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Abstract 

The proliferation of heterogeneous web services has made the task of automated API 

composition increasingly complex due to variations in service descriptions, data formats, 

and domain semantics. Traditional syntactic and keyword-based matching techniques 

often fail to capture deeper semantic relationships necessary for dynamic service 

integration. This paper proposes a novel ontology-aware matching framework 

leveraging graph-based semantic similarity to enhance automated API composition 

across heterogeneous service environments. By integrating ontological knowledge and 

graph-based similarity measures, the proposed system can identify semantically related 

operations even in the presence of heterogeneous naming and structural conventions. 

Our evaluation across benchmark datasets demonstrates a significant improvement in 

precision, recall, and composition success rate compared to baseline techniques. 
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1. Introduction 

The rapid expansion of web-based services and APIs across domains such as e-commerce, 

healthcare, and finance has led to increased interest in automated service composition. In this 

context, the ability to discover and compose multiple web services to satisfy complex user goals 

is crucial. However, current approaches struggle with semantic heterogeneity, where different 

services may describe similar operations using distinct terminologies or data representations. 

Consequently, developing intelligent, semantically aware service composition mechanisms has 

emerged as a critical challenge. 
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Traditional service matching methods rely on syntactic matching or keyword-level 

similarity, which are insufficient when dealing with semantically equivalent but lexically 

dissimilar service descriptions. Ontologies offer a powerful mechanism to formalize domain 

knowledge and align heterogeneous representations by defining a shared vocabulary and 

structured relationships. This paper presents an ontology-aware framework for service 

matching that incorporates graph-based semantic similarity techniques to capture nuanced 

semantic correspondences among APIs. Our goal is to enable reliable and scalable automated 

API composition across diverse and distributed service repositories. 

 

2. Literature Review 

Numerous research efforts have explored semantic web service composition, with early 

work emphasizing ontological frameworks such as OWL-S, WSMO, and SAWSDL for 

semantic annotation and reasoning. For instance, Paolucci et al. (2002) introduced semantic 

matching using DAML-S and OWL to improve discovery precision, while Wu et al. (2010) 

proposed a hybrid matching framework combining ontology-based and syntactic methods for 

WSDL service descriptions. 

A significant development in semantic similarity measures was brought by Resnik (1995) 

and later refined by Jiang & Conrath (1997), who introduced information-theoretic approaches 

to computing concept similarity in ontologies. More recent work by Wang et al. (2015) applied 

graph-based metrics, such as semantic path length and shared neighborhood, to enhance 

biomedical ontology alignment. These approaches highlight the promise of combining graph 

theory and ontology reasoning to bridge semantic gaps. 

In API composition, tools like IBM's WSDL2OWL and semantic mashups demonstrated 

the feasibility of mapping service operations to ontological concepts. However, these methods 

often depend heavily on human-defined mappings and lack scalability. Recent work by Al-

Masri et al. (2020) explored machine learning to predict service compatibility but still relied on 

partial semantic annotations. Our approach advances these studies by integrating ontology-

based similarity with graph-theoretic matching for more robust and autonomous service 

composition. 

 

3. Problem Formulation and Research Objectives 

The primary challenge in service composition lies in the accurate alignment of service 

interfaces (inputs, outputs, operations) from disparate APIs. These interfaces may differ in 

naming conventions, data formats, and schema structures despite serving functionally similar 

purposes. Our research seeks to address this challenge through the following objectives: 
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• To design an ontology-aware matching framework that semantically aligns API inputs 

and outputs across heterogeneous domains. 

• To implement a graph-based similarity model that quantifies semantic closeness 

between API components using ontological structure. 

• To evaluate the impact of ontology-aware matching on the quality and success rate of 

automated API composition. 

This formulation rests on the hypothesis that semantic similarity derived from graph-

based ontology analysis leads to more accurate and context-aware API compositions than 

purely syntactic or keyword-based approaches. 

 

4. Methodology and System Architecture 

Our framework consists of four main components: API semantic annotation, ontology 

enrichment, graph-based similarity computation, and composition engine. 

1. Semantic Annotation: APIs are preprocessed using NLP and entity recognition 

techniques to extract inputs/outputs and align them to relevant ontological concepts 

(e.g., via DBpedia, schema.org). 

2. Ontology Enrichment: Domain-specific ontologies are curated or enhanced using 

existing semantic resources and linked open data to cover the service domain 

effectively. 

3. Graph-Based Similarity: Using a labeled property graph representation of the 

ontology, we compute similarity between nodes (concepts) using a hybrid of path-based 

and structural metrics such as: 

o Jaccard similarity on shared neighbors 

o Shortest-path length normalized by ontology depth 

o Edge weights reflecting semantic strength (e.g., subclass, part-of) 

4. Service Composition Engine: A composition planner generates workflows by chaining 

APIs with semantically matched outputs to subsequent inputs, guided by similarity 

scores and QoS constraints. 
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Figure 1: Architecture for Ontology-Aware Matching and API Composition 

 

5. Evaluation and Experimental Setup 

We conducted experiments using a benchmark dataset derived from real-world API 

descriptions (e.g., ProgrammableWeb, OpenAPI samples) and two curated ontologies in the e-

commerce and healthcare domains. The evaluation included both quantitative metrics and 

qualitative case studies. 

Evaluation Metrics 

We employed standard metrics to evaluate matching and composition quality: 

• Precision: Proportion of correctly matched services over total retrieved. 

• Recall: Proportion of correctly matched services over total relevant. 

• F1-score: Harmonic mean of precision and recall. 

• Composition Success Rate: Percentage of complete compositions generated without 

human intervention. 
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Table 1: Performance Comparison of Matching Techniques 

 
Technique Precision Recall F1-score Composition Success 

Keyword Matching 0.62 0.58 0.6 35% 

Syntactic + Ontology 0.75 0.68 0.71 55% 

Graph-Based 

Semantic 

0.86 0.8 0.83 78% 

 

6. Limitations and Future Directions 

While the proposed framework demonstrates strong performance, it has several 

limitations. First, it relies on the availability and quality of domain ontologies, which may not 

exist or may be incomplete in some fields. Second, graph-based similarity measures can become 

computationally expensive for large ontologies, potentially limiting scalability in real-time 

environments. 

Future research could explore ontology learning techniques from text corpora to automate 

ontology construction. Moreover, integrating deep learning models such as knowledge graph 

embeddings (e.g., TransE, GraphSAGE) may enhance similarity scoring. Lastly, incorporating 

user feedback and interaction history could further refine matching accuracy and 

personalization in dynamic service ecosystems. 

 

7. Conclusion 

This study introduces a robust ontology-aware, graph-based approach to address the 

semantic heterogeneity challenge in automated API composition. By leveraging semantic 

annotation, enriched ontologies, and graph similarity measures, our framework enables more 

accurate and scalable composition of heterogeneous services. Empirical evaluation confirms 

the superiority of this method over traditional syntactic and hybrid approaches in terms of 

precision, recall, and composition completeness. These findings advance the state of semantic 

web service integration and lay the groundwork for future intelligent API orchestration systems. 
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