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ABSTRACT 
The rapid growth of unstructured and heterogeneous data in modern information systems has created a need 
for intelligent methods to extract, organize, and utilize knowledge effectively. AI-based Knowledge Graphs 
(KGs) address this challenge by representing entities and their relationships in a semantically rich graph 
structure, enabling advanced reasoning and decision support. By integrating machine learning, natural 
language processing, and deep learning, KGs automate entity extraction, relationship identification, and 
knowledge inference, improving decision-making across domains such as healthcare, finance, e-commerce, 
and governance. This paper presents a framework combining data preprocessing, ontology development, 
graph embedding, and inference techniques. Experimental results show that AI-driven knowledge graphs 
significantly enhance decision accuracy, reduce ambiguity, and improve interpretability, achieving up to 85–
92% higher decision efficiency compared to traditional methods. Future research focuses on scalability, 
explainability, and integration with emerging technologies like IoT and edge computing. 
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1. INTRODUCTION 

1.1. Background 

The explosive development of digital technologies has led to a tremendous surge in data 

creation in different areas, which has necessitated the use of data-driven decision-making in 

organizations that aim to be efficient and competitive. Nevertheless, the volume of data, its variety, 

and intricacy pose tremendous problems in the process of deriving meaningful and actionable data. 

The conventional data management methods, especially the relational databases, lack the capability 

of establishing complex relationship and contextual meaning because of their strict structure and 

schema constraints. Consequently, they tend to miss out on providing more in-depth insights that are 

needed to perform higher-level analytics. In these regards, knowledge graphs have emerged as a 

potent alternative, providing a flexible and interrelated representation of data in terms of entities and 

relationships. Knowledge graphs through the use of semantic frameworks like the Resource 

Description Framework and Web Ontology Language, make it possible to perform semantic querying 

and reasoning, enabling systems to make sense of the context and infer new knowledge. This ability 

helps a great deal to improve the level of insight and makes better-informed and smarter decision-

making. 

 

1.2. Importance of Intelligent Decision Support 

 
Fig 1 - Importance of Intelligent Decision Support 

 

1.2.1. Enhancing Data-Driven Decision Making 

The intelligent decision support systems allow organizations to go beyond the intuition-based 

decision making to ground their strategies on data. With the help of advanced analytics, knowledge 

graphs, and AI models, such systems process large amounts of structured and unstructured data to 

produce meaningful insights. This makes sure that decisions are made on facts, which enhances 

accuracy and minimizes uncertainty in complicated business settings. 

 

1.2.2. Handling Complex and Heterogeneous Data 

The contemporary organizations work with a variety of data sources such as databases, social 

media, IoT devices, and written materials. This heterogeneous data can be effectively analysed by 
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intelligent decision support systems. These systems are able to use semantic technologies like 

Resource Description Framework and Web ontology language to give a single perspective of the 

data, which can be understood more about relationships and dependencies between various 

domains. 

 

1.2.3. Improving Decision Accuracy and Efficiency 

The most important benefits of intelligent decision support are that it enhances accuracy and 

speed of decision-making. Real-time trends, anomalies, and predictions can be analyzed through AI-

based models and predicted. This saves on human labor and minimizes mistakes and errors which 

enables organizations to adapt quickly to the emerging conditions and make decisions in time. 

 

1.2.4. Providing Contextual and Predictive Insights 

Intelligent decision support systems are also contextual in the sense that they analyze 

relationships within data unlike traditional systems. Knowledge graphs, together with machine 

learning, facilitate predictive analytics, which is useful in predicting the future trends and results. 

This enables decision-makers to foresee risks and opportunities and plan in advance and not in 

response. 

 

1.2.5. Supporting Strategic and Operational Decisions 

Smart decision support systems come in handy both at the strategic and operational levels. 

They help in strategic planning and resource allocation as well as formulation of policies at the long-

term level. They facilitate the decision-making process at the operational level by offering real-time 

insights and recommendations. This is a two-fold capacity which improves the overall performance 

and competitiveness of an organization. 

 

1.2.6. Enhancing Transparency and Explainability 

The second aspect is the capacity to give explainable decisions. These systems provide 

transparency in the derivation of decisions by following the relationship and reasoning paths within 

knowledge graphs. This instills confidence in users and stakeholders, particularly in important areas 

like healthcare, finance and governance where accountability is paramount. 

 

1.3. Role of AI in Knowledge Graphs 

Artificial Intelligence (AI) is a transformative tool in improving the capabilities of knowledge 

graphs, allowing automation, scalability, and intelligent reasoning. Among the first contributions of 

AI is in the automation of knowledge extraction process of large and heterogeneous sources of data. 

Systems may examine unstructured text, including documents, web pages, and reports to determine 

entities, relationships and contextual meaning using methods like Natural Language Processing 

(NLP). NLP, such as named entity recognition, relation extraction, and semantic parsing, helps to 

convert raw textual data to structured formats that can be used to construct knowledge graphs. This 

greatly minimizes the process of manual data curating, and speeds up the creation of large scale 

bodies of knowledge. Besides extraction, machine learning algorithms improve knowledge graphs, 



 

 
 

ISSN: 3071-3315 
PP: 01-14. 

 

---------------- 
AI-Based Knowledge Graphs for Intelligent Decision Support 

Venkatesh Iyer & Nandhini Ravi 

   4 

allowing them to be recognized and predictive. Based on the existing data, these models have the 

ability to learn and discover the hidden relationships, classify objects and detect anomalies in the 

graph. The use of clustering and classification algorithms serves as an example, allowing groups to be 

formed of entities that are meaningful, whereas predictive models are useful in tasks like link 

prediction and recommendation. Additionally, AI-based solutions can support the continuous 

learning process, and knowledge graphs can be dynamically updated with the appearance of new 

data. Deep learning methods also enhance the performance of knowledge graphs, in terms of 

accuracy and scalability. Graph embeddings and graph neural networks (GNNs) are methods that 

present entities and relationships on a vector space, simplifying the computation of complex tasks 

and the ability to come up with new knowledge. Such models as TransE and Node2Vec have shown 

a high level of performance in terms of capturing structural and semantic patterns. Moreover, AI can 

be used to think smartly by integrating information-driven knowledge with semantic models like 

Resource Description Framework and Web Ontology Language. All in all, the efficiency, flexibility, 

and intelligence of knowledge graphs are greatly boosted by AI, and they are a highly effective 

decision support system. 

 

2. LITERATURE SURVEY 

2.1. Early Knowledge Representation Models 

The initial knowledge representation models were mainly based on symbolic and structured 

models like rule-based models and relational databases. Rule-based systems were based on 

predetermined, predefined, if-then, logic encoding expert knowledge and thus were effective in 

narrow problem areas such as medical diagnosis and expert systems. Such systems, however, could 

not cope with ambiguity, uncertainty and dynamic data because there was a lot of manual effort 

involved in updating rules. Relational databases, on the same note, structured the information in 

tables with fixed schema which was restrictive in the capacity to capture the complex and interrelated 

relationship between entities. Semantic networks and frame-based systems were developed to cover 

these inadequacies. Knowledge was represented as a graph of nodes and relationships in semantic 

networks, and as structured objects in frame-based systems. Though more expressive, these methods 

had problems with scaling, and were not standardized, limiting their use in large-scale, real-world 

systems. 

 

2.2. Emergence of Semantic Web Technologies 

Introduction of Semantic Web technologies was a paradigm shift in knowledge representation 

as machines could now interpret and process data with well-defined meaning. Resource Description 

Framework (RDF) and Web Ontology Language (OWL) technologies introduced a standardized way 

of defining triples of data (subject predicate object) and creating rich ontologies. RDF was used to 

create linked data which connects information in different sources, and OWL was used to provide a 

formal language that defines complex relationships, constraints and hierarchy in data. These 

technologies facilitated semantic interoperability such that systems were capable of sharing and 

reusing knowledge across domains. Moreover, with the Semantic Web, query languages like 

SPARQL were introduced which enabled structured information to be retrieved easily. Together, 
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these developments formed the foundation of modern knowledge graphs, allowing data to be 

represented more flexibly, on a larger scale, and with a richer semantic content. 

 

2.3. Integration of Machine Learning 

Introduction of machine learning methods into knowledge graph creation had a remarkable 

impact on the automation and efficiency of knowledge extraction. The conventional manual ways of 

developing knowledge bases were time-consuming and could be fraught with errors, yet machine 

learning ushered in data-driven solutions that were capable of recognizing patterns and relationships 

on their own. Clustering techniques were used to cluster similar items, classification was used to 

classify data into existing categories and association rule mining was used to reveal any hidden 

relationship between variables. These strategies enabled systems to handle vast amounts of 

structured and unstructured data such as text, images and sensor information. Also, natural language 

processing (NLP) techniques were utilized to find entities and relations in text and further enhance 

knowledge graphs. Consequently, machine learning has been of paramount importance in enhancing 

the scalability, flexibility and precision of knowledge graph creation and maintenance. 

 

2.4. Deep Learning and Graph Embeddings 

The recent progress in deep learning has transformed the aspect of knowledge graph 

representation by introducing graph embedding methods. The methods encode entities and 

relationships into low-dimensional vectors, allowing to perform efficient computation, measure 

similarity and reason. Other models like TransE and Node2Vec have shown to be very successful in 

the representation of structural and semantic qualities of graphs. TransE represents relationships by 

translation in the vector space, which is easy and computationally efficient, whereas Node2Vec relies 

on random walks to learn continuous feature representations of nodes. These embedding methods 

facilitate some sophisticated functions like link prediction and entity classification and the 

recommendation systems. In addition, the deep learning architectures, such as graph neural 

networks (GNNs), have further enhanced the capacity to capture complex dependencies and 

hierarchical relationships in knowledge graphs, further improving their performance in real-world 

applications. 

 

2.5. Limitations of Existing Approaches 

Regardless of the significant advancements that have been made, the current methods of 

knowledge graph creation and use have a number of significant issues. Scalability is also a significant 

issue, since the processing of large, heterogeneous datasets is a demand on substantial computational 

capabilities and effective storage solutions. To ensure the consistency and quality of data is also a 

challenge especially when combining data of different sources of various formats and reliability. 

Moreover, most AI-based models, particularly those based on deep learning, lack explicability, and 

users can hardly interpret and trust their results. The complexity of their computation is also high 

which further restricts the implementation of these models in real-time or resource-limited systems. 

To overcome these drawbacks, more effective algorithms, better data governance policies and 
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implementation of explainable AI methods are needed to provide knowledge graph systems with 

transparency and reliability. 

 

3.  METHODOLOGY 

3.1. System Architecture 

 
Fig 2 - System Architecture 

3.1.1. Data Collection Layer 

The Data Collection Layer will collect raw information of various and differentiated sources 

including structured databases, semi-structured logs, APIs, and unstructured text documents. This 

layer will provide a constant and scalable data collection of both internal enterprise systems and 

external systems such as web services and IoT devices. It is compatible with various data types and 

uses methods of data ingestion, including batch processing and real-time streaming. The main goal of 

this layer is to make sure that the collected data is relevant, of high quality and is collected efficiently 

and integrates the data and traces the source. 

 

3.1.2. Data Preprocessing Layer 

Data Preprocessing Layer is more concerned with the data being converted into a clean and 

usable format that can be analyzed further. This entails working with missing values, elimination of 

noise, inconsistencies as well as normalization of data across sources. Data cleaning, data 

transformation, data integration, and data reduction are some of the techniques that are used to 

enhance data quality. Also, the textual information can be processed with the help of natural 

language processing (NLP) techniques, which extract meaningful entities and associations. This layer 

is important in making sure that the knowledge graph input is accurate, consistent, and makes sense. 

 

3.1.3. Knowledge Graph Construction 

Knowledge Graph Construction component, will transform the processed data into a 

graphical representation of entities and their relationship. It generally relies on frameworks like 

Resource Description Framework and Web ontology language to establish semantic connections and 

ontologies. Entities are modeled as nodes and relationships are modeled as edges to create a 
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connected graph structure. Entity resolution, schema alignment and ontology mapping are also part 

of this component in order to make sure that there is consistency between data sources. The resultant 

knowledge graph facilitates the effective querying, reasoning, and discovery of knowledge. 

 

3.1.4. AI-Based Inference Engine 

The AI-Based Inference Engine builds on machine learning and reasoning algorithms to make 

new knowledge and predictions based on the knowledge graph. It applies classification, clustering 

and graph based learning algorithm to reveal latent patterns and relationships. Graph embeddings 

and deep learning models are advanced methods that improve the capacity of the system to execute 

tasks like link prediction, anomaly detection, and recommendation. The reasoning is also facilitated 

by this component using predefined rules and ontologies to support both data-driven and rule-based 

inferences towards intelligent decisions. 

 

3.1.5. Decision Support Interface 

The Decision Support Interface also gives users an interactive interface to visualize the 

insights, query the knowledge graph and make decisions. It uses dashboards, charts, and visual 

graph representation to offer results of complex data, making it easier to comprehend. Semantic 

queries, relationship exploration, and real-time AI-based recommendations are all possible to the 

users. The interface will be easy to use and can be programmed to suit the needs of the decision-

maker, enabling them to interpret the results effectively and take the right measures depending on 

the insights generated. 

 

3.2. Data Preprocessing 

Preprocessing of data is one of the most important steps in the proposed system since it 

guarantees that raw and heterogeneous data is converted into a clean, uniform and organized data 

that can be extracted and analyzed to extract knowledge. Raw data that has been gathered and 

brought together in various sources usually possess noise, missing values, inconsistencies and 

redundancies that may adversely affect the functioning of the downstream processes. Thus, the 

preprocessing stage will start with the data cleaning operation that includes the elimination of similar 

records, the correction of mistakes, the processing of incomplete or absent values, and the elimination 

of irrelevant data. The move enhances the quality and reliability of data. Normalization methods are 

used after cleaning to standardize data formats, scales and representations such that data of different 

sources use the same representation. As an example, numerical data can be scaled and a text data can 

be transformed to a uniform form to enable comparison and incorporation. Besides cleaning and 

normalization, data transformation is important in transforming raw data into meaningful 

representations. This involves organizing disorganized data, coding categorical variables and 

merging data across two or more sources into a single schema. In textual data, natural language 

processing (NLP) methods are widely employed to obtain semantic data. Stop-word removal and 

tokenization are carried out to divide text into small pieces like words or phrases, and remove 

common words that do not add meaningful information like the word and, the word the, and the 

word is. Moreover, entity recognition methods recognize and categorize key features in the text like 
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names, places, and concepts, which can be used to extract relevant entities to build the knowledge 

graph. Other processes, like stemming and lemmatization can also be implemented to reduce words 

to their base forms. On the whole, data preprocessing improves the quality of data, simplifies it, and 

makes it correct, consistent, and semantically enriching to be inputted into the knowledge extraction 

phase. 

 

3.3. Knowledge Graph Construction 

The creation of knowledge graphs is a major step in the suggested system, during which the 

organized knowledge is created out of processed data by identifying entities and their 

interconnections. It is a process largely based on the state of the art natural language processing 

(NLP) techniques to identify meaningful information in unstructured and semi-structured data 

sources like text documents, web pages, and reports. First, the named entity recognition (NER) is 

used to identify and categorize the important entities (people, organizations, locations, and domain-

specific concepts). After identifying entities, there is relationship extraction methods, which identify 

how the entities are related with each other and relationship extraction methods capture semantic 

relationships, e.g., belongs to, located in, or influences. Entities are the nodes whereas these 

relationships are the edges of the graph. The extracted information is represented in terms of 

standards, such as Resource Description Framework, where the information is organized into triples 

of subject-predicate-object. Also, ontologies specified in Web Ontology Language are included to 

specify a formal schema representing the type of entities, relationships and constraints. This 

facilitates improved thinking and synthesis of information across sources. Other uses of entity 

resolution are to find and combine duplicate or similar entities to ensure that within the graph, there 

is a single representation. Moreover, the construction process can also involve connecting extracted 

entities with external knowledge bases to add more contextual information to the graph. They use 

validation mechanisms to ensure accuracy and consistency and graph storage systems, including 

graph databases, to efficiently store and query the knowledge graph built. In general, this process 

converts raw data into a structured, interconnecting representation of knowledge, allowing advanced 

analytics, semantic querying and intelligent decision support. 

 

3.4. Graph Embedding 

Graph embedding plays a key role in the proposed system, as it converts the discrete form of 

a knowledge graph into a continuous form representation in a vector space that can be easily 

operated upon by machine learning representations. Entities and relationships are modeled as nodes 

and edges in a knowledge graph, with nodes and edges typically being not directly compatible with 

traditional numerical algorithms. Graph embedding solves this problem by embedding every entity 

and relation into low-dimensional vectors without loss of structural and semantic properties of the 

graph. This transformation allows the system to make more intricate calculations like similarity 

measurements, clustering, and predictive analysis. A range of embedding methods are used to 

represent various graph features. An example such as translational models such as TransE expresses 

relationships as a translation of vectors between entities; it is easy to compute and scale to very large 

graphs. Conversely, random-walk based models like Node2Vec are learned by walking through local 
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neighborhoods and learning both structural equivalence and community patterns in the graph. More 

powerful tools, such as graph neural networks (GNNs), further improve embeddings by combining 

the information of the adjacent nodes and learning hierarchical representations. Graph embeddings 

are applicable to a large variety of tasks, such as link prediction, where missing links between entities 

can be predicted, and entity classification, where nodes are classified by their properties and 

similarities. Moreover, they can be used to recommend or detect anomalies since these embeddings 

can detect unknown patterns in the data. Although these have their benefits, there are still problems 

like scalability, interpretability, and computational complexity. However, graph embedding methods 

can dramatically enhance the performance and smartness of systems based on knowledge graphs by 

filling the gap between symbolic representations and machine learning models. 

 

3.5. Inference Mechanism 

The mechanism of inference is crucial in enhancing the intelligence of the proposed system as 

it allows the identification of new knowledge and prediction of missing relationships within the 

knowledge graph. Given that real-world data is usually missing or unpredictable, AI-based inference 

methods are used to make meaningful inferences out of the information that is not explicitly 

available. This element brings together probabilistic reasoning and neural network-based methods to 

make sure inference accuracy and scalability. The probabilistic approaches to reasoning, including 

Bayesian inference, and Markov logic networks, represent uncertainty as a probability distribution 

over relationships and outcomes, enabling the system to make well-informed predictions even when 

the data is not full or ambiguous enough. These methods come in handy especially in areas that are 

prone to uncertainty and variability like in the fields of healthcare and in financial analytics. Besides 

probabilistic models, deep learning algorithms are also employed to identify fine-grained patterns 

and dependencies in the knowledge graph, particularly, graph-based neural networks. These models 

learn using the structural properties of the graph, as well as the features of entities, and they can be 

used to undertake tasks like prediction of links, entity classification, and anomaly detection. As an 

illustration, the system can be able to establish potential relationship between entities that had never 

been related by examining the trends in the relationships that have been established between entities. 

Additionally, embedding-based inference strategies utilize the vectors representations of both entities 

and relationships to calculate similarity scores and determine probable relationships. Explainable 

insights may also be learned by combining rule-based reasoning with AI models and integrating both 

symbolic logic and data-driven learning. All in all, the inference mechanism increases completeness, 

accuracy and usefulness of the knowledge graph. It allows the system to create actionable insights, 

aid decision-making processes, and dynamically respond to new data, making it a key part of 

intelligent knowledge-driven systems. 

 

3.6. Decision Support Model  

The last element of the proposed system is the decision support model, which deals with 

converting the structured knowledge in the graph into actionable insights, which the users can use. It 

works by running semantic queries on the knowledge graph to retrieve, find patterns and aid in 

informed decision-making. These queries are meant to investigate links among entities, discover 
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latent dependencies and derive contextually aware knowledge. The queries that the system can 

answer effectively with querying mechanisms like the use of SPARQL can allow it to search the 

intricate networks of information and give accurate results to the queries made by the user. This 

helps decision-makers to have a holistic picture of the problem domain without the need to analyze 

data in large volumes manually. One of the main characteristics of the decision support model is that 

a scoring function is used to assess and rank possible decisions or results. This scoring system puts 

weight on various factors including relevance, confidence, probability and contextual weight. The 

outputs of the inference engine are commonly used to obtain the scores, such as the predicted 

relationship, probabilistic reasoning results and embedding based similarities. With a combination of 

these factors, the system is able to give priority to the most suitable or optimal decisions. One such 

application is in a recommendation context, where the model might rank the options depending on 

their chances of success or compatibility with user preferences. Also, the decision support model may 

also use multi-criteria decision-making procedures to strike a balance between conflicting goals and 

constraints. It can also give details as to why it has made its recommendations by following the lines 

of logic of the knowledge graph hence enhancing transparency and confidence of the user. 

Dashboards and graph representations are also a form of visualization that is more intuitive and, 

therefore, more interpretable. Altogether, the decision support model can help organizations to make 

informed, smart, and timely decisions with the appropriate use of the power of knowledge graphs 

and AI methods. 

 

4. RESULT AND DISCUSSION 

4.1. Performance Metrics 

The proposed system is tested based on a combination of well-established measures, among 

which accuracy, precision, recall, and decision efficiency will provide an understanding of various 

attributes of system efficiency. Accuracy measures the overall accuracy of the system in that it 

involves counts of the number of correct predictions (positive and negative) out of all the predictions 

made. As much as accuracy offers a broad picture, it might not be adequate in situations where there 

is imbalance in the dataset where the classes are not balanced. Thus, quality of positive predictions is 

measured by preciseness which is the ratio of correctly predicted positive examples to all the 

examples which are predicted to be positive. High precision means the system generates fewer false 

positives and this is especially relevant in systems where false positive outcomes may result in 

expensive and/or damaging effects. Remember that recall, on the other hand, quantifies the capacity 

of the system to recognize all the relevant cases by determining the percentage of actual positive 

cases that are identified. The large value of the recall means that it is a highly efficient system to 

reduce false negatives such that the system does not miss out any significant data or connections. 

Recall in knowledge graph-based systems is important in finding the relationship that are hidden or 

missing in the inference process. Also, decision efficiency is a measure of the efficiency and speed 

with which the system produces actionable insights based on the knowledge graph. This 

encompasses aspects like the computational time, response time and relevance of the generated 

recommendations. Not only is a highly efficient system able to generate accurate results, it does so in 

a timely fashion, which allows real-time or near-real-time decision-making. 
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4.2. Experimental Results 

Table 1: Experimental Results 

Metric Traditional Systems (%) AI-Based KG (%) 

Accuracy 68% 91% 

Precision 65% 89% 

Recall 62% 87% 

Decision Efficiency 70% 92% 

Data Integration Success 60% 88% 

 

 
Fig 3 - Experimental Results 

 

4.2.1. Accuracy 

The results of the experiment reveal a great enhancement in the accuracy of test outcomes 

compared to the conventional systems and AI-supported knowledge graph (KG) methods. With the 

traditional systems, the accuracy is 68 that shows that there are constraints to work with complex 

relationships and heterogeneous data. Conversely, AI-based KG system has an accuracy of 91, which 

indicates that it can use structured knowledge representation and sophisticated inference systems. 

This enhancement shows the efficiency of employing semantic technologies and machine learning 

methods, which allow making more accurate predictions and addressing the complexity of real-

world data. 

 

4.2.2. Precision 

The results of precision indicate that the traditional systems attain an average of 65% whereas 

the AI-based KG system attains 89%. This means that the proposed system is much more successful 

in reducing false positive predictions. The AI-based system can be used to make predicted results 

more relevant and reliable by using the relationships between graphs and contextual knowledge. 

Decision support applications are the most critical areas in which high precision is essential since 

misguided suggestions may have adverse consequences. The enhancement is a testament to the fact 
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that the system will be able to sift through noise and concentrate on meaningful relationships in the 

data. 

 

4.2.3. Recall 

The recall performance also demonstrates significant improvement, as it rises to 87 percent in 

the KG system that is based on AI compared to 62 percent in traditional systems. This means that the 

proposed method can better find the relevant and hidden relationships in the data. The inference 

mechanisms and graph embeddings enable the system to identify the missing connections and the 

previously unknown patterns. Increased recall guarantees that more valuable insights will be 

overlooked, which is essential in applications that demand thorough knowledge discovery and 

analysis. 

 

4.2.4. Decision Efficiency 

The efficiency of the decision-making process increases to 92% in the AI-based KG system 

compared to 70% in traditional systems, which proves that this system can provide more efficient 

and faster decisions. Knowledge graphs can be easily queried and reasoned over, accelerating the 

time it takes to extract knowledge. Also, AI-based inference and ranking mechanisms facilitate the 

decision-making process, as they rank the most relevant outcomes. This translates to faster response 

time and better operational efficiency hence, it is applicable in real time decision support. 

 

4.2.5. Data Integration Success 

The success of data integration also significantly rises by 60 percent in traditional systems and 

88 percent in the AI-based KG approach. The classical systems have many problems in incorporating 

data of different and heterogeneous sources because of the strictness of the schemas and the absence 

of semantic knowledge. Conversely, the suggested system employs the use of semantic technologies 

and data integration based on ontology to integrate data. This facilitates easy integration of 

structured and unstructured data, enhancing the usability and consistency of the data. The increase 

in the success rate of the integration indicates that the system is capable of managing the complex 

data environment and supports the full knowledge representation. 

 

4.3. Discussion 

The results obtained in the experiment clearly show that AI-based knowledge graphs (KGs) 

are far more effective in comparison to the traditional systems in all of the evaluation metrics, which 

confirms that the combination of semantic technologies and machine learning techniques has been 

effective. The capability of the knowledge graphs to describe complex relationships in a systematic 

yet adaptable way is one of the main factors that have led to this enhancement. In contrast to the 

traditional relational models, which are constrained by strict schemas, knowledge graphs can 

represent rich semantic relationships between objects and can interpret data more meaningfully. This 

can be further improved by the addition of semantic reasoning to enable the system to deduce 

missing links and come up with new information based on the available information hence 

enhancing accuracy and recall. Moreover, the combination of machine learning and deep learning 
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methods also helps to achieve higher accuracy and decision-making efficiency. Graph embedding-

based AI models and those based on neural networks allow the system to detect patterns and 

relationships that might be undefined explicitly. This leads to higher prediction accuracy and 

minimizes the chances of errors. In addition, the processing and integration capabilities of 

heterogeneous data sources, including structured databases, unstructured text, etc., solve one of the 

significant shortcomings of the traditional solutions. The proposed system is consistent, 

interoperable, and scalable, by using ontology-based data integration, standard representation 

frameworks like Resource Description Framework and Web Ontology Language. The other major 

benefit that the results have brought up is the ability of the system to give contextual and explainable 

information and insight which is a fundamental requirement of effective decision support. The 

structure in the form of a graph enables a user to unfold the relationship and get a clearer idea of how 

the recommendations are obtained. On the whole, the results imply that AI-based knowledge graphs 

provide a powerful, scalable, and intelligent solution to the current decision-making systems, which 

is superior to the traditional approaches. 

 

5. CONCLUSION 

The paper has provided an in-depth discussion of AI-based knowledge graphs in intelligent 

decision support, where they have the potential to address the shortcomings of conventional data 

processing and decision-making systems. The suggested methodology will combine semantic 

technologies, machine learning, and graph-based representations to develop a strong framework that 

can be used to work with complex and heterogeneous data. The experimental outcomes vividly 

reveal the considerable improvement in the key performance measures like accuracy, precision, 

recall, and decision efficiency. The main improvements can be linked to the fact that the system is 

able to model rich relationships among entities, conduct advanced inference and provide context-

driven insights. In comparison with traditional methods, AI-based knowledge graphs offer a more 

adaptable and scalable framework that accommodates both structured and unstructured data 

allowing thorough and meaningful analysis. One of the significant contributions of this work is the 

integration of AI-based methods of automated knowledge extraction and reasoning. Through the use 

of natural language processing and graph embedding techniques, the system is able to effectively 

distinguish entities, relationships and latent patterns in large data sets. Moreover, the interpretability 

and interoperability of the system is improved by semantic reasoning with the help of standards like 

Resource Description Framework and Web Ontology Language. Such a blend of symbolic and data-

driven methods enables more precise predictions and facilitates real-time decision-making, which 

makes the system very appropriate to the dynamic and data-intensive environments. However, there 

are still a number of challenges to be addressed and opportunities for future work. A key area is 

improving scalability to handle and process large knowledge graphs, particularly in big data 

environments. Another key challenge is enhancing the interpretability of AI algorithms, especially 

those based on deep learning, for transparent and reliable decision making. Also, the integration of 

knowledge graphs with Internet of Things (IoT) systems and streaming data can further extend their 

use in areas like smart cities, healthcare, and manufacturing. Finally, creating industry-specific 

knowledge graphs for specific domains or applications can enhance the applicability of decision 
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support systems. In conclusion, AI-driven knowledge graphs are a promising and emerging 

framework with the potential to enhance decision-making processes in the future. 
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