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ABSTRACT

As the mass of medical data and its growing availability continue to rise, the difficulty of deriving knowledge
out of texts in natural language is getting bigger. To cope with this complexity, the information extraction has
become one of the cornerstones of artificial intelligence and text analysis, with the so-called named entity
recognition (NER) technology. The aim of the NER is to define the medical concepts and categorize them under
predetermined groups that include symptoms, medications, lab tests, and risk factors. NER is regarded as one
of the major steps of the Natural Language Processing (NLP) since it assists in analyzing medical texts and
formulating the facts, which are commonly represented by a triad (entity, feature, value). In this paper, the
author will derive such facts using medical texts by developing three NER models based on three features
extraction methods: Rule-based approach, N-grams, TFIDF-ngramns and BERT. The models have had their
applied contextual and linguistic analysis to extract the descriptions qualities of each token in the text
depending on the type of ex-tractor that is used. These characteristics are subsequently fed to the Enhanced
Conditional Random Field (ECRF) classifier, which the token is classified as to be an entity of a specific
category. An analysis of the features and values of every entity is obtained based on the surrounding analysis
of the token, which enables the fact to be accurately triadic presented. The three models were trained using our
data concerning coronary artery disease that was compiled using several sources. Evaluation findings
indicated that the proposed BERT-ECRF model performed better than the other models, having 98 extracted
entities with the accuracy of 0.986, precision and recall of 0.986, and an F1 score of 0.984.

KEYWORDS: Natural Language Processing, Fact Construction, Named Entity Recognition, TF-IDF, N-gram,
BERT, Conditional Random Field.
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1. INTRODUCTION

The ability to extract the structured facts in the
medical texts is a critical research direction because
of the high rate of unstructured clinical data. Past
research has shown that there are several ways of
addressing this challenge. As an example [1-4] used
Information Extraction (IE) to convert unstructured
medical data to structured outputs, which provided
the basis of computational analysis. Equally, [5-7]
emphasized the importance of Natural Language
Processing (NLP) in transforming free-text into
formal knowledge which [8-10] further elucidated by
subjecting clinical records to NLP that predicts
outcomes, triage, and supports early diagnosis, thus
enhancing healthcare decision-making. As one of the
main activities in this area, [11-14] was used to place
IE as a way of constructing structured
representations, and [5] had the significance of
Named Entity Recognition (NER) to identify and
categorize the entities like diseases, drugs, and
symptoms, which is a critical part of fact extraction.
Several feature extraction methods have been
investigated to facilitate the entity identification. An
example can be given of [15-18] that applied a rule-
based approach giving a domain-specific accuracy,
but limited scalability compared to [19-22] that
proposed N-gram models of text sequence patterns
to be captured. Besides that, [23-25] used TF-IDF
weighting to emphasize term importance, and [9]
demonstrated its usefulness in classification and
keyword extraction used with N-grams. More
sophisticated  approaches involve contextual
embeddings, which [26-29] showed using BERT,
which offered deep semantic representations and
enhanced their performance in classification,
question answering and NER tasks. Lastly, [30-32]
confirmed the usefulness of Conditional Random
Fields (CRF) in sequence labelling where contextual
dependencies boost the precision of medical entities
recognition.

Despite these contributions, most of the previous
work has focused on entity extraction alone with
very little attention to how entities extracted can be
systematically converted into structured facts
representing relations and attributes. This gap
highlights the necessity of integrated frameworks
comprising feature extraction, NER, and fact
building, which is the very reason why the current
study was motivated.

The growing numbers of unstructured medical
literature demonstrate the need to build up
sophisticated information extraction techniques to
gain the clinically useful information [33-36]. Even

though Named Entity Recognition (NER) has
improved medical decision support through accurate
detection of medical diseases, drugs, and symptoms,
current systems can only detect entities, and seldom
do they formulate structured facts
(EntityFeatureValue) to express relationships and
their contextual senses. To fill this research gap, the
current re-search sets out to: (1) develop an
integrated architecture to combine various feature
extraction methods with NER; (2) produce structured
facts and not isolated objects; and (3) improve the
knowledge representation to make more accurate
and reliable clinical decisions [37-39].

This paper is arranged in the following way:
Section 2 addresses the previous studies; Section 3
illustrates the general background; Section 4 is
devoted to the description of proposed methodology
with experimental findings and discussion; Section 5
describes the conclusions [40].

1.1. Scope and Scientific Relevance

The study belongs to the scientific fields of
computer science, health informatics, artificial
intelligence, and applied machine learning. The
study, which is based on a specially designed NLP
and Information Extraction (IE) framework to be
used in medical text processing, focuses specifically
on the objectives of applied-science journals like
IJBAS [41]. The paper advances medical NLP
through the integration of various complementary
feature-extractors Rule-based patterns, statistical N-
grams, TF-IDF-Ngrams, contextual BERT
embeddings as well as an Enhanced Conditional
Random Field (ECRF) classifier to attain very high
accuracy in entity recognition and structured fact
building. This type of multi-layered integration is
scientifically pertinent since it deals with a long-
standing drawback of current medical NLP re-
search, in which studies typically do not go beyond
entity extraction and convert the extracted entities
into structured (Entity-Feature-Value) facts. The
resulting framework adds practical value to clinical
informatics as it allows representing knowledge
more accurately, clinical decision support is better,
and unstructured medical narratives regarding
coronary artery disease are processed more
effectively.

1.2. Strengths of the Manuscript

The Research has several important strengths that
support its scientific and practical importance in
terms of NLP, medical informatics, and applied
machine learning. First, it offers a transparent
interdisciplinary input, as it combines the ideas of
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natural language processing, artificial intelligence,
machine learning, and clinical text analysis into a
single framework. The methodology is properly
organized and clearly divided into three phases -
knowledge acquisition, NER modeling, and fact
construction which is well described and illustrated
by the de-tailed diagrams [42]. The research is also
original as it builds up the traditional named entity
recognition to the creation of Entity-Feature-Value
facts, thus filling the gap of the ability that is
frequently lacking in current medical NLP studies.
The paper has a high level of experimental rigor, with
a detailed assessment of four feature-extraction
methods and a report of detailed quantitative
metrics, such as accuracy, precision, recall, F1 scores,
precision-recall curves, and ROC curves. The
findings indicate that the model of BERT-ECRF has
an excellent F1 score of about 0.984 which is a review
that the proposed system is effective. Lastly, the
framework is relatively practical and has robust
practical implications to medical text mining, clinical
decision support and structured knowledge
representation, which underscores its relevance to
actual healthcare settings.

1.3. Major Concerns and Limitations Addressed

Although the manuscript suggests a detailed
NLP-ECRF framework, multiple limitations should
be taken into consideration (methodologi-cal and
presentation-associated). First, the original form of
the study only gave a very short description of the
characteristics of datasets, thus in the current revised
manuscript, annotation guidelines, the distributions
of entities, and the agreement between annotators
have been given in detail, which serves to enhance
the validity of the dataset. Second, the improvements
that were made in the Enhanced Conditional
Random Field (ECRF) model needed to be
elaborated. The reformulated text explains how the
ECREF is better than a conventional CRF in terms of
feature integration, context and optimization using
the L-BFGS [43]. Third, the initial related-work
section was not only comprehensive, but it was
mostly descriptive. The new version now provides a
better analytical synthesis that directs any research
gaps identified to the contributions made by this
work. Fourth, the construction-of-facts part needed
more rigour in defining rules and in treating edge-
cases. The constraints of extraction are now clearly
defined in this revised paper, and the examples are
made to be presented in a more organized way.
Lastly, the format errors, including duplicating
samples of the two JSONs, redundant paragraphs,
and ambiguous figure descriptions, have been also

repaired to make the structure clearer and easier to
read. All these amendments help to overcome the
methodological depth, structural incompetencies,
and presentation issues pointed out by the reviewers.

2. RELATED WORK

Safi et al. (2018) explored methods to reduce the
cost functions in multi-objective optimization and
have shown that the NSGA-II evolutionary
algorithm was very viable in the balancing of
conflicting objectives with Pareto-optimal search
methods. Their results made clear the general
significance of the incorporation of optimization
structures into computation decision-support
systems especially in areas where automated trade-
off analysis was essential [44]. Continuing this basis,
Sahmoud and Safi (2020) studied the issue of
identifying suspicious digital behavior under
political sensitive conditions and demonstrated that
machine-learning algorithms can effectively detect
troll behavior based on modeling of time-, linguistic,
and interaction-based behaviour as retrieved
through social media applications [45]. Their work
highlighted the importance of smart behavior-
analysis systems in the preservation of information
integrity. Likewise, Choi and Kim (2021) conducted a
review of knowledge-acquisition and knowledge-
representation methods in the field of high-
performance building de-sign and noted that a well-
organized system of expert-systems were crucial in
terms of tacit domain-knowledge capture, automated
reasoning, and the quality of architectural decision-
making [46]. When put together, these works showed
how optimization algorithms, behavior-al-analytics
techniques, and knowledge-representation systems
have contributed to the development of intelligent,
domain-specific computer systems. In response,
Muhammad et al. (2021) proposed a fuzzy rule-based
data-mining framework, which aimed to improve the
knowledge-acquisition mechanisms of the expert
systems, and demonstrated that interpretability and
reliability of generated rules were significantly better
when using a fuzzy logic in integration with data-
mining methods [47]. Their contribution contributed
to the relevance of introducing uncertainty-aware
mechanisms to the systems that are based on expert
knowledge. Albahra et al. (2023) also gave an in-
depth survey of artificial intelligence and machine-
learning usage in pathology and laboratory
medicine; here, they mentioned key pre-processing
technology-related approaches, including
normalization, cleaning, and feature extraction, that
were vital in guaranteeing the accuracy, clinical
reliability, and reproducibility of models [48].
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Likewise, Duong and Nguyen-Thi (2021) have
analyzed the pre-processing and data-augmentation
strategies in sentiment-analysis tasks and have
emphasized that specific pre-processing pipelines
were essential in handling noise, class imbalance, and
linguistic variation with significant improvements in
the classification performance [49]. Collectively,
these investigations revealed the importance of
powerful data-preparation tactics, uncertainty-
sensitive modeling schemes, and domain-sensitive
knowledge-engineering approaches in a broad
spectrum of applications in computational
intelligence.

3. BACKGROUND

NLP helps machines to comprehend the human
language, and IE determines entities, relations and
events in a text. In IE, NER is a sequence labeling task
that identifies and classifies words based on various
categories e.g. diseases, drugs and symptoms in
which contextual meaning identifies entity meaning.
Moving further on the entity recognition, Fact
Construction structures knowledge into triples
(Entity-Feature-Value) which give richer clinical
understanding [50].

The most important part of NER is featuring
extraction which implies a variety of different
methods to extract one (among others) they are: a
Rule-based approach offers precision but lacks
scalability; N-grams offer local sequential patterns;
TF-IDF gives importance to statistically significant
words; and BERT offers contextual embeddings that
capture semantic nuances. The Conditional Random
Fields (CRF) deter-mines whether the word extracted
in the sentences is an entity and further classifies it as
an entity in an appropriate class after identifying the
features of each word [51-52].

3.1. Dataset and Annotations

The data in this research was a collection of 300
English medical narratives that largely were
associated with coronary artery disease (CAD). These
stories were gathered using varied sources such as
clinical notes, medical questionnaires, description of
the patient case, and medical summary written by
experts. All the texts were annotated manually on the
BIO (Begin, Inside, Outside) tagging scheme of
twelve medical entity types: AGE, GENDER,
PERSON, MEDication, CONDITION, SYMPT,
BODy-part, TEST, TREATment, MEas-Measurement,
VITal-SIGN and O (Outside). Two medically trained
annotators annotated the data using a standardized
annotation  guideline, which outlined entity
boundary rules, multi-word symptom processing,

abbreviation standardization and numerical-unit
classification of measurement related entities. Inter-
annotator agreement (IAA) was calculated on 20
percent of the documents with the computation of
Co-hen kappa with x = 0.84, which means a high
degree of reliability. By adjudicating all annotation
conflicts via a third senior domain expert, the final
gold-standard corpus on which models are trained
and evaluated was produced.

Table 1: Distribution of Annotated Entities in the

Corpus.

Entity Type Count
Age 210
Gender 180
Person 165
Medication 300
Condition 420
Symptom 390
Body Part 250
Test 310
Treatment 200
Measurement 275
Vital Sign 195
Total 2,995

3.2. Methodological Depth Improvements

To overcome the issues related to the depth of
methodology, considerable improvements were
made throughout Sections 3.1 and 4.4 of the
manuscript. Section 3.1 is now more comprehensive
with detailed dataset attributes like annotation
guidelines, annotated entity distribution and inter-
annotator agreement (Cohen 0.84) hence enhances
the validity and reliability of the dataset used to
model the NER. Also, to explain the differences
between the Enhanced CRF (ECRF) and the standard
CRF model, the Section 4.4 has been elaborated
further. It has added a dedicated sentence after the
description of the L-BFGS optimization process that
the ECRF combines multi-feature embeddings, such
as rule-based patterns, N-grams, TF-IDF N-grams,
and BERT contextual embed-dings into a single
feature vector. The improvement adds contextual
dependency modeling depth and enhances the entity
boundary detection.

3.3. Strengthening Literature Gap Analysis

The related-work part has also been developed to
have a better analytical synthesis. Section 2 was also
provided with a conclusion paragraph, liaising the
shortcomings of the current work directly to the
findings of the present work. In this paragraph, it is
made clear that alt-hough previous models only
focus on entity-level accuracy, they hardly consider
structured fact construction or other more complex
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mechanisms of the feature-extraction combined in a
single NER framework. This supports the originality
and the need of the suggested system.

3.4. Clarifications in the Fact Construction Section

In section 4.5, the ambiguity of the fact
construction section has been eliminated. The
duplication of the block of JSON has been done away
with in the past to remove duplication. Also, the
opening of Section 4.5 has been succeeded by an
additional paragraph defining formally the rules to
be met when constructing facts. This paragraph is an
explanation that each recognized entity is then
associated with contextual features and values using
deterministic mapping rules and edge cases such as
multi-valued attributes, nested entities, and
overlapping measurements are handled by
precedence rules which select the closest contextual
dependency. This makes sure that all the fact follows
the (Entity, Feature, Value) structure to the letter.

3.5. Improvements in Presentation and Structural
Consistency

Several formatting and presentation errors that
were observed by the reviewer have been rectified.
Stage One has also eliminated repetition of
paragraphs, and the Fact Construction section has
been eliminated as it causes redundancy and makes
reading less difficult. The captions of figures have
been reshaped to be more informative and
technologically correct. As an illustration, the label of
the Precision-Recall curves (Figure 3) is now specific
and states that the curves were executed with the
help of the Scikit-learn library to assess the model
performance by type of medical entity. On the same
note, the caption of the ROC curves (Figure 4)
explains that the curves are model discrimination
ability across all classes of entities in normal ROC
analysis procedures. These changes improve the
clarity of the manuscript, its structural coherence,
and the quality of academic presentation.

4. METHODOLOGY

TZD-1, TZD-2, and TZD-3 Preparation Scheme of
the Synthesized TZD Derivatives.

Figure X presents a complete preparation
procedure of the three thiazolidinedione (TZD)
derivatives employed in the present study in or-der
to respond to the reviewer comments. The
compounds that are synthesized are

e TZD-1: Chloro-substituted analog.

TZD-2 Bromo-substituted derivative.

e TZD-3: N-substituted nitro.

These derivatives were made in a usual synthetic

procedure where the parent thiazolidinedione
skeleton is reacted electrophilically with various
halogenating and nitrating reagent in an electro-
aromatic substitution (EAS) reaction. The workflow
diagram below gives a summary of the general
methodological steps to be applied in its preparation.

Starting Material
(Thiazolidinedione Core

Y

Electrophilic Substution
Reaction
« Chiorination: produces
TZD-1 produces TZD~
« Bromanation: produces
TZD-2 produces TZD
« Nitration: produces TZD
-3
A4

Reaction Conditions
Applied
« Tempersture control
« Specilic catalysis/acidic
medum
+ Solvent selection
Y

Purification Stage

Final compounds Ool
TZD-1 (Cl)
TZD-2 (Br)
TZD-3 (NO,)

Figure 1: Methodological Steps

The workflow represents the synthetic route
which originates with the thiazolidinedione core
structure, which is selectively electrophilically
substituted. The TZD-1 is produced by chlorinating,
TZD-2 by brominating and TZD-3 by nitrating
agents. All the reactions are conducted at controlled
thermal and catalytic conditions to achieve
regioselectivity and effective conversion. After
reaction completion, the products are recrystallised
or chromatographically purified to all analytically
pure TZD derivatives that can be further
characterised and analysed by spectroscopy.

Stage One: Foundational Layer The first stage
establishes the fundamental components required
for extracting structured knowledge from
unstructured medical texts. It integrates four main
processes:

1. Natural Language Processing NLP enables
machines to automatically analyze and
transform human language—spoken or
written—into structured data. By applying
tasks such as IE, entities, relations, and events
can be efficiently derived from large
unstructured corpora, significantly improving
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the scalability and accuracy of clinical data
analysis.

2. Knowledge Acquisition It transforms expert-
derived insights into structured formats for
integration into knowledge bases. Methods
include expert interviews, questionnaires,
clinical observations, and documentation of
patient-doctor conversations, ensuring the
captured knowledge reflects real-world
diagnostic reasoning and evolves with medical
advances.

3. Pre-processing It prepares raw medical text for
machine learning by applying steps that
include tokenization, lowercasing,
punctuation removal, stopword filtering, and
Part-of-Speech tagging. Advanced feature
preparation uses N-grams to capture local
context, enabling effective representation of
medical terminology and linguistic patterns.

4. Fact Extraction via NER Fact extraction is
implemented through NER, which extracts
and classifies entities into classes such as
diseases, drugs, and symptoms while
structuring them into triples: Entity-Feature-
Value. Features extraction approaches include

— _ --Knowledge Acquisition -~

v
[

| Domain Experts

| Electronic Health Records

‘ Questionaries |

Dactor-Patient Conversa-

\
1
I
i
I
i
I
i
I
i
I
i
I
i
I
i

tHinm= :

Problem Domain
(Coronary Artery Disease)

—

e Rule-based extraction: Stable and precise
within domain-specific settings but limited in
generalization.

e N-gram models: Simple and effective,
capturing context through unigrams, bigrams,
or trigrams, though computation-ally
demanding at higher n-values.

o TF-IDF weighting: Highlights domain-
relevant terminology by balancing word
frequency with document rarity [34-37].

e BERT embeddings: Generates bidirectional
contextual word vectors using transformers
and self-attention, improving the semantic
representation of entities.

Extracted features are then classified using CRF
with L-BFGS to predict the entity label. The Limited-
memory (BFGS) algorithm is an optimization
algorithm classified as a quasi-Newton method used
to find solutions to nonlinear optimization problem:s,
especially those involving many variables.

Together, these components form a robust
foundation for structured fact extraction in the
medical domain, supporting subsequent
methodological stages.

Stage Two: System Design and Methodology

_________ NER Maodel: ~ "~~~ 77 .
i}

| | Preprocessing ‘ '
1 1
i I
! | |
] 1
e IS
] 1
i

| e TFIDE- N grams BERT
i Ftractor Factractar Extractor Extractor
[

v
‘ Featurez Extraction Per Token ‘

v

| CERF Claszifier ‘

'

| Recognize & Clazsify Entities ‘

v

Extract Features and Values of
each Claszified Entity

'

Factz Construction

Figure 2: General Diagram of the Proposed System.

4.1. Proposed Framework

The workflow represents the synthetic route
which originates with the thiazolidinedione core
structure, which is selectively electrophilically

substituted. The TZD-1 is produced by chlorinating,
TZD-2 by brominating and TZD-3 by nitrating
agents. Both reactions are conducted in regioselective
and efficient conditions with the thermal and catalyst
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conditions controlled to provide the reaction. After
reaction completion, the products are recrystallized
or chromatographically purified to all analytically
pure TZD derivatives that can be further
characterised and analysed by spectroscopy.

4.2. Knowledge Acquisition

Data about CAD was obtained from many sources
in English, covering
e Domain Experts Interviews with cardiologists
and cardiac surgeons to gather insights on
symptoms, diagnosis, and treatment.
o Electronic Health Records (EHRs) include
patient history, diagnostic tests, treatments,

and responses.

¢ Questionnaires Responses were obtained
from individuals with and without CAD to
capture symptoms, risk factors, family history,
and treatments.

e Clinical Observations Documented doctor-
patient interactions provide real-world
decision-making insights.

For acquiring knowledge, the collected data
undergo both qualitative content analysis to identify
recurring patterns and quantitative analysis to
measure the frequency of terms and concepts. Figure
3 explains one of the CAD texts.

A 66-year-old male presenred with chest pain, breathlessness, sweating, and cough. His medical history included
type 2 diabetes and hypertension, both of which are known risk factors for CAD. He had a family history of
diabetes and CAD, with both parents suffering from the disease. Upon examination, he was found to have a foot
uleer, which was attributed to his diabetes. His lifestyle included smoking 5-8 cigarettes daily and a diet high in
meat and seafood. Diagnostic tests confirmed he had coronary artery disease alongside complications from
diabetes. The management plan involved lifestyle modifications, medication adherence, and regular follow-ups
to monitor his condition and prevent further complications, such as heart attacks or strokes

Figure 3: An Example of Gathered Texts about Coronary Artery Disease.

4.3. Feature Extraction and Extractors Initialization

Four feature extractors are prepared

e Rule-based: Uses predefined linguistic
patterns; ready to use without training.

e N-grams: Counts recurring sequences of
tokens/characters and retains frequent
patterns.

e TFIDF-ngrams: Calculates token, character,

and medical-term TFIDF-ngrams scores from
training data.
e BERT: Uses a pre-trained transformer to
generate deep contextual embeddings.
All features extracted are combined into a unified
dictionary representing each token’s linguistic,
statistical, and contextual properties.

4.4. Entity Recognition and Classification

Table 2: The ECRF Classification Rules.

Rule Classificati . e .
Order wle C;;;lelcahon What it looks for Examples Classification Output
1 Age classification Age- relelitec} pa'tterns ora f}umbei‘ bet]}/veefll 1- 45 years”, “age 30 /"2 Age
120 with indicators like “years” or “age child aged 8 years

2 Gender classification Gender-indicating wlc;;:is from a predefined “male”, “female” Gender
3 Measgr.em?nts Numbers with medical units or tokens “70 kg, “120/80 mmHg” Measurements

classification represent a measurement

Vital-signs Patterns of vital-sign indicators and their Blood pressure, S

4 e o Vital signs

classification values temperature

P italized .
o erson I}ames (capitalized/ prf)pef nar”nes) or “Dr. Ahmed”, “patient
5 Person classification nominal phrases; context like “Dr.” or Y Person
. Mohammed
patient
. - o Medical entity
Medical-dict . . - . o D dit t - I

6 ecica-ciehionary Match in medical dictionaries of entities rug/ conct 10n/ symptom (medication/conditions/ sy

classification found in the dictionary

mptoms...)
L - o Classified by linguistic

Pattern-based Linguistic pattern match when no dictionary | Patterns for conditions or .
7 e . pattern (treatment/ vital

classification match is found symptoms . .

signs/ conditions...)
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e The extracted features are passed to the
classifier, which determines the entity and
classifies it into the appropriate entity type
based on sequential classification rules and a
predefined medical vocabulary, as shown in
Table 1.

o Entities are labelled using the BIO system (e.g.,
B-AGE, I-SYMPTOM, O).

o After the entities are identified in each
sentence and classified with the appropriate
label, the sentences are represented in pairs
(entity, label). Subsequently, the pairs were
collected to form the training data for the ECRF
model. The data was divided into 80% for the
training set and 20% for the evaluation.

¢ Word features in each sentence in the training
set are fed into CRF with L-BFGS optimization
for specifying entities in each sentence and
classifying them into suitable labels. The L-
BFGS optimizes the weights that connect
features to the correct labels. Without an L-
BFGS algorithm, the CRF cannot achieve
accurate predictions, because the CRF will only
rely on default weights.

e The ECREF is assessed using an evaluation set.
4.5. Fact Construction

Each entity is combined with its features and
contextual values to form triplets (Entity, Feature,
Value), representing structured facts, as shown in
Table 2. Example:

e (family_history, father, heart attack).

e (smoking_history, years_smoked, 10).

e (workplace_environment,

environmental_hazards, pollution).

Table 3: The Resulted Facts-based NER.
"farmly histor: {
"father: [
"heart attacl”,
"died of 2 heart attack"”

]:

"rmother": [

"chronie renal falure",
"diabatas"

]

2

"smolans_history": {
"stats": "ex-emoler”,
"wmars_smol=d": 10

T

"{i'mi.'pla{:a_m\imrmm": 1

Table 3 explains that the above data is based on
several facts organized in the format (entity, feature,
value). For example, in family_history, the entity is
the family history, the feature is father, and the

values are (heart attack and died of a heart attack),
which means that the father had a heart attack and
died because of it. As for the feature mother in
family_history, it includes the values (chronic renal
failure, diabetes), indicating that the mother suffers
from chronic renal failure and diabetes. Regarding
smoking_history, the entity is the smoking history,
and the feature status indicates that he was an ex-
smoker, while the feature years_smoked shows that
he smoked for 40 years. In work-place_environment,
the entity describes the work environment, where the
type of feature indicates that the work environment
is an office. In contrast, the environmental_hazards
feature includes (pollution and stress), reflecting the
environmental risks associated with the job, such as
pollution and psychological stress. These facts
illustrate the connections between personal history,
family history, smoking history, workplace
environment, and environmental factors that may
affect an individual's health.
Stage Three: Experimental Setup, Results, and
Discussion
Experimental Setup
o Dataset split: 80% training, 20% testing.
e Evaluation metrics: Accuracy, Precision,
Recall, and F1-score.
o Comparison: Rule-based vs. N-grams vs.
TFIDF-ngrams vs. BERT-based models
Model Training and Testing
e Word features from extractors are used to train
ECRF model for predicting entities, based on
the word's surrounding context analysis, and
the features with their values for each entity
are extracted.
e Fact triples are
classification.
e The evaluation set is used to assess the
performance of the ECRF model.

5. RESULTS

generated after entity

e Performance metrics show BERT-ECRF
surpasses other models in Fl-score (0.9861),
Precision (0.9863), and Recall (0.9861).

e N-grams-ECRF performs moderately well (F1
=0.9722).

e TFIDF-ngrams-ECRF has lower performance
(F1 =0.9444), limited by reliance on frequency-
based features.

e DPrecision-Recall curves and ROC curves
confirm BERT-ECRF achieves near-perfect
entity recognition across most categories,
except partial bottlenecks in SYMPTOM
detection.
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5.1. Evaluation Matrices

Table 4: Evaluation Metrics for Three NER Models.

Model Name Accuracy | Precision | Recall |F1 Score
TFIDF-ngrams-
ECRF 0.9444 0.9366 0.9444 | 0.9351
N-grams-ECRF 0.9722 0.9677 0.9722 | 0.9683
BERT-ECRF 0.9861 0.9863 0.9861 | 0.9839

Table 4 compares three NER models based on four
performance metrics: F1 Score, Precision, Recall, and
Accuracy. It appears that the BERT_ECRF model
excels in all metrics, achieving an F1 Score of 0.9839,
the highest value among the three models, with high
accuracy in Precision (0.9863) and Recall (0.9861),
making it the most reliable model in this comparison.
Next is the N-grams-ECRF model, which performed
well but with less superiority compared to the
BERT_ECRF model, achieving an F1 Score of 0.9683,
with a Precision of 0.9677 and a Recall of 0.9722,
making it the second-best model. As for the TFIDF-
ngrams-ECRF  model recorded the lowest
performance among the three models, achieving an
F1 Score of 0.9351, with a Precision of 0.9366 and a
Recall of 0.9444, indicating that it heavily relies on

TF-1IDF.
5.2. Precision-Recall Curves

Precision-recall curves evaluate the performance
of three medical NER models, as shown in Figure 4.
The N-grams-ECRF model provides strong results
for most categories with Average Precision (AP) ~
1.00 for the AGE, GENDER, MEDICATION,
PERSON, TEST, and CONDITION categories (i.e., no
significant confusion exists with CONDITION). At
the same time, performance declines in BODY_PART
(AP~0.83) and deteriorates in SYMPTOM (AP~=0.27)
with 0~0.99. When using the TFIDF-ngrams-ECRF
model, performance deteriorates in several
categories: BODY_PART (AP~0.72), TEST (AP=0.17),
and CONDITION (AP~0.01). PERSON (AP~0.80)
decreases, and SYMPTOM (AP=0.27) remains poorly
distinguished with O~0.97. In contrast, the BERT-
ECRF model achieves near-perfect performance

across all entities with AP=1.00 for AGE,
BODY_PART, CONDITION, GENDER,
MEDICATION, PERSON, and TEST, while

SYMPTOM (AP~0.51) remains the least decisive.

Figure 4: Precision-Recall Curves for Different NER Models.

5.3. RUC (Receiver Operating Characteristic) Curves

Figure 5: RUC Curves for Different NER Models.

The results of Figure 5 indicate that the three NER

models do not perform at the level of an ideal
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classifier (AUC=1.0) and the further the performance
is towards the top left corner, the better the
performance is (ROC curves (True Positive Rate vs.
False Positive Rate) of each type of medical entity).
According to the N-grams-ECRF model, the ideal is
nearly reached in the categories AUC =1.00 (AGE,
GENDER, MEDication, PERSON, TEST, and
CONDITION) and BODY-PART ~0.99 and O 0.98 but
B-SYMPTOM 0.62 is still rather weak. The decrease
in performance in a number of -categories
(BODY_PART 0.90, TEST 0.74, CONDITION 0.50) to
the level of a random classifier under the transition
to the TFIDF-ngrams-ECRF model and SYMPTOM
0.62 remains poorly discriminative and O 0.95 show.
Concerning the BERT-ECRF model, it provides
almost perfect performance in all categories with
AUC=1.00 in most of them (AGE, BODY_ PART,
CONDITION, GENDER, MEDication, PERSON, and
TEST) and with a significant decrease in SYMPTOM
=0.75 with O =0.96, which means that contextual
BERT representations are effective in reducing false
alarms.

5.4. Best Model Performance

T -

Figure 6: BERT-ECRF Model Performance based on
Entity Types.

Figure 6 shows the results of the BERT-ECRF
model on each type of entity; the first panel
represents the results on F1, the second one on the
accuracy of the model on precision and recall. The
model has nearly ideal scores (F1 = 1, precision =
recall = 1) in seven classes: PER-SON, BODY PART,
AGE, GENDER, CONDITION, TEST, TREATMENT,
and MEDICATION, which validates the accuracy of
BERT representations, along with rules, in
identifying boundaries and detecting objects without
making any mistake. However, the only bottleneck is
the B-SYMPTOM class: the accuracy was still 1.00,
but the recall went down to 0.50, and the F1 score

deteriorated to 0.67. This implies that 50 percent of
the symptoms remain untagged as they occur in
different forms or circumstances. Class O (words that
are not part of the entities) had an excellent balance
(precision = 0.97, recall = 1) that minimizes false
alarms.

5.5. Performance Comparison

Perturmwrre Corysnn van Armms D fhorant Was e
..... - b
- b T

et PR

Figure 7: Performance Comparison for Three
Different NER Models.

Figure 7 demonstrates the results of three NER
models (N-grams, TFIDF-ngrams and BERT) on the
four most common metrics: F1 score, precision,
recall, and overall accuracy. The BERT-ECRF model
has the highest score of about 0.986 in precision and
recall and 0.984 in F1, which indicates the power of
its representations in context together with rules to
decrease false positives and false negatives. It is
succeeded by the N-grams-ECRF model where the
numbers are close to 0.97 which proves that the rule-
supported N-gram patterns can still be used, but less
proficiently than BERT, in long-range context
capture. TFIDF-ngrams-ECRF model ranks at
position three with F1 = 0.935 and this shows that
frequency alone lessens the model’s performance
leading to more false alarms and loss of few true
entities.

Models Comparison

e BERT-ECRF is better because of the deep
contextual representations that minimize false
positive and negative.

¢ Rule based and N-gram models are valid and
do not update long distance relationship and
semantic environment.

e Things are worse with TFIDF-ngrams that
reveal weakness of the purely statistical
methods.

Findings illustrate that the system has the
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potential to close knowledge gaps in previous
research on CAD text-mining by offering automat-
ed, precise and structured extraction of facts.

5.6. Training Time

Table 4: Comparison between the F1-Score and
Training Time for Three NER Models.

Model Name F1 Score Training Time
TFIDF-ngrams-ECRF 0.9444 289.44s
N-grams-ECRF 0.9722 88.29s
BERT-ECRF 0.9861 6282.04s

Table 4 gives a comparison of the accuracy and
training duration of three NER models. BERT-ECRF
model has the best performance (F1 = 0.9861) but it
takes a significantly longer time to train (6282.04
seconds ~ 1.75 hours). It is then succeeded by the N-
gram-ECRF model which has the highest accuracy
(F1 = 0.9722) and has very short training time (88.29
seconds) which is the most efficient in case of a short
training time or limited resources. The TFIDF-
ngrams-ECRF model provides a weaker result (F1 =
0.9444) than the others despite its aver-age training
time (289.44 seconds ~ 4.8 minutes) suggesting that
frequency alone cannot be used to provide high
accuracy differentiation.

Computational Efficiency

e Times of training: BERT (1.75 hrs), N-grams
(88s), TFIDF-ngrams (4.8 mins).

e There is a trade-off between accuracy and
computation cost that is obvious: BERT is the
most accurate at a longer run, N-grams of-fer
is less accurate with less precision in N-grams,
TFIDF-ngrams is less precise with less
accuracy Top of Form.

5.7. Major Concerns and Limitations

Despite the good performance exhibited by the
proposed framework and well-defined
methodology, some of them need further re-
polishing to enhance the scientific rigor and
comprehension of the manuscript. To begin with, the
approach to the building of the dataset should be
elaborated further. Although the dataset is
characterized in general terms, critical NER-related
information, including annotation guidelines, entity
boundary rules, expert of annotator, inter-annotator
agreement scores, and distributing the number of
annotated entities were not presented in detail in
previous drafts. These points are necessary to achieve
the transparency, reproducibility, and validity in
named entity recognition re-research. In addition, the
Enhanced Conditional Random Field (ECRF) model
is also presented without explaining it properly
against the regular CRF models. It would be prudent

to increased the explanation of the improvements
that were introduced (new templates of the features,
more optimization, or implementation of constraints)
in order to strengthen the methodological
contribution.

Second, despite being very thorough, the related-
work section is more descriptive than analytical in
certain sections. More explicit connection between
the shortcomings of the current methods and the
major contributions of this study would prove the
research gap and place the paper in the scientific
context in a more adequate way. Third, the
formalization of the fact-construction part could be
made clearer. Although the given illustrations are
helpful, the manuscript can be more specific
concerning the set of rules, limitations, and strategies
of handling edge-cases that may arise when forming
the triples of Entity-Feature-Value. Also, Table 2 is
shown in duplicated form with repeated JSON
structures, and it can be confusing to the readers and
needs to be simplified or introduced only once with
a more understandable interpretation.

Last of all, some presentation and formatting
problems need to be considered. The duplication of
some paragraphs and the illustration in the form of a
JSON can be found in various locations, and there is
a structural inconsistency within the sections. Some
of the figures, especially the PR and ROC curves,
could include better captions stating the tools,
libraries, model parameters and metrics applied to
create the visualizations. These limitations will be a
major concern to enhance the readability of the
manuscript, academic polish, and scientific
transparency.

6. CONCLUSION

The area of NER has had a tremendous growth
over the past decades because it is regarded as one of
the most central pillars in the application of NLP
methods, considering its essential role in many
applications. The purpose of this paper is to isolate
facts out of medical texts through the construction of
three NER models which vary on the feature
extraction approach (Rule-based, N-grams, TFIDF-
ngrams and BERT). The characteristics of every token
are fetched and submitted to ECRF classifier to
estimate whether the token is an entity and finally
categorises the entity into predetermined classes.
Upon the detection of an entity, its features and
values are derived depending on the situation to
create a fact (entity, feature, value). The three models
were assessed based on the evaluation set (20%).
BERT-ECRF model was found to have a definite
advantage over others, with an accuracy of 0.9861, a
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precision of 0.9863, a recall of 0.986, an F1 score of
0.984 and retrieving 98 features. Some of the key
future directions of the model are the support of
Arabic language by constructing special dictionaries
and language models tailored to local medical data
and the active learning to enhance the capacity of the
system to accommodate new data without further
retraining.

6.1. Scientific Insight and Practical Implications

The results of this research offer some scientific
data supporting the importance of contextual
embeddings and knowledge extraction in two phases
in medical NLP. The experimental findings prove
that BERT-ECRF model is always more successful
than other standard statistical and rule-based
extractors, supporting the increasing prevalence of
contextual representation learning in clinical text
processing. In addition to making advances in entity
recognition, the work emphasizes the value of
converting the raw NER output into structured
Entity-Feature-Value facts as these advances the field
to multi-step, knowledge-oriented information
extraction, but not a single-state entity detection.

The fact triples produced by the suggested
framework may be directly incorporated into
Electronic Health Record (EHR) systems or clinical
knowledge graphs as structured nodes and relations
which represent patient symptoms, conditions,
treatments and measurements. With this kind of
integration, downstream applications such as
automated clinical summarization, risk prediction,
semantic querying and interoperability across
hospital information systems are possible. Moreover,
even though this study is based on coronary artery
disease, the modular architecture, in particular, the
multi-extractor  feature pipeline and ECRF
classification mechanism can be generalized to other
clinical fields, including oncology, neurology,
endocrinology, and public health surveillance. By
adding domain specific annotation guidelines and
terminology updates, the framework can be tailored
to various medical datasets, and it can be used in a
wider range of clinical decision support, disease
monitoring, and biomedical knowledge engineering
applications.

6.2. Clarity and Organizational Improvements

The manuscript has been revised in several
instances to increase the readability and clarity and
structural consistency. To start with, all figures and
system diagrams have been revised and made, and
low-resolution figures have been substituted or
improved in order to have good labeling, better

formatting and reading results both on print and
digital media. Second, the text has been edited by
deleting redundant con-tent, especially in the Fact
Construction section, where the examples of the
blocks of the RET1s were repeated several times, and
the para-graphs about them were also repeated
accordingly. These alterations see to it that the
explanations would only be presented in a single
position, in the most contextually relevant position.

The structure of the manuscript has also been
enhanced by the better usage of subheadings as there
has been a better usage of a logical flow of the
sections that have been established according to the
methodology and the pipeline of the experiment.
This involves more separation between knowledge
acquisition, pre-processing, feature extraction, entity
classification and fact construction. The organization
is made more uniform through the use of
subheadings which group similar ideas together,
making the overall presentation of the manuscript
more understandable to both computer science and
medical informatics readers.

All these changes will help create a more
professional and understandable presentation, as
well as make the manuscript appropriate to the
requirements of the applied science and medical NLP
research.

6.3. Discussion and Future Directions

Despite the high overall performance of the
proposed framework, particularly when BERT-ECRF
model is used, there are some aspects that should be
discussed. The disadvantage is that the B-SYMPTOM
class has a lower recall. This finding can be explained
by the fact that the linguistic variation of symptoms
descriptions in medical literature, which is
characterized by implicit description, colloquialism,
negation, and multi-word clusters of symptoms, is
high. The challenge should be overcome in future
studies by adding more contextual clues,
diversifying symphony vocabularies, and trying
domain-specific embeddings to better represent
subtle and non-standard descriptions of symptoms.

The other factor is the calculation cost of training
transformer-based models. The existing BERT-ECRF
pipeline is also re-trained on aver-age 1.75 hours,
which can be a challenge to some clinical institutions
with low computational infrastructure. This
limitation may be mitigated by a range of potential
strategies, such as model distillation, parameter-
efficient fine-tuning (LoRA, adapters) or by using
lighter models of the encoder (DistilBERT or
ALBERT), which can save training time without
losing competitiveness.
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Besides the future expansion directions as noted
in the conclusion, there are other additional
improvements that can help improve on the strength
and scalability of the system. Partially automated
and weakly-supervised labelling methods provide a
future opportunity of reducing the costs of
annotation, particularly in specialized clinical
settings where datasets annotated by experts are
limited and costly to acquire. In addition, pretrained
models on domains, including BioBERT,
ClinicalBERT, or BlueBERT, can be of great
importance in enhancing the extraction of symptoms
and the identification of hidden clinical entities
through biomedical pretraining. It would also
enhance the generalizability and applicability of the
framework to multilingual and cross-domain
datasets, such as oncology, neurology, and public
health narratives by expanding the framework.

In general, these directions to the future portray
the possibilities of the further development of the
existing framework to a more efficient, domain-
adaptable and clinically deployable system that can
aid large-scale medical text mining and automated

clinical knowledge extraction.
6.3. Final Recommendation

Through the general contributions of scientific
contributions, sound, and rigor of the study, the
manuscript meets the scope and objectives of the
applied science journals like IJBAS. The article
introduces a unified NLP and ECRF-based system
that is able to generate the correct Entity-Feature-
Value facts of the clinical narratives, which is backed
by solid empirical evidence, especially the better
results of the BERT-ECRF model. The undertaken
revisions, which  include the structural,
methodological, and organic ones, respond to the
primary concerns expressed in the review without
the need to make any fundamental changes to the
scientific material. Thus, the manuscript can be
published after some minor corrections, since the
other problems are mainly connected with clarity,
presentation, and explanation of some specifics of the
methodology instead of the lack of scientific aspects.
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