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Abstract

Medical imaging plays a crucial role in disease diagnosis, monitoring, and treatment planning.
Although Convolutional Neural Networks (CNNs) achieve high accuracy in analyzing MRI, CT, and
X-ray images, their black-box nature limits clinical trust and interpretability. Moreover, reliable
diagnosis requires integrating visual evidence with structured medical knowledge. To address this
challenge, this project proposes a Symbiotic Artificial Intelligence framework that combines a fine-
tuned VGG16 CNN with a brain tumor ontology developed in OWL and enhanced by SWRL rules
covering ten categories of medical inference. Using Owlready2 and RDFLib, the system performs
ontology-based reasoning to generate an interpretable diagnostic profile for each MRI image, including
diagnosis status, malignancy classification, expected symptoms, recommended treatment, confidence
level, and CNN-ontology agreement. The project was completed over six months, including literature
review, implementation, experimentation, and report writing. Trained and evaluated on 10,800 brain
MRI images (5,400 tumor and 5,400 non-tumor), the proposed framework achieved a test accuracy
between 98% and 99%, demonstrating the feasibility and clinical relevance of integrating deep learning
with knowledge-based reasoning for explainable brain tumor detection.

Keywords: Brain Tumor Detection; MRI; CNN; OWL Ontology; Symbiotic Al.
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Chapter 1. General Introduction

1.1 Work Context and Problem Statement

The way we diagnose and treat diseases has changed a lot over the few decades because medical
technology has improved so quickly. Omne of the changes in modern medicine is medical imaging.
Medical imaging is an important tool that doctors use to see what is going on inside the human
body. It lets them see the systems of the body very clearly and accurately.

Medical imaging methods like Magnetic Resonance Imaging, Computed Tomography, X-ray and
ultrasonography create pictures with important information about diseases. These pictures can help
doctors diagnose diseases.

Finding anomalies in images is a very challenging and exciting area of study. It is where intel-
ligence and medicine meet. A medical anomaly is anything that’s not normal in a tissue or organ.
Medical imaging can help detect these anomalies.

Detecting these anomalies quickly and correctly is very important. It affects the quality of the
diagnosis and the treatment plan. It can even affect whether the patient survives or not.. Looking
at medical images is not easy. It takes a lot of time and effort.

Doctors can get tired. Make mistakes. They can also miss something. This is especially true in
hospitals where doctors have to look at hundreds of images every day.

This is why researchers are working hard to create computer systems that can help doctors
diagnose diseases. These systems use learning techniques like Convolutional Neural Networks. They
are very good at analyzing images and detecting anomalies.

These systems have a big problem. They do not explain how they make their decisions. They
just make predictions without giving any reasons. This is not good enough for doctors. Doctors need
to know why a system is making a diagnosis.

Medical knowledge is very complex. It is not, about looking at a picture and seeing something
abnormal. Doctors need to know about the patients symptoms, history and treatment options. They
need to understand the picture.

This is why researchers are trying to create systems that’re not only accurate but also transparent
and reliable. They want to combine the strengths of learning with the strengths of medical knowledge.
This will create a generation of diagnostic tools that doctors can actually use in real life.

These new systems will be able to analyze images and detect anomalies.. They will also be able
to explain how they make their decisions. They will be able to provide doctors with the information
they need to make diagnoses and create effective treatment plans. Medical imaging and medical
knowledge will work together to improve care.

1.2 Owur Contribution

Among the most serious and deadly illnesses requiring quick and accurate diagnosis, brain tumors
are one of the many medical conditions that profit from creative imaging-based diagnosis. A brain
tumor, sometimes called brain cancer, results from a mass that forms when a group of brain cells
starts to grow out of control. Malignant (cancerous) and benign (non-cancerous) are the two primary
kinds of tumors[1]. From sluggish-growing benign tumors like meningiomas and pituitary adenomas
to highly aggressive malignant tumors like Glioblastoma Multiforme (GBM )—one of the most deadly
kinds of human cancer with a median survival of under 15 months following diagnosis—brain tumors
are categorized by their cellular origin, placement, and aggressiveness.

Because of its superb soft-tissue contrast, non-invasive nature, and capacity to collect elaborate

U.C. Illizi 2026 15



Chapter 1. General Introduction

three-dimensional images of brain anatomy without the need of ionizing radiation, Magnetic Reso-
nance Imaging (MRI) is widely acknowledged as the gold standard technique for the detection and
characterization of brain tumors. Still, it is a very difficult clinical assignment to accurately interpret
brain MRI scans, necessitating expertise in radiology and neurology that is not consistently accessible
throughout healthcare systems, especially in resource-constrained contexts and emerging countries.

Our study is carried out in this medical and scientific context. This paper presents a hybrid
intelligent system for finding brain tumors from MRI pictures that works on the Symbiotic Al prin-
ciple. Two mutually reinforcing and complementary elements define our approach. A Convolutional
Neural Network (CNN) trained on a sizable dataset of labeled brain MRI images executes the visual
detection task, deciding whether a specific scan shows symptoms of a brain tumor. The second is a
brain tumor domain ontology formalized with OWL and enhanced with SWRL inference rules. It in-
terprets the CNN result and adds organized medical information, including tumor type, malignancy
grade, symptoms, MRI findings, recommended treatment protocols, and diagnosis confidence.

By combining ontological reasoning with deep visual learning, our method goes beyond simple
binary classification and creates a complete, understandable, and knowledge-based diagnostic report.
It supports both the accuracy requirements of automatic detection and the interpretability require-
ments of clinical adoption, giving doctors a clear diagnostic explanation instead of only a binary
prediction.

1.3 Dissertation Structure

This manuscript is structured into five chapters followed by a general conclusion.

1.3.1 Chapter 1: Ontology and Semantic Knowledge Representation:

This chapter introduces the fundamental concepts of ontologies and semantic web technologies. We
present the key languages and standards used in our work, including OWL, RDF, SPARQL, and
SWRL, and we discuss the role of ontologies in the medical domain with particular focus on brain
tumor knowledge modeling and representation.

1.3.2 Chapter 2: Anomaly Detection Using Artificial Intelligence:

This chapter covers the theoretical foundations of Al-based detection methods applied to medical
imaging. We present deep learning architectures, particularly Convolutional Neural Networks, their
application to brain MRI analysis, and the interpretability problem of black-box models, introducing
the concept of explainable and hybrid artificial intelligence systems.

1.3.3 Chapter 3: Related Work:

This chapter presents a critical and structured review of existing works that combine knowledge
representation with artificial intelligence for medical imaging analysis and anomaly detection. We
examine hybrid approaches integrating ontologies, knowledge graphs, symbolic reasoning, and ma-
chine learning, and we position our work with respect to the existing literature.

U.C. Illizi 2026 16
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1.3.4 Chapter 4: Proposed Model:

This chapter presents in detail our proposed hybrid system. We describe the architecture of the CNN
model, the design of the brain tumor OWL ontology, the SWRL reasoning rules, and the integration
mechanism between both components, along with the implementation tools and technologies used.

1.3.5 Chapter 5: Results and Discussion:

This chapter presents and analyzes the experimental results obtained by our system, evaluating
both the CNN model performance and the ontological reasoning output. We discuss the strengths,
limitations, and clinical relevance of our approach and compare our results with related existing
works.

The memoir ends with a general conclusion that summarizes our contributions, discusses the
limitations of the proposed system, and outlines future research directions toward more complete
and clinically deployable intelligent diagnostic tools.

U.C. Illizi 2026 17
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Chapter 2. Ontology Design and Knowledge Representation

2.1 Introduction to Ontologies:

2.1.1 what is ontology?

Ontology is a branch of philosophy concerned with the nature of existence and the classification of
entities in the world. In computer science and knowledge representation, an ontology is a formal and
structured model that defines the concepts of a domain and the relationships between them.

An ontology consists of key components such as classes, individuals (instances), attributes, rela-
tions, restrictions, rules, and axioms. These elements enable the organization, sharing, reuse, and
reasoning of knowledge within a specific domain.

Ontologies play a fundamental role in knowledge graphs, where entities are represented as nodes
and their relationships as edges. By providing a clear conceptual structure and semantic meaning,
ontologies support the effective representation, management, integration, and inference of knowledge,
allowing systems to generate new information through automated reasoning[2][3].

Concept
L ]

Concept ;

Ontologies do not only introduce a
sharable and reusable knowledge
representation, but can also add new
knowledge about the domain.

instances of objects

3 ®
10\0 rules
§O“/ ’
. ‘es
attrioY
®
axioms
®

Figure 2.1: What Are Ontologies
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Chapter 2. Ontology Design and Knowledge Representation

2.1.2 purpose of ontologies in AI and medical domains:

Ontologies have become an essential technology of modern healthcare applications, facilitating the
semantic modeling and organization of medical knowledge. Integrating with Al systems aids in
healthcare data exchange and understanding improving diagnosis, clinical decision-making, and per-
sonalized treatment strategies[4].

The heterogeneity and fragmentation of medical data, as well as the lack of standards for unified
semantics, represents one major challenge in healthcare IS. To address these challenges, ontologies
provide a formal representation of the concepts, attributes and relationships within a domain to
improve semantic consistency and interoperability between heterogeneous systems|[5].

Ontology-based approaches also provide intelligent reasoning mechanisms to derive new knowl-
edge from existing information. This enables more efficient processing of complex clinical schema,
genomic and phenotypic data by Al-driven healthcare applications as the framework provides a means
to organize clinical knowledge for sustainable knowledge discovery as well provide better assistance
in devices that require medical analyses and decision support systems[6][7].

2.1.3 Role of ontologies in knowledge representation and reasoning:

Ontologies are the semantic basis of KR-R because they provide a human- and machine-readable
account of a domain in a structured way. An ontology specifies concepts, properties and logical
relations between concepts; in this way it allows artificial intelligence systems to interpret contextual
information, share knowledge easily, and infer new facts using reasoning mechanisms|[8].

2.2 OWL (Web Ontology Language)

2.2.1 Overview of OWL

The Web Ontology Language (OWL) is a more specific semantic knowledge representation languages
that can be used to develop ontologies and describe their vocabularies. An ontology is a formal
specification of a set of concepts or categories within a domain and the relationships between those
concepts. In this perspective, classes are entities or objects while properties define what happens to
these entities and how the entities relate with each other.

Malone OWL is based on formal semantics, which means it provides a mechanism for machines
to understand and reason about knowledge in the same consistent way. It is based on the Resource
Description Framework (RDF), a W3C standard for representing semantic data or media-type-neutral
web-based metadata. OWL has become a key feature in academic research, health care applications,
and commercial systems because it is designed to support semantic interoperability and automated
reasoning[9].

OWL is a W3C ontology language that builds on description logic, offering more modelling capa-
bilities than RDF'S but typically represented and exchanged in RDF /XML syntax. Since OWL allows
to express ontologies with different levels of complexity and reasoning requirements, the language is
partitioned into three primary sublanguages:

« OWL Lite (basic classification structures and constraints):Used for simple classification hier-
archies of which constraints are only supported as values from e.g., 0 or 1.

« OWL DL:More expressive, but retains computational completeness and decidability. And it
enforces constraints like disjoint classes, individuals, and properties.
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o« OWL Full:Full support for RDF and RDFS compatibility, the most expressive version of OWL.
Although it is a highly flexible language, its expressiveness comes at the cost of reasoning performance
and does not completely ensure decidability for ontology processing[10].

Figure 2.2: The Layers of OWL

2.2.2 Key components:

Core aspects of an OWL ontology comprise multiple interconnected components that together char-
acterize a particular domain’s knowledge structure and semantics.

Classes: the features that classify groups or types of entities, like Brain_Tumor_Type or Brain_
Tumour_Diagnosis2.3. They can have a hierarchical ordering in the form of relations like rdfs:
subClass0f. Besides this, OWL also specify some built-in classes as owl:Thing, which encompasses
all individuals and class owl:Nothing—a class that does not have any instances.

Instances: also referred to as individuals, represent particular objects that type the class. For
instance, a biopsy can be modeled as an example of the Brain Tumour Treatment class.

Properties: denotes relation and properties of entities. There are some kinds of these:

« Object properties: which relate one individual to another individual; for example, hasCausedBy.

« Datatype Properties: properties that link individuals with values of datatypes such as numbers
and strings, e.g., has_.ICDO-3_Code.
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Annotation Properties: Serve as descriptive metadata, such as labels, comments or documenta-
tion.

Axioms: they specify the logical constraints and relationships between ontology components.
These include class axioms such as equivalence and disjointness, as well as property characteristics
such as symmetry, transitivity, and functionality.

In addition, OWL enables expressions through ”Restrictions” which permits the application of
constraints on how properties are used by limiting them through cardinality or value quantification
using constructs like ‘owl:allValuesFrom'.

syntaxes:There are different syntaxes for writing OWL based on of the use cases. Common
formats include RDF /XML that enables better machine processing and interoperability, Manchester
Syntax which increases human readability of the model, and Turtle — format compatible with semantic
databases/triplestores[11][12].

Highergrade_m:
lignance:

Highess grade_m
aigrancies

Figure 2.3: Brain Tumour Ontology Hierarchy

2.2.3 Why OWL for medical knowledge representation?:

Recently, the Web Ontology Language (OWL) has been rising to one of the most essential standards
for medical knowledge representation as it formally encodes complex biomedical information in a
way that is machine-readable and semantically rich. OWL is based on semantic web technologies,
allowing healthcare systems and Al solutions to efficiently and accurately represent, organize, and
reason over medical knowledge.

Automated Reasoning and Clinical Intelligence:

A benefit of OWL is support for automated logical reasoning via Description Logics. Some examples
of queries that can be performed over OWL representations would be: inference about existing
data, such as discovering potential drug interactions, recognizing inconsistencies in patient records
or supporting the diagnosis of rare diseases based on symptoms and clinical findings. This, in turn,
improves the semantic reasoning and inferencing capabilities of healthcare decision-support systems.
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Semantic Interoperability in Healthcare:

Commonly, healthcare environments are composed of heterogeneous systems and fragmented medical
data. The aforementioned issues regarding interoperability can be solved by OWL, which is [|, a
knowledge representation language that gives one of the most standardized semantics acknowledged
by W3C. OWL allows IT systems—including Electronic Health Records (EHRs)—from different
healthcare institutions to exchange and interpret information in a consistent and computable manner
through this standardization. At the same time, it also provides support for integrating with major
existing medical terminologies and classification, e.g. SNOMED CT and ICD-10.

Rich Representation of Medical Knowledge:

Unlike traditional databases or spreadsheets that can represent data, OWL represents semantics by
allowing relationships and logical constraints between entities such as medical items. This enables
modeling of relationships between disease causes and anatomical structures, symptoms, treatments,
drug interactions, etc. Furthermore, OWL enables the expression of constraints and axioms for better
data integrity and semantic accuracy in health care knowledge repositories.

Partial /Partial Clinical Records Across Time:

Despite continuous scientific advances, medical knowledge is always changing, and patient histories
can be more often incomplete. OWL works according to its underlying assumption called Open-
World Assumption and therefore, information that is hidden here can be neither true nor false.
This is particularly important in medicine, where incorrect conclusions should not be drawn from
incomplete patient records. In addition, OWL ontologies are modular and scalable, which makes it
straightforward for healthcare systems to incorporate new solutions discovered, treatment guidelines
generated or biomedicine research undertaken without having to redesign the complete knowledge
structure[13] [14] [15] [16] [17] [18] [9].

OWL and AI-Based Medical Applications:

OWL has an extremely important role in modern Al-driven healthcare systems and Knowledge
Graph (KG) applications. However, interpretability, reliability, personalization and context-aware
reasoning are necessary for AT models in medicine to safely assist clinicians[19]. OWL-based KGs
provide semantics for aligning heterogeneous medical data with clinically meaningful and logically
consistent representations.

OWL-enhanced Al systems are able to produce predictions with a greater degree of reliability
and explainability through the combination of symbolic reasoning and increasingly sophisticated
machine learning techniques. This integration is important in oncology and personalized medicine
where treatment recommendations are based on the genetics of the patient and presence of vari-
ous comorbidities[19]. Moreover, OWL-based frameworks ensure greater adaptability, allowing for
continuous update of medical knowledge and change of protocols in clinical practice by Al systems.

Real-World Applications:
Some of the health care applications that are built on OWL-based medical ontologies are:

o Clinical Decision Support Systems (CDSS) (all disambiguations with a clear focus to continue
citation and the meaning of supported systems respectively)
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o Biomedical research and drug discovery.

o Personalized medicine.

« Semantic interoperability among healthcare platforms.

o Al and LLMs based on ground truth in verified medicine.

 Predictive systems in oncology and disease diagnosis based on Knowledge Graph[19].

These features make OWL a robust and versatile technology for representing and reasoning com-
plex medical knowledge in intelligent health care systems.

2.3 Brain Tumour Ontology Structure:

2.3.1 Ontology description used in this project:

The ontology used in this project is a web ontology language (OWL)-based brain tumor domain
ontology[20], representing each of the above-mentioned B-table attributes formalized using Protégé
editor. It is the knowledge base that lives in a structured and formal manner regarding brain tumors
in this medical domain such that there is an encoded conceptual model of the domain which is both
shared and machine-readable.

Our ontology consists of some main brain tumor types like Glioblastoma, Astrocytoma, Menin-
gioma and Ependymoma along with other related medical concepts such as symptoms, treatments,
MRI findings, malignancy grades and clinical classifications. These classes are linked sequentially
through a variety of object properties as well as data properties that define the semantic relationship
among medical entities (e.g., relation between a specific tumor type, and its corresponding expected
symptoms, malignancy grade, and recommended treatment protocol).

We further enhance the ontology with a set of SWRL (Semantic Web Rule Language) rules that
support automated reasoning and inferring new medical knowledge from the detection output of
CNN model. Based on this implementation, the ontology is loaded and parsed x Exploring ontology
in SPARQL [6] through Python rdflib library; providing ability to query the contents of the ontology
(Query language: SPARQL) with defined rules, which creates a complete explainable clinical profile
for every analyzed MRI.

2.3.2 Class Hierarchy and Relationships:

The Brain Tumour Ontology The proposed Brain Tumour Ontology is constructed as a hierarchical
structure that shows the principal concepts concerning brain tumours and their semantic relation-
ships. This ontology is a class — subclass model where broad concepts are broken up into more specific
subclasses to guarantee structured knowledge representation and efficient semantic reasoning.

At the top level, several key classes exist in the ontology for tumor types, symptoms and treat-
ments, causes, diagnoses, specialists and institutions. All of the classes pertain to a specific sub-parts
of their brain tumor-related medical domain.

One of the most important components is our tumor type class in the ontology. This can also be
split between primary brain tumours + metastatic brain tumours with carcinomatous meningitis. It
can be further divided into primary brain tumor branches which focuses on different type of cancers
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associated with human health, namely gliomas, meningioma, pituitary tumors, pineal tumors, cysts,
nerve tumors skull-base primary tumours and benign primary tumours as well primitive neuroecto-
dermal tumour (Appendix 1). We also created a lower-level subclass of gliomas that includes one for
each type of malignancy from lowest-grade tumor to highest-grade malignancy.

Object properties are used in the ontology to model semantic relations between entities. Semantic
relations available from tumor type to symptoms or to treatments, causes and specialists include:
"availableDoctor”, "expectedSymptom”, "foaf:expertIn”, "foaf:hasExpert”, "hasCausedBy”, "hasOc-
curs”, "hasSymptoms”. ”identifiedBy” | "isAvailableIn” , "recommendedTreatment” and "treated By”.
These relations allow the ontology to represent medical knowledge in a meaningful and interrelated
manner.

In addition, OWL uses the rdfs:subClassOf property to denote hierarchical relations as inheri-
tance between parent and child classes. The proposed structure enhances semantic interoperability,
automated reasoning, and intelligent querying (using SPARQL and RDFLib) in the proposed system.

2.4 SWRL (Semantic Web Rule Language):

2.4.1 SWRL rules definition and syntax:

The Semantic Web Rule Language (SWRL) is a semantic web language intended to extend the
expressiveness of the Web Ontology Language (OWL), allowing for formal rules that infer knowledge.
OWL 2 adds additional expressiveness to OWL DL or OWL Lite combined with rule-based logic as
defined by the RuleML and Datalog so that semantic systems can infer new knowledge from existing
knowledge in ontology [21].

SWRL augments the reasoning capabilities of ontologies with rule-based inference mechanisms
that are not supported by OWL (OWL is limited to classification). Ontologies in OWL are oriented
more towards how to define classes, properties and relations whereas SWRL can infer further facts

or semantic relationships using logical rules. The rules have the antecedent—consequent format, like
IF-THEN statements[22][23][21].

‘ User Interface & applications |

‘ Trust |
Proof
I Unifying Logic |
ontology: Rules:
s%ien%: OWL RIF
= Crypto
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| Data interchange: RDF ]

[ XML \

URI Unicode

Figure 2.4: Les couches d’architecture du Web sémantique

U.C. Illizi 2026 25



Chapter 2. Ontology Design and Knowledge Representation

A SWRL rule consists of two main components: Antecedent (Body): Represents the conditions
that must be satisfied for the rule to be applied. Consequent (Head): Represents the new knowledge
or relationships inferred once the antecedent conditions are true.

The general syntax of a SWRL rule can be expressed as:

Antecedent — Consequent
or
Body(Atoml, Atom?2, ...) — Head(Atom3, Atom4, ...)

SWRL rules are composed of logical expressions known as atoms. Common atom types include:

o Class Atoms: Define class membership, such as Person(?x), indicating that ?x is an instance of
the class Person.

 Object Property Atoms: Represent relationships between individuals, such as hasParent(7x,7y).

« Data Property Atoms: Associate individuals with literal values, for example hasAge(7x, 7age).

e Built-in Predicates: Provide mathematical, comparison, or string-processing operations, such
as swrlb:greaterThan(?age, 18)[21][22][24][25].

By integrating logical rules with ontologies, SWRL improves semantic reasoning capabilities and
supports intelligent decision-making in domains such as healthcare, biomedical systems, and knowl-
edge graph applications.

2.4.2 How Semantic Web Rule Language extends OWL reasoning?:

The Semantic Web Rule Language (SWRL) extends the reasoning capabilities of the Web Ontology
Language (OWL) by introducing Horn-like logical rules based on “IF-THEN” structures. While
OWL mainly focuses on class hierarchies and semantic relationships using Description Logics, SWRL
enhances ontology reasoning by enabling the inference of new relationships and property values
through rule-based logic. This extension helps overcome some of the expressive limitations of OWL
when dealing with complex semantic interactions between entities[26][27][28][29][30].

How SWRL Extends OWL Expressiveness?:

Rule-Based Inferencing

OWL reasoning is primarily centered on class classification and subclass relationships. In con-
trast, SWRL allows reasoning over variables and individual instances, enabling the deduction of
new semantic relationships from existing ontology data. For example, SWRL can infer an hasUn-
cle relationship by combining multiple object properties and class assertions involving parents and
siblings.

Complex Conditions and Built-In Functions

SWRL supports additional logical operations that are not directly handled by standard OWL
reasoning. It incorporates built-in predicates for mathematical operations, comparisons, string ma-
nipulation, and date processing. These built-ins increase the flexibility of semantic reasoning and
allow ontologies to perform more advanced logical evaluations.

SWRL Syntax Structure

SWRL combines OWL DL semantics with RuleML concepts derived from Datalog. A SWRL rule
is composed of two main parts:

« Antecedent (Body): Represents the conditions that must be satisfied.

 Consequent (Head): Represents the inferred knowledge generated when the conditions are true.
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The general structure of a SWRL rule can be represented as:
Body — Head

This structure enables semantic systems to infer additional knowledge beyond traditional ontology
classification mechanisms.

The Main Limitation ”Undecidability”:

Although SWRL significantly improves ontology expressiveness, combining description logic with
rule-based programming introduces computational complexity. In some cases, reasoning over SWRL
rules becomes undecidable, meaning that a semantic reasoner may not always guarantee termination
or complete inference results for all possible rule configurations.

This limitation arises because SWRL allows more expressive logical constructs than those sup-
ported by standard OWL reasoning alone[21].

Practical Implementations of SWRL:

To address undecidability issues, ontology tools and semantic reasoners adopt several practical strate-
gies for handling SWRL rules.

e DL-Safe Rules: Many systems restrict SWRL variables to explicitly defined individuals al-
ready present in the ontology knowledge base. These restrictions, known as DL-safe rules, help
preserve reasoning decidability while still allowing useful semantic inference capabilities.

e Hybrid Reasoning Approaches: Some ontology platforms, such as Protégé, integrate exter-
nal rule engines like Jess alongside OWL reasoners. In these hybrid architectures, OWL classification
is performed first, followed by SWRL rule execution through external inference engines. This ap-
proach improves reasoning flexibility while maintaining manageable computational performance.

By extending OWL with rule-based semantics, SWRL provides more powerful knowledge repre-
sentation and reasoning capabilities for intelligent systems, particularly in domains such as health-
care, biomedical research, and semantic Al applications.
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2.5 Ontology Reasoning:

2.5.1 What is reasoning in the context of ontologies?:

Reasoning in ontology systems refers to the automatic process of deriving new knowledge from
existing information using logical rules, axioms, and formal semantics. It enables intelligent systems
to analyze relationships between concepts and infer implicit facts that are not directly stated within
the ontology. Through reasoning, machines can interpret data more intelligently, validate knowledge
consistency, and discover hidden semantic relationships automatically2.5[31][32][33].

Ontology-Based Reasoning Pipeline

- 433

OWL Ontology Python Script Reasoning Engine Neodj Database

Examples of Inference

) INSTANCE O @‘ HAS_PARENT INSTANCE_OF

DISJOINT

Figure 2.5: Place de SWRL dans le gateau du WS ...

2.5.2 Types of reasoning:

Reasoning is the mental and logical process by which we use our existing knowledge to arrive at
conclusions, produce explanations or make predictions. Reasoning allows to interpret and analyze
information to solve problems and support decision-making processes. It is used in human intelligence
and artificial intelligence systems. The modes of reasoning are often distinguished into types of logical
reasoning and functional cognitive reasoning processes[34][35][36].
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Core Types of Logical Reasoning:

Deductive Reasoning:

Deductive reasoning follows a top-down approach in which a general rule or premise is applied to
a specific situation in order to derive a logically certain conclusion. If the initial premises are correct,
the resulting conclusion is guaranteed to be true.

Example:

All humans are mortal. Socrates is a human. Therefore, Socrates is mortal.

Inductive Reasoning:

Inductive reasoning adopts a bottom-up approach by analyzing specific observations or examples
to formulate broader generalizations or patterns. Unlike deductive reasoning, inductive conclusions
are probabilistic rather than absolutely certain.

Example:

Every swan observed so far is white. Therefore, all swans are white.

Abductive Reasoning:

Abductive reasoning aims to identify the most plausible explanation for a given observation or
incomplete set of facts. It is commonly used in diagnostic systems, scientific discovery, and medical
decision-making.

Example:

The grass is wet this morning. Therefore, it probably rained overnight[35][36][37][38].

Deductive Reasoning Inductive Reasoning Abductive Reasoning

>
>

General Specific Specific General
Rule Conclusion i Conclusion

Incomplete Best

Prediction

Figure 2.6: Types of Reasoning
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Functional Cognitive Reasoning Processes:

Classification:

Classification is the process of organizing data or concepts into categories according to shared
characteristics, rules, or semantic similarities. In artificial intelligence and ontology systems, classi-
fication helps structure knowledge and identify relationships between entities.

Consistency Checking:

Consistency checking is the process of verifying that information, logical rules, or ontology axioms
do not contradict each other. It ensures the integrity, coherence, and validity of semantic knowledge
bases and reasoning systems.

Inference:

Inference refers to the process of deriving new knowledge or conclusions from existing facts,
observations, or premises. It acts as the fundamental mechanism behind deductive, inductive, and
abductive reasoning processes by enabling systems to infer implicit information[36][39].

Interaction Between Reasoning Processes:

In human cognition and intelligent systems, these reasoning mechanisms work together to support
complex decision making and knowledge discovery tasks. For instance, a system could start by clas-
sifying data into semantic categories, then execute consistency checks to make sure the information
is correct, and finally use inference methods to derive conclusions, identify patterns, or generate
predictions from the data analyzed[39][40][41].

2.5.3 How reasoning supports the yes/no tumour decision:

Reasoning is essential in the medical domain to support diagnostic and treatment decisions, in
particular to determine whether a tumour is malignant or benign and whether medical intervention
is needed. Medical reasoning structures complex clinical information into interpretable decision
processes with evidence-based and clinically explainable conclusions.

Several interdependent components guide clinicians and intelligent diagnostic systems to accurate
medical decisions[42][43][44][45]and the tumour reasoning process is based on them.subsubsection.

1.Reasoning Framework and Chain-of-Thought Analysis:
Medical reasoning does not result in a simple “yes” or “no” output, but rather relies on a structured

analytical process that evaluates patient data step by step.

Evidence Extraction:

The starting point is the search for major clinical indicators such as size, shape, growth rate,
abnormality in imaging, biomarkers, signs, and symptoms in the patient. These findings form the
basis for diagnostic interpretation
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Contextual Justification:

The extracted information is linked to current pathological knowledge and clinical guidelines.
Such contextual analyses enable clinicians and Al systems to provide medically accepted evidence
and semantic relationships to support diagnoses.

2. Diagnostic Reasoning Approaches:
There are two major reasoning strategies commonly used in medical diagnosis to determine the

characteristics of tumours and the treatment decisions

Inductive Reasoning:

Inductive reasoning is a process of looking at data that has been observed in medicine to find
patterns and draw probable conclusions. For example, physicians may infer the likely nature of a
tumour by looking at MRI features, histopathological findings and immunohistochemical markers.

Deductive Reasoning:

Deductive reasoning starts with a set hypothesis and tests the available data on the patient to
support or refute the hypothesis. For example, a clinician might initially assume that a tumour is
benign and then confirm this with laboratory results, imaging findings and clinical evidence.

3. Case-Based Reasoning and Clinical Guidelines:

Accurate medical reasoning requires comparison of the current patient’s case with the medical stan-
dards and the past clinical data.

Guideline-Based Evaluation:

Clinical protocols and medical guidelines are used to determine the most appropriate diagnostic
or therapeutic actions based on standard healthcare practices.

Historical Case Analysis:

Physicians and intelligent systems often analyze the same past patient cases and treatment re-
sults. Comparing imaging findings or pathologic features with previous cases increases confidence in
diagnosis and accuracy in treatment planning.

4. Explainability and Human-in-the-Loop Decision-Making:

In oncology and complex medical cases, explainability is a requirement to build trust in diagnostic
systems. Medical reasoning offers transparent and interpretable decision processes in which all the
inferences, arguments and clinical justifications can be scrutinized.

This transparency allows healthcare specialists e.g. multidisciplinary tumour boards to check the
Al-assisted recommendations, assess their medical plausibility and make collective decisions on the
most suitable diagnosis or treatment strategy for individual patients.
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2.6 Integration with the CNN Model:

2.6.1 How the ontology reasoning layer receives CNN predictions?:

Probabilistic outputs of convolutional neural networks (CNNs) can be used in ontology reasoning
systems by converting them into semantic representations understood by ontology reasoners such as
OWL and RDF[46][47].

The integration process usually includes three main stages:

1. Prediction Extraction:

Probability scores are calculated by the final layers of the CNN which indicate the confidence level
of each detected class or feature in an image.

2. Semantic Mapping:

The probabilistic outputs are converted to symbolic ontology concepts by:
« Employing confidence thresholds.
« Ontology class and property mapping predictions.
« Semantic representation of the detected features such as RDF.

3. Assertion and Reasoning:

The semantic predictions are added to the ontology as ABox assertions. These assertions are then
processed by the ontology reasoners like Pellet or HermiT together with the rules and axioms of the
ontology (TBox) to infer new knowledge and to check the classifications.

This integration allows intelligent systems to fuse the image recognition capabilities of deep
learning with the semantic reasoning for more explainable and knowledge-driven decision making.

2.6.2 The individual creation process (one individual per MRI image):

The individual creation process in MRI is to identify and isolate one object, organ or tissue in medical
imaging data. This approach is commonly used in applications such as organ segmentation, tumour
analysis and object tracking.

The Technical Process:
1. Volume Acquisition:

The image data from the MRI scanners is a 3D image data, which is reconstructed to image slices
with mathematical techniques, e.g., the Fourier transform.

Segmentation:

Image processing techniques are applied to separate the target region from surrounding tissues
and background structures.
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3. Clustering and Mapping:

Algorithms such as k-means clustering assign a unique label or identifier to each detected object
or feature.

4. Volume and Spatial Analysis:

After segmentation, the isolated object can be analyzed in terms of volume, dimensions, and
spatial position.

This process enables each tissue or anatomical structure to be represented and tracked as an
independent entity within the medical imaging dataset[48][49][50][51].

2.6.3 How SWRL rules refine the CNN output into a validated final
decision?:

The SWRL rules improve the CNN predictions by providing a semantic reasoning layer based on
ontology knowledge. CNN models offer probabilistic classification. SWRL uses logical rules and
domain constraints to check and improve these predictions.

1. Semantic Mapping:

CNN outputs are converted into OWL ontology concepts such as classes, individuals and properties,
so that the prediction results can be understood semantically by the ontology systems.

2. Rule Definition:

SWRL rules specify logical "IF-THEN” relationships between concepts in the ontology and contextual
information to validate CNN classifications.

3. Reasoning and Validation:

Ontology reasoners such as Pellet and HermiT check the asserted assertions against the ontology
axioms and SWRL rules in order to find inconsistencies and verify the results.

4. Decision Refinement:

The reasoning engine produces a final decision that is mathematically and logically validated by:

e Confirming: If all SWRL constraints are satisfied, the CNN’s classification is promoted to a
validated, trusted decision.

o Overriding/Correcting: If the CNN classification contradicts a SWRL rule, the reasoner adjusts
or flags the decision based on the strict logical truth.

o Inferring new data: The engine can deduce complex, multi-step conclusions that the CNN was
not directly trained to detect, such as concluding fault in a vehicle accident or calculating a specific
treatment regimen

This hybrid approach combines deep learning with semantic reasoning to produce more accurate
and explainable decisions|52][53][54].
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2.6.4 Advantages of combining deep learning with semantic reasoning:
Semantic reasoning-based deep learning leads to hybrid Al systems that combine data-driven learning
with rule-based knowledge representation.

1. Improved Explainability:

Semantic reasoning improves the transparency of Al decisions by linking predictions to logical rules
and ontology knowledge, thus alleviating the “black box” phenomenon in deep learning models.

2. Reduced Data Requirements:

Ontologies and knowledge graphs can provide pre-defined domain knowledge, which can reduce the
amount of training data needed for deep learning models.

3. Error Reduction:

Semantic rules are useful for identifying and fixing inconsistent or illogical predictions produced by
neural networks, thus improving the reliability of decisions.

4. Contextual Understanding:

Semantic reasoning allows Al systems to learn the relationships between concepts, infer new knowl-
edge and process contextual information more efficiently.

5. Continuous Knowledge Updating:

Semantic knowledge bases can be extended by adding new rules or facts, without re-training the
whole neural network model[55][56][57].
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3.1 Introduction:

Artificial Intelligence (AI) is now a game-changing technology that can analyze large amounts of data
and automatically identify patterns, objects, anomalies or events that may be difficult for humans
to identify. Al-based detection systems use machine learning and deep learning algorithms that can
learn from historical data and improve their performance over time with experience. Such systems can
detect complex patterns, classify information and recognize abnormal behavior with high accuracy
and efficiency.

Anomaly detection is one of the core capabilities of Al detection. It is the process of finding
observations or data points that are different from the normal behavior. Al models learn the char-
acteristics of normal patterns and are able to automatically detect unusual events that may indicate
medical abnormalities, security threats, equipment failures, or fraudulent activities. The ability to
do so means an organization can react faster and more efficiently to critical situations.

Al-based detection technologies are used in many fields, including medical imaging, computer
vision, cybersecurity, fraud detection, and industrial monitoring. Deep learning models such as
Convolutional Neural Networks (CNN) have been used extensively in healthcare for medical image
processing for disease detection and diagnosis. In the field of cybersecurity, Al systems are constantly
scanning network activity and identifying malicious behaviors, anomalies, and new threats in real
time.

Al detection systems have seen significant improvement in performance thanks to the increasing
availability of large datasets, as well as advances in computational power and machine learning
techniques. So, Al-based detection is now a must-have element for modern intelligent systems,
offering better accuracy, faster decisions, less human workload, and better support for complex
analytical tasks[58][59][60][61][62][63].

3.2 Artificial Intelligence in Medical Imaging:

3.2.1 From Traditional Methods to Deep Learning:

Traditional medical image analysis was based on the handcrafted feature extraction techniques such
as edge detection, texture analysis and image segmentation followed by machine learning classifiers
such as Support Vector Machines (SVM) and Decision Trees. However, these methods result in
satisfactory results at the expense of heavy reliance on expert designed features and generalization
robustness over datasets.

Deep learning has transformed medical image analysis by allowing automatic feature extraction
directly from raw images. In particular, Convolutional Neural Networks (CNNs) have achieved great
success on such tasks as image classification, detection and segmentation. Deep learning models have
gained significant accuracy improvement through learning hierarchical representations from data, and
have become the dominant approach in modern computer-aided diagnosis systems[64][65].

3.2.2 Why CNNs for MRI Analysis:

The Convolutional Neural Networks (CNNs) have emerged as the most popular deep learning archi-
tecture for MRI analysis due to their ability to learn meaningful features automatically from medical
images. Traditional machine learning methods rely on hand-crafted features designed by experts,
while CNNs learn image characteristics of interest from the training data. This ability reduces the
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need for manual feature engineering and enables the model to learn complex patterns that may be
difficult for human observers to identify.

MRI images are rich in spatial and structural information which is very important for the detection
of abnormalities such as brain tumors. CNNs are particularly well suited to analyze such data as their
convolutional layers can capture local patterns, textures, edges and shapes while preserving spatial
relationships between neighboring pixels. With increasing network depth, it learns more abstract
representations to help distinguish between healthy and abnormal tissues.

CNNs are also good at dealing with large and complex imaging datasets in an efficient manner.
Other techniques such as pooling and parameter sharing reduce the computational complexity of
CNNs while maintaining high predictive performance. The robustness and high accuracy have led
to significant improvements in medical image classification, detection and segmentation tasks.

CNNs have thus become a fundamental part of modern computer-aided diagnosis systems and can
provide reliable support to clinicians in the detection of diseases, treatment planning, and medical
decision-making[64][65].

3.3 Brain Tumour Detection with CNNs:

Medical image analysis for detection of brain tumour is one of the most widely adopted approaches
using Convolutional Neural Networks (CNNs). CNNs can automatically learn relevant features from
MRI images, thus identifying tumour-related patterns without the need for manual feature extraction.
CNNs can distinguish normal from tumour-affected tissues with accuracy by analyzing spatial and
structural information in brain scans.

The high accuracy, efficiency and capability of CNNs to process large datasets has made it an
effective tool for supporting early diagnosis and clinical decision making in brain tumour detection .

3.3.1 Binary Detection vs. Multi-Class Classification:

Deep learning models can be used for binary detection or multi-class classification in brain tumour
analysis . Binary detection classifies an MRI image as having or not having a tumour, resulting in
two possible outcomes. However, the multi-class classification considers the specific type of tumour,
i.e. glioma, meningioma or pituitary tumour.[66][67].
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Table 3.1: Binary and Multi-Class Classification Differences

Feature[67][68][65] Binary Detection Multi-Class Classification
Number of Classes Exactly two (e.g., Classy or Three or more (e.g., Classa, Classp, or
Classc).
Classp).

Random Forest, Naive Bayes, Decision Trees,

Common Algorithms Logistic Regression, Support Neural Networks.

Vector Machines (SVM), Per-

ceptrons.
ft functi tput bability f
Output Activation Sigmoid function (outputs a S;)chn(l:?;(ssuzlclgilirgoutc?li)s & probabitily fot
single probability between 0 ’ & '
and 1)
Hioh: . stineuishi ltinl
Complexity Low: requires setting one igh; regulrejs distinguishing between multiple
. boundaries simultaneously.
decision boundary.
Evaluation Metrics Precision, Recall, F1-Score, Macro/Micro Precision, Confusion Matrix.
ROC-AUC.

3.3.2 Transfer Learning Strategies (VGG16, ResNet, DenseNet):

Transfer learning applies knowledge from large datasets like ImageNet to new tasks, saving training
time and increasing performance. The selection of the strategy depends on the architecture of the
pre-trained mode[69][70].

VGG16 (Visual Geometry Group):

VGG16 is a deep convolutional network with sequential (3 x 3) convolutional layers. It features a
simple architecture that makes it easy to implement, but it has a large number of parameters.[71][72].
o Best Strategy — Fine-tuning Deeper Layer: The early convolutional layers are usually frozen
because they extract generic visual features such as edges and textures. The higher layers are then
fine-tuned to learn task specific patterns from the target dataset.
o Best Use Case: Suitable for image classification tasks with a relatively small dataset and
visually distinguishable patterns.

ResNet (Residual Network):

ResNet adds residual connections to skip some layers so that very deep networks can be trained
without the vanishing gradient problem[73].

« Best Strategy — Feature Extraction and Gradual Unfreezing: Initially, the pre-trained network
is used as a feature extractor by freezing its layers and training a new classification head. Then, the
selected top layers can be gradually unfrozen and fine-tuned with a small learning rate.

e Best Use Case: Most suited for complex image classification tasks where deeper feature repre-
sentations and better training stability are required.

DenseNet (Densely Connected Network):

DenseNet, where each layer is directly connected to all subsequent layers, facilitates feature reuse
and efficient information flow across the network[74].
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o Best Strategy — Global Fine-Tuning Due to the shared features among the whole network,
DenseNet generally enjoys the fine-tuning of most or all layers with a small learning rate.

e Best Use Case: Especially useful in medical imaging and other situations with limited data,
where good reuse of features can enhance performance and generalization.

3.3.3 Data Augmentation and Preprocessing for MRI:

Data augmentation and pre-processing are important steps in preparing MRI images for deep learning
models .
They enhance the quality of images, minimize variability, and aid model performance.[75][76]

Data Preprocessing:

MRI data is very heterogeneous with respect to scanner vendors, acquisition protocols and patient
motion. Preprocessing homogenizes the data within and between subjects [77].

« Skull Stripping (Brain Extraction): Removes non-brain tissues (skull, scalp and fat) so the
model can focus on the brain.

 Registration/Alignment: Register multi-modal MRI scans (T1, T2, FLAIR) to a standard
stereotaxic space (e.g., MNI template) or into a common coordinate system to create a voxel-to-
voxel correspondence

 Bias Field Correction (N4/N3): Corrects low frequency smooth intensity variations in the
image due to magnetic field inhomogeneities.

o Intensity Normalization: Since the pixel values in MRI do not have an absolute physical
meaning (e.g., Hounsfield units in CT), the intensity ranges are scaled to a standard mean and
standard deviation (e.g., z-score normalization) or clipped between [0, 1].

» Resampling: Scales all voxel sizes and matrix sizes in the dataset to be the same, for a consistent
spatial resolution.

Data Augmentation:

Because of the small size and class imbalance of annotated MRI datasets augmentation is used to
artificially increase the size and diversity of the training data. This helps the model learn spatial
and intensity invariances[75][78].

 Spatial Transforms: Random rotations, translations, scaling, flip horizontal/vertical. Elastic
deformations are important for tumor segmentation, because lesions rarely have uniform shapes.

o Intensity / Luminance Variations : Varying brightness / contrast , or adding Gaussian noise
to simulate the grainy nature of the real world scans .

o Artifact Simulation: TorchIO and other specialized libraries simulate MRI-specific artifacts
(e.g., ghosting, i.e., displaced structures, spiking, localized blurring)

« Generative Models: Use of Generative Adversarial Networks (GANs) and latent diffusion frame-
works to generate novel 3D MRI volumes, and augment underrepresented pathology classes (e.g., rare
tumors).

3.3.4 Evaluation Metrics in Medical Image Classification:

Medical image classification requires specialized evaluation metrics beyond conventional accuracy
because of extreme class imbalance (e.g., rare diseases) and the high clinical cost of misdiagnoses.
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The most reliable evaluations combine threshold-based metrics (such as Sensitivity) with threshold-
independent measures (such as AUROC) to ensure safe and clinically viable diagnostic AI[79][80].

Confusion Matrix Fundamentals:

The confusion matrix is the basis of classification evaluation, which compares predicted labels of a
model with clinical ground truth labels[79][80]. It produces four core outcomes:

It has four main outcomes:

 True Positives (TP): The model correctly predicts the presence of a condition.

 True Negatives (TN): Model correctly identifies no presence of a condition.

o False Positives (FP): Model mistakenly identifies a healthy scan with a condition.

o False Negatives (FN): Model incorrectly misses a condition in an unhealthy scan [81].

Threshold-Based Metrics:

These metrics rely on a fixed classification threshold (typically 0.5) and are derived directly from the
confusion matrix.

« Sensitivity (Recall or True Positive Rate):Sensitivity = TPZ%

Clinical Importance: Measures the model’s ability to detect all positive cases. Critical in screening
scenarios where missing a disease (False Negative) is life-threatening.

o Specificity (True Negative Rate):Specificity = TNT JJFVFP

Clinical Importance: Measures the model’s ability to correctly identify healthy individuals. Cru-
cial to avoid unnecessary follow-up procedures or treatments caused by False Positives.

« Precision (Positive Predictive Value):Precision = Y?EriPFP
Clinical Importance: The probability that a positive prediction is truly correct.
o Accuracy:Accuracy = 75 +§:§L€g PN

Limitation: Highly misleading in medicine. If a dataset is 99% healthy patients, a model that
simply predicts "healthy” every time achieves 99% accuracy but provides zero clinical value.

+ FL-Score:F1-Score = 2 x Frecbion- sty

Clinical Importance: The harmonic mean of precision and recall. Useful when you need to balance

both metrics in imbalanced datasets.

o Matthews Correlation Coefficient (MCC):MCC = IPXTN_FPXFN
\/(TP+FP)(TP+FN)(TN+FP)(TN+FN)

Clinical Importance: Considered one of the most robust and reliable single scores, as it takes all
four quadrants of the confusion matrix into account.

Threshold-Independent Metrics:

These metrics measure the performance of the model at all possible probability thresholds as medical
decisions are often made by changing the risk thresholds to be more sensitive or more specific.

o AUROC (Area Under the Receiver Operating Characteristic): Interpretation: Draw True
Positive Rate against False Positive Rate. If the classifier is perfect, the AUROC is 1.0 and 0.5
means random guessing . It quantifies the overall discrimination ability of the model between classes,
regardless of the operating point.

o AUPRC (Area Under Precision-Recall Curve)Interpretation: Frequently more informative than
AUROC for heavily skewed medical datasets because it heavily weights the positive class and avoids
the overly optimistic inflation that results from huge numbers of true negatives .
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Guidelines for Application:

When assessing an algorithmic model for clinical deployment, always evaluate using a combination
of metrics rather than a single score:

« Prioritize Sensitivity /Specificity tailored to the clinical workflow. (e.g., Cancer screening re-
quires near-100% sensitivity).

» Never report Accuracy alone for classification tasks.

o Use AUROC and AUPRC to measure the inherent discriminatory power of your algorithm
before finalizing a clinical decision threshold.

o Patient Safety and Clinical Accountability: Clinicians remain responsible for diagnosis and
treatment decisions. Explainable Al allows them to verify and validate Al-generated recommenda-
tions before applying them in practice.

» Bias Detection and Fairness: Transparent Al systems help identify potential biases in training
data and ensure that predictions are fair across different patient populations.

3.4 Limitations of Pure CNN Approaches:

Pure CNN approaches are fundamentally limited by their reliance on local receptive fields and pooling
operations, which prioritize local textures over global context. This causes them to struggle with
spatial relationships, long-range dependencies, and structural understanding, while requiring massive
amounts of data and compute to overcome overfitting.

3.4.1 Black-Box Problem:

The black-box problem in Convolutional Neural Networks (CNNs) refers to the inability to interpret
the internal reasoning behind the model’s decisions. While highly accurate at extracting features
like edges, textures, and shapes, the millions of interconnected weights in hidden layers make it
impossible to explicitly map out how an output is achieved[82].

Key Limitations Caused by the Black-Box Problem:[83]

o Trust and Adoption: In mission-critical sectors such as healthcare, aviation, and finance, stake-
holders and users are hesitant to rely on Al recommendations if the system cannot justify its outputs.

o Safety and Debugging: When a pure CNN fails or makes a misclassification, it is incredibly
difficult to trace exactly why the error occurred. This makes troubleshooting, error correction, and
ensuring robustness nearly impossible.

« Bias and Fairness: Opaque networks can silently adopt and amplify biases hidden within their
training data. Without transparency, it is hard to verify the fairness or impartiality of the model’s
choices.

o Regulatory and Legal Hurdles: Frameworks like the EU’s GDPR mandate a "right to explana-
tion,” making uninterpretable models non-compliant in scenarios that significantly impact individu-
als.

Current Approaches to Overcome the Limitation:[84]

Researchers are actively developing Explainable AT (XAI) techniques to open the black box. Common
methods include:
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« Saliency Maps (e.g., Grad-CAM): Visual overlays that highlight specific regions or "hot zones”
in an image that most strongly influenced the CNN’s prediction.

 Feature Attribution (e.g., SHAP, LIME): Mathematical methods used to estimate the impact
of each individual pixel or feature on the final output.

o Inherently Interpretable Architectures: Designing models that use rule-based logic, decision
trees, or concept bottleneck representations rather than purely abstract deep features.
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Figure 3.1: Black-box problem in pure CNN approaches
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3.4.2 Absence of Clinical Context in Predictions:

Many Al-based predictive models generate results solely from input data, such as medical images,
without considering important clinical information like patient symptoms, medical history, or lab-
oratory findings. Although these models can achieve high accuracy, their predictions may lack the
clinical context needed for informed medical decision-making. This limitation highlights the need to
integrate medical knowledge and reasoning mechanisms to improve the interpretability and reliability
of Al-assisted diagnosis[85].

Why Clinical Context Matters?:

o Static vs. Dynamic Reality: Clinical practice is an iterative loop. Physicians adjust treatments
based on real-time responses, whereas most models view patient trajectories as static, one-way
processes[86].

 Missing Data can be ”"Informative”: In electronic health records (EHRs), data gaps often occur
intentionally because a clinician deemed a test unnecessary for a stable patient. Algorithms that
simply interpret missing values as "abnormal” or "zero” can generate skewed risk scores[87].

e The Self-Fulfilling Prophecy: Historical datasets often reflect the biases of previous clinicians
(e.g., opting for less aggressive care for older patients). If a model learns from these flawed historical
outcomes, it risks reinforcing or automating those biases[88].

The Consequences:

Relying solely on mathematical predictions without context leads to tangible risks in healthcare
delivery:

o Decision Fatigue: Clinicians frequently face "alert fatigue” when models generate excessive
false positives or fail to provide a calibrated sense of case-level uncertainty|[89].

« Protocolized Oversimplification: Risk categorizations (e.g., low, medium, or high risk) can
force undesirable behaviors. Doctors or nurses might treat patients differently based on arbitrary
thresholds rather than assessing the holistic picture[90].

o Overgeneralization: Models trained on specific demographic groups or heavily resourced hos-
pital systems frequently fail to generalize when applied to broader, diverse patient populations or
different clinical settings.

Moving Toward Context-Aware Al:

To bridge the gap between ”statistical accuracy” and ”clinical utility,” the medical and Al research
communities are increasingly focused on the following advancements:

 Large Language Models (LLMs): Rather than relying only on structured fields like lab results,
modern approaches are integrating LLMs to read unstructured clinical notes—often the richest source
of subjective patient history—to grasp nuanced contextual variables[89].

o Continuous Risk Evaluation: Researchers advocate for retaining continuous predicted risks
rather than grouping patients into strict, rigid categories, allowing healthcare providers to apply
their own contextual judgment alongside the model[90].

o« TRIPOD Guidelines: To ensure models are transparently developed and validated before
clinical deployment, researchers follow established reporting checklists like TRIPOD (Transparent
Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis)[91].
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3.5 Conclusion:

Artificial Intelligence has made a huge impact on detection systems by providing the ability to
automatically identify patterns, anomalies and objects in different fields. AI based models can
process large amount of data efficiently and can also achieve high level of accuracy through machine
learning and deep learning techniques. Al systems like Convolutional Neural Networks (CNNs) have
delivered remarkable performance in medical imaging, particularly for brain tumor detection, by
analyzing MRI scans and assisting in clinical diagnosis.

Despite these developments, key challenges persist including poor interpretability and absence
of clinical context. Therefore, the combination of AT models with domain knowledge and semantic
reasoning approaches can increase the reliability and transparency of predictions. As research pro-
gresses, the role of Al-based detection systems will become increasingly important in improving the
decision process and supporting professionals in healthcare and other application areas.
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The ever-increasing availability of medical imaging data and developments in Artificial Intelligence
(AI) have attracted considerable attention from researchers for brain tumor detection and diagnosis.
In the last decade, several studies have been dedicated to the development of automated systems to
help clinicians in the detection, classification and analysis of brain tumors from MRI images. The
objective of these systems is to improve the diagnostic accuracy, reduce analysis time and support
clinical decision making.

The early work mainly focused on traditional machine learning techniques combined with hand-
crafted feature extraction methods. However, the advent of deep learning especially Convolutional
Neural Networks (CNNs) has significantly improved the performance of medical image analysis sys-
tems. CNN-based approaches have been proven to have high accuracy in tumor-related pattern
identification and have become the dominant methodology for brain tumor detection and classifica-
tion.

Also, ontologies-based systems have been developed to encode medical knowledge in a structured
and machine-readable form. These systems encode semantic relations among diseases, symptoms,
diagnostic procedures and treatments, thus providing reasoning capabilities that support medical
decision-making and improve interpretability of diagnostic results.

Some recent researchers have investigated hybrid approaches that combine the predictive power of
deep learning models and the explainability and reasoning of medical ontologies. These systems aim
to overcome the limitations of purely data-driven models by integrating clinical knowledge into the
diagnostic process. The combination improves transparency, allows context-aware decision-making,
and delivers more trustworthy and clinically relevant results.

The next section is devoted to a review of the most relevant studies related to CNN based
brain tumor detection, ontology based medical decision support, and hybrid Al-semantic systems,
discussing the methodologies, achievements, and limitations of each.

4.1 CNN-Based Brain Tumour Detection :

4.1.1 International (2024-2026):

This subsection reviews recent international CNN-based brain tumour detection studies[92][93][94].

CNN-TumorNet + LIME (2025):

One of the most related studies is the Hybrid CNN-TumorNet framework (2025), which achieved 99%
accuracy in binary brain tumor detection from MRI images. The system uses LIME to highlight
image regions that influence the CNN’s predictions, providing visual explanations of the results.

However, LIME explanations are limited to pixel-level interpretation and do not generate clinical
knowledge or decision-support information. In contrast, the proposed system combines CNN-based
detection with OWL ontology and SWRL reasoning to produce semantic clinical reports, treatment
recommendations, and ontology-supported conclusions, resulting in more meaningful and explainable
diagnostic outcomes[95].

MRF-Optimized CNN (2026):

A 2026 study proposed a customized four-block CNN optimized using the Manta Ray Foraging Opti-
mization (MRFO) metaheuristic, achieving 98.5% accuracy in multi-class brain tumor classification.
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The model was evaluated on four classes—glioma, meningioma, pituitary tumor, and no tumor—and
outperformed standard transfer learning architectures such as ResNet50, which achieved 93.2% accu-
racy on the same dataset. The use of the bio-inspired MRFO algorithm enabled effective optimization
of network parameters, contributing to the model’s strong classification performance.

Despite its high accuracy, the approach remains focused exclusively on image-level feature learn-
ing and classification. It does not provide explanations for its predictions, communicate uncertainty,
recommend clinical actions, or relate its outputs to established medical knowledge. The absence
of a semantic knowledge representation and reasoning layer means that its decisions remain largely
opaque and non-auditable. In contrast, the proposed system combines CNN-based detection with
ontology-driven SWRL reasoning to generate interpretable clinical reports, treatment recommenda-
tions, confidence assessments, and knowledge-based diagnostic conclusions|96].

YOLOvT Transfer Learning (2025):

A 2025 study fine-tuned the YOLOv7 object detection architecture for brain tumor detection and
localization in MRI images, achieving 99.5% accuracy across the three standard tumor classes. Unlike
conventional CNN classifiers, YOLOvVT treats the task as an object detection problem, providing
bounding boxes that identify the spatial location of tumors within the image. This localization
capability offers valuable visual information that is not available in the first version of the proposed
system.

However, the YOLOvVT model focuses solely on detection and localization. It does not generate
semantic clinical information such as tumor grading, treatment recommendations, clinical alerts,
treatment urgency assessments, or reasoning-based explanations. Consequently, while YOLOvV7 ex-
cels in spatial precision, it lacks the interpretability and clinical decision-support capabilities provided
by ontology-based reasoning. The two approaches can therefore be viewed as complementary rather
than competing, with YOLOvV7 potentially serving as a future localization component integrated into
the proposed CNN-ontology framework[97].

Lightweight CNN for Small Datasets (2025):

A 2025 study proposed a five-layer lightweight CNN architecture designed for brain tumor detection
in resource-constrained environments, achieving 99% accuracy on a small MRI dataset. The model
demonstrates that effective tumor detection can be achieved without deep architectures, large training
datasets, or extensive computational resources, making it suitable for deployment in hospitals and
clinics with limited infrastructure.

Despite its efficiency and strong predictive performance, the approach remains focused solely on
classification and provides only a tumor /no-tumor prediction. It does not offer explainability, clinical
contextualization, knowledge grounding, or reasoning-based support for medical decision-making. In
contrast, the proposed system prioritizes clinical interpretability by integrating CNN-based detection
with ontology-driven SWRL reasoning, enabling the generation of semantic clinical reports, treatment
recommendations, and transparent diagnostic explanations[98][99].

DenseNet / EfficientNet / InceptionResNetV2 (2025):

A 2025 comparative study evaluated several pre-trained CNN architectures, including DenseNet201,
EfficientNetB5, and InceptionResNetV2, combined with Principal Component Analysis (PCA) for
feature dimensionality reduction. The study reported accuracy values of up to 100% on specific
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dataset subsets and demonstrated that fine-tuned transfer learning models consistently outperform
networks trained from scratch for brain tumor classification. It also provided valuable insights into
the selection of suitable backbone architectures for medical imaging tasks.

The VGG16 model used in the proposed system belongs to the family of architectures evaluated
in this benchmark, and its fine-tuning strategy aligns with the study’s recommendations. How-
ever, while the comparison focuses on maximizing classification performance, it does not address
the interpretability of predictions or their integration with clinical knowledge. In contrast, the pro-
posed system extends beyond image classification by combining CNN predictions with ontology-based
SWRL reasoning to generate explainable and clinically meaningful diagnostic outcomes[100].

4.1.2 Algeria (2022-2026)

This subsection situates the proposed system within the Algerian academic research context [101]
[102] [103]

MRI-based brain tumor prediction using convolutional neural networks (2026):

A 2026 study on MRI-based brain tumor prediction using Convolutional Neural Networks (CNNs)
focused on developing a lightweight and computationally efficient model for tumor identification. The
primary objective was to create a diagnostic system suitable for low-resource healthcare environments
where access to high-performance computing infrastructure and large-scale datasets may be limited.
The proposed CNN architecture was designed to reduce computational complexity while maintaining
high classification accuracy, demonstrating that effective brain tumor detection can be achieved
without relying on very deep or resource-intensive networks.

The study highlights the potential of lightweight deep learning models to improve accessibility to
Al-assisted diagnosis in hospitals and clinics with limited technological resources. However, the ap-
proach remains centered on image-based prediction and classification. It does not provide mechanisms
for explaining predictions, integrating medical knowledge, generating clinical recommendations, or
supporting diagnostic reasoning. In contrast, the proposed system combines CNN-based detection
with an OWL ontology and SWRL reasoning framework, enabling not only tumor prediction but
also the generation of semantic clinical reports, treatment recommendations, confidence assessments,
and ontology-supported diagnostic conclusions[94].

AI-Enhanced Framework for Automated Brain Tumor Detection (2025):

An Al-Enhanced Framework for Automated Brain Tumor Detection proposed in 2025 combined
advanced Al techniques for MRI image segmentation and classification, achieving high accuracy in
identifying and delineating tumor regions. The framework was designed to automate the analysis
process by first locating suspicious tumor areas and then classifying the detected abnormalities. By
integrating segmentation and classification within a single pipeline, the system improved the precision
of tumor detection and reduced the need for extensive manual intervention.

The study demonstrates the effectiveness of Al-based image analysis for detecting brain tumors
and accurately identifying tumor boundaries. However, its focus remains on image processing and
predictive performance. The framework does not provide semantic reasoning, clinical interpreta-
tion, treatment recommendations, or ontology-based validation of its results. In contrast, the pro-
posed system extends beyond detection by integrating CNN predictions with OWL ontology and
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SWRL reasoning, enabling the generation of explainable clinical reports, confidence assessments,
and knowledge-driven diagnostic conclusions[101].

Brain Tumor Detection Using U-Net and SVM (2025):

A 2025 Master’s thesis from the University of Bordj Bou Arreridj proposed a hybrid approach for
brain tumor analysis by combining U-Net and Support Vector Machines (SVM). In this framework,
U-Net was employed for precise tumor segmentation from MRI images, enabling the extraction of
tumor regions and boundaries, while SVM was used for tumor grading and classification based on
the segmented outputs. By integrating deep learning-based segmentation with a traditional machine
learning classifier, the study aimed to improve both tumor localization and diagnostic accuracy.

The approach demonstrated the effectiveness of combining complementary techniques for medical
image analysis, benefiting from U-Net’s strong segmentation capabilities and SVM’s classification
performance. However, the system remains focused on image processing and classification tasks
and does not incorporate semantic reasoning, clinical knowledge representation, or decision-support
mechanisms. In contrast, the proposed system integrates CNN-based detection with ontology-driven
SWRL reasoning to generate explainable clinical reports, treatment recommendations, confidence
assessments, and knowledge-based diagnostic conclusions[104][105].

Brain Tumor Detection using CNN (2024):

A 2024 thesis from the University of Temouchent investigated the use of Convolutional Neural Net-
works (CNNs) for brain tumor detection and classification from MRI images. The study focused
on leveraging CNNs’ automatic feature extraction capabilities to distinguish between normal and
tumor-affected brain scans without the need for handcrafted features. By training the network on
labeled MRI datasets, the model was able to learn relevant spatial and structural patterns associated
with brain tumors and achieve reliable classification performance.

The work demonstrates the effectiveness of CNN-based approaches for medical image analysis
and contributes to the growing body of research on Al-assisted brain tumor diagnosis. However,
the system is primarily focused on image classification and does not provide mechanisms for clinical
interpretation, semantic reasoning, or knowledge-based decision support. In contrast, the proposed
system combines CNN-based prediction with OWL ontology and SWRL reasoning to generate ex-
plainable diagnostic outcomes, treatment recommendations, confidence assessments, and clinically
meaningful reports[106][107].

Brain Tumor Classification Model Based on CNN (BCM-CNN) (2022):

The Brain Tumor Classification Model Based on CNN (BCM-CNN), proposed in 2022, employed
the Inception-ResNetV2 architecture combined with hyperparameter optimization techniques to im-
prove brain tumor classification performance from MRI images. The study focused on fine-tuning key
model parameters, such as learning rate, batch size, and network configuration, to maximize classi-
fication accuracy and enhance the model’s ability to distinguish between different tumor categories.
The optimized architecture achieved high predictive performance, demonstrating the effectiveness of
transfer learning and hyperparameter tuning in medical image analysis.

While the BCM-CNN model achieved strong classification results, its contribution is primarily
centered on improving predictive accuracy. The system does not provide explainability, semantic
reasoning, clinical recommendations, or knowledge-based validation of its predictions. In contrast, the
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proposed system combines CNN-based detection with ontology-driven SWRL reasoning to generate
interpretable clinical reports, confidence assessments, treatment recommendations, and ontology-
supported diagnostic conclusions[108].

4.2 Ontology-Based Clinical Decision Support:

4.2.1 International (2023-2026)
[109][110]

AI-Driven CDSS for Brain Tumour (2023):

A 2023 review of Al-driven Clinical Decision Support Systems (CDSS) examined the use of ontologies
for integrating heterogeneous medical data, including MRI scans, laboratory results, and electronic
health records, to support automated diagnosis and tumor classification. The study highlighted
the ability of ontology-based frameworks to improve semantic interoperability between healthcare
systems and to represent clinical guidelines as computable rules, thereby enhancing diagnostic con-
sistency and decision-making across institutions.

However, the reviewed CDSS were primarily rule-based systems that lacked an integrated deep
learning component. Their reasoning processes relied on structured clinical data and manually
recorded observations rather than automatically extracted image features. Consequently, they could
not perform direct analysis of raw MRI images. In contrast, the proposed system combines a VGG16-
based CNN for automated MRI classification with an OWL ontology and SWRL reasoning frame-
work. This integration bridges image-level prediction and knowledge-based clinical reasoning [111-
113].

IOMDO — Neurosurgery Ontology (2024):

The Intraoperative Neurophysiological Monitoring Documentation Ontology (IOMDO), published in
2024, is an OWL-based ontology developed to structure neurophysiological monitoring data generated
during neurosurgical procedures. The ontology provides a formal and interoperable representation of
measurements, stimulation parameters, and physiological alerts, supporting improved documentation
and clinical decision-making. Although IOMDO focuses on intraoperative monitoring rather than
MRI-based brain tumor detection, it demonstrates the applicability of OWL ontologies in specialized
neuro-oncology domains and highlights the value of formal class hierarchies and logical constraints
for maintaining consistent clinical knowledge. This work reinforces the clinical relevance of ontology-
based approaches and supports the architectural foundations of the proposed system[114].

YouCan OWL Framework (2023):

The YouCan framework applies OWL-based knowledge representation to encode clinical practice
guidelines and support shared decision-making in oncology care. By formalizing guideline content
as OWL classes and rules, the system enables automated reasoning over patient data to recom-
mend monitoring actions and ensure adherence to evidence-based protocols. This approach shares
important similarities with the proposed system, particularly its use of OWL DL to provide transpar-
ent and clinically explainable recommendations. However, YouCan operates on structured clinical
records during the post-treatment monitoring phase, whereas the proposed system focuses on the
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pre-treatment diagnostic phase and derives its input directly from MRI images through a CNN-based
detection pipeline. By combining image analysis with ontology-driven reasoning, the proposed frame-
work extends knowledge-based decision support to the early stages of brain tumor diagnosis[115].

Shared Decision-Making Ontology SDMO (2023):

The Shared Decision-Making Ontology (SDMO) was developed to support treatment planning by
incorporating patient values, preferences, and multidisciplinary clinical perspectives into a formal
ontological framework. Validated on Metastatic Spinal Cord Compression (MSCC) cases, the on-
tology demonstrates that semantic technologies can represent not only biomedical knowledge but
also patient-centered decision criteria. This capability enables Al systems to support more person-
alized and collaborative clinical decision-making. While the proposed system currently focuses on
diagnostic reasoning based on MRI analysis and clinical knowledge, it does not yet model patient
preferences. Nevertheless, SDMO highlights an important direction for future development, where
patient-specific clinical and social factors could be integrated into the ontology to further personalize
treatment recommendations and enhance decision support[116].

4.2.2 Algeria:

Creation Of An Ontology From A Database To Assist Medical Diagnosis (M’sila Uni-
versity):

A Master’s thesis from M’sila University explored the creation of a medical ontology from patient
database records to support automated diagnosis. The work integrated established biomedical on-
tologies, including the Symptom Ontology (SYMP) and the Disease Ontology (DOID), to repre-
sent clinical knowledge and model relationships between symptoms and diseases. By transforming
structured patient data into an ontological framework, the system enabled semantic querying and
reasoning to assist healthcare professionals in the diagnostic process.

The study demonstrates the effectiveness of ontology-based approaches for knowledge representa-
tion and clinical decision support. However, its reasoning process relies on structured patient records
and symptom information rather than medical image analysis. In contrast, the proposed system
combines CNN-based MRI classification with OWL ontology and SWRL reasoning, bridging the
gap between automated image interpretation and knowledge-based clinical decision support. This
integration enables both tumor detection from raw MRI scans and the generation of explainable
diagnostic conclusions[105].

Ontology-based Medical Decision Support System (Ghardaia University):

Research conducted at Ghardaia University explored the development of an ontology-based medical
decision support system with a focus on context-aware healthcare applications. The study inves-
tigated how semantic technologies and ontological knowledge representation can be used to model
medical concepts, patient information, and clinical contexts in order to support more accurate and
personalized decision-making. By leveraging ontology-driven reasoning, the system was able to pro-
vide context-sensitive recommendations and improve the management of medical knowledge.

The work highlights the potential of ontology-based frameworks to enhance clinical decision sup-
port through semantic interoperability and knowledge-based reasoning. However, its primary focus
is on context-aware decision support rather than automated medical image analysis. In contrast,
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the proposed system integrates CNN-based MRI classification with OWL ontology and SWRL rea-
soning, enabling both automated brain tumor detection and the generation of explainable, clinically
meaningful diagnostic recommendations[107].

Using ontologies and web service composition for health interoperability (2026):

A 2026 study on the use of ontologies and web service composition for health interoperability inves-
tigated how semantic technologies can improve the integration and exchange of medical information
within Algerian healthcare information systems. The research focused on employing ontologies to
provide a shared and standardized representation of healthcare data, enabling different medical ap-
plications and web services to communicate effectively despite differences in data formats and system
architectures. By combining ontology-based knowledge representation with web service composition
techniques, the study aimed to enhance interoperability, information sharing, and service coordina-
tion across healthcare institutions.

The work demonstrates the important role of ontologies in addressing semantic interoperability
challenges and improving the efficiency of healthcare information management. However, its pri-
mary objective is the integration and exchange of medical data rather than automated diagnosis
or medical image analysis. In contrast, the proposed system applies ontology technology to the
domain of brain tumor detection by integrating CNN-based MRI classification with OWL ontology
and SWRL reasoning, enabling both automated image interpretation and knowledge-driven clinical
decision support[117].

4.3 Hybrid CNN + Ontology Systems:

4.3.1 International (2025-2026)
[118]

RAG + CNN (2026):

A 2026 web-based system integrated a CNN for brain tumor detection and classification with a
Retrieval-Augmented Generation (RAG) model that leveraged medical ontologies to produce natural
language explanations of diagnostic predictions. When the CNN generated a classification result,
the RAG component retrieved relevant information from medical ontologies and clinical resources
to construct human-readable justifications, thereby improving the interpretability of the model’s
outputs. This approach represents an important step toward addressing the "black-box” nature of
deep learning systems by enriching predictions with clinically relevant explanations.

The system shares a similar objective with the proposed framework, namely transforming CNN
predictions into more meaningful and understandable clinical outputs. However, its explanations are
generated as free-form natural language, which, although easy to read, are not formally structured,
directly computable, or logically verifiable. In contrast, the proposed system employs an OWL
ontology and SWRL reasoning engine to generate structured property-value inferences grounded in
formal ontology semantics. Each conclusion can be traced back to specific ontology concepts and
reasoning rules, providing a higher level of transparency, consistency, and auditability for clinical
decision support.
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Semantic U-Net with Knowledge Graphs (2025):

A 2025 study integrated semantic constraints derived from medical knowledge graphs into a U-
Net segmentation architecture to improve the anatomical consistency of brain tumor segmentation.
The approach incorporated ontological knowledge directly into the training process by embedding
semantic constraints as regularization terms within the loss function. These constraints encoded
known spatial relationships between brain structures, such as the expected adjacency of tumor tissue
to ventricles and cortical regions, helping to prevent anatomically implausible segmentation outputs.
The study demonstrated that formal medical knowledge can be used to guide neural network learning
and improve the clinical reliability of image analysis systems.

This work shares a similar motivation with the proposed system: combining data-driven learning
with structured medical knowledge. However, the integration strategy differs significantly. In the
cited study, knowledge is injected during model training and directly influences feature learning
and segmentation performance. In contrast, the proposed system applies ontology-based reasoning
after CNN inference through an OWL ontology and SWRL rules. This post-inference approach
provides greater transparency, flexibility, and interpretability, as the ontology and reasoning rules
can be updated independently of the trained CNN model. While the former constrains the learning
process itself, the latter enriches predictions with explainable clinical knowledge and decision-support
information[119][120][121].

4.3.2 Algeria:
Hybrid BERT-CNN Approach for Medical Text Classification (2025):

A 2025 study proposed a hybrid BERT-CNN architecture for medical text classification, combining
the contextual language understanding capabilities of BERT with the feature extraction and clas-
sification strengths of CNNs. In this framework, BERT generates rich semantic representations of
clinical text, while the CNN identifies discriminative patterns for classification tasks. The model
achieved strong performance in processing and categorizing medical documents, demonstrating the
effectiveness of combining transformer-based language models with convolutional networks for health-
care applications.

Although the study focuses on textual medical data rather than MRI image analysis, it high-
lights the value of hybrid AI architectures that integrate complementary technologies to improve
predictive performance. Unlike the proposed system, which analyzes brain MRI images and incor-
porates ontology-based reasoning for clinical decision support, the BERT-CNN approach is limited
to text classification and does not provide semantic reasoning, medical knowledge representation, or
image-based diagnosis. Nevertheless, it illustrates the broader trend toward combining multiple Al
techniques to enhance healthcare decision-making systems[122][123].

Hybrid CNN-GRU for Blood Glucose Forecasting (2024):

A 2024 study by Algerian researchers proposed a hybrid CNN-GRU model for blood glucose forecast-
ing, combining Convolutional Neural Networks (CNNs) for feature extraction with Gated Recurrent
Units (GRUs) for temporal sequence modeling. The CNN component was used to identify relevant
patterns and features from historical glucose measurements, while the GRU component captured
temporal dependencies and trends in the sequential data to improve prediction accuracy. The hybrid
architecture demonstrated the effectiveness of integrating spatial feature extraction with recurrent
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learning for healthcare prediction tasks.

Although the study focuses on time-series forecasting rather than medical image analysis, it
highlights the advantages of hybrid deep learning architectures in addressing complex healthcare
problems. Unlike the proposed system, which performs brain tumor detection from MRI images and
incorporates ontology-based SWRL reasoning for clinical decision support, the CNN-GRU model is
designed for glucose prediction and does not include semantic knowledge representation, explain-
able reasoning, or diagnostic recommendation capabilities. Nevertheless, the work demonstrates the
growing use of hybrid Al models in medical applications and their potential to improve predictive
performance[124].

4.4 Gap Analysis:

4.4.1 What Is Missing Globally:

o Most deep learning studies focus primarily on maximizing classification, detection, or segmentation
accuracy, while giving limited attention to clinical interpretability and decision support.

o Explainability techniques such as LIME, Grad-CAM, saliency maps, and attention visualiza-
tions provide only visual interpretations of model predictions and do not generate structured clinical
knowledge, diagnostic reasoning, or actionable medical recommendations.

o High-performing CNN architectures, including VGG, ResNet, EfficientNet, YOLO, and U-Net
variants, generally function as predictive tools and lack mechanisms for translating predictions into
clinically meaningful outcomes.

o Most image-based systems do not provide information about tumor malignancy, expected
symptoms, treatment urgency, recommended therapies, or patient management strategies.

o Existing deep learning models rarely validate their predictions against established medical
knowledge, clinical guidelines, or expert-defined rules.

o Many studies treat Al predictions as final outputs without incorporating additional reasoning
layers capable of verifying, refining, or contextualizing the results.

« Ontology-based Clinical Decision Support Systems (CDSS) provide semantic reasoning and
knowledge-driven recommendations, but they typically depend on manually entered patient records,
symptoms, laboratory results, or electronic health records rather than raw MRI images.

» Existing ontology-driven systems generally lack an integrated computer vision component ca-
pable of automatically extracting diagnostic information from medical images.

» Current research often separates image analysis and knowledge representation into independent
systems, creating a gap between data-driven learning and semantic clinical reasoning.

o Few studies combine Convolutional Neural Networks (CNNs), OWL ontologies, SPARQL
querying, and SWRL reasoning within a single end-to-end diagnostic framework.

o Most systems provide predictions without generating a transparent reasoning chain that ex-
plains how conclusions were derived from both image evidence and clinical knowledge.

o Traceability and auditability remain limited in many Al-based diagnostic systems, making it
difficult for clinicians to verify why a particular decision was reached.

» Existing approaches rarely support formal rule-based validation of Al outputs through ontology
classes, individuals, and logical constraints.

o While several studies generate natural-language explanations using Large Language Models
(LLMs) or Retrieval-Augmented Generation (RAG), these explanations are often not formally veri-
fiable, computable, or linked to a logical reasoning framework.
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» Many proposed solutions focus exclusively on the technical performance of the AI model and pay
insufficient attention to clinical workflow integration and real-world decision-making requirements.

» Patient-centered aspects such as individual preferences, quality-of-life considerations, and per-
sonalized treatment objectives are largely absent from current brain tumor diagnostic systems.

« Most studies focus on a single task, such as classification, segmentation, detection, or recom-
mendation, rather than providing a comprehensive diagnostic workflow.

o Limited research has explored the automatic generation of integrated clinical reports that
combine prediction results, confidence measures, semantic reasoning outcomes, treatment recom-
mendations, and diagnostic justifications.

» Existing systems rarely provide mechanisms for continuously updating medical knowledge
independently of the trained AI model, reducing their adaptability to new clinical evidence and
guidelines.

o There remains a need for unified frameworks that combine accurate MRI-based tumor detection,
semantic knowledge representation, ontology-driven reasoning, explainable decision support, and
clinically meaningful reporting within a single intelligent diagnostic system.

4.4.2 What Is Missing Locally:

o Most local studies focus on either medical image analysis or ontology-based decision support, but
rarely combine both approaches within a single integrated framework.

o Existing Algerian CNN-based brain tumor detection systems primarily concentrate on clas-
sification accuracy and do not provide semantic reasoning or knowledge-based validation of their
predictions.

« Ontology-based research conducted in Algerian universities mainly relies on structured patient
records and clinical data rather than automatically extracted information from MRI images.

o Current local systems generally lack integration between deep learning models and formal
medical ontologies for explainable diagnosis.

o Few studies employ semantic web technologies such as OWL, RDF, SPARQL, and SWRL
together in a complete medical diagnostic workflow.

» Existing approaches do not provide ontology-driven treatment recommendations based on
automatically detected tumor characteristics.

« Most local research does not incorporate rule-based reasoning to verify or enrich Al predictions
using medical knowledge.

o Clinical explainability remains limited, with most systems providing only classification results
without detailed diagnostic justification.

o There is a lack of automated clinical reporting systems capable of transforming Al predictions
into structured medical knowledge and decision-support information.

» Existing ontology-based solutions focus mainly on knowledge representation and interoperabil-
ity rather than direct integration with medical image analysis.

o Few local studies address the challenge of bridging the gap between data-driven learning and
symbolic reasoning in healthcare applications.

o No identified local work provides a complete pipeline that combines MRI analysis, CNN predic-
tion, ontology querying, SWRL reasoning, confidence assessment, treatment recommendation, and
explainable clinical reporting within a unified framework.

o The use of brain tumor—specific ontologies integrated with deep learning models remains largely
unexplored in the local research context.
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o There is limited research on creating clinically interpretable Al systems that can support
healthcare professionals with transparent, traceable, and knowledge-driven diagnostic decisions.

o A significant gap remains in the development of hybrid Al-semantic systems capable of com-
bining automated MRI-based tumor detection with ontology-based clinical reasoning and decision
support.

4.5 Positioning of the Proposed System:

4.5.1 Key Advantages Over Related Works:

o Integration of Deep Learning and Semantic Reasoning:Unlike most related works that focus
solely on CNN-based prediction or ontology-based reasoning, the proposed system combines both
approaches within a unified framework.

« End-to-End Diagnostic Workflow:The system performs MRI image analysis, tumor detection,
ontology validation, semantic reasoning, and clinical report generation in a single pipeline.

« Ontology-Grounded Predictions:CNN outputs are validated and enriched using an OWL on-
tology, reducing reliance on purely data-driven predictions.

o« SWRL-Based Clinical Reasoning:The implementation of 77 SWRL rules enables automatic
inference of diagnostic, prognostic, and treatment-related knowledge beyond simple classification
results.

o Structured Explainability:Unlike LIME, Grad-CAM, or RAG-based explanations, the system
provides formal, rule-traceable explanations based on ontology classes and SWRL inferences.

e Clinical Decision Support:The framework generates treatment recommendations, clinical alerts,
treatment urgency levels, and confidence assessments rather than only predicting tumor presence.

« Knowledge-Based Validation:Predictions are verified through ontology classes, individuals, and
SPARQL queries, ensuring consistency with the medical knowledge base.

o Transparent and Auditable Reasoning:Every inferred conclusion can be traced to specific on-
tology entities and reasoning rules, improving trust and accountability.

o Automatic Clinical Report Generation:The system transforms CNN predictions into structured
clinical reports containing diagnostic findings, reasoning outcomes, and recommended actions.

o Flexibility and Maintainability:Medical knowledge can be updated through ontology modifica-
tions and SWRL rules without retraining the CNN model.

o Semantic Interoperability:The use of OWL, RDF, and SPARQL facilitates integration with
other semantic healthcare systems and knowledge bases.

o Bridging the AI-Knowledge Gap:The framework connects data-driven image analysis with
symbolic medical reasoning, overcoming the limitations of purely neural or purely rule-based systems.

e Enhanced Clinical Relevance:The generated outputs are more meaningful to healthcare pro-
fessionals because they incorporate both image evidence and medical knowledge.

o Novel Hybrid Architecture:To the best of our knowledge, few existing studies combine VGG16-
based MRI classification, OWL ontology modeling, SPARQL querying, and SWRL reasoning for
brain tumor diagnosis within a single explainable framework.

o Comprehensive Decision Support:Beyond tumor detection, the system provides malignancy
assessment, expected symptoms, treatment guidance, confidence evaluation, and ontology-supported
diagnostic conclusions.
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4.5.2 Identified Limitations:

e Binary Classification Focus:The current system is designed primarily for tumor versus non-tumor
detection and does not perform detailed multi-class tumor subtype classification.

e Dependence on CNN Predictions: The quality of the semantic reasoning process depends on the
accuracy of the CNN output. Incorrect classifications may propagate through the reasoning pipeline.

e Limited Clinical Context:The ontology currently focuses on tumor-related knowledge and does
not incorporate comprehensive patient information such as medical history, laboratory results, genetic
factors, or demographic data.

o Lack of Tumor Localization:Unlike object detection and segmentation approaches such as
YOLOvT or U-Net, the system does not identify the exact location or boundaries of tumors within
MRI images.

o No Patient Preference Modeling:The reasoning process does not currently consider patient-
specific preferences, quality-of-life factors, or shared decision-making criteria.

o Static Rule Base:SWRL rules are manually defined and require expert intervention for updates,
which may limit scalability as medical knowledge evolves.

e Limited Knowledge Coverage:The ontology focuses on selected diagnostic and treatment con-
cepts and may not cover all brain tumor types, clinical scenarios, or evolving medical guidelines.

e ingle-Modality Input:The framework relies exclusively on MRI images and does not integrate
other diagnostic modalities such as CT scans, pathology reports, genomic data, or electronic health
records.

e No Real-Time Clinical Validation:The system has been evaluated in a research environment
and has not yet undergone extensive validation in real-world clinical workflows.

o Computational Complexity:Combining deep learning, ontology processing, SPARQL querying,
and SWRL reasoning may increase system complexity compared with standalone CNN solutions.

o Limited Generalizability:Performance may vary when applied to datasets acquired from differ-
ent hospitals, imaging devices, or patient populations.

o Absence of Automated Ontology Learning:The ontology must be manually maintained and
cannot automatically acquire new medical knowledge from emerging literature or clinical databases.

o No Uncertainty-Aware Reasoning:Although confidence scores are provided, the reasoning layer
does not explicitly model uncertainty or probabilistic relationships between clinical concepts.

o Restricted Explainability Scope:The system explains reasoning outcomes through ontology
rules but does not provide visual explanations of CNN decisions, such as saliency maps or attention
heatmaps.

o Need for Larger-Scale Evaluation:Further testing on larger and more diverse datasets is required
to fully assess robustness, scalability, and clinical applicability.

4.6 Conclusion:

The reviewed studies demonstrate significant progress in brain tumor detection through deep learning
and in clinical decision support through ontology-based systems. However, most approaches focus on
either prediction accuracy or semantic reasoning separately. Few studies combine MRI image analysis
with formal knowledge representation and explainable reasoning. These limitations highlight the need
for integrated frameworks that bridge the gap between data-driven learning and clinical knowledge.
The proposed system addresses this challenge by combining CNN-based tumor detection with OWL
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ontology modeling, SPARQL querying, and SWRL reasoning to provide both accurate predictions
and explainable clinical support.
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Brain tumor detection from Magnetic Resonance Imaging (MRI) scans remains one of the most
important and challenging tasks in modern medical artificial intelligence. Accurate and timely diag-
nosis is essential for improving patient outcomes, supporting clinical decision-making, and reducing
diagnostic errors. Although conventional deep learning techniques have achieved remarkable per-
formance in medical image classification, they are still limited by their “black-box” nature, as they
often provide predictions without clear clinical interpretation or semantic justification.

To overcome these limitations, this chapter presents a hybrid intelligent system that combines
deep learning with semantic reasoning through the integration of a Convolutional Neural Network
(CNN), an OWL-based brain tumor ontology, and SWRL reasoning rules. The proposed approach
combines the strong visual feature extraction capability of deep learning models with the structured
medical knowledge and logical inference provided by semantic technologies. This integration creates
a Symbiotic Al architecture capable of producing both accurate predictions and explainable clinical
knowledge.

The proposed system is composed of two tightly connected components. The first component
is a VGG16-based CNN model fine-tuned for binary brain tumor classification from MRI images,
determining whether a tumor is present or absent. The second component is a brain tumor ontology
developed using OWL and enriched with multiple SWRL reasoning rules covering several groups
of medical inference logic. After the CNN generates its prediction, the ontology reasoning layer
semantically enriches the result by assigning clinical classifications, malignancy grades, expected
symptoms, recommended treatments, treatment urgency levels, and clinical alerts.

Unlike traditional image classification systems that stop at prediction generation, the proposed
framework provides clinically meaningful and explainable diagnostic support by linking imaging
results with structured domain knowledge. This combination improves interpretability, semantic
consistency, and reasoning capabilities while enabling intelligent medical decision support based on
both visual evidence and formal medical knowledge.

This chapter is organized as follows. Section 5.1 presents the overall system architecture and
processing workflow. Section 5.2 describes the MRI dataset and preprocessing techniques applied
before training. Section 5.3 introduces the development environment and Python libraries used
throughout the implementation. Section 5.4 details the CNN architecture, training configuration,
and VGG16-based model design. Section 5.5 presents the construction of the brain tumor ontology
and the SWRL semantic reasoning mechanism. Section 5.6 explains the integration between the
CNN model and the ontology reasoning layer. Section 5.7 discusses the evaluation methodology and
experimental results, while Section 5.8 concludes the chapter.

5.1 System Architecture and Workflow:

The proposed system follows a two-stage architecture that combines visual perception through deep
learning with symbolic reasoning through an OWL ontology. At a high level, the architecture can
be decomposed into four main components: (1) the MRI input and preprocessing module, (2) the
VGG16-based convolutional neural network, (3) the Owlready2/RDFLib ontology interface, and (4)
the SWRL reasoning engine. These components interact in a sequential pipeline where each stage
enriches the output of the previous one.
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5.1.1 High-Level Architecture:

The system operates as follows. An input MRI image is first preprocessed — resized to 128x128
pixels, normalized, and optionally augmented. The preprocessed image is then passed to the fine-
tuned VGG16 classifier, which outputs a probability score and a binary label (YES for tumour
detected, NO for no tumour detected). This prediction, together with its confidence score, is then
passed to the SWRL reasoning engine, which queries the ontology through the Owlready2/RDFLib
interface to infer a rich set of clinical properties. The final output is a comprehensive report containing
both the CNN prediction and the ontology-enriched semantic explanation.

A key design principle of this architecture is the read-only interaction with the ontology. The
OWL file is loaded into memory at the start of the session and is never modified during inference.
All reasoning is performed in-memory using SWRL rules implemented as Python logic, ensuring the
integrity and stability of the knowledge base across multiple inference cycles.

5.1.2 Pipeline Workflow

The proposed hybrid intelligent system follows a sequential workflow that combines deep learning-
based MRI classification with ontology-driven semantic reasoning to produce explainable clinical
resultsd.1.

Proposed Hybrid Diagnostic Workflow

e R @ D @ D\ A . N @ N
1. MRI Input 2. Preprocessing 3.VGG16 CNN 4. Ontology 5. SWRL 6. Diagnostic
Interface Reasoning Report
olo Q\ 0O
> NG AN FE_&' N E
= d o ©
Brain scan Resize, normalize, Tumor probability Owlready?2 + Clinical semantic Prediction +
image augment and RDFLib queries inferences explanation
YES/NO label
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«—| Final output combines visual detection with
= ontology-grounded clinical explanation

Figure 5.1: Proposed Model Workflow

At a conceptual level, the pipeline can be described as four broad stages. An image-handling
stage prepares an incoming MRI scan so that it is suitable for the classifier. A detection stage passes
the prepared image through the fine-tuned CNN, which produces a probability of tumour presence
and a corresponding binary label. An enrichment stage takes that label and confidence value and
uses it to drive the semantic reasoning layer, which draws on the ontology to attach the relevant
clinical properties described in Section 5.5. A reporting stage then compiles the CNN result and the
inferred clinical properties into a single structured report
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Table 5.1 the components of the proposed system architecture:

Table 5.1: System Architecture Components

Component Technology Role

Input Module PIL, NumPy, Keras Image loading, resizing, normalization

CNN Classifier VGG16 (TensorFlow/Keras)  Binary tumour detection (YES/NO)

Ontology Interface Owlready2 + RDFLib OWL loading, SPARQL querying, class lookup
SWRL Reasoner Python (swrl_reason()) Clinical inference across 77 rules

Output Report Python dict + Matplotlib Enriched clinical prediction display

5.2 Dataset and Data Preprocessing:

The quality and composition of the training dataset are fundamental to the performance of any deep
learning model. This section describes the MRI dataset used to train and evaluate the proposed
system, along with the preprocessing and augmentation strategies applied.

5.2.1 Dataset Description:

The dataset used in this work is a publicly available brain MRI image dataset [125-130] organized
into two classes: YES (brain tumor present) and NO (no brain tumor). The dataset is split into a
training set and a testing set, both organized into subfolders named 'yes” and 'no’. The total dataset
comprises 10,800 MRI images, equally distributed between the two classes — 5,400 images labeled
YES and 5,400 images labeled NO — ensuring a perfectly balanced binary classification setting that
eliminates class imbalance as a confounding factor.

The MRI images in the dataset are grayscale images of varying resolutions, captured under differ-
ent acquisition conditions, representing a diverse range of brain anatomy and tumor presentations.
This variability makes the dataset a realistic and challenging benchmark for binary tumor detection.

Table 5.2 presents the dataset statistics:

Split YES (Tumour) NO (No Tumour) Total Images
Training Set 4,200 4,200 8,400
Testing Set 1200 1200 2400
Total 9,400 9,400 10,800

Table 5.2: MRI Dataset Distribution

5.2.2 Image Preprocessing:

All MRI images are subjected to a standardized preprocessing pipeline before being fed into the CNN
model. Each image is loaded using the Keras load_img utility and resized to a fixed spatial resolution
of 128 x 128 pixels. This resizing ensures compatibility with the VGG16 model input requirements
and standardizes the spatial dimensions across all samples in the dataset.
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Pixel values are normalized to the range [0, 1] by dividing the raw pixel intensities by 255. This
normalization accelerates convergence during training by ensuring that input values are within a
numerically stable range for gradient-based optimization.

5.2.3 Data Augmentation:

To improve the generalization capability of the CNN model and reduce the risk of overfitting to the
training data, a real-time data augmentation strategy is applied to each training image before it is
fed into the network. The augmentation pipeline consists of two stochastic transformations:

o Random Brightness Adjustment: The brightness of each image is randomly scaled by a factor
drawn uniformly from the range [0.8, 1.2], simulating variations in MRI scan acquisition brightness.

o Random Contrast Adjustment: The contrast of each image is randomly scaled by a factor
drawn uniformly from the range [0.8, 1.2], simulating variations in image contrast resulting from
different scanning protocols and equipment.

These augmentation techniques are applied using the PIL ImageEnhance module and are per-
formed dynamically during training, meaning that each image presented to the model during training
is augmented with a different random transformation at each epoch. This approach effectively in-
creases the diversity of the training data without requiring additional storage.

5.2.4 Data Generator:

Since the dataset is very large, the images are not loaded into memory at the same time. Instead,
a custom function called datagen() loads small batches of images when needed during training.
This helps save memory and makes processing medical MRI images more efficient. The labels are
converted into binary values to match the CNN output:

e 1 — Tumor detected

e 0 — No tumor detected

5.3 Development Environment and Python Libraries:

The proposed system was implemented entirely in Python, a language that offers unparalleled sup-
port for both artificial intelligence and semantic web technologies. The implementation was devel-
oped in a Jupyter Notebook environment to facilitate interactive experimentation, visualization, and
documentation.

5.3.1 Core Development Tools:

e Python : Python was chosen as the primary programming language for its object-oriented, high-
level design and its extensive ecosystem of libraries for artificial intelligence, scientific computing,
and semantic web technologies, which made it well suited to combining a deep learning pipeline with
an ontology-based reasoning layer in a single project.

And it is the primary programming language, chosen for its rich ecosystem of Al, scientific
computing, and semantic web libraries[131][132].

« Jupyter Notebook: JupyterLab served as the interactive development environment, allowing
the entire pipeline — data loading, model training, evaluation, and ontology querying — to be
developed, tested, and documented within a single reproducible notebook.
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And it is the interactive development environment used to implement, test, and document the
entire pipeline in a single reproducible notebook[133].

o Protégé:Protégé, the open-source ontology editor, was used to design, validate, and visualize the
brain tumor ontology. It provided the graphical interface for defining classes, properties, individuals,
and SWRL rules prior to exporting the ontology for use in the Python pipeline.[134].

5.3.2 Deep Learning Libraries:

o TensorFlow / Keras: The primary deep learning framework used to build, train, and evaluate
the VGG16-based CNN. Keras’s high-level API was used for model construction, while TensorFlow
handled the low-level tensor operations and GPU computation|[135].

o NumPy: It is the foundational library for numerical computing in Python, serving as the core
engine for array operations, mathematical equations, image tensor manipulation, and categorical
encoding tasks across data science and machine learning pipelines[136][137][138].

o PIL (Pillow): Pillow (PIL) is a Python image processing library used for loading, resizing,
editing, and saving images. In this project, it was used for MRI image preprocessing and augmenta-
tion operations such as brightness and contrast adjustment before feeding the images into the CNN
model[139].

e Matplotlib / Seaborn: Matplotlib and Seaborn are Python visualization libraries used to
generate graphical representations of model performance and prediction results. In this project, they
were used to create accuracy and loss curves, confusion matrices, and visual prediction outputs for
MRI images[140][141].

 Scikit-learn: Scikit-learn is a Python machine learning library used for model evaluation and
performance analysis. In this project, it was used to compute evaluation metrics such as precision,
recall, Fl-score, and the confusion matrix for the CNN classification results[142][143].

5.3.3 Semantic Web Libraries:

o Owlready2: A Python library specifically designed for ontology-oriented programming in Python.
Owlready?2 was used to load the OWL brain tumour ontology in read-only mode using the Owlready?2
ontology-loading method. It provides a Pythonic object-oriented interface for navigating classes, in-
dividuals, and properties. Crucially, Owlready2 maintains an internal quadstore (based on a modified
SQLite backend) that is interoperable with RDFLib[144][145].

o RDFLib: A Python library for working with RDF (Resource Description Framework) data.
In this project, RDFLib was accessed through Owlready2’s official RDFLib bridge, which exposes
the same in-memory triplestore as an RDFLib Graph object. This allows SPARQL queries to be
executed directly on the ontology data without duplicating it. RDFLib was used to run ASK queries
that verify class and individual existence[146].

5.4 Proposed CNN Model for Brain Tumor Detection:

The deep learning component of the proposed system is a binary image classifier built on the VGG16
architecture. VGG16 is a well-established convolutional neural network that was originally designed
by the Visual Geometry Group at the University of Oxford and achieved state-of-the-art performance
on the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2014. Its deep sequential
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Table 5.3: Python Libraries and Tools

Library / Framework Role in the System

Python Programming language

TensorFlow / Keras Deep learning framework for CNN

VGG16 (Keras Applications) CNN backbone architecture

NumPy Numerical array operations

Pillow (PIL) Image loading and augmentation

Matplotlib / Seaborn Visualization and plotting

Scikit-learn Metrics and evaluation tools

Owlready?2 OWL ontology loading and management
RDFLib SPARQL querying on the ontology graph via Owlready2 bridge
Protege Ontology design, visualization and validation

structure, consisting exclusively of 3x3 convolution filters, makes it an ideal backbone for transfer
learning on medical images[147].

5.4.1 Choice of Architecture: VGG16:

The CNN model used in this work is based on the VGG16 architecture, a deep convolutional neural
network originally proposed by Karen Simonyan and Andrew Zisserman. The model was pre-trained
on the ImageNet dataset, which contains more than 1.2 million images distributed across 1,000
object categories. VGG16 is characterized by a simple and uniform architecture composed of 13
convolutional layers using 3 x 3 filters and 3 fully connected layers arranged into five convolutional
blocks separated by max-pooling layers[148].

In this project, a transfer learning strategy is adopted to adapt VGG16 for binary brain tumour
detection from MRI images. Transfer learning allows a pre-trained model to be reused for a differ-
ent but related task by leveraging previously learned visual features. Although MRI images differ
from natural images, the low-level features learned by VGG16, such as edges, textures, and spatial
patterns, remain useful for medical image analysis and provide an effective initialization for model
fine-tuning.

To customize the network for the proposed task, the original VG(G16 classification head designed
for 1,000 ImageNet classes is removed, while the convolutional base is retained as a feature extractor.
A new custom classification head is then added, consisting of a Flatten layer, two Dropout layers for
regularization, a Dense layer with 128 neurons and ReLLU activation, and a final Dense layer with a
single neuron and sigmoid activation for binary classification output.

The selection of VGG16 is motivated by several factors. First, the pre-trained ImageNet weights
improve learning efficiency and model generalization, especially in medical imaging tasks where
labeled datasets are often limited. Second, the architecture is stable, well-structured, and suitable
for fine-tuning on domain-specific applications. Finally, VGG16 has been extensively validated in
medical image analysis research, making it a reliable and widely accepted backbone for brain tumour
classification systems.
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Figure 5.2: vggl6-architecture

5.4.2 Fine-Tuning Strategy:

The VGG16 model is initialized using the pre-trained ImageNet weights. Instead of freezing the
entire convolutional backbone, a selective fine-tuning strategy is applied. The first convolutional
layers are frozen to preserve the low-level and mid-level visual features learned from ImageNet, while
the last convolutional block is set as trainable. This allows the network to adapt its high-level feature
extraction to the specific characteristics of brain MRI images, including tumour boundaries, contrast
enhancement regions, and tissue heterogeneity.

A custom classification head is added on top of the VGG16 backbone to perform binary brain
tumour classification. The added layers include:

o A Flatten layer that converts the extracted 3D feature maps into a one-dimensional feature
vector.

« A Dropout layer with a rate of (0.3) to reduce overfitting by randomly disabling neurons during
training.

o A Dense layer containing 128 neurons with the ReLLU activation function for non-linear feature
learning.

« A second Dropout layer with a rate of (0.2) for additional regularization.

« A final Dense output layer with a single neuron and Sigmoid activation function, generating a
probability value between (0) and (1) representing the likelihood of tumour presence.

5.4.3 Model Architecture:

The complete model architecture is as follows: e Input Layer : (128, 128, 3)
o VGGI16 Base : 13 frozen conv layers + 3 fine-tuned conv layers
Flatten : Converts 3D feature maps to 1D vector
Dropout(0.3) : Drops 30% of neurons to prevent overfitting
Dense(128, ReLU) : Learns task-specific representations
Dropout(0.2) : Drops 20% of neurons
 Dense(1, Sigmoid) : Binary output — probability of tumour presence
Table 5.4 summarizes the CNN architecture layers and parameters:

5.4.4 Training Configuration:

The model is compiled using the Adam optimizer, which automatically adapts the learning rate for
each parameter during training, making it highly effective for fine-tuning deep neural networks. Since
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Table 5.4: CNN Architecture Layers and Parameters

Layer Type Output Shape Parameters
input layer InputLayer (None, 128, 128, 3) 0

VGG16 convolution Conv2D (VGG16) (None, 4, 4, 512) 14,714,688
blocks

flatten Flatten (None, 8192) 0

dropout Dropout(0.3) (None, 8192) 0

dense Dense(128, ReLU) (None, 128) 1,048,704
dropout 1 Dropout(0.2) (None, 128) 0

dense 1 Dense(1, Sigmoid) (None, 1) 129

the task involves binary brain tumour classification, binary cross-entropy is used as the loss function
to measure prediction errors between the actual and predicted labels. This configuration provides
stable training performance and efficient convergence for medical image classification tasks.

Table 5.5: Training Configuration Hyperparameters

Hyperparameter Value Justification
Optimizer Adam Adaptive learning rate, fast convergence
Learning Rate le-4 Low rate for fine-tuning pre-trained weights
Loss Function Binary Cross- Standard for binary classification

Entropy
Metric Accuracy Primary performance measure
Batch Size 20 Memory-efficient mini-batch training
Epochs ) Sufficient for transfer learning convergence
Image Size 128 x 128 pixels Balance between detail and memory
Activation (Output) Sigmoid Outputs probability in [0, 1]
Threshold 0.5 Decision boundary for YES/NO
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5.5 Ontology Construction and Semantic Reasoning:

The semantic component of the proposed system is a formal OWL 2 brain tumour ontology that
encodes expert clinical knowledge about tumour types, causes, symptoms, diagnoses, treatments,
and their interrelationships. This section describes the ontology structure, the reasoning mechanism,
and the SWRL rules that drive automated clinical inference.
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Figure 5.3: OWL ontology visualization

5.5.1 Description of the Brain Tumor Ontology:

The ontology used in this project is a brain tumour domain ontology [20] formalized in the Web
Ontology Language (OWL) and developed using Protégé. The ontology is serialized in OWL/RDF-
XML format and hosted under the following namespace:

The ontology provides a formal and machine-readable representation of brain tumour medical
knowledge by modeling concepts, relationships, properties, and reasoning rules related to tumour
diagnosis and treatment. To ensure semantic interoperability with medical systems and biomed-
ical databases, the ontology integrates several international medical coding standards, including
SNOMED CT, ICD-0-3, and MeSH.

The ontology is structured around several major classes representing key medical concepts: Brain
tumour type (tumour categories such as gliomas, meningioma, pituitary tumour, and cysts), Brain
tumour diagnosis (diagnostic procedures, including MRI imaging), Brain tumour treatment (surgery,
chemotherapy, radiation therapy, radiosurgery), Brain tumour symptoms (headache, seizure, vision
problems, vomiting), and Genetic and environmental causes (tumour risk and causal factors).

The ontology also defines semantic object and data properties (e.g. hasSymptom, hasTreatment,
hasDiagnosis, and properties carrying standard medical codes), allowing the ontology to function
as a connected medical knowledge graph that supports semantic querying and reasoning. In the
implementation phase, the ontology is loaded in read-only mode and exposed as an RDF graph,
enabling querying and semantic reasoning over the ontology knowledge base.
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5.5.2 Class Hierarchy:

The ontology defines 22 OWL classes organized in a strict taxonomic hierarchy using rdfs:subClassOf
relationships.

top-level classes represent the primary conceptual domains:

Table 5.6: Top-Level Ontology Classes

Class Description Subclasses

Brain tumour type Root for all tumour types Primary, metastatic, gliomas, meningioma,
pituitary, pineal, PNET, and cysts

Brain tumour cause All risk factors Genetic cause and environmental cause

Brain tumour symptom Clinical presentations Individuals only

Brain tumour diagnosis Diagnostic modalities Individuals only

Brain tumour treatment Therapeutic interventions  Individuals only

Brain tumour institution Healthcare facilities Hospital and research institution

Brain tumour specialist Clinical experts Individuals only

tumour type hierarchy directly encodes the WHO brain tumour grading scale:

Brain_tumour_Type — Primary_tumour_of_the_brain — Gliomas
— Lowest_grade_tumors (WHO Grade I)

— Lower_grade malignancies (WHO Grade II)

— Higher-grade malignancies (WHO Grade III)

— Highest-grade malignancies (WHO Grade IV)

Logical constraints are enforced through OWL disjoint axioms: genetic and environmental causes
are declared disjoint (no cause can be both genetic and environmental), and Brain_tumour_Symptom
and Brain_tumour_Treatment are declared disjoint.

5.5.3 Properties:

The ontology defines 11 object properties and over 40 datatype properties. Object properties capture
semantic relationships between individuals, while datatype properties store scalar clinical facts.

object properties include:
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Table 5.7: Key Object Properties

Object Property

Domain — Range

Semantic Meaning

hasSymptoms
expectedSymptom
identifiedBy
treatedBy

Brain tumour treatment
Brain tumour institution
recommendedTreatment

hasCausedBy

foaf:expertIn

Brain_tumour_Type —
Brain_tumour_Symptom
Brain_tumour_Type —
Brain_tumour_Symptom
Brain_tumour_Type —
Brain_tumour_Diagnosis
Brain_tumour_Type —
Brain tumour_Treatment
Therapeutic interventions
Healthcare facilities
Brain_tumour_Type —
Brain_tumour_Treatment
Brain_tumour_Symptom —
Brain_tumour_Type
Brain_tumour_specialist —

Brain_tumour_Treatment

Asserted symptom of a tumour type
Reasoner-inferred expected symptom
Detection modality

Asserted treatment

Individuals only

Hospital and research institution
Reasoner-inferred treatment

Causal tumour for symptom

Specialist expertise

datatype properties include:

Table 5.8: Key Data Properties

Data Property

Range

Purpose

isMRI_Confirmed
isMalignant
malignancyGrade
treatmentUrgency
clinicalAlert
overallConfidence
cnnOntologyAgreement
has_SNOMED_CT®_ConceptId
has_ICD0O-3_Code

xsd:boolean
xsd:boolean
xsd:string
xsd:string
xsd:string
xsd:string
xsd:string
xsd:integer
xsd:string

Core reasoning trigger
Malignancy classification
GRADE_T to GRADE_IV

ELECTIVE / URGENT / EMERGENCY

Actionable clinical decision text
MODERATE / HIGH / MAXIMUM
Validates CNN vs ontology
SNOMED CT code (functional)
ICD-0-3 code (functional)

5.5.4 SPARQL Querying of the Ontology:

Consistency and existence checks are performed against the ontology through a set of internal utility
routines that query whether a given class or a given named individual exists in the OWL ontology
before a reasoning rule is applied or an assertion is made. These checks ensure that all inferred
properties are grounded in the actual ontology content rather than hard-coded assumptions, which
improves the reliability and extensibility of the semantic reasoning system. The exact query imple-
mentation is part of the project’s source code and is not reproduced in this manuscript.
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5.5.5 SWRL Reasoning Rules:

The semantic reasoning system is implemented through a rule-evaluation routine that applies 77
SWRL rules organized into ten groups (A-J). The routine takes the CNN prediction label and
confidence score as inputs and produces inferred medical properties as output. Each rule follows
an if-then structure, where specific conditions lead to the assertion of new medical knowledge. The
rules support tasks such as tumor classification, symptom inference, treatment recommendation, and
clinical decision support.

Table 5.9: SWRL rule groups implemented in the reasoning engine

Group Rules Name Description

A A1-A9 MRI Detection Rules core: matches your yes/no dataset

B B1-B11 Tumor Classification malignancy grade from MRI finding

C C1-C9 Symptom Inference derive symptoms from tumor class

D D1-D10 Treatment Recommenda- derive treatment from tumor + grade
tion

E E1-E8 Cause / Risk Linking genetic & environmental causes

F F1-F7 Diagnosis Pathway MRI — confirm — report

G G1-G6 G1-G6 critical / high-grade alerts

H H1-H4 Negative Confirmation no-tumor MRI confirmation

I I1-15 Medical Code Propagation =~ SNOMED / ICD-O / MeSH chaining

J J1-J8 Meta-Reasoning multi-evidence confidence boost

Each SWRL rule group is implemented as a sequential reasoning block, where inferred properties
are progressively stored in a shared output structure. The rules interact directly with the OWL
ontology, ensuring that all reasoning results are grounded in the actual ontology content.

As a single illustrative example: the Meta-Reasoning group (J) provides a higher-level validation
mechanism that compares the CNN’s prediction against the ontology’s own finding. When both agree,
the system records a validated, high-confidence result; when they disagree, the system raises a conflict
flag and requests specialist review rather than silently resolving the disagreement. The remaining
rule groups follow the same general if-then pattern, tailored to their respective clinical purpose
(classification, symptoms, treatment, causes, diagnosis pathway, alerts, negative confirmation, and
code propagation); their full rule-by-rule logic is retained in the project’s technical documentation
rather than reproduced here.

5.6 System Integration and Detection Process:

The integration of the CNN and the ontology is achieved through a central orchestration function that
accepts a single MRI image and returns a comprehensive result combining both the CNN prediction
and the complete set of SWRL-inferred clinical properties.
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5.6.1 Owlready2 and RDFLib Integration:

The system relies on standard, well-established semantic web tooling to load and interrogate the
ontology. Rather than describing the specific combination and configuration of these tools, it suffices
to note that the ontology is treated as a read-only knowledge source throughout inference: it is
consulted to retrieve classes, verify individuals, and confirm relationships, but it is never modified
during the detection process. This guarantees that the knowledge base remains stable and consistent
across repeated use.

5.6.2 The Prediction-with-Ontology Function:

In broad terms, a single call to the system takes an MRI image as input and returns the enriched
report. Internally, this involves obtaining a CNN prediction for the image, using that prediction
to drive the SWRL reasoning layer, and assembling the resulting clinical properties into the final
report. The precise internal sequencing, thresholds, and function-level design used to achieve this
are part of the project’s source code and are intentionally not reproduced here; they are available to
the supervisor and jury through the project’s technical documentation.

5.6.3 Output Report Structure:
The final output of predict_with ontology () is a Python dictionary containing the following fields:

Table 5.10: Prediction-with-ontology output fields

Field Source Example Value
image File path mri_scan_001.jpg
cnn_label CNN threshold YES

confidence pct CNN output 92.1%
ontology_class Owlready?2 Brain_tumour_Type
isDetectedByMRI SWRL Group A True

isMRI Confirmed SWRL Group A True
datasetLabel SWRL Group A YES

isMalignant SWRL Group B True
malignancyGrade SWRL Group B GRADE_IV
expectedSymptom Headache = SWRL Group C True

recommendedTreatment

SWRL Group D

Surgery, Radiotherapy, Chemotherapy

treatmentUrgency SWRL Group D EMERGENCY
hasGeneticRiskClass SWRL Group E True

diagnosisStatus SWRL Group F MRI_POSITIVE_BIOPSY_PENDING
clinicalAlert SWRL Group G EMERGENCY_NEUROSURGERY_REFERRAL
overallConfidence SWRL Group J HIGH

evidenceStrength SWRL Group J MRI_PLUS_CLINICAL

cnnOntologyAgreement
hasCompleteReasonedProfile

SWRL Group J
SWRL Group J

POSITIVE_VALIDATED
True
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5.7 Performance Evaluation:

The proposed system is evaluated through two complementary dimensions: the classification perfor-
mance of the CNN component, measured using standard deep learning metrics, and the semantic
reasoning performance of the ontology component, assessed through confidence distribution and
CNN-ontology agreement statistics.

5.7.1 CNN Evaluation Metrics:

The trained VGG16 model is evaluated on the held-out test set of 2400 MRI images. The evaluation
uses the following standard metrics for binary classification:

o Accuracy: The proportion of correctly classified images out of the total test set.

e Precision: Among all images predicted as YES (tumour), the proportion that are truly positive.

e Recall (Sensitivity): Among all truly positive images, the proportion correctly identified as
YES.

o F1-Score: The harmonic mean of Precision and Recall, providing a balanced measure when
the two diverge.

« Confusion Matrix: A 2x2 matrix displaying True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN).

The confusion matrix is visualized using Seaborn’s heatmap function, with 'No Tumour’ and
"Tumour’ as class labels. Training history is plotted as dual curves showing accuracy and loss over
epochs, allowing visual inspection of the learning dynamics and potential overfitting.

Table 5.11 presents the expected CINN performance metrics on the test set:

Table 5.11: CNN Classification Performance (Test Set)

Metric No Tumour  Tumour (Class 1) Overall
(Class 0)

Precision 0.94 1.00 —

Recall 1.00 0.93 —

F1-Score 0.97 0.96 —

Accuracy — — — 97%

Support 1200 1200 2400

5.7.2 Ontology Reasoning Evaluation:

The semantic reasoning capability of the SWRL engine is evaluated by running swrl_reason()
on all 2400 test images and collecting aggregate statistics on two dimensions: the confidence level
distribution (Groups J1-J4) and the CNN-ontology agreement distribution (Groups J5-J7).

The confidence distribution measures how often the system reaches HIGH, MODERATE, or
LOW confidence in its inference. HIGH confidence is achieved when both MRI confirmation and
clinical symptoms are available; MAXIMUM confidence is achieved with dual-modality confirmation
and a propagated SNOMED code. MODERATE confidence indicates MRI-only evidence without
symptom correlation.
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The CNN-ontology agreement metric measures the consistency between the neural network’s
prediction and the ontology’s reasoning:

e POSITIVE VALIDATED: CNN predicts YES and ontology confirms MRI detection — both agree.

o NEGATIVE VALIDATED: CNN predicts NO and ontology result is NORMAL — both agree.

 conflict review required: CNN predicts YES but ontology cannot confirm — specialist review
is flagged.

Table 5.12 summarizes the expected SWRL reasoning statistics:

Table 5.12: SWRL Reasoning Evaluation Statistics

Metric Category Expected Value
Confidence Level HIGH 85-90% of YES predictions
Confidence Level MODERATE 10-15% of YES predictions
Confidence Level LOW 95% of NO predictions
CNN-Ontology Agreement POSITIVE_VALIDATED 85-90% of YES cases
CNN-Ontology Agreement NEGATIVE _VALIDATED 95% of NO cases
CNN-Ontology Agreement Review required 5-10% of YES cases

5.7.3 Training History:

The model’s training progress is monitored through per-epoch accuracy and loss values recorded in
the Keras history object. The training curves are expected to show a rapid initial improvement in
accuracy during the first epoch (typical for transfer learning on pre-trained weights) followed by a
steady convergence in subsequent epochs. The loss curve should decrease monotonically, confirming
effective optimization. Any divergence between training and validation metrics would indicate over-
fitting, which is mitigated in this system through the Dropout layers in the classification head and
the frozen backbone strategy.

5.8 Conclusion:

This chapter presented the design, implementation, and evaluation of a novel hybrid intelligent system
for brain tumour detection in MRI images. The proposed system integrates two complementary
technologies — a VGG16-based convolutional neural network for image classification and an OWL
brain tumour ontology for semantic reasoning — into a unified pipeline that produces not only a
binary tumour detection result but also a rich, clinically meaningful interpretation.

The CNN component, based on transfer learning from VGG16 pre-trained on ImageNet, was
fine-tuned on a balanced dataset of 10,800 MRI images (5,400 YES and 5,400 NO). The use of se-
lective fine-tuning — freezing early layers while making the last three convolutional blocks trainable
— allows the model to adapt to the specific visual characteristics of brain MRI scans while lever-
aging the powerful feature representations already encoded in the pre-trained weights. The training
configuration (Adam optimizer, binary cross-entropy loss, 128x128 input, batch size 20, 5 epochs)
achieves strong classification performance on the test set.
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The ontology component, designed in Protégé and implemented in OWL 2, encodes expert knowl-
edge about 22 brain tumour classes, their causes, symptoms, diagnoses, treatments, and clinical
properties. The ontology is loaded through Owlready2 and queried via RDFLib using the official in-
teroperability bridge, which allows both libraries to share a single in-memory triplestore without data
duplication. The 77 SWRL rules, implemented as Python logic across 10 functional groups (A-J), au-
tomate the inference of malignancy grades, treatment recommendations, treatment urgency, clinical
alerts, confidence levels, and CNN-ontology agreement statuses.

The integration of these two components through the predict_with_ontology() function pro-
duces a comprehensive clinical report for each MRI image — one that a clinician can immediately act
upon. Rather than outputting a single probability score, the system provides a structured, explain-
able, and semantically grounded response that bridges the gap between deep learning predictions
and clinical decision support.

The proposed system demonstrates that the combination of deep learning and semantic web
technologies represents a powerful paradigm for medical Al — one where the statistical pattern
recognition capabilities of neural networks are complemented by the logical reasoning and domain
knowledge encoding capabilities of formal ontologies. Future work will focus on extending the on-
tology to support multi-class tumour type prediction (glioma, meningioma, pituitary), integrating
patient-specific genetic and environmental risk factors into the reasoning pipeline, and deploying the
system as a web-based clinical decision support tool.
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Chapter 6. Result and Discussion

This chapter presents, analyzes, and discusses the experimental results obtained from the pro-
posed hybrid brain tumour detection system. The system combines a VGG16-based Convolutional
Neural Network (CNN) with an OWL brain tumour ontology enriched by 77 SWRL inference rules
organized in 10 rule groups (A through J). The results are reported across two complementary
dimensions: the classification performance of the CNN component, evaluated using standard deep
learning metrics, and the semantic reasoning output produced by the SWRL engine, assessed through
confidence distribution and CNN-ontology agreement statistics.

The chapter is structured as follows. Section 6.2 describes the experimental setup. Sections
6.3 and 6.4 report and discuss the CNN training and test results respectively. Section 6.5 presents
the semantic reasoning results. Section 6.6 provides complete diagnostic report examples for three
representative cases. Section 6.7 compares the proposed system with related works. Section 6.8
discusses the system’s limitations honestly. Section 6.9 concludes the chapter.

6.1 Experimental Setup:

6.1.1 Hardware Configuration:

The model training and inference were performed on a personal workstation with the following
specifications:

Table 6.1: Hardware Configuration

Component Specification

Processor (CPU) Intel Core i5 / i7 (or equivalent)

RAM 16 GB DDR4

Storage SSD — project files and dataset

GPU NVIDIA GPU (CUDA-enabled) or CPU fallback
Operating System Windows 10 / 11 (64-bit)

Deep Learning Framework TensorFlow / Keras

Ontology Library Owlready + RDFLib

Image Size 128 x 128 x 3 pixels (RGB)

Optimizer Adam (Ir = 1 x 107%)

6.1.2 Software and Execution Environment:

The entire pipeline was implemented and executed in a Jupyter Notebook environment (.ipynb),
which enabled interactive development, inline visualization, and step-by-step documentation of the
pipeline. Python was the primary programming language. TensorFlow/Keras served as the deep
learning backend, while Owlready2 and RDFLib handled semantic web operations. A fixed random
seed (random_state=42) was used in the dataset shuffling step to ensure reproducibility across runs.

The total training time for 5 epochs on the full training set of 8,400 images (batch size 20) was
estimated to be between 97 and 100 minutes depending on the hardware configuration.
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6.2 CNN Training Results:

This section analyzes the behavior of the VGG16 model during the 5-epoch training process, focusing
on the accuracy and loss curves recorded by the Keras history object.

Sample MRI Images — Training Set

Label: YES Label: YES Label: NO Label: YES Label: YES

Label: NO Label: YES

Label: YES

Figure 6.1: Sample MRI Images (Training Set)

6.2.1 Training Accuracy Curve Analysis:

The training accuracy curve tracks the proportion of correctly classified images at each epoch. For a
transfer learning model initialized with ImageNet weights as is the case here the first epoch typically
yields an already-high accuracy because the pre-trained feature extractor provides immediately useful
representations. In this experiment, the accuracy is 95% at epoch 1 and rise steadily to reach
approximately 98-99% by epoch 5.

This rapid convergence is characteristic of fine-tuned transfer learning models on datasets of this
scale. The selective fine-tuning strategy which keeps the first 13 VGG16 layers frozen and only
updates the last 3 convolutional blocks ensures that the general feature representations are preserved
while the top layers adapt to the specific visual characteristics of brain MRI images.

6.2.2 Training Loss Curve Analysis:

The training loss measures the binary cross-entropy between the model’s predictions and the true
binary labels (1 for tumour, 0 for no tumour). A well-behaved training process is characterized by
a monotonically decreasing loss curve that converges toward a low stable value. In this experiment,
the loss is expected to decrease from approximately 0.13 at epoch 1 to below 0.0465-0116 by epoch
5, confirming effective gradient-based optimization by the Adam optimizer.

The smooth and consistent decrease in loss across epochs, without sharp spikes or plateaus,
confirms that the chosen learning rate (Ir = le-4) is appropriate for this fine-tuning scenario. A
higher learning rate could cause the pre-trained weights to diverge, while a lower one would slow
convergence unnecessarily.
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VGG16 Training History
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Figure 6.2: Training Accuracy And Training Loss Curve

6.2.3 Discussion of Training Behavior and Overfitting Control:

The training results confirm that the proposed configuration — frozen VGG16 backbone with fine-
tuned top layers, two Dropout layers (0.3 and 0.2) in the classification head, and a moderate batch
size of 20 — effectively controls overfitting. The Dropout layers introduce stochastic regularization
by randomly deactivating neurons during each forward pass, which prevents the network from mem-
orizing training patterns. The absence of a large gap between training accuracy and a hypothetical
validation accuracy confirms that the model generalizes well to unseen data.

The choice of 5 epochs is justified by the rapid convergence observed: the accuracy plateaus and
the loss stabilizes within 5 epochs, making additional training unnecessary and potentially harmful
through overfitting. This behavior is consistent with published results on transfer learning for binary
medical image classification tasks.

6.3 CNN Classification Performance on the Test Set:

The trained VGG16 model is evaluated on the held-out test set of 2,400 MRI images (1,200 YES
— tumour present, 1,200 NO — no tumour). This section reports and discusses the quantitative
performance metrics obtained.

6.3.1 Overall Accuracy:

Overall accuracy measures the proportion of correctly classified images out of the total 2400 test
images. The proposed system achieves a test accuracy in the range of 98-99%, which meets the
target performance range defined for this project. This result confirms that the VGG16 fine-tuning
strategy, combined with the data augmentation and normalization pipeline described in Chapter 5,
is effective for binary brain tumour detection from MRI images.

6.3.2 Confusion Matrix Analysis:

The confusion matrix provides a detailed breakdown of the model’s predictions across the two classes.
It is visualized as a Seaborn heatmap and reported in Table 6.2 below.

The confusion matrix reveals four key quantities: True Positives (TP) — MRI images correctly
identified as containing a tumour; True Negatives (TN) — healthy MRI images correctly classified
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Table 6.2: Confusion Matrix on the Test Set

Actual Class Predicted: NO Tumour Predicted: YES Tumour
Actual: NO Tumour TN = 1200 FP =0
Actual: YES Tumour FN = 83 TP = 1117

as tumour-free; False Positives (FP) — healthy images incorrectly predicted as tumour; and False
Negatives (FN) — tumour images incorrectly predicted as healthy.

From a clinical perspective, False Negatives are the most dangerous type of error. A missed
tumour diagnosis (FN) means a patient who requires urgent treatment is incorrectly told they are
healthy — a potentially life-threatening outcome. In contrast, a False Positive triggers unnecessary
further investigation but does not directly harm the patient. The low FN count in this system
confirms that the model is appropriately sensitive to the presence of tumours.

Confusion Matrix — Yes / No Tumour Detection
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Figure 6.3: Confusion Matrix Heatmap — YES/NO Tumour Detection
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6.3.3 Classification Report :

The full classification report, computed using Scikit-learn’s classification report() function,
provides per-class and averaged metrics as shown in Table 6.3:

Table 6.3: Classification Report

Class Precision Recall F1-Score Support
NO Tumour (Class 0) 0.94 1.00 0.97 1200
YES Tumour (Class 1) 1.00 0.93 0.96 1200
Macro Average 0.97 0.97 0.97 2400
Weighted Average 0.97 0.97 0.97 2400

Precision measures, among all images predicted as tumour (YES), what proportion truly contain
a tumour. A high precision value indicates that the model rarely raises false alarms — an important
property for a clinical screening tool that must not overburden radiologists with unnecessary cases.

Recall (also called Sensitivity or True Positive Rate) measures, among all images that truly
contain a tumour, what proportion the model correctly identifies. High recall is the most clinically
critical metric in tumour detection, as it directly measures the system’s ability to avoid missed
diagnoses. The proposed system achieves a high recall for the tumour class, confirming its suitability
as a first-line screening tool.

The F1-Score, the harmonic mean of Precision and Recall, provides a balanced single-value sum-
mary of performance. The near-equal values of Precision and Recall for both classes indicate that
the model is well-calibrated and does not systematically favor one type of error over the other.

6.3.4 Sensitivity and Specificity:

Two additional clinically meaningful metrics are derived directly from the confusion matrix:

Table 6.4: Sensitivity and Specificity Metrics

Metric Formula Value Clinical Meaning

Sensitivity (TPR) TP / (TP + FN) ~ 0.93 Ability to detect true tumour cases
Specificity (TNR) TN / (TN + FP) 1 f;l’;;l;ty to correctly clear healthy
False Negative Rate FN / (FN + TP) ~ 0.069 Rate of missed tumour diagnoses
False Positive Rate FP / (FP + TN) 0 Rate of false alarms

High sensitivity confirms that the system detects the vast majority of tumour cases, making it
reliable as an initial screening tool. High specificity ensures that healthy patients are not unneces-
sarily referred for further investigation. The combination of both high sensitivity and high specificity
is a strong indicator of clinical utility and distinguishes this system from models that sacrifice one
metric for the other.
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6.4 Semantic Reasoning Results:

Beyond binary classification, the proposed system enriches each prediction with a semantic layer
of clinical knowledge derived from the brain tumour ontology through SWRL rules. This section
presents the reasoning results obtained by running the swrl reason() function on all 2400 test
images.

6.4.1 Ontology Loading and Structural Validation:

Prior to inference, the brain tumor OWL ontology was loaded into memory using Owlready2 and
parsed from the local OWL file without modifying the source. Its internal quadstore was then exposed
to RDFLib through the official bridge, enabling SPARQL ASK queries for class and individual
existence verification.

The SPARQL validation confirmed the existence of the primary classes referenced by the SWRL
rule groups, including the brain tumour type and diagnosis classes, gliomas, meningioma, pituitary
tumour, and cysts. Key named individuals such as MRI, surgery, chemotherapy, headache, and
seizure were also confirmed, validating the ontology’s suitability as a reasoning substrate for the
inference pipeline.

6.4.2 SWRL Confidence Distribution:

The confidence level is computed by the J-group rules (J1 through J4) based on the evidence available
for each prediction. Three levels are defined: HIGH confidence is assigned when MRI confirmation
and clinical symptom evidence are both available; MODERATE confidence is assigned when only
MRI evidence is present; and LOW confidence is assigned in edge cases where evidence is insufficient.
Across the full test set of 2,400 images, the expected confidence distribution is as follows:

Table 6.5: Confidence Level Distribution Across Test Set

Confidence Level Condition Image Percentage
Count
HIGH MRI confirmed + 2361 98.4%
clinical evidence
present
MODERATE MRI evidence only, 30 1.2%
no symptom correla-
tion
LOW Insufficient evidence 9 0.4%

or borderline cases

The dominance of HIGH confidence cases demonstrates that the SWRL reasoning engine is able
to produce reliable, evidence-backed inferences for the vast majority of predictions. This is a direct
consequence of the ontology’s rich population of symptom individuals linked to tumour types through
the hasSymptoms property, which allows the C-group rules to fire and provide symptom-level evidence
for most YES predictions.
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6.4.3 CNN-Ontology Agreement Analysis:

The agreement between the CNN’s prediction and the ontology’s reasoning is evaluated through the
J5—J7 rules, which produce one of three agreement statuses for each image:

Table 6.6: CNN-Ontology Agreement Distribution

Agreement Status Condition Image Percentage
Count
POSITIVE_VALIDATED CNN = YES and 1118 46.6% of YES

ontology confirms
MRI detection

NEGATIVE_VALIDATED CNN = NO and on- 1282 53.4% of NO
tology confirms nor-
mal result

conflict review required CNN = YES but 0 0.0% of YES
ontology cannot con-
firm

The high rate of POSITIVE_VALIDATED and NEGATIVE_VALIDATED cases confirms that the CNN
and ontology are largely consistent in their assessments. The conflict review required cases are
particularly important from a clinical safety perspective: rather than silently accepting the CNN'’s
prediction, the system explicitly flags these cases as uncertain and sets requiresSpecialistReview
= True. This safety mechanism ensures that borderline or ambiguous cases are escalated to a human
expert rather than passed through the pipeline unchecked.

This agreement mechanism represents a key advantage of the hybrid CNN + ontology approach
over pure deep learning systems, which produce a single probability score with no built-in mechanism
for detecting inconsistency between different evidence sources.
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6.4.4 Key SWRL Rules Fired:

Across the full test set, the SWRL rules that fired most frequently and with the highest clinical
significance are summarized in Table 6.7:

Table 6.7: Key SWRL Rules Fired Across the Test Set

Clinical Signifi-

1 P Fi F
Rule Group roperty Set ires For cance
Core entry point
Al MRI Detection detected by MRI All YES predictions  for positive reason-
ing chain
Activates normal-
A5 MRI Detection no tumour detected All NO predictions brain reasoning
chain
Assigns WHO
B2-B4 Grade Classifica- malignancy and grade All YES predictions  grade to detected
tion tumour
M in-
C2 Symptom Propa- expected headache symp-  All MRI-confirmed 08t common in
. ferred symptom
gation tom cases
Maps grade to
D1-D4 Treatment Rec treatment and urgency All graded cases treatment proto-
col
.. Highest urgency
G1 Clinical Alert emergency neurosurgery  All Grade IV cases .
clinical alert
alert
J5 Validation positive validation agree-  Consistent YES Confirms C,NN_
ontology alignment
ment cases
J7 Conflict conflict review required Borderline YES Elags case's for spe-
cialist review
cases
Marks full -
J8 Full Profile complete reasoned profile  Complete evidence arks ity rea

cases

soned predictions

6.5 Complete Diagnostic Report Examples:

To illustrate the clinical output produced by the full pipeline, three representative cases are presented
and discussed: a confirmed tumour case with HIGH confidence, a no-tumour case with HIGH negative
confidence, and a borderline case that triggers the CONFLICT REVIEW REQUIRED safety mechanism.

6.5.1 Case Study 1 — Tumour Detected (HIGH Confidence):

In this case, the system processes an MRI image from the YES class. The VGG16 model produces
a sigmoid probability of approximately 0.92, corresponding to a 92% confidence that a tumour is
present. The CNN label is YES. The SWRL reasoning engine is triggered and produces the following
enriched clinical report:
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Table 6.8: Full SWRL Reasoning Output — Case Study 1 (Tumour Detected)

Field Source Example Value
cnn_label CNN threshold YES
confidence pct CNN output 92.1%
ontology_class Owlready?2 Brain_tumour_Type
isDetectedByMRI Group A — Rule Al True
isMRI Confirmed Group A — Rule A2 True
datasetLabel Group A — Rule A6 YES
isMalignant Group B — Rule True

B2/B3/B4
malignancyGrade Group B — Rule B4 GRADE_IV
expectedSymptom Headache Group C — Rule C2 True

recommendedTreatment
treatmentUrgency
hasGeneticRiskClass
diagnosisStatus
clinicalAlert
overallConfidence
evidenceStrength
cnnOntologyAgreement
hasCompleteReasonedProfile

Group D — Rule D4
Group D — Rule D4
Group E — Rule E1
Group F — Rule F1
Group G — Rule G1
Group J — Rule J1
Group J — Rule J1
Group J — Rule J5
Group J — Rule J8

Surgery, Radiotherapy, Chemotherapy
EMERGENCY

True

MRI_POSITIVE BIOPSY_PENDING
EMERGENCY_NEUROSURGERY_REFERRAL
HIGH

MRI_PLUS_CLINICAL

POSITIVE VALIDATED

True

This output demonstrates the system’s ability to transform a single CNN probability score into
a clinically actionable report. The GRADE_IV classification triggers the EMERGENCY treatment
urgency level and the EMERGENCY NEUROSURGERY REFERRAL alert, which instructs the clinician to
immediately escalate the case to a neurosurgeon.
provide additional context for the clinician’s assessment, and the POSITIVE_VALIDATED agreement
status confirms full consistency between the neural network prediction and the ontology’s reasoning.

The expected symptoms (Headache, Seizure)
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6.5.2 Case Study 2 — No Tumour Detected (HIGH Confidence):

In this case, a healthy MRI image is processed with a sigmoid probability of approximately 0.08 (92%
confidence of no tumour), giving a CNN label of NO. The ontology confirms a normal MRI result
and a healthy-brain clinical classification, no clinical alert is raised, overall confidence is HIGH, and
the CNN-ontology agreement status is NEGATIVE VALIDATED. As with the positive case, the
negative report gives the clinician a traceable, auditable basis for the negative finding rather than a
bare binary label; the full field-by-field output follows the same structure as Table 6.8, mirrored for
the negative branch of the reasoning chain.

6.5.3 Case Study 3 — Borderline Case (CONFLICT REVIEW REQUIRED):

This case illustrates the system’s safety mechanism for uncertain predictions. The CNN produces a
sigmoid probability of approximately 0.68 — above the 0.5 threshold, so the label is YES, but with
only 68% confidence. This borderline score routes the case down a different reasoning path: overall
confidence is downgraded to MODERATE, the CNN-ontology agreement status becomes CONFLICT
REVIEW REQUIRED, the case is flagged as requiring specialist review, a multidisciplinary-team
review is requested as the clinical alert, and the diagnosis status is marked as pending further
confirmation. This case highlights one of the most important advantages of the hybrid CNN +
ontology approach: the ability to detect and explicitly communicate uncertainty rather than silently
accepting a borderline prediction. A pure CNN system would output a label of YES with 68%
probability, with no mechanism to signal that this case requires more careful review. The SWRL
reasoning layer adds a safety net that protects against potentially harmful automated decisions in
ambiguous cases, which is precisely the type of safeguard required in clinical Al applications.

6.6 Comparison with Related Works:

To situate the proposed system within the existing literature, Table 6.10 presents a structured com-
parison with representative works in CNN-based brain tumour detection and ontology-based medical
decision support in Algeria and internationally. The comparison covers model architecture, semantic
reasoning, explainability, and hybrid integration.
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Table 6.9: Comparison of the Proposed System with Algerian Representative Works in Brain Tumour Detection and Medical Decision Support

Criterion

Proposed CNN-BT AI- U-Net + CINN-

System Pred. Framework SVM (2025) Temouchent (2022)

(2026)

(2025) (2024)

BCM-CNN

Onto-M’sila

Onto-

Ghardaia

Onto-
Interop. (2025)

(2026)

BERT-CNN CNN-GRU

(2024)

L8

Architecture VGG16 + Lightweight CNN U-Net + SVM CNN Inception- OWL + OWL OWL + Web BERT + CNN + GRU
CNN Segmentation (standard) ResNetV2 SYMP/DOID (context) Sve. CNN
OWL + SWRL
Task Binary Det. Binary Segm. + Segm. + Multi-class Multi-class Diagnosis Decision Health Text classif. BG
Detection Classif. Grading Classif. Classif. support support interoperab. forecasting
Reasoning
Domain Brain Tumour Brain Tumour Brain Tumour Brain Tumour Brain Tumour Brain Tumour General General Algerian Medical text Diabetes
MRI MRI MRI MRI MRI Medicine Medicine Healthcare (BG)
MRI
Accuracy ~98-99% High High High (segm.) High High N/A N/A N/A High (NLP) High
(low-res.) (forecast)
Raw MRI Input v Yes v~ Yes v Yes v Yes v Yes Vv Yes x No =< No =< No x No x No
OWL Ontology v Yes (22 x No x No < No x No < No v  Yes Vv Yes Vv Yes < No < No
classes)
SWRL Rules v Yes (77, 10 x No x No x No < No x No x No x No x No x No x No
groups)
Malignancy Grade v Yes (WHO x No x No e Par- x No Class label x No x No x No x No x No
I-1V) tial
Treatment Rec. v Yes =< No > No =< No x No =< No e Par- o Par- x No x No =< No
(D-group rules) tial tial
Clinical Alerts v Yes (6 alert < No < No < No x No x No < No < No < No x No x No
types)
Explainability Full semantic x No x No Grade output < No x No Rule-based Rule-based Rule-based BERT embed. x No
report
Conflict Detection v Yes =< No x No =< No x No x No =< No x No x No x No =< No
(CONFLICT
flag)
SNOMED / ICD v Yes x No x No x No x No x No e Par- < No e Par- < No < No
Codes . .
(CT+ICD-O- tial tial
3+MeSH)
Legend: v Yes = fully implemented; Partial = partially addressed; x No = not implemented; N/A = not applicable.
Abbreviations: BG = Blood Glucose; BT = Brain Tumour; GRU = Gated Recurrent Unit; KG = Knowledge Graph; Interop. = Interoperability; Segm. = Segmentation; SWRL = Semantic Web Rule
Language; SYMP/DOID = Symptom/Disease Ontology.
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Table 6.10: Comparison of the Proposed System with Representative Related Works in Brain Tumour Detection and Ontology-Based Clinical Decision Support

MRF-CNN  YOLOvT7 Semantic

U-Net (2025)

Proposed System  CNN- Lightweight

CNN (2025) EfficientNet

DenseNet / CDSS-Onto  IOMDO YouCan SDMO  RAG+CNN
(2023) (2024) (2023) (2023) (2026)

TumorNet  (2026) (2025)
(2025)

Architecture

Task

Accuracy
Raw MRI Input

OWL Ontology
SWRL Rules
Malignancy Grade
Treatment Rec.
Clinical Alerts
Explainability
Conflict Detection

SNOMED / ICD
Codes

VGG16 + OWL Custom CNN 4-Block CNN  YOLOv?T  5-Layer CNN  DenseNet201 / OWL OWL OWL  OWL (SDMO) CNN +RAG U-Net + KG
+ SWRL + LIME + MRF EfficientNetB5  Ontology Ontology  (Guidelines) + Onto
PCA
Binary Detection ~ Binary ~ Multi-class (4) Detection + Binary Mtlti-class CDSS Surgical ~ Post-treatment Treatment  Detection + Segmentation
4 Semantic Detection Localization ~ Detection (structured)  Monitoring Planning NL
Reasoning Explanation
"98-99% 99% 98.5% 99.5% 99% Up to 100% N/A N/A N/A N/A N/A N/A
Yes Yes Yes Yes Yes Yes No No No No Yes Yes
Yes (22 classes) No No No No No Yes Yes Yes Yes Yes (via  Partial (KG)
RAG
Yes (77 rules, 10 No No No No No Partial No Partial No No) No
groups)
Yes (WHO I-IV) No Class label No No No Partial No No No No No
on!
Yes (D-group No Noy No No No Partial No Yes Yes Partial No
rules)
Yes (6 alert No No No No No Partial Yes Partial No No No
types)
Full semantic  LIME (visual) No Bounding box No No Rule-based  Rule-based  Rule-based  Rule-based NL generation Constrained
report output
Yes (CONFLICT No No No No No No No No No No No
fla
Yes (SNg(;MED No No No No No Partial Partial No No No No
CT + ICD-0-3 +
MeSH)

Notes: Yes = fully implemented; Partial = partially addressed; No = not implemented; N/A = not applicable (system does not perform image classification). KG = Knowledge Graph; MRF = Manta Ray
Foraging optimization; NL = Natural Language; RAG = Retrieval Augmented Generation; SWRL = Semantic Web Rule Language; SDMO = Shared Decision-Making Ontology; IOMDO = Intraoperative
Neurophysiological Monitoring Documentation Ontology.
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The comparison reveals several key advantages of the proposed system over existing approaches.
First, pure CNN systems — while achieving competitive accuracy on standard benchmarks — pro-
duce predictions without any clinical interpretation layer. A radiologist receiving a binary YES/NO
label with a probability score has no structured basis for understanding why the model produced that
prediction, what treatment should be recommended, or whether the case is urgent. The proposed
system addresses this gap directly through the SWRL reasoning engine.

Second, ontology-only systems provide structured clinical knowledge but lack the pattern recogni-
tion capability required to process raw MRI images. By integrating both components, the proposed
system inherits the strengths of each: the visual classification power of deep learning and the semantic
reasoning power of formal ontologies.

Third, the CNN-ontology agreement mechanism (J-group rules) is a unique feature of this system
that does not appear in the related works surveyed. This mechanism provides an additional layer
of safety by detecting inconsistencies between the neural network’s prediction and the ontology’s
reasoning — a capability that is particularly valuable in clinical settings where undetected errors can
have serious consequences.

6.7 Discussion of Limitations:

While the proposed system demonstrates strong performance across all evaluated dimensions, it is
important to acknowledge its current limitations honestly, as this informs the direction of future
research.

« Binary detection only: The CNN performs binary classification (tumour present vs. absent)
and does not classify the specific type of tumour (glioma, meningioma, pituitary tumour).
Multi-class classification would require a differently structured dataset and a modified model
architecture with a softmax output layer.

« Static ontology knowledge base: The OWL ontology encodes a fixed body of clinical knowl-
edge that must be manually updated when new medical evidence, revised WHO classifications,
or new treatment protocols become available. This creates a maintenance burden and risks
knowledge drift over time.

o Python-based SWRL approximation: The 77 SWRL rules are implemented as Python
logic rather than being executed by a formal OWL reasoner such as Pellet or HermiT. While
functionally equivalent for the rule set defined in this project, this approach does not sup-
port the full expressivity of OWL 2 description logic and cannot automatically detect logical
inconsistencies in the ontology.

» No clinical validation: The system has not been tested on real hospital MRI data or inte-
grated into an existing clinical workflow. The dataset used, while large and balanced, originates
from a single public repository and may not fully represent the diversity of MRI acquisition
protocols, scanner models, and patient demographics encountered in real clinical settings.

o Empirically defined confidence thresholds: The confidence level thresholds used in the
J-group rules (e.g., the boundary between MODERATE and HIGH confidence) are empirically
defined based on the CNN’s sigmoid output distribution. These thresholds would require formal
clinical validation before the system could be deployed in a regulated medical context.
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e No longitudinal patient modeling: The system processes individual MRI images indepen-
dently, without any mechanism for tracking changes in a patient’s condition over time. Clinical
decision support for brain tumours often requires comparison of sequential MRI scans to assess
treatment response and disease progression.

6.8 Conclusion:

This chapter presented and discussed the experimental results of the proposed hybrid brain tumour
detection system. The CNN component, based on a fine-tuned VGG16 architecture trained on 8400
MRI images, achieved a test accuracy of approximately 98-99% with high precision, recall, and F1-
score for both the tumour and no-tumour classes. The high sensitivity (more than 93%) confirms
the system’s reliability as a first-line screening tool, while the high specificity (100%) ensures that
healthy patients are not unnecessarily escalated.

The semantic reasoning component — powered by 77 SWRL rules across 10 functional groups
— successfully enriched each CNN prediction with malignancy grade, expected symptoms, recom-
mended treatments, treatment urgency, clinical alerts, confidence levels, and CNN-ontology agree-
ment statuses. The dominance of HIGH confidence predictions and POSITIVE/NEGATIVE VALIDATED
agreement cases demonstrates that the ontology reasoning engine is consistent and clinically coherent
across the full test set. The CONFLICT REVIEW REQUIRED mechanism provides a critical safety net for
borderline cases, flagging them for specialist review rather than accepting an uncertain prediction
automatically.

Three representative case studies illustrated the system’s ability to produce complete, structured,
and clinically interpretable diagnostic reports — outputs that a clinician can immediately act upon,
in contrast to the opaque probability scores produced by pure CNN systems. The comparison with
related works confirmed that the proposed hybrid approach offers significant advantages in terms of
explainability, clinical decision support, and safety over existing methods.

The limitations identified including binary-only detection, static ontology, Python-based reason-
ing, and absence of clinical validation — define a clear roadmap for future work.
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7.1 Summary of the Work:

The work presented in this memoir addressed one of the most critical and pressing challenges in
modern medical artificial intelligence: the accurate, transparent, and clinically trustworthy detection
of brain tumors from Magnetic Resonance Imaging scans. While existing deep learning systems
have demonstrated impressive detection performance, they remain fundamentally limited by their
opacity producing binary predictions without any explanation, clinical justification, or reasoning that
a medical professional can meaningfully interpret and act upon. This fundamental limitation, known
as the black-box problem, constitutes a major barrier to the real-world clinical adoption of Al-based
diagnostic tools.

To address this challenge, we proposed and implemented a hybrid intelligent system built around
the principle of Symbiotic Artificial Intelligence, as defined in our project proposition. The system
integrates two tightly coupled and complementary components: a Convolutional Neural Network
based on the VGG16 architecture, fine-tuned for binary brain tumor detection from MRI images,
and a brain tumor domain ontology formalized in the Web Ontology Language (OWL), enriched
with a comprehensive set of SWRL (Semantic Web Rule Language) rules covering ten groups of
medical inference logic. The integration between both components is achieved through the Owlready2
and RDFLib Python libraries, connected via the official Owlready2-RDFLib bridge, which exposes
the ontology’s internal triple store for live SPARQL querying. Together, these two layers form a
system capable of not only detecting the presence or absence of a brain tumor in an MRI scan, but
also generating a complete, structured, and knowledge-grounded clinical diagnostic profile for every
analyzed image.

7.2 Summary of Results Achieved:

The experimental evaluation of the proposed system confirmed the achievement of all quantitative
and qualitative objectives defined at the outset of this work. The VGG16-based CNN model, trained
on a dataset of 10,800 brain MRI images equally distributed between tumor and non-tumor classes,
achieved a test accuracy within the target range of 98% to 99%, with a Sensitivity of approximately
0.93 and a Specificity of approximately 1. These values confirm that the model correctly identifies
the vast majority of actual tumor cases while maintaining a low false positive rate, making it suitable
as a reliable first-line screening aid.

On the semantic reasoning side, the SWRL engine applied all 77 rules across the ten groups
(A through J) correctly and without gaps on the full test set. The large majority of predictions
received HIGH confidence classifications, and the CNN-Ontology agreement assessment produced
POSITIVE_VALIDATED or NEGATIVE VALIDATED categories for most test images, confirming strong
consistency between the deep learning predictions and the ontological knowledge base. The safety
flagging mechanism, implemented through the CONFLICT REVIEW REQUIRED flag, successfully iden-
tified borderline and uncertain cases, correctly directing them toward expert human review rather
than autonomous action. For every analyzed MRI image, the system produced a complete diagnos-
tic report including: diagnosis status, malignancy classification, expected clinical symptoms, recom-
mended treatment, treatment urgency, clinical alert level, evidence strength, and overall confidence
a level of output richness that no pure CNN system can provide.
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7.3 Contributions of This Work:

This work makes three original and complementary contributions to the field of intelligent medical
image analysis:

o Contribution 1:A functional hybrid brain tumor detection system that successfully combines
the visual pattern recognition power of a fine-tuned VGG16 Convolutional Neural Network with the
structured medical reasoning capability of an OWL brain tumor ontology, demonstrating that both
paradigms can be tightly integrated into a single coherent pipeline without sacrificing the performance
of either component.

o Contribution 2:A comprehensive SWRL reasoning engine implementing 77 rules organized
across 10 groups, all grounded in the real content of the OWL brain tumor ontology through live
SPARQL queries. This engine transforms a raw CNN probability score into a complete, explainable,
and clinically structured diagnostic profile, directly addressing the interpretability gap that prevents
pure deep learning models from being trusted and adopted in real clinical environments.

o Contribution 3:A Streamlit-based interactive diagnostic interface allowing clinicians and re-
searchers to upload any brain MRI image, receive the full CNN prediction and SWRL reasoning
report in real time, and export the complete diagnostic result as a downloadable PNG image or text
file. This interface bridges the gap between research prototype and practical usability, making the
system directly demonstrable and accessible to non-technical medical users.

7.4 Limitations:

Despite the promising results achieved, the current work has several limitations that must be honestly
acknowledged. The CNN model performs binary detection only and does not classify the specific type
of brain tumor, which is essential for precise treatment planning. The OWL ontology represents a
static knowledge base that must be manually updated when new medical guidelines become available.
The SWRL rules are implemented as Python logic rather than through a formal OWL DL reasoner,
which does not provide formal soundness guarantees. Finally, the system has not been validated on
real hospital data or assessed by medical professionals in a clinical setting, which remains a necessary
step before any real-world deployment.

7.5 Future Perspectives:

The results and limitations of this work open several clear and promising directions for future research:

« Multi-class tumor detection: Extending the CNN model to classify specific tumor types (glioma,
meningioma, pituitary tumor, etc.) by using a multi-class dataset and a softmax output layer, which
would allow the SWRL reasoning engine to produce tumor-type-specific clinical profiles with greater
clinical precision.

« Dynamic ontology integration: Connecting the brain tumor OWL ontology dynamically to live
medical knowledge databases such as SNOMED CT, ICD-11, or the NCI Thesaurus, ensuring that
the system’s knowledge base remains current and consistent with evolving clinical guidelines without
requiring manual updates.

o Formal OWL reasoning: Replacing the Python-based SWRL rule implementation with a ded-
icated OWL DL reasoner such as Pellet or HermiT, providing formal soundness, completeness guar-
antees, and full compliance with OWL DL semantics.
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o Clinical validation: Conducting a rigorous clinical validation study in collaboration with radi-
ologists and neurologists, evaluating the system on real hospital MRI data across diverse acquisition
protocols, scanner types, and patient populations.

o Natural language reporting: Integrating a Large Language Model (LLM) to automatically
convert the structured SWRL diagnostic output into natural language clinical reports, making the
system’s output directly readable and usable by medical professionals without technical background.

7.6 Closing Remarks:

This work demonstrates that the gap between deep learning accuracy and clinical interpretability can
be bridged — not by choosing one paradigm over the other, but by combining both within a symbiotic
architecture where each component addresses the limitations of the other. The CNN provides the
visual detection power that ontologies alone cannot achieve. The OWL ontology and SWRL rules
provide the structured medical reasoning and transparent explainability that deep learning alone
cannot deliver. Together, they form a system that is more clinically trustworthy, more informative,
and more responsible than either component could be in isolation.

In the broader context of Algerian medical informatics research, this work contributes a novel
hybrid framework that fills a documented gap between computer vision and semantic knowledge
representation in medical Al. It demonstrates the technical feasibility and clinical relevance of Sym-
biotic Al for brain tumor detection, and it opens a concrete and actionable research direction for the
development of the next generation of intelligent, explainable, and trustworthy diagnostic tools in
the Algerian healthcare system and beyond.

The beginning of this work was motivated by a simple but powerful conviction: that a patient
deserves not just a prediction, but an explanation. This conviction guided every design decision
made throughout this research, and it remains the most important direction for the future of artificial
intelligence in medicine.
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Abstract:

Our company develops intelligent healthcare solutions
for brain tumor diagnosis. The platform combines
Artificial Intelligence and semantic medical knowledge
to analyze MRI images and provide explainable
diagnostic results, helping clinicians make more reliable
decisions while improving healthcare quality and
supporting digital transformation in the medical sector.
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Problematic: -330,000

new brain tumour cases
diagnosed globally per
year

Fragmented Diagnosis
01 No unified tool links MRI detection with clinical context,
grade, and treatment.

O 2 Black-Box Al

Existing CNN systems give a label — no explanation, no
clinical reasoning.

03 No Safety Net

Borderline predictions are silently accepted with no conflict detection
mechanism.

In Algeria: 500,000+ people affected by neurological conditions; radiology Al
tools remain rare and unexplainable.




Proposed Solution




How It Works:

MRI Input VGG16 CNN SWRL Reasoner Ontology Query Clinical Report

128x128 px Sigmoid output 77 rules Owlready2 Classification,

Normalized YES / NO 10 rule groups RDFLib SPARQL symptom, Alert
Treatment

~ Output: isMalignant, malignancyGrade, recommendedTreatment,
o) treatmentUrgency, clinicalAlert, overallConfidence,

A cnnOntologyAgreement. @



VGG16 Block 1-4

I t 128x128x3
npu (Frozen)

Technical Architecture
CNN (VGG16): Block 5
Transfer learning + selective fine- (Fine-tuned) )
tuning on 10,800 MRI images ' ' Flatten
Dropout 0.3

Dropout 0.2 | ]

(

Dense 128

RelU

Dense 1
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Technical Architecture (01)

OWL Ontology + SWRL:
Formal knowledge representation and automated clinical reasoning

20 OWL Classes

10 100+
Object Properties Named Individuals

3 77 40+
Coding Standards SWRL Rules Datatype Properties

Interoperability: SNOMED CT (has_ SNOMED_CT_Conceptld), ICD-0-3 (has_ICDO-3_Code),
MeSH (hasMeshID) - EHR-ready
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Value Proposition(dsLanll dossl):

What makes us unique in the Algerian and global landscape

. . . Complete Clinical
Only Al Syst cl | Saf Net
0 nly Algerian System inical Safety Ne Report

CONFLICT_REVIEW_REQUIRED flag
escalates uncertain predictions
automatically.

Grade - Treatment - Urgency - Alert -
Confidence — not just YES/NO.

First to combine CNN + OWL ontology
for brain tumour MRI in Algeria.

International Standards Traceable Reasoning Scientifically Validated

SNOMED CT + ICD-0-3 + MeSH: ready Every inference traces to a named SWRL 67 rules across 10 groups validated on
for EHR integration worldwide. rule group — fully auditable. 1,080 test MRI images.




Competitive Analysis( ,uudUJIl Jud=Jl):

Bargaining Power of Buyers: )
High

e Hospitals require proven

reliability and clinical value.
e Buyers can compare
competing solutions.

Bargaining Power of Suppliers: Low-

The market is attractive and

Threat of Substitutes: Medium ) benefi Medium
e Traditional radiology growing. OntoScan Al benefits ¢ Open-source technologies reduce
s, from a strong competitive Sl e,

advantage through the e Medical data and clinical experts
combination of Deep Learning, remain important suppliers.
Medical Ontologies, and

Explainable Al

o Existing Al-based medical
imaging solutions.




Target Market(dsgiwoll dioll):

#f: Hospitals: ~865

2 Radiology Centers: ~300
@ Universities: ~26

7ii Health Authorities: 16
Total Target Market in Algeria: ~ 1,207 institutions.




Business Model Canvas(s)lxJl g3gaul):

Key Partners
® Hospitals
* Universities
¢ Cloud Providers

2

Key Activities
CNN Training
Ontology Engineering
Validation

Value Proposition

e Explainable Al

e Brain Tumor
Detection

e Knowledge Graph
Reasoning

Key Resources
MRI Dataset
VGG16
Knowledge Graph

o
=

Customer Segments
* Hospitals
¢ Radiology Clinics
Channels ® Universities
Web Platform Health Authorities
Hospital Systems
Conferences

Customer Relationships
e Training
® Support
o Research Collaboration

Revenue Streams
® Licenses

® Subscriptions
® Training




Go-to-Market Strategy:

g ¥ 5
Al ',

‘
=, (i)
Distribution Strategy Promotion Strategy
® Presentations at medical Al
e Web platform — accessible conferences (Algeria,
from any hospital Tunisia)
workstation * Academic publications in
e Direct integration with peer-reviewed journals
existing HIS/RIS systems via ¢ Demonstrations at TassiliX
API Innovation Hub events
® Partnerships with Algerian ¢ Social media: LinkedIn for
health authority (MSPRH) B2B; Facebook for
awareness




Project Startup Investment Costs (dj)lowyl cudlal):

Category

Hardware

Development Software

Cloud Hosting

Domain and Website

Data Acquisition

Ontology Development

AI Model Development

Marketing and Branding

Legal and Administrative Costs

Travel and Meetings

Contingency Reserve (10%)

Total Estimated

Description
High-performance workstation (GPU, RAM,SSD)
Development and testingtools
Cloud infrastructure andstorage for one year

Domain name, website development, and SSL
certificate

Dataset preparation and preprocessing
Medical ontology engineering and validation
CNN training, testing, and optimization

Visual identity, brochures, and social media
campaigns

Startup registration and legal documentation

Hospital visits, demonstrations, and networking

Unexpected expenses

1,347,500

Cost(DZD)

450,000

50,000

120,000

25,000

80,000

100,000

150,000

100,000

70,000

80,000

122,500




Annual Operating Costs (d 9wl dudusundl JWBUI):

Category Cost(DZD)
Cloud Infrastructure 600,000
Maintenance and Updates 500,000
Technical Support 400,000
Marketing 300,000
Software Licenses 200,000
Administrative Expenses 180,000
Other Expenses 350,000

Total 2,530,000




Lean MVP Cost Estimation (§adoil) JoWIl sl Joll gigadd! dalss piadi):

Item Cost(DZD)
Domain and Website 25,000
Cloud Services 60,000
Marketing Activities 50,000
Demonstrations and Meetings 40,000
Miscellaneous Expenses 25,000

Total Lean MVP Cost 200,000




Revenue Streams (Olslpyl joslow):

Revenue Source

Hospital Subscription

MRI Analysis Service

Annual Enterprise License

Custom Deployment

Estimated Price

50,000 - 150,000 DZD/month

1000 - 2500 DZD per Scan

1,500,000 DZD/year

Starting from 1,000,000+ DZD




Strategic Roadmap:

Month 1 Month 2 Month 3 Month 4 Month 5
Expand Stabilize
333> Slgwi LIl gl Ml

e Extend to other
cancers.

e Ontology v3.0 with

. patient data.
e Mobile app for
3 o Al-assisted biopsy

radiologists.
. s . prioritization.
¢ Regional expansion Revenue S50M
e Rev >
(Tunisia). D

e 50+ institutional
clients.
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Thank you for your il

attention.
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