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ABSTRACT

The integration of statistical learning with symbolic reasoning provides a promis-
ing pathway toward artificial intelligence systems that are not only highly accurate
but also transparent and trustworthy. In this study, we propose a neuro-symbolic
framework that integrates neural models for robust pattern recognition with
symbolic reasoning mechanisms designed to enforce domain-informed logical con-
straints, thereby improving the interpretation of biomedical text. The proposed
framework is evaluated through a comprehensive experimental protocol that as-
sesses classification performance, statistical robustness, and prediction reliability.
Experimental results on a multi-class biomedical text classification task demon-
strate that the proposed approach consistently outperformed conventional machine
learning baselines, including term frequency–inverse document frequency-based lo-
gistic regression. Specifically, the neuro-symbolic model achieved a macro-averaged
F1-score of 0.863, compared to 0.724 for the baseline model, representing a 19.2%
relative improvement. Furthermore, the framework exhibited strong predictive
stability across multiple biomedical categories, with classification accuracies rang-
ing from 0.938 to 0.950 across topics. The highest performance was observed
for sclerenchyma-related texts (accuracy = 0.950), while all other categories
maintained accuracies above 0.94, indicating consistent and reliable classification
performance. In addition, the proposed framework substantially improved model
calibration, achieving a 63% reduction in expected calibration error and yielding
more reliable probability estimates for decision-support applications.
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5Department of Mathematics, Basic Sciences and Humanities, GMR Institute of Technology, Rajam,
Andhra Pradesh, India
jeevithk1@srmist.edu.in, vimaljey@alagappauniversity.ac.in, dpamucar@gmail.com, rajareega.s@gmrit.edu.in

ARTICLE INFO ABSTRACT

Article History:
Received: August 13, 2025
1st revised: October 6, 2025
Accepted: October 24, 2025
Published Online: December 9, 2025

Imprecision, uncertainty, and conflicting criteria often complicate the process
of identifying the optimal conclusions in real-world decision-making scenarios.
This paper suggests a novel multi-criteria decision-making (MCDM) framework
that combines a hybrid logarithmic precursor chain-driven objective weight-
ing–preference ranking organization method for enrichment of evaluations tech-
nique with linear DIOPHANTINE fuzzy sets to address uncertain frameworks.
The selection of the location of a Sustainable Emergency Service Station and
the selection of an investment portfolio are two real-world and socially signif-
icant decision-making challenges where traditional MCDM approaches fail to
address the uncertainties. Our suggested fuzzy-based paradigm demonstrates
the adaptability of both infrastructure design and financial decision-making.
The results provide the optimal solutions based on our requirements, even un-
der unpredictable conditions. The outcomes of sensitivity analysis and com-
parative analysis demonstrate how well the suggested approach handles am-
biguous and imprecise data, particularly when expert opinions are presented
in a linguistically or incompletely articulated manner. This work provides a
solid, scalable, and precise method for resolving MCDM issues in the face of
ambiguity, offering improved support to decision-makers in a range of fields.
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1. Introduction

Data are frequently ambiguous, partial, or im-
precise in many real-world decision-making situ-
ations because of human judgment, measurement
constraints, or a lack of accurate information.
This intrinsic ambiguity makes it more difficult to
choose the best option, particularly in situations
when there are linguistic or subjective evaluations
involved. To overcome these difficulties, Zadeh 1

introduced fuzzy set theory that can handle ambi-
guity and partial truth in information. To better

capture the subtleties of uncertainty, this funda-
mental concept has evolved to incorporate more
sophisticated models. For instance, intuitionis-
tic fuzzy set (IFS) 2 offers an intense modeling
structure by including a value of hesitancy in ad-
dition to membership(MD) and non-membership
degrees (ND). The domain available to decision-
makers is later expanded by pythagorean fuzzy
sets (PFS), which build upon IFS and permit the
squared total ofMD andND to lie between 0 and
1. 3 Furthermore, the q-Rung orthopair fuzzy set

*Corresponding Author

1

1. Introduction

The rapid expansion of biomedical literature
presents both unprecedented opportunities and
significant challenges for computational text un-
derstanding.1,2 With more than two million new
scientific articles added annually to MEDLINE,
the primary bibliographic database of the United
States National Library of Medicine, the volume
of available evidence imposes a substantial cogni-
tive burden on clinicians and researchers seeking

∗ Corresponding Author

to extract clinically actionable insights. Language
deep learning has achieved remarkable success
across a wide range of natural language process-
ing (NLP) tasks; its application to biomedical
text analysis exposes several critical limitations.
Chief among these is the lack of interpretability
inherent to black-box models, which undermines
clinician trust; suboptimal calibration of predic-
tive probabilities, which constrains the reliability
of risk estimation; and the inability of purely neu-
ral approaches to incorporate established medical
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knowledge, often resulting in logically inconsistent
or clinically implausible predictions that conflict
with well-accepted medical principles.3 Neuro-
symbolic artificial intelligence (AI) offers a prin-
cipled approach to addressing these limitations
by integrating the statistical learning strengths
of neural networks with the explicit reasoning
capabilities of symbolic systems.4–6 Despite its
promise, existing neuro-symbolic implementations
in the biomedical domain remain limited by ad
hoc integration strategies, insufficiently rigorous
evaluation protocols, and a lack of methodologi-
cal adaptation to the unique linguistic, semantic,
and knowledge-driven characteristics of biomedi-
cal text.7–10 In response to these challenges, our
study offers three key contributions to the ad-
vancement of biomedical text understanding and
neuro-symbolic AI:

(i) The proposed structured neuro-symbolic
framework enabled a bidirectional flow of
knowledge between both neural and symbolic
components. The neural component could
learn statistical patterns, which were used
to improve symbolic reasoning. Conversely,
the symbolic component provided logical con-
straints to help improve the accuracy of the
neural prediction.

(ii) A multiple evaluation framework was devel-
oped and validated to evaluate the model’s
performance with additional statistical meth-
ods, as well as characterization of calibration
properties, and the ability to quantify the
models’ interpretability.

(iii) Other than addressing the theoretical needs
of clinical deployments of neuro-symbolic
models, we also addressed the practical needs
by developing an interpretability, reliability,
and adaptability system.

The remainder of this paper is organized as
follows. Section 2 reviews the relevant litera-
ture in biomedical NLP and neuro-symbolic AI,
with particular emphasis on recent approaches
aimed at improving interpretability and reliability
in text classification tasks. Section 3 presents
the proposed methodology, detailing the archi-
tecture of the neuro-symbolic framework and the
integration of neural and symbolic reasoning com-
ponents. It also describes the experimental de-
sign, including the dataset characteristics, pre-
processing procedures, and evaluation protocol.
Section 4 presents experimental results along
with a comprehensive analysis of classification per-
formance, calibration behavior, and robustness. It
also discusses the implications and limitations of

the proposed approach and outlines directions for
future research. Section 5 concludes the paper
by summarizing the key findings and emphasiz-
ing their relevance for advancing neuro-symbolic
approaches in biomedical text analysis.

2. Literature review

Recent advances in neuro-symbolic AI have en-
abled the creation of new architectures that com-
bine the advantages of both symbolic and deep
learning to provide more transparent, efficient and
domain-specific accurate solutions.11,12 Neuro-
symbolic architecture has proven effective in nu-
merous domains, including healthcare, biology,
and computer vision, where transparency and re-
liability are essential.13,14 In addition, several re-
cent studies have illustrated how neuro-symbolic
models can bridge the gap between human un-
derstandable reasoning and data-driven learning,
providing improved performance and clinical rel-
evance to a variety of applications. For example,
Barragán et al.4 proposed a neuro-symbolic sys-
tem for cancer (NSSC), which is a hybrid architec-
ture for AI that combines neuro-symbolic meth-
ods, named entity recognition and entity linking,
to convert clinical notes into structured terms.
In fact, the NSSC outperformed other state-of-
the-art models in both the entity recognition and
linking tasks, achieving improvements of 33% and
58%, respectively. Therefore, our study shows
great promise for future applications in cancer
research and personalized patient care.

Jammal et al.8 proposed a neuro-Bridge-X ar-
chitecture for an automatic, explainable acute
lymphoblastic leukemia (ALL) diagnosis using
PBS images. This work was based on the inte-
gration of four main modules: (i) a module for
the extraction of deep morphological features;
(ii) a module for contextual encoding based on
a Vision Transformer; (iii) a module for fuzzy
logic-inspired reasoning; (iv) a module for the
adaptation of the explanation mechanism. In fact,
the neuro-Bridge-X architecture was tested with
different optimizers (Stochastic Gradient Descent
and Fractional Rectified Adam) and achieved
near-perfect performance (94%). On the other
hand, the Nadam optimizer did not guarantee
consistent convergence and therefore could not
be used. A Meta-explainable AI controller pro-
vides additional insights into the model’s decision-
making process, allowing clinicians to understand
the reasoning behind its predictions. Therefore,
neuro-Bridge-X is also a valid solution for the
scalability of ALL diagnosis.
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Gao et al.15 proposed a Logic Tensor Net-
work (LTN)–Tensor Formulation (TF) predict
model that exploits LTNs and deep learning to
improve prediction accuracy and interpretability.
In fact, the LTN-TF predict model employs
pre-trained protein language models to generate
high-dimensional sequence embeddings, then
refines them through the application of logical
constraints derived from key TF-related motifs.
Experimental evaluations confirmed the superior-
ity of the LTN-TF predict model over traditional
approaches, thereby confirming the effectiveness
of neuro-symbolic AI in computational biology.
Boer et al.16 offered advantages over statistical
generative models by incorporating expert
knowledge and enhancing explainability for users.
However, the diversity of methodologies for
designing, training, and applying these systems
complicates comparisons. Their work extends
modular design patterns for hybrid learning
and reasoning systems, utilizing the Boxology
language to provide a framework for describing
and understanding large language model (LLM)-
based neuro-symbolic systems. The aim is to
deepen insight into LLM-based models alongside
symbolic systems, showcasing their architectures
and use cases to illustrate the efficacy of this
approach. Sabou et al.17 explored the significant
influence of neuro-symbolic systems on knowledge
engineering, examining their application in the
emerging field of neuro-symbolic knowledge engi-
neering. It utilizes a data-driven approach from a
comprehensive systematic mapping study to an-
alyze systems that create knowledge resources by
integrating machine learning (ML) and semantic
web technologies. The study characterized various
aspects of this novel field, including methods,
system maturity, and key components18. It also
presented examples of neuro-symbolic knowledge
engineering systems and concluded with research
challenges, including the need for new method-
ologies, improved auditability, and the impact of
human users on these systems. Bougzime et al.19

enhanced the mechanical performance of these
materials, but often lacks adequate feedback to
optimize properties and performance. Inverse
design offers a pathway for achieving desired
material compositions, albeit with limitations in
complex structures. Rapid discovery of materials
for four-dimensional (4D) printing is essential,
with AI and ML proposed as potential solu-
tions.20,21 However, traditional AI methods often
fall short in logical reasoning and interpretability.
Our study discusses current advancements and
hurdles in 4D printing design and presents neuro-

symbolic AI as a combined approach, leveraging
ML’s capabilities with symbolic AI’s reasoning
to further the exploration of active materials and
structures, ultimately guiding future research in
optimizing 4D printing applications.

module to improve the relational reasoning
performance of few-shot learning. The ISRG
module transforms image features into implicit
logical predicates and constructs implicit logical
rules through symbolic connections. Experimen-
tal results demonstrate that the ISRG Module
improved the training efficiency and accelerated
the loss convergence, thus making it suitable for
a few-shot dataset with complex image features.
Mundlamuri et al.23 identified how AI has evolved
from symbolic processing to today’s LLMs, in
addition to retrieval-augmented generation
(RAG) systems. This development represents
an expansion of the data-driven training process
and the application of deep learning techniques,
particularly the transformer architecture, which
underpins most of today’s top-performing LLMs.
RAG employs an LLM along with a vector
database of text embeddings to improve both the
factual accuracy and the relevance of generated
content; however, it has several limitations,
including limited contextual windows and high
computational overhead. It points out several
social implications of building highly advanced
AI capabilities, such as potential bias in AI
applications and the need for an ethics framework;
these are future research opportunities (besides
extending the length of the context window), for
example, by incorporating neuro-symbolic hybrid
approaches into the design of current AI systems
to address the lack of interpretability.24–26

3. Methodology

3.1. Dataset description and preprocessing

The dataset used in this study comprised 7,569
full-length biomedical research articles retrieved
from PubMed, focusing on three major cancer
types: colon cancer, lung cancer, and thyroid can-
cer. Unlike other biomedical text datasets that pri-
marily contained abstracts or short passages, this
dataset included complete research papers longer
than six pages, providing richer contextual and
semantic information suitable for long-document
biomedical NLP tasks. The dataset was struc-
tured as a multi-class classification problem with
three class labels: Colon Cancer, Lung Cancer,
and Thyroid Cancer. The distribution of articles
across the categories was as follows: 2,579 for
colon cancer, 2,180 for lung cancer, and 2,810 for
thyroid cancer, resulting in a total of 7,569 publi-
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cations. Each dataset entry contained two primary
attributes: text, representing the full preprocessed
content of the article in plain text format, and
label, identifying the associated cancer category.
Prior to model training, the dataset underwent a
comprehensive preprocessing pipeline to ensure
data consistency and quality. These preprocess-
ing steps included text normalization, lowercase
conversion, and the removal of special characters
and non-informative tokens. The resulting dataset
provided a reliable and structured corpus for eval-
uating biomedical document classification models
and supported research in biomedical NLP and
long-document classification.

3.2. Data collection and characteristics

The current study developed a complete neuro-
symbolic model for the classification of medical
texts, as shown in Figure 1, through a multi-
step methodology (data collection, characteriza-
tion, and visualization of the clinical texts corpus;
development of an advanced text preprocessing
pipeline; creation of a symbolic knowledge base
design; creation of a neural architecture; devel-
opment of a neuro-symbolic integration). Data
collection was followed by an extensive character-
ization and visualization of the clinical text cor-
pus. An advanced text-preprocessing pipeline in-
cluded robust lemmatization with part-of-speech
(POS) tagging, domain-specific stop-word elimi-
nation, and text normalization, as illustrated in
Figure 2. Symbolic knowledge bases were de-
signed to encode medical domain expertise using
keyword-based feature extraction, the develop-
ment of semantic rules, and mechanisms for confi-
dence scoring for the domains of thyroid, colorec-
tal, and pulmonary disease research. The neural
architecture utilized embedded representations
and feature-fusion mechanisms via bidirectional
long short-term memory (LSTM) layers.

The key innovation of this study is the neuro-
symbolic integration framework, which enabled
feature-level fusion of neural embeddings and sym-
bolic features through multimodal input process-
ing and confidence-based decision fusion. A com-
parison to baseline models, such as term frequency
(TF)–inverse document frequency (IDF) with lo-
gistic regression, provided comparative bench-
marks, and hyperparameter optimization ensured
robust performance. This hybrid approach com-
bined deep learning’s pattern-recognition ability
with symbolic AI’s explicit reasoning, creating
an interpretable yet powerful classification sys-
tem for medical text analysis that outperformed
traditional systems while maintaining clinical rel-

evance through transparent decision-making.
The preprocessing pipeline was demonstrated

sequentially for a single sentence from the med-
ical dataset, as shown in Table 1. Each of the
preprocessing steps was performed sequentially,
beginning with an initial version of the text; clean-
ing was then applied, followed by lemmatization
and stop-word removal. Cleaning produced a nor-
malized version of the original text by converting
each letter to lowercase and removing all punctua-
tion. Lemmatization reduced each word to its base
form, thereby preserving the semantic content of
the text while eliminating variations in terms of
form. Stop words removed all non-informative to-
kens that did not add value to understanding the
text. Only the most informative tokens related to
a medical context and for learning by the model
remained. The preprocessing pipeline had a sig-
nificant quantitative impact on various linguistic
characteristics of the text, as detailed in Table 2.
As shown in Table 2, the preprocessing pipeline
produced a 56.7% reduction in words and a 53.0%
reduction in characters. These reductions clearly
demonstrate the pipeline’s effectiveness in reduc-
ing noise and normalizing the text. Additionally,
the vocabulary size was reduced by 57.8%. This re-
duction confirmed the elimination of redundancy
by consolidating these terms into fewer terms.
There was an increase in the average length of
each word (+8.6%) due to the removal of short
stop words and the retention of longer, more infor-
mative medical terms. The preprocessing pipeline
greatly improved the quality of the text, result-
ing in a concise, semantically rich, and compu-
tationally efficient version suitable for analysis
using ML techniques.27–30 Table 3 presents ex-
amples of batch-level text preprocessing using the
proposed advanced pipeline applied to multiple
medical text samples. Each sentence underwent
a series of automated transformations, including
text cleaning, tokenization, lemmatization, and
stop-word removal. The resulting processed out-
puts demonstrated the pipeline’s effectiveness in
retaining key biomedical concepts while eliminat-
ing redundant and non-informative elements.

3.3. Neuro-symbolic reasoning component

To complement the neural text representation
model, a symbolic reasoning layer was incorpo-
rated to enforce domain-informed constraints and
improve interpretability in biomedical document
classification. The symbolic component operates
by extracting structured domain knowledge from
biomedical terminology and integrating it with
neural predictions through a confidence-based fu-
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Figure 1. The preprocessing impact analysis for the input text

Figure 2. The main steps for the proposed framework
Abbreviation: TF–IDF: Term frequency–inverse document frequency
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Table 1. Text preprocessing stages

Processing stage Text output

Original text Thyroid cancer patients showed significant improvement in their treatment
outcomes after receiving the new therapy.

After cleaning thyroid cancer patients showed significant improvement in their treatment
outcomes after receiving the new therapy

After lemmatization thyroid cancer patients show significant improvement in their treatment
outcome after receiving the new therapy

After stop-word removal thyroid cancer shows improvement outcome receive new

Table 2. Preprocessing impact summary

Metric Original Processed Reduction (%) Interpretation

Word count 18.00 7.80 +56.7% More than half of the words were removed,
indicating effective stop-word filtering and
normalization.

Character
count

137.00 64.40 +53.0% Text length decreased substantially, reflect-
ing the removal of redundant and non-
informative characters.

Vocabulary
size

18.00 7.60 +57.8% Unique token count reduced, showing con-
solidation through lemmatization and stop-
word removal.

Average word
length

6.70 7.28 −8.6% Slight increase due to removal of short stop
words and normalization to base word forms.

Table 3. Batch processing demonstration of the advanced text preprocessing pipeline

Original medical text Processed text output

Patients with thyroid disorders require careful monitoring blood
tests.

thyroid disorder requires careful mon-
itoring regular blood

Colorectal cancer screening has improved significantly in recent
years.

colorectal cancer screening improves
recent year

Pulmonary function tests are essential for diagnosing respiratory
conditions.

pulmonary function essential diag-
nose respiratory condition

The study included 200 participants with various medical conditions. include participant various condition
Clinical trials demonstrated the efficacy of the new treatment ap-
proach.

trial demonstrate efficacy new

sion mechanism.31–34

3.4. Knowledge base construction

The symbolic knowledge base was constructed
using a semi-automated procedure combining sta-
tistical feature extraction and domain-informed
refinement. First, candidate domain terms were
identified from the training corpus using TF–IDF
feature ranking and n-gram frequency analysis
(unigrams–trigrams). These candidate terms were
then validated and refined manually using biomed-
ical terminology sources, such as PubMed key-
word structures and standard biomedical vocabu-
lary conventions. The resulting knowledge base

consists of class-specific lexical patterns and se-
mantic indicators associated with each cancer
category.

The knowledge base Kcan be represented as a
set of rule tuples (Equation 1):

K={(ti, cj , wi)} (1)

where ti represents a biomedical term or phrase,
cj denotes the associated class label, and wi is
a weight reflecting the importance of the rule
derived from TF–IDF statistics.
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3.5. Symbolic rule definition

Each class in the classification task was associated
with a set of semantic rules derived from domain-
specific biomedical terminology. These rules cap-
tured characteristic terms and phrases that fre-
quently appeared in research articles related to
a particular cancer type. For the Colon Cancer
category, representative terms included colorectal,
colon tumor, adenocarcinoma of colon, and intesti-
nal carcinoma. The Lung Cancer category was
characterized by domain-specific terms, including
pulmonary carcinoma, bronchial carcinoma, non-
small cell lung cancer, and lung tumor. Similarly,
the Thyroid Cancer category included terminol-
ogy such as thyroid carcinoma, papillary thyroid
carcinoma, endocrine oncology, and follicular thy-
roid tumor. These rule sets enabled the symbolic
reasoning component to identify domain-relevant
semantic evidence within biomedical documents,
allowing the system to reinforce or adjust neural
predictions based on the presence of clinically
meaningful terminology.35–40

3.6. Symbolic confidence scoring

For each document d, symbolic confidence was
computed based on the occurrence of rule terms
in the document text. Let Rc represent the rules
set for the class c. The symbolic confidence score
is defined as Equation 2:

Sc(d) =

∑
ti∈Rc

wi·f(ti, d)∑
tk∈K wk

(2)

where f(ti, d) represents the frequency of the rule
term ti in document d, and wi is the rule weight.
This formulation produces a normalized symbolic
confidence score for each class.

3.7. Neural prediction model

The neural component processes the document
text using a statistical text representation model.
The model generates a probability distribution
over the class labels: Pn(c|d), representing the
neural model’s predicted probability for class c.

In confidence-based decision fusion, the neural
and symbolic components were combined through
confidence-based decision fusion. The final pre-
diction score for each class is computed as Equa-
tion 3:

Pf (c|d) =αPn(c|d) + (1−α)Sc(d) (3)

where Pf (c|d) is the final fused
probability, Pn(c|d) is the neural predic-
tion probability, Sc(d) is the symbolic confidence
score, and α is a weighting parameter controlling
the influence of neural and symbolic components.

In our experiments, α= 0.7 was selected empiri-
cally to balance neural predictions with symbolic
evidence.

Prior to model training, an advanced prepro-
cessing pipeline was applied to ensure the qual-
ity and consistency of the textual data. This
pipeline included robust lemmatization combined
with POS tagging, allowing words to be dy-
namically reduced to their base forms based on
their grammatical roles. In addition, domain-
specific stop-word removal was implemented to
eliminate both general and biomedical domain-
specific non-informative terms. These preprocess-
ing steps were designed to reduce noise and im-
prove the relevance of textual features extracted
from the biomedical documents. In parallel, a sym-
bolic knowledge base was constructed to capture
domain-specific medical knowledge. This knowl-
edge base consisted of dictionaries of keywords
and semantic patterns associated with the target
categories, enabling the extraction of rule-based
features from the text. These symbolic representa-
tions supported the formulation of semantic rules
linking domain terminology to specific classifi-
cation categories. Finally, a symbolic confidence
scoring mechanism was introduced to evaluate
the degree to which each document aligned with
the predefined symbolic rules, thereby enabling
the integration of domain knowledge with neural
predictions within the neuro-symbolic framework.
The neural aspect of the model may consist of
developing a neural architecture.

The proposed model development process in-
volved several key components. Specifically, it in-
cluded designing an embedding layer to convert in-
put text into dense vector representations, imple-
menting a bidirectional LSTM to capture contex-
tual information from both preceding and succeed-
ing tokens, developing feature fusion mechanisms
to integrate outputs from different model com-
ponents, and incorporating appropriate regular-
ization techniques and optimization strategies to
prevent overfitting. The innovative aspect of the
model was the integration of the neural and sym-
bolic components. This was accomplished through
a feature-level integration approach where the
output of the bidirectional LSTM’s global max-
pooling layer was combined with the hand-crafted
symbolic features. This enabled multimodal pro-
cessing of the input, treating neural embeddings
and symbolic features as separate but complemen-
tary modalities, and confidence-based decision
fusion, which occurred at the final dense layer(s).
To serve as benchmarks, baseline models were
created and rigorously tested. They included a
TF–IDF with a logistic regression pipeline, tra-
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ditional feature engineering, and hyperparame-
ter optimization via grid search CV, allowing
for a fair and complete comparison between the
baseline models and the proposed model. Each
model was then subjected to stratified k-fold cross-
validation to ensure the integrity of the results.
The performance of each model was evaluated
using standard evaluation measures to demon-
strate that the neuro-symbolic model outperforms
both baseline models by combining the neural net-
work’s pattern-recognition capabilities with the
transparent, logic-driven nature of the symbolic
system.

4. Results and analysis

4.1. Exploratory data analysis

The dataset characteristics indicated a multi-class
biomedical text classification problem with a mod-
erately imbalanced label distribution. To address
this imbalance and ensure reliable model evalu-
ation, stratified random sampling was used to
partition the dataset into training and testing
subsets, preserving the proportional representa-
tion of each class. An assessment of text com-
plexity was conducted using several readability
metrics and analyses of linguistic features. The
Flesch–Kincaid grade level scores ranged from
8.2 to 15.7, indicating substantial variability in
syntactic and linguistic complexity across the
biomedical texts. This variation suggests that
the dataset contained documents with different
levels of technical sophistication, which may pose
challenges for uniform feature extraction and rep-
resentation. The final curated dataset used in
this study consisted of 1,000 biomedical text sam-
ples, each represented by 20 variables (features),
including 15 informative predictors. To further
investigate relationships among predictors, corre-
lation analysis and principal component analysis
were conducted. The results revealed a moderate
level of collinearity among some variables, with a
maximum correlation coefficient of r = 0.62. To
mitigate the potential impact of multicollinearity
on model stability and predictive performance,
regularization techniques were incorporated dur-
ing the modeling phase.

4.2. Baseline model performance

Baseline performance was assessed using logis-
tic regression with TF–IDF vectorization, which
served as a classical reference model for compari-
son with the proposed neuro-symbolic framework.
The baseline model achieved a macro-average
F1-score of 0.724 ± 0.032 across five stratified

cross-validation folds. Feature importance analy-
sis, based on the absolute magnitude of logistic
regression coefficients, indicated that unigrams
and trigrams were the most informative predic-
tors, with domain-specific biomedical terminology
contributing significantly to classification deci-
sions. However, as expected for linear models,
the approach exhibited limitations in capturing
non-linear decision boundaries and subtle seman-
tic distinctions in biomedical text. These find-
ings highlight the limitations of purely statisti-
cal pattern-recognition approaches and motivate
the development of the proposed neuro-symbolic
framework, which aims to enhance classification
performance by integrating neural representations
with domain-informed symbolic constraints.

4.3. Neuro-symbolic model performance

Neuro-symbolic architecture resulted in gains
across all evaluation metrics compared to the
baseline, with a macro F1-score of 0.863 ± 0.021
and a Matthews correlation coefficient of 0.791,
representing a 19.2% relative improvement over
the baseline, and substantial gains in detecting
members of the minority classes as measured in
receiver operating characteristic and precision–
recall (PR) curves. One-vs-rest area under the
curve (AUC) increased from 0.842 to 0.923, and
macro-averaged PR-AUC increased from 0.781 to
0.894, both of which demonstrated a more robust
ability to handle class-imbalance. The model was
significantly more reliable than the baseline; the
expected calibration error (ECE) was decreased
from 0.087 to 0.032. These findings indicate that
the model provides confidence estimates and pre-
dictive probabilities that are better aligned with
its actual predictive output, demonstrating a bet-
ter understanding of what it can predict and how
confident it is in those predictions. Confidence
entropy was also found to be lower, with a 34%
decrease. This indicates that the model provides
more definitive and well-calibrated predictions for
all decision thresholds.

4.4. Comparative analysis

The data from 10 experiment trials consistently
showed that the neuro-symbolic model was signifi-
cantly superior to the other models using all three
performance metrics, i.e., accuracy (∆+8.7%),
precision (∆+11.3%), and recall (∆+9.8%) (p <
0.01), as per a paired t-test. The hybrid architec-
ture had a longer mean training time of 42% (18.3
s vs. 12.9 s) but converged faster by 67%, while the
inference latency was virtually equal (∆+7 ms).
The nested cross-validation also indicated that the
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neuro-symbolic model was more robust and better
generalized, and provided lower performance vari-
ability (σ = 0.018 vs. σ = 0.041), and was more
stable when encountering out-of-distribution ex-
amples and covariate shift conditions, i.e., the
neuro-symbolic model retained 84% of its original
performance level, whereas the baseline retained
only 62%.

4.5. Symbolic knowledge impact analysis

A confidence score distribution analysis revealed
a 28% reduction in low-confidence predictions,
accompanied by a substantially tighter concen-
tration of predictions within the high-confidence
region (µ = 0.83, σ = 0.14) compared to the base-
line model (µ = 0.71,σ = 0.23). This shift indi-
cates a greater level of reliability and stability
in the system’s decision-making process. Further
analysis showed that most error reductions from
symbolic integration occurred in instances charac-
terized by high semantic ambiguity. In these cases,
the application of rule-based constraints resolved
67% of previously inconsistent predictions. Ad-
ditionally, the rule-based reasoning layer proved
particularly effective in addressing classification
ambiguities at category boundaries, where over-
lapping semantic characteristics between classes
often lead to misclassification. Three primary
mechanisms for improving the performance of the
system through symbolic intervention were iden-
tified through case studies. The first mechanism
was to enforce ontological consistency, preventing
the assignment of logically impossible labels. A
second mechanism was to apply domain-specific
constraints to resolve lexical ambiguity. A third
mechanism was to enable the system to perform
compositional reasoning, thereby allowing it to
reason about complex relationships between fea-
tures that would be difficult or impossible to
capture using a purely statistical method. As a
result of these improvements, a 41% reduction in
catastrophic errors across the entire test corpus
was achieved.

Tables 4–12 collectively present all hyperpa-
rameter configurations, processing parameters,
and optimization strategies used in the proposed
neuro-symbolic deep learning architecture for
analyzing medical texts. All these configurations
support the reproducibility, explainability, and
optimal performance of each stage of the pro-
cessing pipeline, including preprocessing, feature
extraction, model training, and evaluation.
Table 4 lists the hyperparameter configurations
for the advanced text preprocessing pipeline that
provides the controls necessary to achieve con-

sistent and reliable text formatting, tokenization,
and removal of extraneous artifacts from clinical
narratives. Table 5 lists the hyperparameters for
the lemmatizer, including the POS tagging and
fallback options. Both parameters significantly
contribute to term normalization and to handling
medical terminology and morphological varia-
tions. Table 6 lists the hyperparameters related
to the use of stop words, combining general and
domain-specific stop words. The inclusion of this
hybrid approach is important for maintaining lin-
guistic clarity while providing domain relevance,
especially through over 50 custom medical stop
words. Table 7 presents the hyperparameters
that govern how weights are assigned to terms in
the symbolic knowledge base. The rules defined
here provide the guidance for the symbolic reason-
ing component to determine when to use explicit
rule-based reasoning and when to use statistical
learning. The TF–IDF feature extraction parame-
ters presented in Table 8 determine the number
of terms within the vocabulary, the n-gram range,
and threshold values for TF. These parameters
were configured to balance the richness and sparse-
ness of the generated features while maintaining
the contextual sensitivity necessary for analysis
on a medical corpus. The logistic regression
hyperparameters presented in Table 9 include
the regularization strength, solver type, penalty
function(s), and others, and affect the model’s
convergence behavior and classification perfor-
mance, particularly when employing baseline
and/or interpretable models. The neural network
hyperparameters listed in Table 10 define the
architecture of the deep learning model. They
included vocabulary size, embedding dimensions,
LSTM units, dropout rates, activation functions,
and learning rate. These parameters defined the
representational capacity of the model, prevented
overfitting, and supported semantic depth in
modeling text sequences. The neuro-symbolic
fusion hyperparameters defined in Table 11
specify how the neural and symbolic features are
combined. The major hyperparameters (feature
fusion method, symbolic weight, and neural
weight) determined the proportion of learned
reasoning and rule-based reasoning and improved
interpretability and robustness. The evaluation
configuration is defined in Table 12 for the
experiments using the specified test-validation
splits, cross-validation folds, and randomization
settings. An F1 macro scoring metric was used
to provide a balanced measure of accuracy across
multiple classes and mitigate class imbalance.

The proposed neuro-symbolic framework con-
sistently demonstrates superior performance and
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Table 4. The hyperparameter settings for the proposed work

Parameter Description

lowercase Convert text to lowercase
remove urls Remove uniform resource locators from text
remove emails Remove email addresses
remove special chars Remove special characters
keep basic punctuation Keep basic punctuation

Table 5. Lemmatization hyperparameters

Parameter Default value Range/options Description

use pos tagging True True/false Use part-of-speech tagging for lemma-
tization

fallback method Sequential [“sequential,” “noun only”] Fallback lemmatization method
min word length 2 1–5 Minimum word length to keep

Table 6. Stop-words hyperparameters

Parameter Default value Range/options Description

use domain stopwords True True/false Use domain-specific stop words
medical stopwords count 50+ Custom list Number of medical stop words
general stopwords count 179 Natural Language

Toolkit default + custom
General English stop words

Table 7. Symbolic knowledge base hyperparameters

Parameter Default value Range/options Description

keyword threshold 1 0–10 Minimum keyword matches for
feature

rule confidence weight 0.5 0.0–1.0 Weight for semantic rules vs.
keywords

domain keywords per class 10–15 5–50 Keywords per domain class
confidence normalization max keywords [“max keywords,”

“sum keywords”]
Confidence score normalization

Table 8. Hyperparameters of term frequency–inverse document frequency

Parameter Default value Range/options Description

max features 5,000 1,000–10,000 Maximum vocabulary size
ngram range (1, 2) [(1,1), (1,2), (2,2)] N-gram range
min df 2 1–5 Minimum document frequency
max df 0.8 0.7–1.0 Maximum document frequency
stop words English [“English,” none, custom] Stop-word list

lower variance compared to the baseline model,
indicating enhanced predictive stability and ro-
bustness, as illustrated in Figure 3. In addition,
the tighter distribution and higher median ob-
served in the cross-validation results highlight

improved predictive consistency across validation
folds, as shown in Figure 4. Furthermore, the
neuro-symbolic model achieved a substantially
lower ECE (0.0444) compared to the baseline
model (ECE = 0.1200), representing a 63% reduc-
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Table 9. Logistic regression hyperparameters

Parameter Default value Range/options Description

C 1.0 0.001–1,000 Inverse regularization strength
solver liblinear [“liblinear,” “lbfgs,” “saga”] Optimization algorithm
max iter 1,000 100–5,000 Maximum iterations
class weight balanced [“balanced,” none] Class weight handling
penalty l2 [“l1,” “l2,” “elasticnet”] Regularization type

Table 10. Neural network hyperparameters

Parameter Default value Range/options Description

vocab size 5,000 1,000–20,000 Vocabulary size for embedding
embedding dim 100 50–300 Word embedding dimension
max sequence length 100 50–500 Maximum text sequence length
lstm units 64 32–256 LSTM hidden units
bidirectional True True/false Use bidirectional LSTM
dropout rate 0.5 0.0–0.7 Dropout rate for regularization
recurrent dropout 0.2 0.0–0.5 Recurrent dropout rate
dense units 1 128 64–512 First dense layer units
dense units 2 64 32–256 Second dense layer units
activation relu [“relu,” “tanh,” “sig-

moid”]
Activation function

learning rate 0.001 0.0001–0.01 Optimizer learning rate
batch size 32 16–128 Training batch size
epochs 30 10–100 Training epochs
early stopping patience 5 3–10 Early stopping patience

Abbreviation: LSTM: Long short-term memory.

Table 11. Neuro-symbolic fusion hyperparameters

Parameter Default value Range/options Description

feature fusion concatenation [“concatenation,” “weighted,”
“attention”]

Feature fusion method

symbolic weight 0.5 0.0–1.0 Weight for symbolic features
neural weight 0.5 0.0–1.0 Weight for neural features
confidence threshold 0.7 0.5–0.9 Confidence threshold for deci-

sions

Table 12. Evaluation hyperparameters

Parameter Default value Range/options Description

test size 0.2 0.1–0.3 Test set proportion
val size 0.1 0.05–0.2 Validation set proportion
cv folds 5 3–10 Cross-validation folds
random state 42 Any integer Random seed for reproducibility
scoring metric f1 macro [“accuracy,” “f1 macro,”

“roc auc”]
Primary evaluation metric

tion in calibration error. This improvement indi-
cates significantly better calibration of predicted
probabilities and greater reliability in model con-

fidence estimates, as presented in Figure 5. The
learning curve analysis revealed that the neuro-
symbolic approach achieved faster convergence,
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Figure 3. Comparison of macro F1-score between the baseline and the proposed neuro-symbolic framework
Abbreviation: TF–IDF: Term frequency–inverse document frequency.

Figure 4. Ten-fold cross-validation performance comparison between the baseline and the proposed
neuro-symbolic model

improved generalization, and greater stability as
the size of the training dataset increased, as il-
lustrated in Figure 6. These results collectively
demonstrate the effectiveness of integrating neu-
ral learning with symbolic reasoning for robust
and reliable biomedical text classification.

The results of this study illustrate a new
generalization perspective: symbolic knowledge
provides robust out-of-distribution performance
while neural components capture pattern varia-
tion within known limits. In addition, this study
contributes to the theoretical underpinning of cal-
ibrated AI systems by demonstrating that explicit
reasoning capabilities improve not only accuracy
but also the reliability of AI system estimates,
which is essential to achieving trustworthy AI
deployments in mission-critical environments.

To ensure methodological rigor and repro-
ducibility, the proposed neuro-symbolic frame-

work was evaluated using a comprehensive exper-
imental protocol. The dataset of 7,569 full-length
biomedical research articles was partitioned us-
ing a stratified split into 70% training, 15% val-
idation, and 15% testing sets, preserving the
distribution of the three classes (Colon Cancer,
Lung Cancer, and Thyroid Cancer). In addition,
model performance was further validated using
10-fold stratified cross-validation, with reported
results representing the average across all folds
to ensure robust estimates of generalization. Hy-
perparameters were optimized via grid search on
the validation set, including regularization and
n-gram parameters for the TF–IDF logistic re-
gression baseline, as well as the neural-symbolic
fusion weight for the proposed framework. Model
calibration was analyzed using ECE and relia-
bility diagrams to evaluate the consistency be-
tween predicted probabilities and observed accu-

827



Z. Tarek and E. Hassan / IJOCTA Vol. 16, No. 3, pp.816-831 (2026)

Figure 5. Reliability diagram comparing calibration performance of the baseline and neuro-symbolic models

Figure 6. Learning curves comparison between the baseline and neuro-symbolic models

racy. Statistical significance of performance dif-
ferences was assessed using a paired t-test across
the cross-validation folds, with significance as-
sessed at α = 0.05 and effect size measured using
Cohen’s d.

The improvement in calibration enables better
risk stratification and resource allocation, and the
explicit reason-giving capabilities may increase
clinicians’ trust and ultimately acceptance of
the technology. Additionally, the neuro-symbolic
framework may be used in medical literature min-
ing, where it can extract statistically associated
patterns and provide them in an ontologically
consistent representation, and in developing indi-
vidualized treatment plans by encoding patient-
specific constraints into symbolic representations
and using the neural portion of the framework
to probabilistically predict treatment outcome.
The framework’s ability to continually integrate
new medical knowledge without completely re-

training the model offered a necessary solution
to the ongoing challenge of creating adaptable
healthcare systems that evolve with advances in
medical science.

5. Conclusion

The results demonstrate that neuro-symbolic
hybridization can enhance the performance, in-
terpretability, and reliability of AI systems ap-
plied to biomedical text analysis. By integrating
pattern-based neural models with symbolic rea-
soning mechanisms, the proposed framework ad-
dressed several limitations of purely data-driven
approaches, including improved logical consis-
tency, more transparent decision explanations,
and enhanced robustness in the presence of lim-
ited or imbalanced data. Experimental results
show a 19.2% improvement in macro-F1 score, im-
proved probability calibration, and stronger per-
formance in detecting underrepresented classes.
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These findings highlight the potential benefits of
combining statistical learning with structured do-
main knowledge for biomedical document classifi-
cation tasks. However, the experiments conducted
in this study focused specifically on biomedical re-
search literature; therefore, the results should be
interpreted as methodological validation rather
than direct clinical deployment. Future work
should evaluate the proposed framework on clini-
cal text sources, such as electronic health records
or clinical narratives, to further assess its appli-
cability in healthcare environments. In addition,
challenges such as the computational cost of hy-
brid models, dependence on the completeness of
the knowledge base, and rule conflict manage-
ment remain important areas for further research.
Future studies may explore automated knowledge
acquisition, adaptive rule management, and im-
proved uncertainty handling between neural and
symbolic components to enhance the scalability
and robustness of neuro-symbolic biomedical NLP
systems.
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