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Abstract: Non-taxonomic and ternary relations are necessary for comprehensive semantic understanding. However, 

they have remain underexplored, as current research has focused on identifying taxonomic relations. This study 

addresses this through semantic alignment based on non-taxonomic and ternary relational components. We develop 

and evaluate a knowledge-infused neural framework for cross-domain ontology integration that supports capturing 

and representing non-taxonomic and ternary relationships beyond general taxonomic relations. A key contribution is 

the implementation of the delayed fusion strategy that balances contextual neural learning, the interpretable rule-

based dictionary knowledge, and incorporating BioBERT as a relations validator to ensure domain factual grounding. 

The framework was evaluated on 27,183 key phrases. Two strategies prioritized conservative prediction and wider 

domain concepts coverage for the knowledge graph construction. The framework achieved an accuracy of 98.91% and 

an F1 score of 77.6%, a 10% improvement. It also validated 384 semantic relations with a validation rate of 92.7%. Of 

these, 240 were ternary relations that captured multiple contexts of interactions. Non-taxonomic relations were 144, 

organized into semantic categories. The framework transforms unstructured patient-generated texts into structured 

interoperable knowledge, while preserving clinical contexts. This advances semantic interoperability by improving 

clinical decision making and biomedical knowledge reuse.  

Keywords: Knowledge-Infused Neural Framework, Ontology Integration, Non-Taxonomic, Ternary, Semantic 

Interoperability  

I. INTRODUCTION 

The need for scalable, relation-aware ontology integration that can manage relationships that go beyond IS-A, and 

equivalent across several ontologies[1], [2] is the motivation to this study. The limitation of current approaches in capturing 

other rich semantic relationships often leads to uneven and disjointed knowledge integration[1]. Our goal is to improve the 

quality of an ontology networks by in terms of the level of expressiveness, and scalability. Ontologies need strategies in place 

to guarantee that all relationships are transparent, maintain interoperability, and scale as the knowledge grows [3]. This 

creates a need for a change in strategy towards ontology integration methods that can automatically detect relations while 

also being aware of  how they connect and add them to the existing ontologies regardless of the schema of the data [4].  

Due to the inherent nature of patient-generated texts, they need significant pre-processing and feature extraction 

efforts. Even when processed, existing and state-of-the-art approaches predominantly focus on capturing taxonomical 

broader/narrower and equivalence relations. This leads to a failure in capturing other rich semantic relationships including 

non-taxonomic, ternary, and associative relations from unstructured texts [5], [6]. This greatly hinders semantic 

interoperability and automated reasoning on data that is available. We infer that these non-taxonomic and ternary relations 

are key in achieving a complete and comprehensive semantic understanding of domain knowledge.  

This study is cognizant to the fact that, these relations must be genuine ontological relations, holding and true 

between entities in reality, regardless of any methods used to discover them within these texts [7], [8]. Furthermore, the 

existing methods are designed for and work well with clean, structured data. They struggle with noisy, sequential and 

incomplete data, which is a common characteristic of patient-generated texts. Consequently, this affects the reliability of the 

extracted knowledge structure. This therefore places a demand for integration framework that is interpretable and extends 

beyond the broader/narrower and equivalence relations to other comprehensive semantic relationships across multiple 

ontologies simultaneously [6], [9]. Based on this context, we propose an ontology alignment framework for mental health 

cross-domain or multi-domain ontology. The framework functions by carrying out an exhaustive examination and 

classification of non-taxonomic and ternary relationships between concepts.  
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A. Research Contribution 

The primary artefact in this study is the hybrid knowledge-infused neural semantic integration framework. The 

artefact is a functional system that is meant to extract, classify and structure medical domain knowledge from patient-

generated texts. The key characteristics including architecture and performance of the framework are summarized in this 

section. 

 The framework adopts a dual-stream feature-fusion [10] architecture with a delay fusion strategy based on four key 

layers namely: data acquisition and ontology pre-processing layer, semantic processing and reasoning layer, ontology 

merging and link analysis layer, and the evaluation and quality assurance layer. The architectural choice facilitates 

interpretability of the framework’s learning behaviour 

 The function of the framework is to extract relevant clinical concepts for each stream, classify the relations between 

them into ternary and non-taxonomic, within the relevant local domain network. The functions are executed by 

different components including the semantic interpreter and the semantic reasoner. The relations empowered the 

creation of a semantically rich local knowledge graph that provides a multidimensional view of information, through 

the ontology generator component. It then aligns the local graph to global, established and authoritative biomedical 

standards on BioPortal, specifically SNOMED and MeSH.  

 The framework demonstrated high effectiveness, achieving a test accuracy of 98.91%, with a high recall of 92.8% 

and an F1 score of 77.6%. This highlights the framework’s reliability and robustness in identifying semantically 

relevant medical concepts existing in real-world noisy patient-generate texts.  

The framework as it is serves a practical tool for data engineering and semantic data design that can be used to 

transform real-world unstructured patient-generated text into structured and interoperable semantic knowledge. This 

addresses the core problem of semantic interoperability of mental health (anxiety and depression) data. Additionally, the 

framework is best suited for high recall information retrieval and screening of clinical concepts in the real-world context.  

II. RELATED WORKS 

Existing biomedical ontologies including SNOMED CT, LOINC, ICD scale very well concerning discovery and 

integrating taxonomic relation and structured texts. However, they do not do the same with non-taxonomic relations and 

patient-generated texts. 

A. Characteristics of Patient-Generated Texts 

Patient-generated texts, often found in digital platforms, have the following inherent characteristics that make them 

challenging to analyse without proper advanced techniques.. 

a) Uncontrolled Vocabulary  

Uncontrolled vocabulary refers to informal, everyday expressions that are clinically meaningful, but are not fit for use 

with standard biomedical standards such SNOMED CT and MeSH [11]. This creates a lexical-semantic gap between patient 

informal vocabulary and standardized structured clinical vocabularies found in these standards. The standards employ 

professional vocabulary that are clinically sound [12]. For example, “could barely sleep” is a somatic patient expression for 

loss of sleep, while “burning up” is an expression for “fever” [12]. These patient vocabularies are difficult to capture using 

traditional methods leading to discrepancies and inconsistency in terminology usage, thus affecting the discoverability of 

domain knowledge [13], [14]. Approaches relying on exact lexical matching during discovery can fail to bridge this gap. This 

consequently leads to low recall and missed relevant concept extraction. Therefore, a framework designed to address this 

gap and integrate patient vocabularies to standard, structured domain ontologies cannot rely on exact or lexical equivalent 

only.  

b) Semantic-dependency and Cross-reference Complexity 

In patient-generated text, semantic relationships are defined based on context. Context refers to the information 

surrounding a concept that give details of a particular medical event [15]. Within such texts, context is not confined to a 

single sentence, in some instances it spreads across multiple sentences [16]. For example, in these sentences 

“An individual has suffered from anxiety for over a year and a half. It has mainly affected their sleep”.  

The concept ‘anxiety’ is very clear within the first sentence, but in the subsequent sentence, the ‘it’ needs more 

surrounding concepts for comprehensive understanding of these medical events [17]. This characteristic of patient-

generated texts is one of the primary causes of mapping inconsistencies, and a barrier to seamless semantic interoperability. 

Without proper tools and mechanisms that reason and learn context, cross-dependency and co-reference in patient-

generated texts fail. This leads to missed concepts, misclassification of concepts, and mapping inaccuracies.  
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These requirements greatly informed the methodological, architectural approach, specifically, adopting a hybrid 

framework of BiLSTM and BioBERT frameworks in this work. The BiLSTM with attention mechanism is adopted to capture 

the sequential dependencies of the narratives and identify local potential features [18]. The BiLSTM thus leverages on its 

sequential processing capabilities and resource efficiency to identify candidate semantic relationships across the different 

sentences in the text with high semantic sensitivity to relevant domain concepts [19]. On the other hand, BioBERT is adopted 

as a semantic relations and dependency validator, leveraging its existing pre-trained biomedical domain knowledge to 

perform the following: Verify the cross-dependencies identified or missed by the BiLSTM, and validate the semantic 

soundness of the non-taxonomic and ternary relations. This is to ensure that the identified relations remais faithful to the 

available biomedical domain knowledge and contexts. Consequently, this approach improves the quality of the relations. This 

hybrid framework approach allows the proposed framework to address the cross-sentence dependencies and co-reference 

challenges in patient-generated texts, while balancing the computational demands and contextual accuracy.  

B. Types of Semantic Relationships  

Within patient-generated texts, semantic relations can be expressed explicitly or in some instances be implicit in 

meaning and in words. These relations are often difficult to realize as they are hidden in between different sentences and are 

spread across a paragraph [20], [21]. This study adopts a two-dimensional categorization approach to semantic relationships 

focusing on the semantic types and Arity:  

a) Semantic type 

This dimension defines the content of the relations. It encompasses Taxonomic (hierarchical and equivalent) and Non-

taxonomic (Associative) relations [22]. Taxonomic relations are represented by the hierarchical arrangement of concepts 

based on the broader/narrower relations. They often describe IS-A relationships between concepts [23]. On the contrary, 

non-taxonomic relations represent a wide variety of associative connections beyond IS-A relation that are meant to enrich 

the ontology’s level of expressiveness [9], [24]. They include: temporal, causal, conditional, nested/overlapping relations 

[25].  

b) Arity or Degree of Relationship   

This dimension defines the instances of concepts participating in the relationship within the text [26]. It encompasses 

Binary and N-ary relations. Binary Relation where only two concepts participate in the relation are the primary focus of 

most relation extraction works. N-ary Relations describe ternary and higher-ary relations, where n is greater than two [27]. 

For Example in this sentence,  

“A patient has suffered anxiety for a long time now, it has affected their sleep. They previously tried cognitive 

behavioural therapy to help but it failed after a few months. Instead, the situation became worse. The person then consulted 

a doctor who then prescribed mirtazapine. The medication worked effectively and the person was able to sleep. However, the 

effect of the medication after a few days has been dreadful causing loss of energy. The person is aware that these are some of 

the symptoms”[17]. 

In the first two sentences, three concepts “anxiety, affected sleep, and cognitive behavioural therapy” are participating 

in a ternary relationship. However, as the sentences increase it moves to an N-ary relationship with 6 concepts involved [17]. 

These complexities underline the necessity for advanced frameworks that are capable of handling n-ary relations. These 

relations would also facilitate the creation of more comprehensive biomedical knowledge graphs, thereby enhancing the level 

of expressiveness (scope) and effectiveness of integration [27]. 

C. A review of Existing Concept and Relation Extraction Techniques for Natural Language Processing  

Concept and relationship extraction for purposes of structuring information found in patient-generated texts is useful 

in many tasks including knowledge graph population and completion [28], [29], ontology alignment [30], [31] and 

information retrieval [32]. However, constructing high-quality comprehensive knowledge graphs remains complex due to 

the gaps identified in section 2.2. 

In various domains such  as healthcare, security, software, and education, concept and relations extraction from 

unstructured texts has largely been driven by deep learning (CNNs and RNNs) and pre-trained language frameworks (BERTs 

and LLMs) for contextual embedding. They have become the core technology for Named Entity Recognition and knowledge 

graph construction [27], [28].  

a) Rule-based Approaches  

Rule-based approaches rely on manually defined extraction rules to match the text and extract the relations manually 

coded and explicitly defined linguistic rules. This makes this approach highly flexible, interpretable and transparent in 

identifying domain related concepts [33], [34], [35]. It is effective for specific domains where rules are well-defined because 
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they can efficiently handle specific linguistic nuances by directly tailoring rules to unique exceptions [34]. However, they still 

faces certain challenges and shortcomings including: First, building the rules is not only time-consuming and difficult to 

cover all rules, but also has poor scalability and portability. Second, it depends on predefined patterns and can only identify 

explicit aspect that match the patterns that have been specified. This leads to inadequate results when faced with complex 

document structures, and  implicit dependencies typically encountered in patient-generated texts [36]. Third, when used on 

their own often have low domain concept coverage and lacks capacity to preserve context in a narrative. There is therefore a 

need to identify an approach that can lead to accuracy and a wider coverage in retrieving relevant domain related 

information. Recent attempts to address these shortcomings have integrated machine learning and pre-trained frameworks 

techniques [37], [38]. 

b) Dictionary-based Approaches  

Dictionary-based methods use language resources such as dictionaries, thesauruses to mine the similarity between 

entities to improve the quality of matching [39]. Through these techniques, concepts within a narrative can be identified and 

enriched. Additionally, lexical and semantic relationships between entities can be inferred based on the entity labels [40]. 

Despite their strengths, they still have limitations in vocabulary coverage due to the complicated nature of medical 

terminologies [41], [42]. As a result, they remain inadequate in handling non-taxonomic relations and contexts that demand 

more than lexical level extraction. To improve the performance of the matcher a hybridization approach is recommended by 

[43]. 

c) Machine Learning Approaches  

The development of machine learning approaches has greatly improved context-aware concept and relation 

extraction [44]. These techniques employ the usage of algorithms as well as artificial neural networks to learn and make 

decisions from texts to detect patterns and circumstances that influence relations [45], [46]. This is attributed to their ability 

to process complex linguistic patterns and contextual relationships including capturing long-range dependencies even with 

limited annotated data. This makes them most ideal for running semantic analyses that require complex reasoning across 

unstructured texts [47].  

D. Deep Learning Approaches 

There are various deep learning techniques including Recurrent Neural Networks (RNNs), Convolutional Neural 

Networks (CNNs), Long-Short Term Memory (LSTMs), and Gated Recurrent Unit (GRU) [48], [49]. These techniques often 

require more training to match the precision and ensure domain-specific adaptability of rule-based systems [49]. 

Additionally, they still require substantial computational resources than rule-based and dictionary based approaches [34]. 

Frameworks such as CNN and Long Short-Term Memory (LSTM) shows significant performance over rule-based and 

dictionary-based approaches in incorporating contextual information [49]. The advantage is that they can work 

independently or in tandem with explicit semantic domain knowledge to ensure tasks are executed. They also have the 

ability to reason over unspecified relationships, by generalizing a sentence(s) without requiring any patient or situation-

specific training data, thus offering a more scalable approach [48], [50].  

While CNNs and RNNs are effective at capturing local features within a sentence, they struggle with long-distance 

dependencies in multiple sentences or across sentences. Despite handling longer sequences better than RNN, LSTMs and 

BiLSTM face issues with very long-range dependencies. This contributes to the persistent semantic interoperability gap in 

unstructured texts that have long-range, cross-sentences dependencies leading to missed concepts and non-taxonomic 

relations. For this task, BiLSTM leverages on its sequential processing and labeling richness is well suited for the linear 

format with  clear, concise, logical flow of information found in patient expressions [50]. Additionally, the BiLSTM leverages 

on its ability to capture local-feature and mid-range dependencies based on its low computing resource consumption 

architecture. A comparative study results by [51] reveals that in one training, the train epoch of BiLSTM is 178.41 seconds, 

while a transformer training epoch is 1657.75 seconds. This makes a BiLSTM suitable for devices and scenes that require low 

or less computing resource consumption. This creates the need for a more efficient fusion scheme(s) that balances the 

performance and compute cost.  

Therefore, the design choice of a hybrid knowledge-infused neural framework is a deliberate design consideration, 

not to outperform any of the efficient frameworks, but to achieve a balance of the semantic interoperability demands, 

practicability, and interpretability of the study target output. This approach ensures that every output can be explained based 

on patterns in the dictionary, a lexical rule that can be validated, or a pattern that has been learnt by the neural network. 

This allows the domain knowledge to guide and constrain the neural concept and relation extraction process. 
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E. Transformer based Approaches 

The emergence of transformer based approaches including Generative Pre-trained Transformers such as Bidirectional 

Encoder Representation from Transformers (BERT) and Large Language Models (LLMs) has transformed the concept and 

relation extraction landscape, with their exceptional state-of-the-art performance [52].  They have introduced new 

possibilities for generating and evaluating relationships found in different types of data, including unstructured text. 

Biomedical adaptations of BERT like BioBERT [53] and ClinicalBERT [54] has enabled more accurate interpretation of 

clinical narratives thus advancing clinical decision support, and disease prediction. These frameworks leverage on the innate 

capabilities of their architecture consisting of an encoder and a decoder to understand contextual relationships within text 

[55].  

Transformer-based frameworks have a tendency to generate content that may be irrelevant, made-up, or inconsistent 

with the input data, a problem known as hallucination. A hallucination may lead to a wrong concept or relationship 

prediction. It may also lead to an output that is not compliant with the domain requirements [56]. These consequently have 

the potential to spread incorrect or misleading information [57]. The problem of reliability of information is particularly 

important in medicine, where such errors may have serious consequences in the outcome of a patient. Hallucination 

mitigation actions taken in this study include: first, adopting a knowledge-infused integration approach by using an 

expanded dictionary, which ensures factual grounding. Second, BioBERT was adopted both as a context analyzer and as a 

verifier-in-the-loop measure ensure no fabricated concepts and relations were reported.  

III. METHODOLOGY 

This study adopts Design Science Research (DSR) approach guided by the aim of improving semantic interoperability 

by developing a context and relation-aware ontology integration framework.  

A. Dataset  

The study derives its corpus from online medical forums including: patient.info health forum [58], Health Unlocked 

[59], and Mental Health Forum [60], Depression Dataset on Kaggle [61]. It was a combination of anxiety disorder (AnxD) 

and depression. Simple random sampling was used to avoid selection bias on the texts. The dataset was a collection of 38,115 

sentences with 27,183 key phrases. From the key phrases 21,746 were used as the training set, and 5,437 as the test set. The 

division of the dataset is shown in Table 1. 

Table 1: Size of datasets 

Dataset Total Documents Relevant Set Training Set Testing Set 

AnxD and Depression 38,115 27,183 21,746 5,437 

B. Ontology Dictionary Construction 

The dictionaries constructed include symptom, disease, treatment dictionaries. The goal is to construct a controlled 

defining vocabulary of key terminologies (domain-level semantics) and the variations of the same that exist. External 

medical concepts resources such as UMLS, SNOMED CT, ICD 10, and BioPortal guided the construction of the dictionary. 

This is majorly because these external resources provide large number of precise medical concepts essential domain 

knowledge expressed explicitly and can be used in supervised ontology learning to define seed elements [62]. The dictionary 

evaluates the words based on the natural language meaning of those words (for example, by comparing whether two 

English-language words are synonyms), and linking the words based on their meaning, semantic and grammatical relations 

[63]. 

C. Reverse Index Mapping 

The expanded local dictionaries were then subjected to a flattened reverse index mapping procedure. This was meant 

to support O(1) phrase lookup to identify the documents containing the concepts. This was to ensure cleaning of the noisy 

patient vocabularies and ensuring consistency in the concept representation across the dataset. It was also important 

because it ensured that synonyms were not separated into different extracted relations.  

D. Concept Classification 

The categorization criteria used:  

 Disease: If the term is relevant to identifying a specific medical problem a patient has been diagnosed with, 

 Treatment and Drugs: If a term is relevant to curing diseases, treating any medical conditions, relieving any 

symptoms of diseases, or preventing any diseases [64],  

 Symptom: If a term is relevant to departures from normal functioning or feelings of individuals, which may express 

the phenomenon affected by diseases [65].  

The three classes of interest correspond to MeSH [64], SNOMED CT [66], and UMLS categories. These categories 

provide a consistent way of finding concepts within the domain [64]. 
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IV. FRAMEWORK ARCHITECTURE 

The framework presents four coordinated layers of service, as shown in Figure 1. First layer is the data acquisition 

and ontology pre-processing layer. The second layer is the semantic processing and reasoning layer. The third layer is the 

ontology merging and link analysis layer, and the fourth layer is the evaluation and quality assurance layer. The outcome 

was an integrated global ontology network supporting knowledge sharing and decision-making. 

 
Figure 1:  Layered Architecture of Proposed Framework Adopted With Modifications From [67] 

A. Framework Layers Design 

a) Data Acquisition and Ontology Pre-processing Layer 

This layer collects dataset and cleans up the imperfections and inherent irregularities common in the patient-

generated texts. Offline versions  of the dataset were then stored in Comma Separated Values (CSV) files as a simple and 

lightweight storage option of the data [68], [69]. The core components are the data receiver, and the data pre-processor as 

shown in Figure 2. 

 
  

Figure 2: Data Acquisition and Pre-Processing Components 

The data receiver’s function is to collect the raw data and prepares it for pre-processing. The data pre-processor 

component identified key phrases in the corpus. It also converts the text into forms that can be used to draw actionable and 

valuable insights. 
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b) Semantic Processing and Reasoning Layer 

The semantic processing and reasoning layer receives the clean standardized dataset from the data acquisition and 

pre-processing layer as input. This is the core analytical engine of the framework and it is the contribution of this study. It 

ensures unstructured patient narratives are converted into structured knowledge that can be integrated with existing 

medical standards. The primary function of the semantic processing and reasoning layer is to ensure local concepts for 

diseases, symptom and treatment are extracted based on inferred domain knowledge. The core components are the semantic 

interpreter, the semantic reasoner, and the ontology generator as shown in Figure 3.  

 
(a) Semantic Processing and Reasoning Components 

 
(b) Core components of the semantic reasoner 

 

Figure 3: Semantic Processing and Reasoning layer Components 

The semantic interpreter handles defining the semantics in a way that the information within the dataset becomes 

easy to reason out and understand. It is achieved using a hybrid of dictionary expanded with WordNet and rule-based 

algorithms, to provide potential lexical and semantic interpretations of words in the dataset. This is done to ensure 

interpretability and factual grounding. The interpreter produces a set of explainable structured data that can inform further 

logical reasoning over the data.  

The semantic reasoner implements the core knowledge-infusion neural framework. Its main function is to reason out 

contextual knowledge based on the predefined rules and conditions [70]. It reasons out the logical sequences of sentences 

based on different contexts to identify non-taxonomic and ternary relations from the text guided by what exists in external 

domain ontologies [70], [71]. It contains the text sequence analyser (BiLSTM), context analyser (for both intra and cross 

sentence dependencies) (BiLSTM), and the relationship validator (BioBERT).  

The ontology generator component offers the capability to generate a highly descriptive structured representation for 

the domain knowledge that supports inconsistencies checking, information retrieval and knowledge network creation. It 

helps visualize the knowledge by representing the different concepts along with the relations that connect them as a visual 

network.  
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c) Ontology Integration and Link Analysis Layer 

The ontology integration and link analysis layer combines the three ontologies (disease, symptom, and treatment) 

into one linked local knowledge network. The core components are the integration engine and the link analyser. The 

integration engine’s function is to ensure that the output network is complete, concise and consistent [72]. The link 

analyser’s function is to traverses the graph and accesses the links of each node gathering structural information [73].  

d) Evaluation and Quality Assurance Layer 

The evaluation and quality assurance exists to check the syntactic and semantic quality of the unified network and 

community structures with an ultimate goal of ensuring syntactic (graph structure) and semantic integrity of the network 

[74], [75]. This is assessed and constantly improved through evaluation metrics such as precision, recall and F1-score. 

e) Final Product 

The outcome of the evaluation layer is a unified local ontology comprising of heterogeneous disease, symptom and 

treatment data merged into a holistic, cohesive semantic network. The final product is then integrated to existing medical 

domain ontologies, specifically BioPortal to confirm external applicability and semantic interoperability with different 

domain systems and ontologies.  

V. EXPERIMENT RESULTS 

Table 2: Performance Evaluation Results for the Local Concept Dictionary 

Dataset Method Precision 

(%) 

Recall 

(%) 

F1-Score (%) 

AnxD and Depression 

Dataset 

Dictionary_NoWor

dNet 

65% 23% 34% 

The results show a lower recall of 23%, a precision of 65%, and an F1-score of 34% in comparison to other methods used in 

this study.  

A. Expanding Local Dictionaries with WordNet 

The local concept dictionaries were then expanded and enriched using 5 WordNet synonyms for each word variant to 

prevent the explosion of the synonyms. The results reveal a significant improvement with precision getting to 89%, the 

recall to 93%, and F1 score to 89% as shown in Table 3. The high recall (93%) meant that the expansion gave more lexical 

coverage of concepts allowing the framework to identify more concept variants and synonyms often found in patient-

generated texts. 

Table 3: Performance Evaluation of the Expanded Dictionary with WordNet 

 Performance 

Dataset Method Precision (%) Recall (%) F1-Score 

(%) 

AnxD and Depression 

Dataset 

Dictionary + WordNet 89% 93% 89% 

The recall (93%) outperforms the UMLS recall of 87% reported by [76], but was slightly lower  than 97.9% reported by [77] 

that used specialized concept dictionary integrated in a neural network.. 

B. Concept Extraction  

To evaluate the extent of domain concept coverage two experiments using two different strategies were adopted. The 

hybrid per class adaptive strategy extracted 113 unique concepts, with an average of 7 domain concepts per document. This 

gave priority to a more conservative prediction, making it ideal for use as the final performance evaluation measure of the 

framework. The hybrid union extracted 222 unique concepts, with an average of 14 domain concepts per document (in cases 

where the document was concept dense). This gave priority to wider coverage of domain concepts, making it ideal for the 

construction of a rich semantic knowledge graph. Table 4 gives a breakdown of the concepts extracted per strategy. 

Table 4: Concepts extracted per strategy 

Class type Hybrid per class adaptive strategy Hybrid Union 

Symptom 54 54 

Disease 19 19 

Treatment 40 40 

Unmatched 0 60 

Total 113 222 
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C. Concept Classification  

A concept was only classified in any of the main classes if it was found and identified as a true positive match to what 

existed in the dictionary. Figure 4 shows the top three symptom mentions by count with loss of motivation being the most 

frequently mentioned (10520), while the anxiety was the most mentioned disease (4201). The most mentioned treatment 

was mood stabilizers (18612). 

 
  

Figure 4: Top 10 Concept Interpretation per class 

Top-level classification used inductive logic to infer class membership of concepts based on the IS_A relationships. 

This was necessary to show that the concept belongs to a main class within the medical domain as shown in Figure 5.  

   

(a) Disease classification 

 

(b) Symptom classification 

 

(c) Treatment classification 

Figure 5: Concept Classification into Domain Categories 

D. Bidirectional LSTM (BiLSTM) with Attention Mechanism 

The addition of BiLSTM further enhanced the framework’s performance. This improvement stems from its ability to 

utilize bidirectional contextual information to have a complete understanding of medium range dependencies [78], [79]. It 

effectively captured nuanced semantic cues that are vital in classification task, while incurring less computational costs 

during pre-processing and training of the framework [80]. 

a) Framework Architecture  

The BiLSTM’s architecture was deliberately designed with relatively low complexity with 2 input layers receiving total 

parameters 7,019,457 (26.78 MB). The 26.78MB comprised of 4,019,101(15.33MB) trainable parameters and 3,000,356 

(11.45MB) non-trainable parameters. The practicability of this is that the total parameter size of 26.78MBs represents a 

compact neural network architecture. The framework implements a dual-stream feature-fusion architecture with a delayed 

fusion strategy [10]. This balances the need for contextual neural learning and dictionary and rule-based knowledge 

(knowledge-infusion method) integration. As seen in Figure 6, the framework receives two inputs seq_input (sequential text 

input) and dict_feat that contains engineered features obtained from medical dictionaries, WordNet which are processed 
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independently. The seq_input undergoes linguistic processing of the text sequence, while dict_feat is prepared for attention 

weighting.  

 
Figure 6: Model’s Architectural Design 

The study adopts a hybrid weight initialization strategy to foster framework stability, enhance the rate of 

convergence, consequently influencing the accuracy and generalizability of the framework [81].  

b) Framework Configuration and Training  

The framework was trained for 25 epochs each providing the framework with a learning opportunity from the data, 

incrementally improving its understanding of the underlying patterns in the training set. The results show, that the training 

was successful in predicting the target labels and implicit instances. To mitigate overfitting during training, the performance 

was monitored on a separate validation set and an adaptive learning rate. Hyperparameters were tuned based on this 

validation performance. This resulted to the F1 Scores per class improving steadily with the best of the F1 realized between 

epoch 19-25 (Symptom 0.768-0.768, Disease 0.653-0.657, and treatment 0.779-0.789). In demonstrating the learning 

dynamics, the framework showed a relatively low accuracy of 0.6448 at the beginning due to the random weights. However, 

the framework showed a quick improvement on the accuracy at epoch 2 (0.9642).  

The adaptive learning rate scheduler (ReduceLROnPlateau) activated at epochs 18, 23, 25 allowed for necessary 

adjustments of the random weights and supported consistent gradual improvement in the framework’s performance and 

accuracy up to 0.9788 at epoch 25. The validation metrics tracked the training performance closely, indicating strong 

generalization capabilities; meaning the framework was able to correctly classify new data found in the dataset and did not 

just memorize the training set. Similarly, for the training and validation loss reinforces this trend. As the number of 

iterations increased, the loss values decreased, reaching its lowest point around epoch 17, and gradually stabilized. This trend 

indicated ongoing optimization of the framework with increasing iterations, leading to progressively stable 

performance. The small gap between training and validation curves confirms lower overfitting. Figure 7 (a) illustrates the 

Training and Validation Accuracy (left) and Training and Validation Loss (right) of the framework over the epochs.  

 
(a) Overall Training and Validation Accuracy over Epochs 

 
(a) Per category F1-score over the epochs 

 

Figure 7:  Framework Performance over the Epochs 
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F1 score Per Class Performance 

The progression of the F1 score across the 25 training epochs reveals the continuous refinement efforts as shown in 

Figure 8. The markers in the figure show the values for each epoch with lines connecting successive epochs during the 

training.   

 

Figure 8: F1 Score Performance Over The 25 Epochs 

The treatment concepts achieved the highest F1 score (78.9%) followed by symptoms (76.8%) and disease (65.7%).  

c) Relation Extraction 

The initial extractor, powered by the BiLSTM identified 414 non-taxonomic and ternary relations. Table 5 shows the 

extraction results of the different relations extracted.  

Table 5: Relations Extracted from Anxiety and Depression Dataset 

Type of relationship Relationship Count Sample relations 

Ternary 55 

 

'treatedWith', 'managesConditionContext', 'relievedInContext', 

Non-Taxonomic 359 interacts_with,  similar_to, co_symptom_of, participates_in 

Total 414  

This captured higher levels of relations, especially the ternary, that provided in-depth understanding to different 

patient experiences, medical conditions and treatments.  

d) Overall Performance Evaluation 

Table 6 presents the precision, recall, F1 score performance along with the Hamming loss and Jaccard similarity 

measure for multi-label classification.  

 Table 6: Test Dataset Results for the BiLSTM with Attention Mechanism 

 Performance  

Dataset Method Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Hamming 

loss 

Jaccard 

AnxD and Depression 

Dataset 

BiLSTM with attention 

mechanism 

61.33 75.68 67.75 0.038 0.60 

 BiLSTM achieved an F1 score of 67.75%, which indicated a reasonable performance in generalization even with new 

data, previously unknown to it. The results reveal a trade-off, with the priority being on semantic sensitivity (identifying 

correct domain concepts), yielding a recall of 75.68% (28,950 true positive concepts) over the precision of 61.33% (18251 

false positives and 9301 false negatives). The Hamming loss (0.038) further validated classification result, revealing that 

3.27% of the concepts were wrongly labelled and 96.9% were correctly labelled. The Jaccard (0.60) further supports 

consistency in classifying the concepts effectively, thus providing a richer coverage of the domain concepts classified across 

its training cycles.   

E. BioBERT as a Relations Validator and Verifier-in-the-loop 

BioBERT acted as a biomedical relations precision sieve serving as a cleaner and refiner of the proposed relations, 

filtering out what was not semantically and factually sound [82]. Adopting the zero-shot validation strategy allowed the 

model to perform the validation by understanding relational information and semantic similarity based on BioBERT’s innate 

pre-trained knowledge, without the need for additional training [83].  Table 7 shows sampled templates used for the 

different non-taxonomic relationship types.  
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Table 7: Summary of sampled relations template 

Relationship category Predicate/ Relation Pattern Template 

Causal caused_by {a} is caused by {b} 

leads_to {a} lead to {b} 

triggered_by {a} is triggered by {b} 

results_in {a} results in {b} 

Risk risk_factor_for {a} is a risk factor for {b} 

increases_risk_of {a} increases the risk of {b} 

Therapeutic treated_by {a} is treated by {b} 

managed_by {a} lead to {b} 

alleviated_by {a} is alleviated by {b} 

responsive_to {a} is responsive to {b} 

prevented_by {a} is prevented by {b} 

resistant_to {a} is resistant to {b} 

Functional interacts_with {a} interacts with {b} 

modulate {a} modulates {b} 

inhibits {a} inhibits {b} 

activates {a} activates {b} 

Comparative similar_to {a} is similar to {b} 

alternative_to {a} is an alternative to {b} 

Clinical context 

 

common_in {a} is common in {b} 

symptom_of {a} is a symptom of {b} 

complication_of {a} is a complication of {b} 

Temporal 

 

precedes {a} precedes {b} 

follows {a} follows {b} 

occurs_during {a} occurs during {b} 

Associative 

 

associated_with A} is associated with {b} 

linked_to {a} is linked to {b} 

co_occurs_with {a} co-occurs with {b} 

correlated_with {a} is correlated with {b} 

 

The table shows the wide array and diversity of the relations covered based on different relation categories. Each 

relation type from the BiLSTM output had a template defined that expressed the relation in a declarative canonical sentence 

form.  

a) Confidence Score Threshold Selection 

For this work, the confidence threshold was set to 0.4, a low threshold that was focused on giving priority to recall 

and ensuring as many candidate relations as possible were detected and accepted for further validation processing. This 

threshold was set purely as a cutoff parameter. The input given to the zero-shot validator were 414 candidate relations of 

which 384 met the 0.4 threshold and were retained as the final validation output. Of the 414 candidate relations, 30 relations 

failed to meet the threshold and were discarded.   

b) BioBERT Validation Results 

 Table 8: Summary of Biomedical validated Relations 

Type of 

relation 

BiLSTM 

Relations 

BioBERT 

Validated 

Relations 

Sample validated relations 

Ternary 55 

 

240 {'symptom': 'low energy', 'disease': 'anxiety', 'treatment': 'negative 

thought challenge', 'relation': 'managesConditionContext'} 

Non-

taxonomic 

359 144 Depression,  treatedWith, fluoxetine, 

fatigue, suggests,anxiety 

Total 414 384 Validation rate:92.7% 

BioBERT validated all the ternary relations (100% validation rate) initially extracted by BiLSTM. However, due to the 

pre-training on biomedical literature BioBERT was able to capture more valid ternary relations contexts, therefore 
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identifying 240 ternary relations. This was 185 more entries than what the BiLSTM had extracted. This does not indicate a 

failure by the BiLSTM, but instead confirms that BiLSTM was recall focused, and was limited in precision (section 5.3.5). The 

100% validation rate shows that the BiLSTM performed significantly well in extracting complex relations from the 

unstructured text; that align to existing biomedical knowledge. In contrast, BioBERT validated 144 of the 359 non-taxonomic 

relations, with a 40.1% validation rate. This drop in relations can be attributed to the fact that BioBERT acted as a 

biomedical relations precision optimizer. In addition, predicate label semantic mismatch between patient context labels and 

standard biomedical predicate labels also contributed to the drop.   

i) Ternary Relation Extraction 

Unlike binary non-taxonomic associations that seek general connections between concepts, in ternary relation 

structure the relation covers a multi-concept clinical context.  The multi-concept clinical context here refers to clinical 

integral truth conditions (with all the concepts from all the three classes, disease, symptom and treatment participating). 

This context justified the specific situation why, where and when the relation holds true, without which the relation is 

invalid.  

The validated ternary relations had a consistent pattern and structure that comprised of a subject concept, relation 

(explaining the nature of the link), object concept with the context attached to it. This was expressed as: 

 concept, associated_with, concept | {clinical context} 

 Table 10 explicitly demonstrates this ternary structure from the text given. 

A person has suffered anxiety for a long time now, it has affected their sleep. They had. previously tried cognitive 

behavioural therapy to help but it failed after a short while. Instead, the situation became worse. The person then consulted 

a doctor who prescribed mirtazapine the person’s first time on such a medication. The medication worked effectively 

improving their sleep. However, the effect of the medication after a few days has been dreadful causing loss of energy. The 

person is aware that these are some of the symptoms. 

From the sentence, the framework successfully extract and validate the following:  

Table 10: Sample Results of Ternary Relations 

Subject Concept Subject type Relation Object Concept Object type 

Anxiety Disease affects sleep Symptom |  {for a long time >1 year, 

treated using CBT (treatment)} 

loss of energy Symptom caused_by mirtazapine Treatment |  {Treated anxiety  

(disease) temporarily, dreadful effect 

after few days} 

Anxiety Disease treated_by 

 

Cognitive Behavioural 

Therapy (CBT) 

Treatment | {unable to sleep 

(symptom), for a long time} 

Anxiety Disease treated_by 

 

mirtazapine Treatment | {improved sleep, 

temporarily effective} 

ii) Distribution and Semantic categorization of  Non-Taxonomic Relation Extraction 

The non-taxonomic relations were further divided into subcategories including: Functional non-taxonomic relations, 

Associative non-taxonomic relations, Causal non-taxonomic relations, Risk factors non-taxonomic relations, and Statistical 

non-taxonomic relations. Table 9 gives the results  

Table 9: Distribution and Semantic Categorization of Non-taxonomic Relations 

BiLSTM 

Relation 

category 

BioBERT 

Mapped to 

Relations 

patterns/Predicate labels 

Validated 

Relations 

Count 

Percentage 

(%) 

Sample relations 

associated 

(Comparative: 

similar_to) 

temporal 

Associative associatedWith 54 37.50 {'raw': 'D_anxiety', 'label': 

'anxiety', 'type': 'disease'} --

associatedWith--> {'raw': 

'D_heart palpitations, 'label': 

'cardiovascular disease', 'type': 

'disease'} 

{'raw': 'D_anxiety', 'label': 

'anxiety', 'type': 'disease'} --

associatedWith--> {'raw': 

'D_respiratory_conditions', 
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'label': 'respiratory conditions', 

'type': 'disease'} 

Associated 

(Functional: 

interacts_with) 

Functional responsiveTo,alleviatedBy, 

selfManageableBy 

 

45 

 

31.25 {'raw': 'D_anxiety', 'label': 

'anxiety', 'type': 'disease'} --

responsiveTo--> {'raw': 

'T_anti_anxiety_medications', 

'label': 'anti anxiety medications', 

'type': 'treatment'} 

{'raw': 'S_irritability', 'label': 

'irritability', 'type': 'symptom'} --

alleviatedBy--> {'raw': 

'T_aromatherapy', 'label': 

'aromatherapy', 'type': 

'treatment'} 

Conditional Causal causedBy 20 13.89 {'raw': 'S_panic', 'label': 'panic', 

'type': 'symptom'} --causedBy--> 

{'raw': 'D_anxiety', 'label': 

'anxiety', 'type': 'disease'} 

{'raw': 'S_irritability', 'label': 

'irritability', 'type': 'symptom'} --

causedBy--> {'raw': 'D_anxiety', 

'label': 'anxiety', 'type': 'disease'} 

None directly 

identified 

Risk 

Factors 

riskFactorFor 20 13.89 {'raw': 'S_panic', 'label': 'panic', 

'type': 'symptom'} --

riskFactorFor--> {'raw': 

'D_anxiety', 'label': 'anxiety', 

'type': 'disease'} 

{'raw': 'S_panic', 'label': 'panic', 

'type': 'symptom'} --

riskFactorFor--> {'raw': 

'D_respiratory_conditions', 

'label': 'respiratory conditions', 

'type': 'disease'} 

None directly 

identified 

Statistical coOccursWith 5 3.47 {'raw': 'S_panic', 'label': 'panic', 

'type': 'symptom'} --

coOccursWith--> {'raw': 

'S_insomnia ', 'label': 'insomnia', 

'type': 'symptom'} 

{'raw': 'S_panic', 'label': 'panic', 

'type': 'symptom'} --

coOccursWith--> {'raw': 

'S_irritability', 'label': 'irritability', 

'type': 'symptom'} 

c) Confidence Score Analysis 

Table 10 gives the confidence range for the relations together with average confidence for the different categories.  

Table 10: Summary of the Confidence Scores per Relation Category 

Relation Type Confidence Range Average Confidence (%) 

Associative 0.917 – 0.984 96 

Functional 0.697 – 0.965 88 

Causal 0.790 – 0.962 92 

Risk Factors 0.704 – 0.947 86 
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Statistical 0.608 – 0.851 75 

Overall Average Confidence 87.4 

The non-taxonomic relations confidence range was between 0.60-0.98, with an overall confidence average of 87.4%. 

The results reveal that all the confidence scores were above the 0.4 threshold that was set. The lowest confidence score was 

0.60, which was still higher than the threshold that was set. This shows that the 0.4 threshold made it possible to validate a 

wider variety of relations, while prioritizing recall without compromising the quality of the relations.  An analysis of the 

results reveals that over 90.5% of the validated relations were above 90%, which indicates that BioBERT zero-shot validator 

captured high quality relations that existed within the pre-existing biomedical knowledge, confirming its role in the 

framework as a precision focused optimizer.  

F. Hybrid Knowledge-Infused Neural Framework 

The hybrid framework demonstrated a robust performance improvement achieving an F1 score of 77.6%. The 

semantic knowledge, fused with contextual learning, inductive reasoning capabilities and domain based validation, gave the 

approach a significantly stronger recall of 92.8% as shown in Table 11. It demonstrated the framework’s expressive, 

consistent, specialized and contextually aware ability to identify relevant domain concept and capturing complex patterns. 

Table 11: Summary of the overall performance of the framework 

 Performance Hybrid Completeness and Consistency 

Check 

Dataset Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Hamming loss Jaccard  

AnxD and Depression 

Dataset 

66.7 92.8 77.6 0.029 0.667  

 

When compared to the BiLSTM results with a recall of 75.6%, precision of 61.3%, and F1 score of 67.7%, the hybrid 

framework achieved a 10% improvement on the F1 score. It also achieved a 17.2% improvement on the recall and a 5.4% 

improvement on precision. The improvement on the precision and recall indicates the significance of infusing domain 

knowledge and BioBERT to the framework. The framework focused on optimizing the precision and ensuring the relations 

were semantically relevant and valid to the biomedical domain. The Jaccard of 0.667, a value closer to 1 means the predicates 

and true relation labels existing in the domain were nearly identical [84], resulting in reliable relations. This mean the 

results produced by the model are reliable. 

VI. DISCUSSIONS 

Symptoms had the highest number of mentions, which is normal considering most of the texts have been written 

from the patient-perspective. The patient-reported outcome encompasses high number of symptoms that gave unique 

insights, experiences, and their views regarding their health condition and treatment. This knowledge offers significant value 

in explaining and treating symptoms [85], [86]. Semantic coherence was necessary for this study because it created unity 

within concepts found in the different classes providing an easy-to-determine context to aid in the resolution of ambiguity 

and in the narrowing to a specific meaning of concepts.  

The highest confidence score range was 0.917-0.984, assigned to ‘associatedWith’. This indicates that BioBERT was 

highly confident in validating this type of non-taxonomic relations between different disease, symptom and treatment 

concepts. The consistent high confidence score within the 54 associative relation category made them a more reliable 

semantic link within the knowledge graph. The relatively low confidence scores largely for statistical relations (0.60) and 

risk factor relations (0.70) suggests relations that are indicative and explain factors that influence the occurrence of 

disorders, but might not be the final or controlling factor to the existence of the disorder [87]. The moderate confidence 

scores (0.79 - 0.85) predominantly for causal and some statistical relations, indicated that these relations were reliable for 

inclusion in the knowledge graph, but might require more evidence and verification to increase the level of certainty.  

The hybrid knowledge-infused neural approach, integrating symbolic baseline with a BiLSTM framework fused with 

an attention mechanism demonstrated high levels of efficacy in the extraction and classification of complex medical relations 

found in free texts. In experimental evaluation, the hybrid framework achieved an accuracy of 98.91% on the test set, a 

significant improvement over traditional RNNs and standalone BiLSTM algorithms [88]. The framework’s strong 

performance on other cross-validation metrics including a high recall (~93%) and F1 (~78%) highlights the reliability and 

robustness of the hybrid framework. The results affirm the potential that the framework has in clinical decision support, by 

refining accuracy and efficiency in information retrieval, and information association discovery. 
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A. Practicability of Hybrid Framework 

The practicability of the framework in real-world clinical and data management is connected to: 

 Its reliable levels of accuracy,  

 Response speed in providing classification results in a very short time.  

This is particularly important in situations where clinicians and key decision makers need to identify key data or 

concepts and their associations. The practical value of the BiLSTM-based framework fused with an attention mechanism is 

evident in several data engineering and knowledge management aspects. 

The non-taxonomic and ternary relations demonstrated the framework’s ability to structure the representation of 

knowledge from unstructured patient-generated texts. The framework created a structured web of knowledge categorized 

into functional, causal, associative, and statistical relations, all representing knowledge beyond the broader, narrower and 

equivalent relations. This provided an automated way of integrating the vocabularies to standardized global domain concepts 

found in ontologies such as SNOMED CT and MeSH. 

The ternary relations preserve clinical contextual structures during semantic integration address a semantic 

interoperability challenge: the ambiguity of isolated clinical facts. Any system supporting a clinical or patient monitoring 

decision is equipped with the context (all relevant and valid information) to guide its reasoning towards a semantically 

consistent interpretation across different health systems.   

B. Limitations 

The performance of the framework is dependent upon and is influenced by several factors including, balance, and the 

size of the dataset [89].  

C. Imbalanced Dataset  

This bias is confirmed by the resulting class distribution where symptoms (54 concepts) was the majority (prevalent) 

class, followed by treatment (40 concepts), while disease (19) was the minority (rare) class. This mirrored how often the 

balance is unreached in real-world datasets. With this type of distribution, it was expected that the framework would have 

failed to make meaningful predictions for the minority classes [90]. The F1 score results of 0.789 for treatment, 0.768 for 

symptoms, and 0.657 for disease, confirmed the expectation and showed the difficulty the framework faced in accomplishing 

its objective of accurately predicting the minority class of interest. This was likely due to the fact that the framework had 

fewer disease patterns to learn from, compared to the symptom and treatment patterns. This still represented the 

shortcoming of the study approach that can be addressed in future works. Further research should therefore explore 

techniques for addressing class imbalanced data with promising results including data sampling and cost-sensitive learning, 

neural network feature learning as demonstrated in prior research works by [91] and [92]. 

D. Dataset Size 

Classification is an inherently complex and becomes more challenging when dealing with smaller datasets potentially 

leading to a biased classification framework [93], [94]. In this study, the data size affected the framework’s ability to learn 

the different class patterns. An increase in the number of the disease data samples to learn from would have given the 

framework a good discriminative power between classes of interest. Future research should therefore focus on enhancing 

the technique by adopting strategies such as increasing the data size discussed by [94] and refining techniques like adaptive 

learning rate, to improve the robustness of hybrid framework when trained on limited data. By recognizing and tackling 

these limitations and challenges, future studies can significantly enhance the accuracy, robustness and applicability of the 

hybrid framework in a real-world medical environment.  

VII. CONCLUSION 

This makes the framework useful for knowledge extraction tasks requiring comprehensive semantic coverage. This is 

critical in ensuring information needed for: knowledge representation, informed decision making, semantic dependency 

building is available. In such applications and tasks, overlooking key concepts can be more costly than retrieving occasional 

false positives making the trade-off a justifiable choice for this study. 
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