q&As and 

generate reports associated with COVID-19 drug administration based on a case study.   

3.3 Knowledge Graph Relationship Extraction Methodology 

 

 Most of the work in relation extraction employed traditional machine learning and 

deep learning approaches in supervised and distant supervision fashion [59]. However, 

recently the pre-trained language models (PrLMs) [60] achieved state-of-the-art 

performances in many tasks of NLP including domain-specific REs. Pawar, et.al., [59] 

concluded that semi-supervised approaches are well suited for open domain RE systems 

due to their ease of scaling and extensibility in finding new relations.  

The earlier approaches heavily relied on hand-crafted feature engineering. These 

methods could be categorized into lexical [61-64] and word embedding [65-67] features. 

Buscaldi, et.al.,[68] reported the popularity of SVM in machine learning models at the 

SemEval-2018 relationship extraction task. The machine learning based RE methods 

mostly suffers from feature quality and is unable to generalize well on many domains 

because of feature distinctions in different domains.  

The latest studies in deep learning focus on extraction of deep relational features 

using CNN and RNN-based approaches, although attention mechanisms have been 

combined with CNN or RNN methods in a few cases. CNN-based methods as 
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implemented by Liu, et.al.,[69]; Zeng, et.al.,[70]; Lin, et.al.,[71] extract global features of 

relations with a sentence as high-level features for classification. RNN based methods as 

implemented by authors in [72-75] use forward and backward propagations to obtain 

sequential features by considering past and future sequences. Wang, et.al., [76] proposed 

CNN architecture, which relies on two levels of attention to better discern patterns in 

heterogeneous contexts. In addition, Lee, et.al.,[77] proposed a new end-to-end RNN 

model that incorporates entities and their latent types as features for RE. Similarly, Xiao 

& Liu, [78] introduced a hierarchical RNN using BiLSTM (Bidirectional Long Short-

Term Memory), where it is capable of extracting information from raw sentences for RE. 

Attention based mechanisms allow more accurate feature extraction from concepts and 

can predict relations by analyzing the whole sentence, however it suffers from an out-of-

vocabulary and local contextual representation issues since it is trained in a specific 

training set.  

Recently researchers are also using transfer learning model such as PrLMs (Pre-

trained Language Models) for relationship extraction. The basic architecture of PrLMs 

includes a stack of encoders, fully connected to a stack of decoders. Each encoder 

consists of a self-attentive component and anticipatory network blocks. Each decoder 

consists of a self-attention component, an encoder-decoder attention component, and an 

anticipation component block [79]. Domain-specific LMs (Language Models), such as 

BERT, Transformer-XL, and OpenAI’s GPT-2 have been used for RE tasks in multiple 

domains. For example, Wu & He [80] proposed a model that exploits both the pre-trained 

BERT LM and information from the target entities for the relationship classification task. 

They fine-tuned BERT for the RE task and achieved higher results than CNN or RNN-
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based approaches. The single BERT-based model in joint entity-relation extraction has 

been investigated by Eberts & Ulges [81] where they presented a BERT-based RE 

framework with a softmax classifier and showed that joint models with PrLMs are 

performing well. Harnoune, et al., [79] concluded that the BERT variant such as 

BioBERT allows faster learning process by using RNN and CNN based architecture in 

medical RE tasks. However, there are still areas for improvement. In another study, Kim, 

et.al.,[82] considered the BERT model for unsupervised relation extraction and 

introduced Co-BERT, an open information extraction service that uses the power of 

BERT models with minor adjustments in self attention. Authors conclude that the 

attention mechanism in fine-tuning LMs for domain-specific tasks plays a critical role, 

and this is the reason why BERT model representations perform well for domain specific 

relationship prediction. 

3.4 Clustering using Neuro-Symbolic approach 

 

Deep clustering offers several advantages over traditional methods. It excels in 

categorizing unstructured, high-dimensional data by effectively identifying intricate 

patterns, implementing dimensionality reduction, and accomplishing cluster assignments 

simultaneously. Consequently, it provides a highly scalable end-to-end framework. 

Nonetheless, certain challenges must be thoroughly evaluated, such as the quality of 

clustering based on document content and meaning, as well as the categorization of 

documents with multiple topics [83]. 

Various language modeling techniques, including vector space modeling, 

dimensionality reduction, topic modeling, and continuous space modeling, employ 

feature-based representations of documents in a collection. Further enhancing deep 
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clustering, segmenting documents into sections with distinct topics can be advantageous. 

For instance, in [84], authors leverage constrained clustering through seed words, while 

our current study employs external knowledge infusion utilizing a neural network 

facilitated by expert-labeled training data. 

Deep clustering models have been widely sought out and implemented as 

significant tools for document analysis in extensive text corpora [83]. Authors in the 

work [85], present the application of deep learning clustering algorithms for unsupervised 

research in bioimaging, cancer genomics, and biomedical text mining. They utilize a 

variant of the recurrent neural network algorithm LSTM (long short-term memory 

networks) to achieve document clustering. Additionally, Davagdorj et.al., in [86] propose 

a biomedical document clustering framework based on BioBERT, a pre-trained language 

representation technique. Both methods possess their respective advantages in improving 

deep clustering analysis. LSTM excels in handling long-term dependencies and modeling 

complex sequential data, while BioBERT captures multi-directional context with faster 

training time [87]. In the current approach, the advantages of both methods are leveraged 

to implement a deep clustering framework that incorporates LSTM and BioBERT to 

achieve enhanced clustering accuracy. 

Existing deep learning methods can benefit from the infusion of domain and 

conceptual knowledge [88]. Knowledge infusion involves the co-utilization of symbolic 

AI with data-driven AI, resulting in a class of neuro-symbolic AI methods called 

knowledge-infused learning (KiL) [89]. Neuro-symbolic approaches enhance the 

efficiency of clustering frameworks by combining symbolic reasoning with neural 

perception. Work by Aspis et.al., in [90] illustrates the generation of clusters using 
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trained perceptions, which are subsequently labeled using symbolic knowledge. 

Similarly, researchers in [91] overcome the limitations of deep neural networks, such as 

lengthy convergence times and overfitting data, by adopting the neuro-symbolic approach 

on big data. In this approach, big data is first transformed into a symbolic model, 

followed by embedding to create a training set. Other studies, such as [92], explore KiL 

in deep learning models, where the infusion of external representational knowledge from 

knowledge graphs assists in supervising feature learning and enhancing the model 

learning process. 

3.5 PICO Framework 

  

 Not much work has been done in area of PICO based retrieval of contents from 

biomedical literature. The existing studies are categorized based on three aspects: 

individual PICO element identification [93-95], sentence classification [96][97], and Q/A 

& summarization [93,98]. In a proceeding, authors present a process of PICO corpus at 

individual element level and sentence level [99]. A hybrid approach of combining 

machine learning and rule base methods is proposed for identification of PICO sentence 

and individual elements in successive order [100]. A different work on PICO sentence 

extraction is carried out with Supervised Distance Supervision (SDS) approach that 

capitalizes on a small labelled dataset to mitigate noise in distantly derived annotations 

[101]. The authors developed a Naïve Bayes based classifier and reported that it is not 

sufficient to rely only on the first sentence of each section, particularly, when a high 

recall is required [95]. Multiple supervised classification algorithms were used to detect 

PICO elements at the sentence level in [102] by training data on structured medical 
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abstracts for each PICO element. Results show that the detection accuracy is better for P 

compared to I and O elements.  

 Based on above literature review, it is evident that current methodologies for 

curating and generating knowledge graphs (KGs) are subject to the following limitations:  

a. KGs do not have the ability to handle the continual influx of new data sources 

and knowledge and lack the ability to continuously update contextual and 

temporal information. 

b.  Domain specific KGs cannot be generalized and have weaknesses in terms of 

concept extraction, clustering, relationship extraction, quality, and 

completeness. 

c. The current KGs are not PICO-specific; having a PICO-enabled subgraph 

generated utilizing Neuro-Symbolic clustering techniques will make searching 

and indexing in KGs easier and contextualized.  
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CHAPTER FOUR 

MATERIALS AND METHODS 

 

 

 

This chapter provides a comprehensive overview of the methodology employed to 

address the research questions under investigation and discusses evaluation metrics 

employed to assess the effectiveness and performance of the overall framework. The 

chapter begins with a discussion of the dataset, followed by Neuro-Symbolic clustering 

framework and extraction of PICO elements. Next, the chapter presents a detailed 

overview of the data preprocessing techniques used to clean, transform, and integrate the 

data, followed by machine learning methods applied to the data, including clustering, 

topic modeling, and relation extraction. The methodology also includes the application of 

deep learning models such as BERT and BioBERT for embedding the PICO elements for 

evidence-based decision support. 

4.1 Dataset 

 

In the current study, the curation framework for knowledge graphs has been 

implemented and tested on two data domains specific to the field of health care, COVID-

19 and subarachnoid hemorrhage. In addition, it uses relationships extraction datasets to 

extract triplets and identify relationships between concepts. The framework also uses 

generic and specific ontologies from BioPortal to extract hierarchical relationships per 

concepts.  

4.1.1 COVID-19 Dataset 

 

In the current framework, CORD-19 [103] dataset is being used to gather research 

papers that are related to COVID 19 and contain information about the COVID 19. The 
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CORD-19 database contains more than a million scholarly articles on COVID-19, SARS-

CoV-2, and other coronaviruses. In the framework, the CORD-19 dataset was employed 

as the initial data source for collecting textual information on COVID-19. The abstract 

text of the papers was utilized, supplemented by the full paper text whenever accessible. 

Subsequently, a specific parsing framework, elaborated in section 4.2, was applied to 

categorize the sentences into PICO with Aim category. This dataset along with BioBERT 

encoded representations is publicly available to consume for further research in GitHub 

repository [104]. 

4.1.2 Cerebral Aneurysm Dataset 

 

In order to assess the robustness and scalability of the framework on a different 

dataset, a PICO classification dataset was curated from biomedical literature. This dataset 

was developed based on a study of the research papers' quality, employing ensemble 

machine learning models and deep neural networks for PICO classification. Section 4.3 

delineates the specifics of the PICO extraction framework. This dataset contains more 

than 170,000 abstracts related to subarachnoid hemorrhage and classified into A- Aim, P-

Patient/Problem, C-Comparison, O-Outcome. Table 3 shows the frequency per each 

PICO category. 

4.1.3 Relationship Extraction Dataset 

 

BioRel [105] is an imbalanced dataset for biomedical relation extraction offering 

reasonable performance as a starting point. The first step in this dataset was to identify 

Medline sentences mentioning entities, followed by MetaMap[106] references linked to 

UMLS (Unified Medical Language System). 
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Table 3: PICO elements distribution frequencies in aneurysm dataset  

PICO Category PICO Elements Frequency 

A 31,676 

P 49,308 

I 11,711 

R 30,515 

O 50,072 

 

In the end, each pair of entities in the sentence has its own relation label. A Multi-

Instance-Learning (MIL) dataset, BioRel is divided into train, development, and test sets.  

Each set consists of n bags {⟨ℎ1, t1, r1⟩, ⟨ℎ2, t2, r2⟩, …, ⟨ℎ𝑛, t𝑛, rn⟩}, where hi, ti, and ri are 

head entity, tail entity, and relation type. Each sentence consists of a sequence of k words 

{w1, w2, … wk}. The RE task focused solely on utilizing head entities (h), tail entities (t), 

and relation types. For example: 

Three cases of acute myeloid leukemia developing after treatment of renal 

disease with cyclophosphamide have been studied.  

Where ‘acute myeloid leukemia’ and ‘cyclophosphamide’ are head and tail 

entities. For this instance, in a bag, the relation type identified is ‘treated by’.  The 

dataset contains 533,560 sentences, 26 million words, 69,513 entities, and 125 types of 

relationships. Table 4 displays the distribution of the dataset across the training, 
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development, and test sets in terms of the occurrence of sentences, head entities, and tail 

entities. 

Table 4: Distribution of sentences, head entities, and tail entities in train, development, 

and test splits for BioRel Dataset 

Unique Count Train Development Test 

# Sentences 534,277 114,506 114,565 

# Head Entities 36,961 16,550 16,583 

# Tail Entities 

 

37,607 16,902 17,011 

 

 

4.2 Automated Knowledge Graph Curation Framework 

 

The architecture of the automated deep-learning curated knowledge network is 

depicted in Fig.2. This framework utilizes Natural Language processing (NLP) 

techniques to cleanse text data, followed by a Neuro – Symbolic clustering approach to 

identify different topics in the article corpus. Subsequently, a classification model based 

on deep learning was employed to categorize the text into PICO elements. The classified 

text was then used in the KG modeling employing concept extraction using Ontology 

Based Information Extraction (OBIE) techniques, relationship extraction using BioBERT 

and CNN and Bidirectional LSTM (Bi-LSTM).  

The proposed KG construction framework includes five major components: Data 

Preprocessing, Clustering, PICO classification, Relationship Extraction, and Knowledge 

Graph Generator. The main tasks of the data processing module are cleaning, stop words 
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removal, tokenization, and generating vector representations. The clustering module 

includes generation, identification, and optimization of clusters in the text corpus by 

using semantic enrichment, vector embedding and dimensionality reduction techniques. 

The PICO classification modules classified each paragraph into PICO elements and an 

additional category Aim by using RNNs based LSTM classifiers. The relationship 

extraction module utilizes generic and specific ontologies to extract hierarchical 

relationships and uses deep learning-based models to extract non-taxonomic relationships 

between concepts. Lastly, the knowledge generator module combines triplets, 

hierarchical relationships, and creates initial KGs that are optimized to remove 

ambiguous relationships and add missing links.  

4.2.1 Data preprocessing 

Data preprocessing is a crucial step in NLP that involves cleaning and 

transforming raw text data before it can be used for analysis or machine learning tasks. It 

plays a vital role in improving the quality and efficiency of NLP models and allow 

machine learning models to focus on relevant information handle challenges and achieve 

better performance. The COVID-19 dataset, as well as the aneurysm dataset contain texts 

that come from a variety of data sources. Thus, this step of preprocessing eliminates the 

inconsistencies and duplicates in the data, performs the text cleaning for NLP, and 

vectorizes the text into an embeddable format as well. The details of data processing 

steps such as text cleaning, concept extraction, tokenization and creation of embedding 

vectors are described as follows. 
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Fig. 2. Functional View of proposed Automated Knowledge Graph Curation Framework 

with five major components; Data Preprocessing, Clustering, PICO classification, 

Relationship Extraction, and Knowledge Graph Generator 
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4.2.1.1 Text Cleaning 

In the text cleaning process, several techniques were employed to process the full-

text research articles. These techniques included the removal of special characters, 

HTML tags, references, tables, and images. Following this, sentences were identified and 

punctuation and stop words were removed from the text using the Python Natural 

Language Toolkit (NLTK) library [107], which was augmented with medical-specific 

stop words. To identify special characters, symbols, and URLs, regular expressions were 

utilized. Once these text cleaning steps were completed, the final output was deemed to 

be cleaned and ready for tokenization. 

4.2.1.2 Concept Extraction, Tokenization and Embedding Layer 

The next step in our methodology involved the tokenization of sentences from the 

research articles, thereby dividing them into individual tokens. To extract concepts from 

the texts, the NLTK library was utilized to generate relevant concepts from the research 

papers. Additionally, experimentation was conducted using the BioPortal API [108] 

annotator method to extract concepts from the texts. This approach involved leveraging 

underlying generic and specific ontologies. The extracted concepts from each text were 

saved for subsequent enrichment. 

To facilitate the use of machine learning models, an in-built tokenizer embedded 

in large language models (LLMs) like BERT and BioBERT was utilized. This process 

involved generating an embedding matrix with 768 dimensions. 

4.2.2 Neuro – Symbolic Clustering  

The purpose of clustering is to group similar research articles and extract related 

knowledge under one node in the KGs to make it more coherent. As the initial corpus of 
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research articles about coronavirus and subarachnoid hemorrhage is very large, a wide 

variety of topics are included within the articles. These topics comprised symptoms and 

diseases, corona vaccines, genetic information, risk factors, treatment methods, shapes of 

aneurysms, and genetic information and genetic screening. In order to make KGs better 

structured and easier to search for by following the different nodes specific to each topic, 

it was necessary to cluster these documents automatically. This clustering framework 

utilizes the preprocessed and tokenized texts generated in the data preprocessing steps 

and comprises of three key components: Training Data Generation, Cluster Model, and 

Knowledge Infusion. The training data generation involves topic modeling utilizing word 

frequency approach and generating labeled dataset with expert input. The model training 

module includes creating sequence to sequence models based on the labeled data. Lastly, 

the knowledge infusion module takes the penultimate layer output and optimizes the 

cluster by infusion of external knowledge from specific ontologies for identified topics.  

4.2.2.1 Generate Training Dataset 

In this module, the concepts derived from each document were utilized to 

generate word frequency metrics for each research article. By associating the concepts 

with the articles, different types of documents could be identified, including those 

pertaining to drugs, vaccines, symptoms, and genetics. To enhance the precision of the 

word frequency metrics, the top 100 most frequently encountered concepts were 

chosen from each article. This selection process yielded a concise and informative 

representation of the article's content. Subsequently, expert evaluation was employed 

to label the data into four distinct categories: drugs, vaccines, symptoms, and genetics. 

Through this approach, the unstructured text data was transformed into labeled data. 
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This approach allowed us to generate a labeled dataset that could be used for training 

machine learning models to classify research articles based on their content. The 

resulting dataset, enriched with expert labeling, provided a more accurate and targeted 

approach for analyzing the vast amount of research on COVID-19 available in the 

literature. 

4.2.2.2 Cluster Model 

The aim of this model is to develop a clustering model, which can understand 

the textual context and classify the document into four identified categories: Drug, 

Vaccine, Symptom and Genetics. Long Short-Term Memory (LSTM) is a type of 

recurrent neural network (RNN) that has shown great success in sequence modeling 

tasks such as natural language processing. In this experiment, BioBERT Embeddings 

[109] were employed to vectorize the text data. BioBERT is a specialized language 

model that underwent pre-training on a vast collection of biomedical text. Extensive 

evaluations have demonstrated BioBERT's superiority over general-purpose language 

models for numerous biomedical natural language processing tasks. 

The LSTM architecture consists of five main layers: the input layer, the 

embedding layer, the hidden layer, the classification layer, and the output layer. The 

embedding layer is responsible for transforming the input sequence into a 100-

dimensional representation that captures the semantic meaning of each document. The 

hidden layer utilizes 100 memory units and a recurrent dropout rate of 0.2 to capture 

temporal dependencies in the sequence. The output layer is a dense layer that employs 

a SoftMax activation function to produce four nodes, corresponding to the four 

categories for which the model is trained. The categorical cross-entropy loss function 
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is utilized to optimize the model's performance during training. The model was trained 

using a batch size of 64 and trained for 5 epochs. To assess the model's performance 

during training, a validation set of 100 randomly selected documents was utilized. 

4.2.2.3 Knowledge Infusion 

The domain specific knowledge using external data sources can enable 

explanation, reasoning by creating new hypotheses and optimizing clustering. Biomedical 

repositories such as those in the field of healthcare and life sciences contain valuable 

information that is highly relevant to the identified clusters. For this experiment, 

BioBERT Embeddings were employed, and topic-specific information was extracted 

using domain-specific ontologies via the BioPortal API [108]. The knowledge infusion 

process consisted of three steps. Initially, the concepts matched to specific ontologies 

were extracted for each research article, and the normalized ratio of matched concepts to 

total concepts per article was calculated. In the subsequent step, synonyms and 

prefLabels were retrieved for these concepts, and embeddings were generated using 

BioBERT. Lastly, the obtained features were combined with the LSTM penultimate layer 

output, and this additional knowledge was infused into the model. The embedding of this 

additional knowledge created a new hypothesis on top of the clustering done using LSTM 

penultimate layer output and optimized the output of initial clustering results. Table 5 

presents the specific ontologies utilized for extracting knowledge and creating features, 

along with their respective types and names. Algorithm 1 provides a comprehensive 

overview of the entire knowledge infusion process, outlining the step-by-step procedure 

for incorporating the additional knowledge into the system. 
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Table 5: Ontologies for external knowledge infusion  

  Ontologies 

Drug (D) Drug Ontology (DRON)  

 Prescription of Drugs Ontology (PDRO)  

Vaccines 

(V) Vaccine Ontology (VO)  

 Vaccine Investigation Ontology (VIO)  

 Vaccine Informed Consent Ontology (VICO) 

Symptom 

(S) Symptom Ontology (SYMP)  

 Clinical Signs and Symptom Ontology (CSSO) 

Genetic 

(G) Gene Ontology  

  Gene Ontology Extension 

4.2.3 PICO Elements Extraction Framework 

The purpose of the PICO classifier is to loop through each of the topics and 

categorize the texts into the various PICO elements along with any additional Aim 

categories that may be present. This categorization creates a subgraph specific to each 

 

 
Algorithm 1 Knowledge Infusion Algorithm 

Input: Documents [d1…d1000], LSTM penultimate layer output [d1…d1000] 

Output: Optimized Cluster [1,2,3,4] 

1: Let d= 1. 

2: while d<=1000 do 

  while ontology in [Drug, Vaccine. Symptom, Genetics] 

3:   Fetch concepts from ontology 

4:   Calculate concept match 

5:   Normalize concept percent match 

6:   Concept Match Pct= Normalized concept match  

7:   Fetch Synonyms, PrefLabel from ontologies 

8:   Create semantic embedding using BioBERT 

9:   Semantic Embedding=BioBERT Embedding 

10:       Concatenate Features = [ LSTM penultimate layer, Concept Match pct, Semantic Embedding] 

11:  end while 

12: end while 

13: return Concatenated Features 



 

41 

element, increases its relevance, helps in indexing, and improves the response time to 

query. The PICO classification is done for each identified topic in the cluster 

identification stage. To achieve this, the topic and its corresponding vectorized corpus 

input were segregated and fed into the RNN-based PICO classifier model as inputs. A 

separate framework for PICO Elements extraction was developed and then integrated into 

the knowledge graph curation framework. 

The architecture of the PICO Elements Extraction Framework is depicted in 

Fig.3. This framework comprises four main modules, namely data preprocessing, quality 

recognition, PICO Classifier.  

 

Fig. 3. Functional View of PICO Classification Framework with major components; data 

preprocessing, quality recognition, and PICO classification. 

The data preprocessing module is responsible for pre-processing the raw 

biomedical data to remove any noise and irrelevant information. The main tasks in 

preprocessing steps includes sequence marker, cleaning, tokenization, vector generation, 

and feature creation. The quality recognition module of the proposed Biomed-
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Summarizer framework employs a feed-forward deep learning binary classifier to 

identify the scientific soundness of studies based on biomedical data and metadata 

features. The classifier is trained on a large dataset of biomedical information to 

accurately determine whether the study is suitable for further processing. The CCA 

Classifier module, on the other hand, utilizes a Bidirectional Long Short-Term Memory 

(BI-LSTM) recurrent neural network to identify the PICO sequence of sentences in the 

selected quality documents. The BI-LSTM is trained on a vast dataset comprising 

domain-specific Medline abstracts and data acquired from BioNLP (Natural Language 

Processing for the biomedical domain). Table 6 presents a sample text sequence 

extracted from an abstract, accompanied by the assigned class labels. 

4.2.3.1 Preprocessing and Sequence Marking 

A sequence marking technique was devised to identify PICO elements within the 

abstracts of the research articles. The role of the sequence marker is to parse each raw 

abstract in the dataset and extract the headings by matching the keywords listed in the 

dictionary, as illustrated in Table 7. When a keyword in the abstract is matched, the 

corresponding text (a sequence of sentences) under that heading is extracted and labeled 

accordingly. For example, if a heading like 'objective' is identified in an abstract, the text 

is assigned a label 'A'. This process is repeated for all the abstracts in the dataset of 

documents retrieved from PubMed®. After the completion of sequence marking, the 

subsequent steps involved text cleaning and concept extraction, as outlined in sections 

4.2.1.a and 4.2.1.2. 
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Table 6: Example sequence of sentences for an assigned category of Aim, Population, 

Methods, Interventions, Results, Conclusion, and Outcomes 

Text Sequence from abstract PICO 

Category 

Between January 2010 and December 2015, a total of 130 consecutive patients at our 

institution with the A com aneurysms-86 ruptured and 44 unruptured-were included in this 

study. The ruptured group included 43 females (50%) and 43 males (50%) with the mean age 

of 56 years (range, 34-83 years). The unruptured group included 23 females (52%) and 21 

makes (%) with the mean age of 62 years (range, 28-80 years). All patients underwent either 

digital subtraction angiography or 3-dimensional computed tomography angiography. The 

exclusion criteria for this study were the patients with fusiform, traumatic, or mycotic 

aneurysm. There were preexisting known risk factors, such as hypertension in 73 patients, 

who required antihypertensive medication; other risk factors included diabetes mellitus (9 

patients), coronary heart disease (9 patients), previous cerebral stroke (18 patients), and end-

stage renal disease (3 patients) in the ruptured group. In the unruptured group, 38 patients had 

hypertension, 4 had diabetes mellitus, 5 had coronary heart disease, 10 had a previous 

cerebral stroke, and 2 had end-stage renal disease. 

P 

Four intracranial aneurysms cases were selected for this study. Using ct angiography images, 

the rapid prototyping process was completed using a polyjet technology machine. The size 

and morphology of the prototypes were compared to brain digital subtraction arteriography of 

the same patients. 

M 

After patients underwent dural puncture in the sitting position at L3-L4 or L4-L5, 0.5% 

hyperbaric bupivacaine was injected over two minutes: Group S7.5 received 1.5 mL, Group 

S5 received 1.0 mL, and Group S4 0.8 mL. After sitting for 10 minutes, patients were 

positioned for surgery. 

I 

The ruptured group consisted of 9 very small (<2 mm), 38 small (2-4 mm), 32 medium (4-10 

mm), and 7 large (>; 10 mm) aneurysms; the unruptured group consisted of 2 very small, 16 

small, 25 medium, and one large aneurysms. There were 73 ruptured aneurysms with small 

necks and 13 with wide necks (neck size >; 4 mm), and 34 unruptured aneurysms with small 

necks and 10 with wide necks. 

R 

The method which we develop here could become surgical planning for intracranial aneurysm 

treatment in the clinical workflow. 

C 

The prevailing view is that larger aneurysms have a greater risk of rupture. Predicting the risk 

of aneurysmal rupture, especially for aneurysms with a relatively small diameter, continues to 

be a topic of discourse. In fact, the majority of previous large-scale studies have used the 

maximum size of aneurysms as a predictor of aneurysm rupture. 

O 
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To enable embedding, a maximum limit of 50,000 words per paragraph was set. 

Following this, a word embedding vector representation of 250 dimensions was generated 

using the Keras text-to-sequence [110] functionality, ensuring consistent vector length for 

each representation. 

Table 7: Master dictionary representing keywords appear in headings in structured 

abstracts of biomedical studies. The dictionary is inherited from a study [21] with an 

extension of a few more keywords such as Patient 1 and Patient 2. 

dict = {‘A': ['objective', 'background', 'background and objectives', 'context', 

'background and purpose',   

    'purpose', 'importance', 'introduction', 'aim', 'rationale', 'goal', 'context', 

'hypothesis'], 

'P': ['population', 'participant', 'sample', 'subject', 'patient', 'patient 1','patient 

2'], 

 'I': ['intervention', 'diagnosis'], 

'O': ['outcome', 'measure', 'variable', 'assessment'], 

M': ['method', 'setting', 'design', 'material', 'procedure', 'process', 

'methodology'], 

'R': ['result', 'finding'], 

'C': ['conclusion', 'implication', 'discussion', 'interpretation table'] 

           } 
 

4.2.3.2 Quality Recognition Model 

The proposed model, as shown in Fig.4., comprises of multi-layer feed-forwarded 

neural networks so-called multi-layer perceptron (MLP). The MLP is further optimized 

with an ensemble method using AdaBoost. The final AdaBoost-MLP, called PQR 

(prognosis quality recognition) model, was trained on a dataset acquired automatically 

through PubMed® searches based on following two criteria: by selecting the ‘Clinical 

Query prognosis’ filter and choosing scope as ‘narrow’. To construct and assess the 

model, the following steps were carried out: (a) Dataset preparation for training the deep 

learning models. (b)Training and fine-tuning of the deep learning model. Furthermore, a 

comparison between the proposed model and shallow machine learning models was 
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conducted, focusing on precision and recall metrics. To train and test the PQR model, a 

dataset comprising a total of 2,686 Medline abstracts was collected. Within this dataset, 

697 abstracts were identified as positive studies, indicating their scientific soundness. The 

retrieval of positive studies was accomplished using the interface of Clinical Queries 

[102]. 

Fig. 4. Process steps of quality recognition model 

4.2.3.2.1 Training Deep Learning Model 

The PQR deep learning model is trained using five textual features, which include 

two data features (title and abstract) and three metadata features (article type, publishing 

journal, and authors). Prior to training, the data features undergo preprocessing steps 

outlined in the earlier section on data preprocessing. For the recognition of scientifically 

sound studies, a multilayer feedforward neural network model is employed for text 

classification. 
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The model consists of 5 layers with three hidden layers of size 100, 50, 25, 

respectively. The input layers take the BoW vectors generated from data features. The 

'Maxout' activation function is utilized with 10 epochs during the training process. The 

data is split into a 70:30 ratio, with 70% allocated for training and 30% for testing 

purposes.  

4.2.3.3 PICO Classification 

 The objective of this model is to create a multiclass classifier capable of 

accurately categorizing texts from chosen quality documents (determined by the quality 

model) into one of seven classes: A, M, P, I, R, O, and C. Subsequently, the M and P 

classes are merged into P due to their strong correlation observed in the actual identified 

texts associated with these categories. Similarly, the O and C classes are combined into 

C. While the focus primarily revolves around utilizing PICO classes in evidence-based 

medicine, the inclusion of other classes allows for non-PICO clinical applications in 

medical education and the development of a knowledge base for clinical decision support 

systems. PICO is a well-known terminology in evidence-based medicine. PICO is a 

widely recognized term in evidence-based medicine. The classifier is referred to as the 

PICO classifier because it encompasses all the components of PICO, along with two 

additional classes: A (aim) and R (results). 

 The PICO detection is a sequential sentence classification task instead of a single 

sentence problem; therefore, the sequence of sentences is jointly predicted. In this way, a 

better context is captured from multiple sentences, thus it improves the classification 

accuracy of predicting the current sentence. To build and evaluate the model, following 

steps were performed (a) preparation of a dataset for training the deep learning model, (b) 
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training and tuning deep learning model, and (c) comparison with traditional machine 

learning models in terms of precision and recall. 

4.2.3.3.1 Model Building 

Neural network model is heavily used in text processing due to the ability of 

processing arbitrary length sequences. Recurrent Neural Networks (RNNs) are 

immensely popular in multi class text classification. To construct and evaluate the 

classification model, the Bidirectional Long-Short Term Memory (Bi-LSTM) model is 

utilized. The Bi-LSTM is a type of RNN that effectively captures the long-term 

dependencies within the texts. It is widely recognized as one of the most popular models 

for text classification tasks. 

The model is composed of five layers - the input layer, the embedding layer, the 

logical hidden layer, the classification layer, and the output layer. In this approach, the 

hidden layer is based on LSTM.  The LSTM contains 100 units, considering 𝑋𝑡as data 

that entered the memory cell for training, it has three gates to control the flow of 

information in the network. The forget gate 𝑓𝑡 controls how much of the previous state 

can be retained. The 𝑓𝑡 defined as follows: 

𝑓𝑡 =  𝜎(𝑊𝑓𝑥𝑡  + 𝑉𝑓ℎ𝑡−1 + 𝑏𝑓) 

( 1 ) 

The input gate 𝑖𝑡 in LSTM cell determines whether to use the current input to update the 

information of the LSTM or not using the following formulation: 

𝑖𝑡 =  𝜎(𝑊𝑖𝑥𝑡  +  𝑉𝑖ℎ𝑡−1 + 𝑏𝑖) 

( 2 ) 
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The output gate 𝑜𝑡 determines which parts of the current cell state need to be outputted to 

the next layer for iteration via: 

𝑜𝑡 =  𝜎(𝑊𝑜𝑥𝑡  +  𝑉𝑜ℎ𝑡−1 + 𝑏𝑜) 

( 3 ) 

Where 𝑊, 𝑉, and 𝑏 are the weight matrix and biases, respectively. Also,  𝜎 is the sigmoid 

activation function which is defined as follows to control the weight of the message 

passing through. 

𝜎(𝑋)  =  1 ∕ (1 + 𝑒−𝑋) 

( 4 ) 

At the end the output ℎ𝑡 in each cell can be retained as: 

𝑐𝑡  =  𝑓𝑡 ⊗ 𝑐𝑡−1  +  𝑖𝑡 ⊗ 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡  +  𝑉𝑐ℎ𝑡−1 + 𝑏𝑐) 

( 5 ) 

ℎ𝑡  =  𝑜𝑡 ⊗ 𝑡𝑎𝑛ℎ(𝑐𝑡) 

( 6 ) 

Where ⊗ is the dot product. 

As shown in the Fig.5., the input layer consists of 250 dimensions showing the numeric 

features created using Keras tokenizer; the embedding layer, the LSTM logical hidden 

layers, the classification layer, and the output layer. The brief specification of the trained 

PICO classification model summary is provided as below. 

• The first hidden layer is embedding layer that uses 100-dimension 

vectors to represent each paragraph. 

• The next layer is LSTM layer with 100 memory units and recurrent 

dropout rate was set to 0.2. 
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• The next is the dense layer with 5 nodes and for the multi 

classification, theSoftMax activation function is employed and 

categorical_crossentropy is used as loss function. 

• The training data is partitioned into two sections, with 10% of the data 

allocated for category validation and minimizing the loss function. 

Therefore, 140,454 instances are utilized for training, while 15,606 

instances are reserved for validation purposes. 

• The model is trained across 5 epochs with mini-batch size of 64. 

 

Fig.5.: PICO Classifier Neural Architecture 

4.2.4 Relationship Extraction 

This component was designed to identify taxonomic and non-taxonomic 

relationships between concepts that pertain to PICO elements pertaining to different 

topics. The detailed process of relationship extraction is given in the following 

subsections.  
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4.2.4.1 Taxonomic Relationship Extraction  

The taxonomic relationship, also referred to as the "IS-A" relation, is one of the 

most important components of taxonomies, semantic hierarchies, and knowledge graphs. 

The Is-A relationship derived from specific and generic ontologies was utilized to 

establish connections among various concepts, merge them, and construct the knowledge 

graph (KG). Specifically, for the COVID-19 dataset, specific ontologies such as 

COVIDCRFRAPID [111], COVID-19[112], CODO [113], COVID19[114], IDO-

COVID-19[115] were employed along with generic ontologies SNOMEDCT [116], 

MEDDRA [117]. In the case of aneurysm dataset SNOMEDCT, MEDDRA, NBO [118], 

NIFSTD [119] ontologies were utilized. The IS-A relationship is extracted by using 

maximum 3 levels up if available and constructing subgraphs in top-down fashion. The 

subgraph of concepts is further merged and joined through common entities. For 

example, one of the sentences in the aneurysm dataset is: 

This Mendelian randomization study suggests that high blood pressure is a major risk 

factor for intracranial aneurysm.  

The initial concept extraction contains two concepts High Blood Pressure and 

intracranial aneurysm, but after semantically enriching by extracting synonyms, 

definition and labels the final concepts identified are High Blood Pressure, intracranial 

aneurysm, hypertension, and brain aneurysm.Fig.6. shows the illustration of the merger 

of concepts based on taxonomic relation extraction and generation of complete subgraphs 

for the whole sentence. 
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Fig. 6. Sample taxonomic relationship extraction and merger 
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4.2.4.2 Non-Taxonomic Relationship Extraction  

A non-taxonomic relationship is a kind of 'part-of' relationship, in which one 

concept is a part of another. To enrich the KGs with non-taxonomic relationships, the 

main objective is to generate relationship triplets and to identify non-taxonomic 

relationships. Creation of non-taxonomic relationship between concepts is a two-step 

process, identifying the concepts with the relationship, followed by identification of the 

type of pairs with the relationship.  

The non-taxonomic RE for KG generation formally defined as below: 

Let's consider concepts {Co1, Co2, Co3, …., Con} as inputs where n is the number of 

concepts in the list for a triple generation. The aim is to build a model f: (Coi, Coj) → 

argmax (Rr) where r is the dimension of the output relationships R and argmax is the 

function that outputs the relationship with maximum probability, i and j is the index of 

input concepts.  

The following algorithm illustrates the main steps in constructing non-taxonomic 

relationships. 

Algorithm 01: Pseudo code to extract non-taxonomic relationship  
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3. Paired relationships detection using model f, if argmax (R
r
) < e (where e is the threshold 

for non-relationship pairs) then the probability for all relationship types is in the minority 

so the pair of (Co
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5. Generate Output 
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In earlier approaches, feature-based and deep learning-based methods were tried, 

but the biggest problem was their representations and domains of use. The direct 

application of state-of-the-art NLP methodologies to biomedical text mining has some 

limitations. Although vector representations such as Word2Vec [120], GLoVe[121] by 

Stanford, and BERT have been examined in many general domains, it is difficult to 

estimate their performance on biomedical datasets. The word distributions of general and 

biomedical corpus also differ significantly, which can present problems for biomedical 

text mining. With the advancement of NLP and the high performance of the PrLMs, it 

was demonstrated that they could perform well in a specific domain such as medical texts 

because the attention mechanism enables them to consider context. One such model, 

BioBERT, which is a domain-specific language representation for the biomedical 

domain, has been taken into consideration as producing a representation layer to the RE 

extraction model.  

The non-taxonomic relationship model includes deep learning and PrLMs using 

the following layers: representation layer, biomedical BERT layer, CNN layer, Bi-LSTM 

layer, and classifier for biomedical RE. The BioBERT model is based on the attention 

mechanism and transformer coding structure. BioBERT is used to obtain feature 

representations containing global semantic and contextual feature information of 

biomedical text, CNNs has a good performance on features extraction by convolution 

kernel, which improves the accuracy of feature descriptors.  Here CNNs used to obtain 

features at different levels and combine attention to obtain weighted local features and 

fuse global contextual representation with weighted local features.  This allows to Bi-

LSTM layers to better capture the sequential representation of inputs for better 
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classifications. The detailed architecture for the model is shown in Fig.7. and components 

are described below. 

4.2.4.2.1 Representation Layer 

In the representation layer, words are split into their full forms or word pieces 

according to a set of rules, which are then encoded into numerical vectors. The 

representation consists of tokenization and concatenation of tokens. Each concept is 

tokenized using the BioBERT tokenizer. It produces the token, position, and segment 

embeddings. 

𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝐶𝑜) =  𝐶𝑜 →  (𝑊𝑘 , 𝑃𝑘 , 𝑆𝑘)       𝑎𝑛𝑑     𝑆𝑘 , 𝑃𝑘 , 𝑊𝑘  ∈  ℝ200, 𝑘 ∈  [1, 200]  

( 7 ) 

Where, W, P, and S are token, position, and segment embeddings respectively.  

Next, embeddings are concatenated to produce the input sequence to the BioBERT 

module.  

𝐸𝑛 =  𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝐶𝑜𝑖)   ⊕  𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 (𝐶𝑜𝑗)   ,    𝑤ℎ𝑒𝑟𝑒  𝐸𝑛 ∈  ℝ400   

( 8 ) 

4.2.4.2.2 BioBERT Layer 

Biomedical LMs are a natural choice as vectorization of inputs into semantic 

vectors since the proposed knowledge graph consumes biomedical text as input. A 

general-purpose language model, BERT achieves state-of-the-art performance in a wide 

range of tasks. The BioBERT is a biomedical variant of BERT that has been trained on 

medical datasets such as PubMed and PMC. Like BERT, BioBERT takes input sequence 

tokens and calculates embeddings for them. The framework employs the utilization of 

pre-trained BioBERT as the initial layer. Subsequently, fine-tuning is performed for the 
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RE task by incorporating feature extractor layers on top, allowing for the appropriate 

updating of the language model (LM) weights. The 𝑉𝐵𝑖𝑜𝐵𝑒𝑟𝑡 represents the outputs of the 

BioBERT encoder which will be fed into the next layers for local feature extraction. 

𝑉𝐵𝑖𝑜𝐵𝑒𝑟𝑡 =  𝐸𝑛𝑐𝑜𝑑𝑒𝑟12 (𝐸𝑛𝑐𝑜𝑑𝑒𝑟11( … . . (𝐸𝑛𝑐𝑜𝑑𝑒𝑟1( 𝐸𝑛)) … . ))  

 ,   𝑤ℎ𝑒𝑟𝑒   𝑉𝐵𝑖𝑜𝐵𝐸𝑅𝑇 ∈  ℝ768   

( 9 ) 

4.2.4.2.3 Convolutional Neural Network Layer 

CNNs [122] are neural networks which extract local features. This process allows 

the extraction of high-level features and concept sharing. Thus, the network learns the 

importance of both concepts regarding relation types. The convolutional layer was 

followed by a ReLU (Rectified Linear Unit) activation function [123] on the extracted 

local features to produce the nonlinear representations. Ultimately, this layer applies a 1D 

convolution to an input composed of several input planes. 

𝑜𝑢𝑡(𝑁𝑖 , 𝐶𝑜𝑢𝑡𝑗
) =  𝑏𝑖𝑎𝑠 (𝐶)  + 𝛴𝐶𝑖𝑛−1

𝑘=0 ( 𝑤𝑒𝑖𝑔ℎ𝑡(𝐶𝑜𝑢𝑡, 𝑘)  ⋆  𝑉𝐵𝑖𝑜𝐵𝑒𝑟𝑡(𝑁𝑖 , 𝑘))    

( 10 ) 

  Where ⋆is the cross-correlation operator, N is the batch size, C is a number of 

channels (𝐶𝑖𝑛, 𝐶𝑜𝑢𝑡  are number of input and output channels respectively), L is a length of 

the signal sequence where it is equal to 

𝐿𝑜𝑢𝑡 =  Ｌ(𝐿𝑖𝑛  +  2 ∗ 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 −  𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛 ∗  (𝑘𝑒𝑟𝑛𝑒𝑙𝑠𝑖𝑧𝑒 −  1) − 1 )/𝑠𝑡𝑟𝑖𝑑𝑒 +  1 ⅃   

( 11 ) 

Where padding is the same, dilation is 1 (the spacing between kernel elements), 

kernel size is 3, and the stride is 1. Next, a nonlinearity is applied to  𝑜𝑢𝑡(𝑁𝑖 , 𝐶𝑜𝑢𝑡𝑗
)  to 

capture the final local features. 
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𝐶𝑁𝑁𝑜𝑢𝑡 =  𝑅𝑒𝐿𝑈 (𝑜𝑢𝑡(𝑁𝑖 , 𝐶𝑜𝑢𝑡𝑗
))                𝑤ℎ𝑒𝑟𝑒        𝑅𝑒𝐿𝑈(𝑋)  =  𝑀𝑎𝑥 (𝑋, 0)  

( 12 ) 

In the end, dropout randomly zeroes some of the elements of the inputs with 

probability p=0.3 using samples from a Bernoulli distribution.  

4.2.4.2.4 Bidirectional LSTM 

A bidirectional LSTM on top of a CNN layer eliminates the need for more feature 

engineering techniques by capturing local features and extracting them for long 

dependency features.  On top of the CNN layer is a BiLSTM layer that is composed of 

two LSTM networks that can read input texts both forward and backward. The forward 

LSTM processes information from left to right (𝐻→) and the backward LSTM processes 

information from right to left (𝐻←), Next, the output of forward and backward LSTMs is 

combined and fed into the next layer. The following equation represents steps: 

𝐻𝑡
→  =  𝐿𝑆𝑇𝑀 (𝐶𝑁𝑁𝑜𝑢𝑡   , 𝐻(𝑡−1)

→) 

( 13 ) 

𝐻𝑡
←  =  𝐿𝑆𝑇𝑀 (𝐶𝑁𝑁𝑜𝑢𝑡 , 𝐻(𝑡−1)

←) 

( 14 ) 

𝐵𝑖𝐿𝑆𝑇𝑀𝐻𝑡
 =  [𝐻𝑡

→ ∶  𝐻𝑡
←]           𝑤ℎ𝑒𝑟𝑒     𝐵𝑖𝐿𝑆𝑇𝑀𝐻𝑡

 ∈  ℝ𝑛∗400 

( 15 ) 

4.2.4.2.5 Classifier 

The CNN-Bi-LSTM layers contain enriched representations of input concepts; the 

classifier tries to learn these representations with respect to relation types. Backward 

propagation allows each layer of the network to update its weights. The classifier consists 

of hidden states  ℎ𝑡 as inputs to the ReLU activation function followed by a dropout (p 
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=0.3) each neuron will be zeroed out independently on every forward call. Next, a linear 

transformation is applied to the hidden states, resulting in 125 output features from the 

initial 768 input features. Lastly, the outputs are fed into the argmax function to output 

the class with maximum probability as the relation type of the input concepts. The 

equation is described conceptually below, and source code of implementation is available 

on GitHub repository [124]   

𝐶𝑁𝑁𝐵𝑖𝐿𝑆𝑇𝑀𝑜𝑢𝑡  =  𝑅𝑒𝐿𝑈(𝐵𝑖𝐿𝑆𝑇𝑀𝐻𝑡
)  

( 16 ) 

𝑌 ∶=  𝑏𝑖𝑎𝑠 +   𝐶𝑁𝑁𝐵𝑖𝐿𝑆𝑇𝑀𝑜𝑢𝑡  ∗  𝑤𝑒𝑖𝑔ℎ𝑡𝑇  

( 17 ) 

𝑎𝑟𝑔𝑚𝑎𝑥 𝑌(𝑝)  ∶= 𝑎𝑟𝑔𝑚𝑎𝑥𝑝∈𝑌 𝑝 = { 𝑝  ∈  𝑌 ∶  𝑌(𝑝)  ≥  𝑌(𝑖)  𝑓𝑜𝑟 𝑎𝑙𝑙  𝑖  𝑖𝑛 𝑌 } 

( 18 ) 

4.3 Evaluation Metrics 

The knowledge framework is evaluated on both Covid and aneurysm dataset. Different 

metrics have been used to evaluate each component of the automated knowledge 

framework. Neuro-Symbolic clustering, PICO classification models and relationship 

extractor models are evaluated and compared to baseline machine learning based 

classifiers using metrics accuracy, precision, recall, and F1 score. In general, the accuracy 

metric measures the ratio of correct predictions over the total number of instances 

evaluated. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃+𝑇𝑁) / (𝑇𝑃+𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁) 

The precision is used to measure the positive patterns that are correctly predicted 

from the total predicted patterns in a positive class.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) 
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The recall is used to measure the fraction of positive patterns that are correctly classified. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃/(𝑇𝑃 + 𝑇𝑁) 

The F1 score metric represents the harmonic mean between recall and precision values. 

𝐹1 =  2 ∗ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙) / (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙) 

Where TP, TN, TP, FN are defined as follows: 

● True Positive (TP):   Predicted positive and actual also positive 

● True Negative (TN): Predicted negative and actual also negative 

● False Positive (FP):   Predicted positive but actual negative 

● False Negative (FN): Predicted negative but actual is positive. 
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Fig. 7. Architecture diagram of relationship extraction module 
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CHAPTER FIVE 

RESULTS 

 

 

 

This chapter presents a comprehensive evaluation of the clustering, concept 

extraction, PICO classification, and relation extraction components. The evaluation 

process involved testing the proposed automated framework for knowledge graph 

curation on two healthcare datasets: cerebral aneurysm and COVID-19. The analysis of 

the results provided valuable insights into the benefits of the proposed framework for 

evidence-based decision support systems in healthcare.  

5.1. Cluster Model 

5.1.1 Dataset Preparation  

To evaluate the proposed clustering framework, a randomized sample of 1000 

research articles from the dataset was selected and labeled using topic frequency 

modeling and human effort.  

5.1.2 Experimental Setup  

To evaluate the clustering results, several machine learning models, including K-

means, Zero Shot Learning (ZSL) [125], and RNNs such as LSTM, were employed. 

Furthermore, both generic embedding techniques like BERT and domain-specific 

embeddings such as BioBERT were utilized. Through these experiments, the 

effectiveness of various approaches was assessed, enabling the identification of the most 

suitable techniques for the specific domain. 
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5.1.2.1 K-Means Clustering  

K-means clustering is a widely used unsupervised machine learning algorithm 

that partitions data into K clusters based on similarities in the data. One of the primary 

advantages of k-means clustering is its scalability to large datasets. Additionally, it is a 

simple and fast algorithm that can be applied to a wide range of applications such as 

image segmentation, customer segmentation, and anomaly detection.  At first, BERT 

encoding was employed to generate vectorized input, which was subsequently subjected 

to PCA [126] to reduce dimensionality based on variance explanation. The elbow method 

[127] was then applied to determine the initial number of clusters, which was set to four 

(n=4). The dimensionally reduced vector and optimized number of clusters are fed to the 

K-means model to generate the cluster and later it is mapped back to original documents 

to specify the name of the clusters. Fig. 8. shows the clustering optimization result of 

COVID-19 and brain aneurysm dataset. For both the dataset, the sum of squared 

distances (inertia) falls suddenly at k=4, so the optimized number of clusters is 

determined as 4 and hence four topics are identified. After reducing the texts represented 

in vectors to two components, it is evident that there is a clear distinction between 

optimized cluster numbers. 

5.1.2.2 Zero Shot Learning with BERT embeddings 

 BERT (Bidirectional Encoder Representations from Transformers) [31] is a pre-

trained language model that has achieved state-of-the-art results on various NLP tasks. 

Zero-Shot learning (ZSL) is a type of machine learning technique that enables models to 

recognize and classify objects or concepts that have not been seen during training. This 

approach allows the model to generalize to new categories by learning a mapping 
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between different domains. One of the key advantages of zero-shot learning is its ability 

to overcome the limitations of supervised learning, where the model is trained only on 

labeled data. With zero-shot learning, models can be trained on a smaller set of labeled 

data and still generalize to new categories. ZSL was implemented utilizing a transformer 

architecture and embeddings generated by the BERT tokenizer. 

 

Fig. 8. Cluster optimization and selection using K-means clustering and elbow method 

5.1.2.3 LSTM with BERT, BioBERT and Knowledge Infusion  

In this approach, BERT and BioBERT embeddings are used to capture contextual 

information from the input text, which is then fed into an LSTM layer to capture the 

sequence information. The LSTM layer can then model the long-term dependencies in 

the sequence and make predictions based on the contextual and sequential information 

learned from the embeddings. The LSTM architecture utilized in the methods section was 
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also employed in this iteration. Subsequently, knowledge extraction from domain-

specific ontologies was performed and integrated with the clustering results, resulting in 

the creation of new hypotheses and optimization of the cluster output. 

Table 8 presents a comparative analysis of model performance across different 

categories using precision as evaluation metric. The results indicate that k-means 

clustering with BERT-encoded vectors had an average precision of 45%. Zero-shot 

learning with BERT vectors improved the precision by 22% due to the transformer 

architecture of ZSL, which can understand contextual information and hold important 

sequences using its attention layer. The LSTM model with BERT encoding further 

improved the performance as it was trained on the labeled dataset, unlike k-means 

clustering and ZSL, which had no labeled dataset. The LSTM model with BioBERT 

embeddings performed the best with an average precision of 76%, an improvement of 5% 

on the LSTM model with BERT. The specificity of embeddings in the biomedical 

domain is the reason behind its effectiveness, as it provides a deep contextualization of 

vector inputs with domain-specific concepts. 

Finally, the best-performing model was the LSTM with BioBERT embedding with 

external knowledge infusion using specific biomedical ontologies, which had an average 

precision of 88%. This indicates that the external knowledge was able to aid in the 

existing clustering mechanism and improved the performance by 12%. Table 9 presents a 

detailed performance evaluation using precision, recall, and F1-score. 

5.2 Concept Extraction 

The evaluation of the concept extraction module was conducted on a set of 100 

randomly selected abstracts from the corpus. These abstracts were manually annotated, 
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and concepts were extracted for comparison with concepts extracted from the BioPortal 

API. The evaluation yielded a precision of 91%, recall of 78%, and an F1 score of 84%. 

The utilization of both generic and specific ontologies in both datasets contributed to 

achieving a high precision and ensuring the extraction of relevant terms without including 

irrelevant ones.  

Table 8: Comparative result (Precision) of traditional model and LSTM with Knowledge 
Infusion across categories Drug(D), Vaccine(V), Symptom(S), Genetics(S) 

 

                                              

Topics  

ML Model 
D V S G Avg 

K-means  

Clustering  

BERT  0.47 0.42 0.53 0.37 0.45 

ZSL  

BERT  0.69 0.63 0.67 0.68 0.67 

LSTM  

BERT  0.72 0.74 0.62 0.77 0.71 

LSTM 

BioBERT  0.73 0.69 0.79 0.82 0.76 

LSTM 

BioBERT 

Knowledge 

Infusion  0.89 0.82 0.91 0.90 0.88 

 
Table 9: Precision, Recall, F1-Score of proposed LSTM model with external knowledge 

infusion 

Topics Precision Recall F1-Score 

Drug 0.89 0.81 0.84 

Vaccines 0.82 0.81 0.81 

Symptoms 0.91 0.87 0.84 

Genetic 0.90 0.86 0.87 

 

5.3 PICO Classification 

The aim of this experiment was to quantify the comparative analysis of the 

proposed LSTM model with other baseline classifiers such as LR, KNN, Adaptive 

Boosting, Gradient Boosting, and Multi-Layer Perceptron (MLP) models on both the 

covid, and aneurysm dataset using keras embedding layer and BioBERT embedding layer 



 

65 

for initial input texts. The LR model was initialized with base configuration, KNN model 

was started with five neighbors and Euclidean as distance measure, Gradient Boosting 

model was initialized with learning rate =.10 and keeping rest of the parameters as 

default, and lastly MLP was initialized with hidden layer of sizes 100, 70, 30, 20 and 10 

neurons, and maximum iteration of 1000. Results of these models are compared on four 

metrics: precision, recall, F1-score, and accuracy as shown in Table 10 and Table 11 on 

covid and aneurysm datasets. The proposed model is an RNN based LSMT model using 

BioBERT tokenization and embedding layer as an input with 82 % of precision, recall, 

accuracy, and F1-score on COVID-19 dataset and 93 % precision, recall, accuracy, and 

F1-score on aneurysm dataset. 

5.4 Non-Taxonomic Relationship Extraction Evaluations 

The aim of this experiment was to quantify the comparative analysis of the 

proposed RE model with other baseline machine learning model such as LR, MLP with 

Latent Semantic Analysis (LSA) encoding, BERT and BioBERT Model with encoding 

using softmax classifier. 

5.4.1 Logistics Regression with Latent Semantic Analysis  

This model uses LSA [128] as a representation layer and LR as a classifier. LSA 

embeds documents in a vector space using a bag of words method. This LSA is based on 

Term Frequency-Inverse Document Frequency (TF-IDF) and Singular Value 

Decomposition (SVD). The inputs were represented by 100 unigrams based on TF-IDF 

with SVD n-components of 50. 
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Table 10: Comparative results of deep learning with traditional machine learning models 

for different representation layer on COVID-19 dataset 

Classifier Embedding Layer Precision Recall F1-Score Accuracy 

Logistic 

Regression 

Keras 

BioBERT 

38 

77 

37 

77 

33 

77 

42 

77 

k-Nearest 

Neighbors 

Keras 

BioBERT 

41 

75 

39 

74 

39 

74 

39 

74 

Adaptive Boosting Keras 

BioBERT 

37 

58 

45 

58 

39 

58 

45 

58 

Gradient Boosting Keras 

BioBERT 

48 

64 

48 

63 

42 

62 

48 

63 

Multi-Layer 

Perceptron 

Keras 

BioBERT 

8 

63 

28 

64 

12 

64 

28 

64 

Long Short- 

Term Memory 

 

Keras 

BioBERT 

72 

82 

71 

82 

71 

82 

71 

82 

Table 11: Comparative results of deep learning with traditional machine learning models 

for different representation layer on aneurysm dataset 

Classifier Embedding Layer Precision Recall F1-Score Accuracy 

Logistic 

Regression 

Keras 

BioBERT 

36 

76 

42 

74 

36 

75 

42 

77 

k-Nearest 

Neighbors 

Keras 

BioBERT 

35 

80 

35 

78 

34 

78 

35 

80 

Adaptive 

Boosting 

Keras 

BioBERT 

49 

64 

50 

66 

47 

66 

50 

66 

Gradient 

Boosting 

Keras 

BioBERT 

57 

64 

49 

61 

45 

59 

49 

61 

Multi-Layer 

Perceptron 

Keras 

BioBERT 

37 

83 

29 

83 

13 

83 

29 

85 

Long Short-

Term Memory 

Keras 

BioBERT 

85 

93 

84 

93 

84 

93 

84 

93 
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5.4.2 Multi-Layer Perceptron with Latent Semantic Analysis  

The model employs LSA as the representation layer and MLP as the classifier. 

The MLP classifier optimizes the log-loss function using the Adam optimizer. The 

architecture consists of three fully connected dense layers with 500, 300, and 250 neurons 

in each layer, respectively. The model is trained for 50 epochs with a batch size of 200 

and a learning rate of 0.001. 

5.4.3 Hypertuned BERT with Softmax Layer 

A fine-tuned BERT in the usual multi-classification is one of the baselines in 

comparison to modified/integrated transformer models. A basic BERT-based model as a 

baseline for the RE task consists of the BERT, linear, dropout, and linear layers in 

sequential form (the BERT → Linear1 → Dropout → Linear2 scheme). A BERT outputs 

a CLS token as an input for the next linear layer, where it takes input features in size 768. 

Next, a dropout, a regularization method that approximates training a large number of 

neural networks with different architecture in parallel with a probability of 0.3 has been 

added. In the end, the second linear layer inputs feature in size 768 and outputs 

predictions in size of 125 (the number of unique relationships in the whole dataset). The 

argmax function is applied to the outputs of the second linear layer to the output 

relationship for input concepts. The training was done using the following parameters: a 

batch size of 4, Adam optimizer with a learning rate of 10e-05, 2 epoch numbers, and 

cross-entropy loss function. 

5.4.4 BioBERT with Softmax Layer 

The model has been trained following the same approach as presented in the fine-

tuning of the BERT model, utilizing the following settings: BioBERT → Linear1 → 
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Dropout → Linear2. In the first layer instead of the BERT model BioBERT, a medical 

domain transformer model has been utilized. 

The RE model is evaluated against above mentioned baseline models with 

varying embedding layers and results are shown in Table 12.  The relation prediction 

classification is highly imbalanced, so traditional machine learning models like LR with 

LSA embedding are not able to capture high performance features. A simple neural 

network model with LSA embeddings performs better than LSA-LR and it shows that 

deep learning models are able to capture important features. Additionally, it was observed 

that domain-specific language models outperform general-purpose models like BERT. 

The proposed CNN-Bi-LSTM model, utilizing BioBERT embedding, achieved a 

2% higher F1-score compared to previous approaches. This improvement can be 

attributed to the ability of CNNs to learn higher-level features. Furthermore, traditional 

machine learning models do not perform as well as the proposed method since they are 

not able to capture high performance features. 

5.5 Process flow: KG generation process for aneurysm treatment  

Fig.9 illustrates the step-by-step process employed to generate the knowledge 

graph for aneurysm treatment. Initially, a cluster of 1309 documents is gathered from the 

PubMed data source using generic keywords related to cerebral aneurysm, including 

drugs, symptoms, and treatment. Subsequently, these documents undergo classification 

into prognosis (n=778) and non-prognosis (n=531) categories using a clinical interface 

query. In the third step, a quality recognition model is utilized to further classify these 

documents into positive (n=444) and negative studies (n=334). Moving to the fourth step, 

the positive studies' documents are inputted into a clustering model, resulting in the 
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generation of different topics such as drugs, symptoms, and treatment. Continuing to the 

fifth step, the treatment topic is processed through a PICO classification model, which 

categorizes sentences into P (n=53), I (n=34), C (n=59), and O (n=95) elements. Finally, 

by consuming the PICO elements, the knowledge graph is generated, and a subgraph 

representing the results is depicted in Fig.9. In the example subgraph for aneurysm 

treatment, intervention (I) for medium aneurysm at Anterior Communicating Artery 

(ACoA) is identified as endovascular treatment with 88.4% good outcome. The control 

measure i.e., comparison (C) determined in the KG is surgical clipping with 73.2 % 

positive outcome (O).  

Table 12: Comparative results of proposed BioBERT encoded CNN based BiLSTM 

model with other baseline models 

Classifier Precision Recall F1-Score Accuracy 

LSA-LR 16 8 9 45 

LSA-MLP 60 34 40 66 

BERT 83 74 76 93 

BioBERT 93 86 88 95 

BioBERT-CNN-BiLSTM 92 90 90 96 

 

5.6 Case Query: Covid Treatment Evidence 

To test the effectiveness of the automated KG generation framework on the 

COVID-19 dataset, a simple query related to COVID-19 treatment was executed. In the 
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subgraph as shown in Fig.10., it searches through the entire KG and traverses through 

specific topic treatment that was identified through clustering and topic modeling in the 

framework and provide evidence relating to problem, interventions, comparisons, and 

outcomes. In the example subgraph for COVID-19 treatment, patients of age between 56 

yrs. and ≤ 73 yrs. with diabetes and hypertension identified as problem(P), 

immunomodulators and anticoagulant are identified as intervention (I) with outcome as 

2-3 weeks of hospital stay (O). The control measure (C) identified as use of antibiotic and 

antiviral medication with 3-4 weeks of hospital stay (O). 
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Fig. 9. Process flow of KG curation for aneurysm treatment 
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Fig. 10. An excerpt/sub-graph of aneurysm/covid treatment evidence 
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CHAPTER SIX 

DISCUSSION, CONCLUSION AND FUTURE RESEARCH 

 

 

 

Knowledge Graphs are expected to be an important technology to transform 

evidence-based medicine. As the underlying data source and inherent information keeps 

changing in literature, the automated knowledge graph generation framework for 

evidence-based medicine is unable to generate knowledge that is easy to query. The 

developed architecture of automated KG construction was shown to be flexible and 

adaptable to new sources of information by enabling automatic clustering of new 

information and assigning it to existing clusters or even creating new clusters followed by 

PICO classification which in turn makes deployment and storage of information easier 

and smarter. To the best of our knowledge, this is the first attempt to create a framework 

for PICO enabled KG generation that is generalizable to different clinical domains.  

In KGs, responsiveness plays a crucial role in determining its overall 

performance. Su et al. [129] highlighted the significance of timely response, as it enables 

the generation of valuable insights within an acceptable timeframe. In the developed 

framework, response was improved by optimization of subgraphs with enablement of 

PICO elements. Özcan et.al., [130] concluded that semantic enrichment enables deep 

reasoning capability; in the automated framework it was achieved it by assimilation of 

information from generic and specific ontologies. Most of the existing work such as 

authors in [36] [131] tried to generate KGs using single iteration of annotation of 

concepts. The developed framework uses semantically enriched concepts as final one and 

creates KGs, and thus increased it semantically by many folds and improved its 
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searchability aspects and ability to provide specific and precise information in response to 

related queries. The robustness of KGs is further enhanced by inclusion of both 

taxonomic and non-taxonomic relationships and scaling the KG both horizontally and 

vertically. 

Finally, it was demonstrated that the use of domain specific and language models 

for high performance feature extraction of underlying text data improves the performance 

in ML models, specifically Neuro-Symbolic clustering, PICO classification and RE 

model. The integration of deep learning and symbolic reasoning techniques has shown to 

improve the clustering performance significantly, particularly in domains such as 

biomedical research. BioBERT embedded layer and LSTM model improves the 

performance PICO classification task by 11 % in terms of accuracy for the both covid-19 

dataset and cerebral aneurysm dataset. The RE model performance also improves 

significantly when BioBERT is used in conjunction with Bi-LSTM and CNN. 

6.1 Conclusion 

 The use of KGs in the healthcare domain has shown to be a successful method for 

mapping relationships between data that are extremely diverse and structured. In 

addition, it provides uncanny capability to model latent relationships between 

information sources and capture linked information which other data models fail to do. 

The framework for automated KG curation was designed, incorporating a pipeline to 

gather data from a large corpus of research papers. Various methods were employed, 

including clustering of documents and its optimization using Neuro-Symbolic methods, 

concept extraction with the assistance of the BioPortal API, classification of PICO 

elements and additional Aim category using RNNs and BioBERT encoding, extraction of 
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taxonomic relationships using ontologies, and extraction of non-taxonomic relationships 

using a deep learning architecture consisting of Bi-LSTM and CNN with BioBERT 

representation layer. The framework presented here offers researchers the flexibility to 

build upon and expand its capabilities, as well as utilize specific components for various 

applications like food preparation, recommendation systems, and the fisheries industry. 

Additionally, a dedicated dataset of PICOs (Patient/Problem, Intervention, Comparison, 

and Outcomes) was developed specifically for the COVID-19 domain. 

In the developed framework, the variations of baseline models and embeddings 

are used to test its different components. The concept extraction using BioPortal API has 

acceptable precision and recall, the clustering approach is optimized using the elbow 

method utilizing SSE metric, PICO classification using LSTM and BioBERT embedding 

shows 11 % improvement in accuracy over the baseline models on both the dataset. The 

use of large language model embedding in conjunction with LSTM models and external 

knowledge infusion in Neuro-Symbolic clustering outperforms the traditional k-means 

clustering algorithm and has 40% more precision in clustering documents. The current 

relationship extraction model using CNN, Bi-LSTM, and BioBERT encoding shows 

improvement in recall by 4 % on other baseline models. 

6.2 Future Research 

 The architecture of the knowledge graph framework presented here is tested on 

two healthcare datasets and is flexible enough to be applied to other domains. In future, a 

key area of focus will be the parallelization of the data processing pipeline across 

multiple stages of data curation to enhance the efficiency and scalability of framework by 

using distributed data engineering framework such as Spark. Additionally, the 
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prioritization lies in the development of a user interface with interactive visualization 

capabilities. This user interface will empower users to explore the data through drill-

down scenarios, enhancing their understanding of the data and its relationships.  

Furthermore, efforts will be dedicated to extending the application of the architecture 

framework across various domains, including but not limited to the food supply chain, 

dietary recommendations, agriculture, and fisheries. By exploring these diverse areas, the 

aim is to leverage the potential benefits of the approach and address specific challenges 

unique to each domain. This expansion will broaden the applicability and impact of our 

framework, contributing to advancements in multiple industries. As of now, the RE 

model for non-taxonomic relationship has the limitation of predicting only 125 different 

types of relationship, and in future with more data and manual annotation of relationship, 

this could be increased significantly. In addition, the concept extraction module is 

evaluated on a randomized sample of 100 abstracts due to the effort needed in manual 

annotation, so adding more abstracts could improve the evaluation. A further 

improvement to the KG completion process could be made through embedding and link 

prediction. The Neuro-Symbolic clustering model is evaluated on randomized sample of 

100 research articles. To overcome the need for large amounts of labeled data, the LSTM 

network could be further developed using few-shot learning experiments.  
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Publications supporting proposed research:  

[1] Malik, K. M., Krishnamurthy, M., Alobaidi, M., Hussain, M., Alam, F., & Malik, G. 

(2020). Automated domain-specific healthcare knowledge graph curation framework: 

Subarachnoid hemorrhage as phenotype. Expert Systems with Applications, 145, 113120. 

[2] Afzal, M., Alam, F., Malik, K. M., & Malik, G. M. (2020). Clinical context–aware 

biomedical text summarization using deep neural network: model development and 

validation. Journal of medical Internet research, 22(10), e19810. 

[3] Alam, F., Afzal, M., & Malik, K. M. (2020, January). Comparative analysis of 

semantic similarity techniques for medical text. In 2020 International Conference on 

Information Networking (ICOIN) (pp. 106-109). IEEE. 

[4] Malik, K. M., Krishnamurthy, M., Alam, F., Zakaria, H., & Malik, G. M. (2021). 

Introducing the Rupture Criticality Index to compare risk factor combinations associated 

with aneurysmal rupture. World neurosurgery, 146, e38-e47. 

[5] Malik, K., Alam, F., Santamaria, J., Krishnamurthy, M., & Malik, G. (2022). Toward 

Grading Subarachnoid Hemorrhage Risk Prediction: A Machine Learning-based 

Aneurysm Rupture Score. World Neurosurgery. 

[6] Alam, F., Giglou, H. B., & Malik, K. M. Automated Clinical Knowledge Graph 

Generation Framework for Evidence Based Medicine. Available at SSRN 4276561. 

[7] Alam, F., Ananbeh, O., Malik, K. M., Al Odayani, A., Hussain, I. B., Kaabia, N., & 

Al Aidaroos, A. (2023). Towards Predicting Length of Stay and Identification of Cohort 

Risk Factors Using Self-Attention Based Transformers and Association Mining: Covid-

19 as Phenotype. 

[8] Alam, F., Malik, K. M., & Krishnamurthy, M (2023) NeuroClustr-Empowering 

Biomedical Text Clustering with Neuro-Symbolic. Intelligence International Joint 

Conference on Artificial Intelligence 2023 Workshop on Knowledge-Based 

Compositional Generalization 

 

Table A. Publication relevant to current research 

  Research Articles [1] [2] [3] [4] [5] [6] [7] [8] 

Research 
Component 

Domain Knowledge Y     Y Y   Y  
Knowledge Extraction Y   Y Y Y Y Y 

Knowledge Discovery  Y    Y  Y 

Problem Addressed 

Automated Framework     Y Y Y Y Y Y 

New information ingestion      Y  Y 

Evidence Based Medicine   Y   Y  Y 

PICO Classification    Y           Y 
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