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ABSTRACT

The exponential growth of unstructured medical data—ranging from clinical notes and electronic health
records (EHRs) to academic publications—creates substantial difficulties for automated interpretation.
Conventional natural language processing (NLP) models, though useful for textual information, are limited
in their ability to assimilate additional modalities such as diagnostic imaging, graphical records, and
clinical diagrams, which are essential for a holistic analysis. To address this limitation, we present an
ontology-guided multimodal NLP framework that integrates Transformer-based encoders for textual inputs
with convolutional neural networks (CNNs) designed for medical images and diagrams. A specialized
fusion layer combines these heterogeneous representations, thereby enabling context-sensitive reasoning
and predictive modeling. The framework is further enhanced through the incorporation of established
medical ontologies, including UMLS and SNOMED CT, which improve semantic accuracy and
interpretation of domain-specific terminology.

For empirical validation, the system was tested using two benchmark datasets: MIMIC-III, which provides
comprehensive textual medical records, and Open-i, which offers a large collection of biomedical images.
The proposed framework consistently outperformed leading baselines, achieving 97.36% accuracy, 96.82%
precision, 96.59% recall, and a 96.70% F1-score. In addition to strong predictive performance, the
architecture demonstrates scalability, interpretability, and compliance with stringent privacy standards,
making it practical for deployment in real-world healthcare environments. By effectively unifying
multimodal information with domain-specific ontological knowledge, this work delivers a computationally
efficient and clinically relevant solution for advancing automated medical document analysis and decision
support.

Keywords: Natural Language Processing; Deep Learning; Multimodal Data Integration; Transformer
Networks, Convolutional Neural Networks, Medical Ontologies; Medical Informatics,; Clinical
Decision Support; Data Privacy

content, stores now include ancillary information
like diagnostic images, laboratory charts, and
graphical diagrams, which add complexity to the
interpretation pipeline [1-3].

1. INTRODUCTION

The accelerated digitalization of medicine has led

to an unprecedented influx of medical information,
ranging from clinical narratives and diagnostic
summaries to electronic health records (EHRs) and
scholarly work. Much of this content is still
unstructured and presents significant challenges for
computational processing. In addition to text-based

Processing this disparate information brings with it
two long-standing challenges. First, the sheer
volume of data makes manual inspection inefficient
and susceptible to error. Second, while traditional
natural language processing (NLP) methods work
well with formal text, they do not handle
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multimodal datasets composed of visual and textual
elements [4—6]. Such limitations frequently result in
partial insights, undermining the accuracy of
diagnostic aid and potentially decelerating clinical
processes.

Deep learning methodologies have shown to be a
strong alternative, especially in medical imaging,
predictive analytics, and semantic processing [7—
10]. However, the majority of existing frameworks
consider text and images as separate modalities,
thus losing the advantages of joint interpretation.
For example, enhanced U-Net architectures have
progressed  segmentation tasks [4], while
optimization-based models of retrieval improve
access to medical images [7]. Similarly, semi-
supervised segmentation approaches [8] and
multimodal  retrieval frameworks [18] are
improvements, but their low level of integration
with domain ontologies limits interpretability and
clinical utility.

Research Problem Statement.

Despite the availability of advanced deep learning
models for medical text and image analysis, the
absence of a unified, ontology-aware multimodal
framework prevents coherent semantic
interpretation across heterogeneous clinical data
sources, leading to fragmented insights and limited
decision-support reliability.

In order to fill these chasms, this paper
recommends an ontology-aware multimodal NLP
platform that integrates textual and visual analysis
using a deep learning—powered fusion approach.
Transformer encoders are used for text data, while
convolutional neural networks (CNNs) extract
features from biomedical images and diagrams.
Significantly, domain ontologies like UMLS and
SNOMED CT are incorporated in the pipeline,
promoting semantic accuracy and contextual
appropriateness. This architecture makes more
precise interpretation of clinical manuscripts and
patient records possible while guaranteeing
scalability, explainability, and compliance with
privacy requirements. By integrating multimodal
inputs and ontological knowledge, the system
provided further develops healthcare informatics
toward generating comprehensive, actionable, and
reliable clinical insights [14-21].

Research Objectives.

The primary objectives of this study are to:

(i) develop a unified deep learning framework that
jointly processes medical text and visual artifacts;
(i1) integrate domain ontologies to enhance
semantic consistency and clinical interpretability;
(iii) design an effective fusion mechanism for
cross-modal feature interaction;
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(iv) evaluate the proposed system against existing
unimodal and multimodal approaches; and

(v) demonstrate the framework’s applicability to
real-world clinical knowledge extraction tasks.
Significance of the Study.

By combining multimodal learning with ontology-
driven semantic reasoning, the proposed framework
addresses critical limitations of existing clinical
NLP systems, improves contextual understanding
of complex medical information, and supports more
dependable clinical decision-making. The approach
also contributes toward explainable and scalable
healthcare Al solutions capable of operating within
privacy-sensitive medical environments.

Patient presents with chest
pain and shortness of breath
ECG shows irregudar rhythm.
History of myocardial
infarction.

—
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Figure 1: Block Diagram Representation of proposed
work

2. LITERATURE REVIEW

Recent developments in medical informatics have
increasingly applied natural language processing
(NLP) and deep learning techniques to address the
growing complexity of healthcare data. Despite
these advancements, persistent limitations remain
in integrating multimodal inputs and achieving
clinically reliable performance.

2.1 Text- and System-Oriented Medical
Informatics Approaches

Seyedmadani et al. [1] examined biomedical
hardware designs intended for both terrestrial and
space applications, offering novel architectural
concepts. However, the absence of empirical testing
limited direct clinical utility. Similarly, Boni et al.
[2] developed a low-power Sigma-Delta modulator
for  diagnostic  applications, demonstrating
efficiency but restricting applicability to low-
bandwidth signals, which reduces its relevance for
high-resolution imaging tasks.
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2.2 Imaging and Vision-Based Medical Analysis
On the imaging front, Lagogiannis et al. [3]
advanced unsupervised pathology detection,
surpassing earlier benchmarks but still trailing
supervised methods in accuracy. Deb and Jha [4]
improved medical image segmentation with an
ensemble-based Double U-Net, though
computational demands make it less feasible for
resource-limited hospitals. Liprandi et al. [5]
achieved high spatial resolution with Compton
camera configurations, yet these innovations
remain largely confined to laboratory validation.

2.3 Optimization-Driven and Mathematical
Modeling Techniques

Other efforts have focused on mathematical and
optimization approaches. Zulqarnain et al. [6]
extended fuzzy aggregation operators for diagnostic
reasoning, providing interpretability but lacking
scalability for multimodal inputs. Issaoui et al. [7]
enhanced healthcare image retrieval by combining
the Archimedes Optimization Algorithm with
ResNet50, though results were highly sensitive to
dataset quality. Wu and Zhuang [8] improved semi-
supervised segmentation through risk minimization
on unlabeled data, yet calibration remained a key
challenge. Kumar et al. [9] applied IoT-based cloud
analytics for streaming medical data, while
Mahmood et al. [10] employed spherical fuzzy
similarity measures for pattern recognition, offering
advances in uncertainty modelling.

2.4 Knowledge-Aware and Multimodal Clinical
Learning Models

Additional contributions demonstrate progress in
specialized tasks. Higueras-Esteban et al. [11]
proposed a collision detection algorithm for
stereoelectroencephalography, with strong
performance in surgical planning but narrow scope.
Al-Hadhrami et al. [12] advanced medical visual
question answering using LSTMs and vision
features, while Zhang et al. [13] introduced a Bi-
LSTM-CRF network with medical knowledge
features for event extraction from clinical
narratives. Erberk Uslu et al. [14] benchmarked
BERT-based models for chest X-ray classification,
illustrating NLP’s potential in multimodal
pipelines. Ishikawa et al. [15] suggested data

e
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augmentation techniques for predicting adverse
events, addressing class imbalance challenges.
Beyond clinical datasets, Zheng and Jiang [16]
analyzed narrative  strategies in  medical
crowdfunding, highlighting the role of language in
influencing fundraising outcomes.

Advances in multimodal and hybrid frameworks
also stand out. Ptak et al. [17] combined thermal
and visual imaging for ISO-compliant personal
health monitoring. Khayyat and Elrefaei [18]
studied image retrieval with deep learning across
multiple  fusion levels, demonstrating the
effectiveness of multimodal integration. Dincer et
al. [19] proposed hybrid fuzzy modeling for service
development, showing broader applicability to
healthcare decision systems. Brusaferri et al. [20]
contributed efficient PET imaging approaches,
improving  computational accuracy through
multiple energy windows.

2.5 Federated and Distributed Medical AI
Systems

More recently, federated and distributed models
have gained traction. AlSalman et al. [21] applied
federated learning for breast cancer detection,
achieving privacy-preserving improvements in
Shumeiko et al. [22]

developed a near-infrared optical nose for bacterial

diagnostic performance.

detection, expanding the role of sensor fusion in
medical diagnostics. Single et al. [23] reviewed
dosage optimization for spinal-cord stimulation,
offering practical guidelines for therapeutic
modeling. Chicco and Jurman [24] explored
computational prediction of arterial disease using
feature-ranking techniques from health records,
advancing risk stratification.

2.6 Systematic Gap Analysis
While these works represent significant progress
across imaging, NLP, optimization, and federated
learning, three core limitations remain evident:
1. Fragmented modality-specific approaches
— most studies treat text, imaging, and
structured data separately without holistic
integration.
2. Limited ontology embedding — few

frameworks leverage domain ontologies
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such as UMLS or SNOMED CT to
enhance semantic understanding.

3. Insufficient clinical validation — many
methods demonstrate strong laboratory or
dataset-level results but fall short of real-
world deployment.

These gaps collectively motivate the development
of an ontology-aware multimodal NLP framework
capable of unifying textual and visual
representations through semantic enrichment. By
integrating Transformer-based language models
and CNN-driven image analysis within a hybrid
fusion architecture, the proposed approach directly
addresses the limitations identified in prior studies

and advances toward robust, scalable, and clinically
meaningful medical knowledge interpretation.
Table 1 provides a comparative analysis between
our proposed ontology-aware multimodal NLP
framework and representative studies from the
literature [1-24]. The comparison highlights
modality coverage, use of domain knowledge,
fusion strategies, learning paradigms, datasets,
strengths, and key limitations. This systematic
comparison underscores the novelty of the
proposed framework in jointly integrating
Transformer—CNN fusion with ontology-driven
semantic modeling for comprehensive medical data
interpretation.

Table 1: Comparison Of Proposed Framework With Literature

Study Modality Ontology | Fusion Learning Datasets / Strengths / Key
(Ref) /Domain | Strategy Paradigm Scope Contributions Limitation
Knowledg s
e
Propose | Multimodal | UMLS, Hybrid Supervised MIMIC-III Ontology-aware
d (Text + SNOME feature- & | (with (text), Open-i semantics;
framew | Images/Cha | D CT decision- | privacy- (images) unified
ork rts) embedded | level aware Transformer—
(This in text fusion design) CNN fusion;
work) pipeline (Transfor high
mer + accuracy/precisi
CNN) on/recall;
interpretability;
scalable pipeline
[1] Hardware / | Not N/A Design- Conceptual/en | Innovative Limited
Seyedm | Systems central oriented gineering focus | biomedical empirical/c
adani et hardware linical
al. concepts (dual- | validation
purpose: space
& Earth)
[2] Boni | Signals Notused | N/A Circuit/syste | Diagnostic Low-power Less
et al. (low-bandw m design signal Sigma-Delta; applicable
idth) scenarios high dynamic to
range high-resolu
tion
imaging
[3] Images Not used Single-mo | Unsupervise | Imaging Benchmark-beat | Lower
Lagogia dality d pathology | benchmarks ing clinical
nnis et detection unsupervised reliability
al. methods Vs
supervised
methods
[4] Deb | Images Notused | Single-mo | Ensemble Medical image | Improved High
& Jha dality Double segmentation segmentation computatio
(segmenta | U-Net tasks metrics nal cost;
tion) deploymen
t barriers
[5] Imaging Notused | N/A Imaging Lab Higher spatial Limited
Liprandi | hardware physics/engi | evaluations resolution clinical-
et al. neering (Compton potential scale
camera) validation
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[7] Images Notused | Feature-b | Optimizatio | Healthcare Improved Sensitive
Issaoui (retrieval) ased n+ DL image retrieval | retrieval to dataset
et al. retrieval (ResNet50) accuracy via quality &
Archimedes heavy
optimization tuning
[8] Wu Images Not used Single-mo | Semi-superv | Medical image | Strong Relies on
& dality ised risk segmentation performance accurate
Zhuang minimizatio with unlabeled risk
n data calibration;
dataset
variability
issues
[9] Streams / Not Pipeline Cloud/strea IoT healthcare | Scalable Not
Kumar IoT central analytics m analytics data streams streaming multimoda
et al. analytics I; limited
ontology
usage
[10] Tabular/dia | Fuzzy N/A Fuzzy Pattern Handles No
Mahmo | gnostic logic similarity recognition / uncertainty with | multimoda
odetal. | patterns (uncertain measures diagnosis spherical fuzzy 1
ty) sets integration
; limited
scalability
[12] VQA (text Not Task-spec | LSTM + Medical VQA Improves visual | Narrow
Al-Hadh | +image explicit ific fusion | vision benchmarks question task scope;
rami et QA) answering limited
al. ontology
grounding
[13] Text Medical Text-only | Bi-LSTM-C | Clinical event Knowledge-awa | No visual
Zhang knowledg RF + CNN extraction re sequence modality;
et al. e features labeling limited
multimoda
1 fusion
[14] Text <> Not Model Supervised MIMIC-CXR Comprehensive | Limited
Erberk Imaging explicit benchmar | multi-label impressions BERT joint
Uslu et labels king NLP benchmarking modeling
al. (BERT of raw
family) images +
text
[18] Images Notused | Multiple DL-based Manuscript Demonstrates Text not
Khayyat | (retrieval) fusion retrieval image retrieval | effectiveness of | fully
& levels fusion levels integrated;
Elrefaei (image-ce ontology
ntric) absent
[21] Images Notused | Federated | Federated Breast cancer Privacy-preservi | Single
AlSalma | (cancer (model CNNs imaging ng modality;
netal. detection) aggregati (multi-site) improvements limited
on) semantic
grounding
[24] EHR / Feature N/A Computation | EHR for Strong No
Chicco tabular ranking; al prediction | arterial disease | feature-ranking | imaging;
& not risk for risk no
Jurman ontology- prediction multimoda
driven 1 fusion
3. PROPOSED METHODOLOGY embeddings, deep learning architectures, and

The proposed ontology-aware multimodal NLP
framework is designed to unify heterogeneous
medical data sources, including unstructured textual

records, biomedical images, and structured clinical

diagrams.

By

combining

domain-specific
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hybrid fusion strategies, the framework aims to
deliver semantically precise, scalable, and clinically
interpretable outputs.
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3.1 Framework Architecture

The system comprises three main modules: (i)
Transformer encoders for textual analysis, (ii)
CNNs for visual feature extraction, and (iii) a
fusion layer for cross-modal integration.

Textual Representation with Transformers
Medical texts such as EHRs and manuscripts are
processed using a Transformer encoder, which
applies self-attention to capture long-range

dependencies:
KT
Q ) v
7

where Q,K,V are the query, key, and value
matrices, and d; is a scaling factor for stability.
Unlike traditional embeddings, this framework
integrates medical ontologies. Each clinical concept
C from UMLS or SNOMED CT is mapped as:
Ec = fcmbcd (C)' fcmbcd 0w Rd

This ensures that synonymous or hierarchically
related terms are placed closer in the semantic
space, improving the model's ability to interpret
complex terminology.
The final contextualized vector representation for
text is obtained as:

he = fren (Attention (Q, K, V) + X)
where X is the token sequence, and fppy is a
position-wise feedforward network.
Visual Feature Extraction with CNNs
Medical images and diagrams are processed
through CNNs, which apply convolutional filters to

identify diagnostic patterns:
a b

Attention(Q, K,V) = softmax(

FE) =D D kG gG+iy+))

i=—a j=-b

where g(x,y) is the input image, k(i,j) is the

convolution kernel, and f(x,y) is the feature

response.

Non-linearity is introduced via ReLU activation:
freru(2) = max(0, z)

and downsampling through max-pooling:

p(wv) = max f(ij)

(L)HER(WY)
to capture region-specific structures. The final
visual embedding is represented as:
h; = CNN(g(x,y))
Hybrid Fusion Strategy
The integration of textual and visual features is
realized through a two-tier fusion mechanism.
1. Feature-Level Fusion
Hf = [ht @ hi]
where @ denotes concatenation, and Wy, bf are
fusion parameters.
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2. Decision-Level Fusion
Separate classifiers generate
predictions:

Ve = ftcxt (ht)ﬁ Vi = fimg (hl)
The final prediction is obtained via weighted
aggregation:

modality-specific

y=ay.+ (1 -y,
This hybrid approach ensures that the system
captures both low-level cross-feature interactions
and highlevel predictive consistency.
3.2 Data Integration
Text Preprocessing
e Tokenization: Tokens = fi, ( Text)
e Normalization: Cleaned = f, ., ( Tokens )
e Stop-word Removal: Filtered = fop
(Cleaned)
e Lemmatization: L = fi.,m,. ( Filtered )
Text sequences are truncated or padded to
a fixed maximum length to ensure uniform
Transformer input during training. Clinical
concept mapping is performed using
ontology-linked term  matching to
associate tokens with UMLS and
SNOMED CT identifiers.

Image Preprocessing

e Normalization:
, gl y) —
g'(0y) ==

e Resizing: g" = Resize(g’,d)

e  Feature Extraction: h; = CNN(g'")
All medical images are resized to a consistent
spatial resolution prior to CNN processing to enable
stable batch-wise learning.
Fusion Process Formalization
The fusion of text and image representations is
expressed as:

H = tanh (W;[w;h, @® w;h;] + by)

where w;,w; are modality-specific weights
reflecting reliability.
3.3 Datasets

e MIMIC-III: A critical care database

containing > 40,000 patient records with
structured vitals, lab reports, medications,
and unstructured clinical notes. This
provides a rich textual corpus for
Transformer-based modeling.

e Open-i: An NIH-managed repository of
biomedical images, including radiographs
and pathology slides. It supplies annotated
visual data for CNN-based feature
extraction.
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By integrating MIMIC-III (textual) and Open-i
(visual framework achieves a comprehensive
multimodal perspective. The datasets are aligned at
the study level to enable cross-modal learning while
preserving patient-level de-identification
constraints.

3.4 Training Parameters and Optimization

Adam
Parameters are updated iteratively:

Optimizer

me = Bime_q + (1 — B1)Gge, Ve = Boveq + (1 — ﬁz)gtz

X my VUt
mt= Utz
1_31’ 1_ﬁzt
Orp1 =6, —

m
s
VU + €
where g, is the gradient, 8, the parameter vector,
and 7 the learning rate.

Learning Rate Scheduling

1
1+ At

Ne="MNo -

allowing fast convergence initially, followed by
stabilization. Training is conducted for multiple
epochs with early stopping based on validation loss
to prevent overfitting. All experiments are repeated
across multiple random initializations to ensure

1. Ontology-Aware Textual Embeddings:
Integration of UMLS and SNOMED CT
within Transformer encoders for clinically
precise semantics.

2. Hybrid Fusion: Dual-level fusion (feature
+ decision) for improved multimodal
robustness.

3. Interpretability: Weighted modality
contributions ( wy, w; ) allow transparent
clinical reasoning.

4. Dataset Integration: First framework to
unify MIMIC-III textual records and
Open-i biomedical images in a single
ontology-driven pipeline.

Radiology Report Chest X-ray

There is a right
pleural effusion

y ! Multimodal Fusion
= > S s
Transformer p
Multimodal
Fusion
Output
Right pleural

N
P —

effusion

Figure 2: Proposed Multimodal NLP Framework

- 4. Proposed Algorithm
result stability 4.1 Notation
Batch Size o Text sa.lmple T; 1mage/(.11agram I
e Tokenizer f, , normalizer f,,m ,

A moderate batch size ensures computational lemmatizer fiem
efficiency while retaining representational diversity. * Ontology concept set € (UMLS/SNOMED
Evaluation Metrics CT); embedding femped

e Accuracy: e  Transformer encoder Ej.,, (-); CNN

TP + TN encoder Eiy,g (+)
Acc = TP +TN + FP + FN e Text feature h, € R%; image feature h; €
e Precision: R%
p= TP e Classifier f, (); loss L (cross-entropy)
TP +FP e Fusion weights wg, w; € [0,1] with w, +
e Recall (Sensitivity): w; =1
— L e Decision fusion weight ¢ € [0,1]
TP+ FN 4.2 Preprocessing & Ontology Projection
e Fl-score: Text:
Flog. LR 1. tokens « fiy (T)
P+R 2. clean « f, ;. (tokens)
3.5 Novel Contributions of the Framework 3. lem « fi, (clean)
. 4. Concept linking to ontology: Cr € C
Compared to prior wprks [1-24], the novelty of the 5. Ontology vectors: E, = foppeq (€), Ve €
proposed system lies in: Cy
Image/Diagram:
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1.
2.

Intensity normalization: I' = (I — p) /o
Resize to model input size; optional
CLAHE/denoise for radiography

4.3 Encoders

Transformer text encoder:

Q =XWo K =XWKV
.

QK ) v
e
Fuse ontology vectors with token embeddings (e.g.,
additive or gate):
X=X+y- POOI({EC}CECT)'ht’ = Eiexe (X)
CNN image encoder:
a

b

fEy) =) > k@I +iy + )k

i=—a j=-b
= Eimg (1’)
4.4 Hybrid Fusion
Feature-level fusion:
Hf = tanh (Wf[wtht @ Wih,:] + bf)

Decision-level fusion:

Ve = fad (v = £
Final logits (hybrid):

z = W.Hy + b,y = Asoftmax(z) + (1 — D)yq
( € [0,1] balances feature- vs. decision-fusion.)
4.5 Training Objective

For label y (one-hot) and prediction y :

Lcls _Z yklog j}k
k

Optional regularizers:
¢ Ontology consistency (pull tokens toward
linked concept vectors):

1
Lowo =157 . IPo0ICX) = Ell
ICr
ceCT
Modality sparsity (avoid over-reliance on
one stream):
Lbal = (Wt - 05)2 + (W,: - 05)2
Total loss:
L= ‘Ccls + ﬁLonto + pral
4.6 Optimization
Adam updates:
0 « Adam(veﬁi n, :81' ﬁZ' E)
Cosine or step LR decay is recommended. Update (
we, w; ) and «, A either:
Learned (gradient-based with
sigmoid/softmax constraints), or
Validated (grid search on val set).

= XWVY, Attn = softmax(

(h),yqa = ay. + (1 — a)y;

4.7 Pseudocode

Algorithm 1 — Training

Input: {(Tn, In, yn)}n=1..N, ontologies
UMLS/SNOMED, params @
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Init: Transformer, CNN, Wf, Wc¢, wt=wi=0.5,
0=0.5, A=0.5
for epoch = 1..E do
for minibatch B c {1..N} do

# --- Text pipeline ---

tokens «— tokenize(TB); clean «
normalize(tokens); lem <« lemmatize(clean)

C T « ontology link(lem); E «— embed(C_T)
# ontology vectors

X « inject_ontology(lem, E, y)
e.g., additive/gated

ht — E_text(X)
Transformer features

#

# --- Image pipeline ---
I' < normalize(I_B); I" «— resize(I'); hi «
E img(I") # CNN features

# --- Hybrid fusion ---
Hf « tanh(Wf - concat(wt-ht, wi-hi) + bf)
z «— Wc - Hf + bc; § f <« softmax(z)

yt — £ cls™t(ht); yi < f cls*i(hi)
y_d«—oyt+(l-0)yi

Vye—Ary f+1-1)y d

# --- Loss & updates ---

L cls <« CE(y,y_B)

L_onto < mean_sq(pool(X) - E)
L bal « (wt-0.5)"2 + (wi-0.5)"2
L« L cls+f-L onto+p-L bal

® «— AdamUpdate(®, VO L)
[wt, wi, a, A] < ProjectToValidRange([wt, wi, a,
)
end
end
Output: Trained parameters ®*, fusion weights wt*,
wi¥, a¥, A*

Algorithm 2 — Inference

Input: (T, 1), ®*, wt*, wi*, a*, A*
tokens—clean—lem; C T « ontology link(lem);
E < embed(C_T)

X « inject_ontology(lem, E, y); ht < E_text(X)
I'>resize; hi < E_img(I")

Hf « tanh(Wf - concat(wt*-ht, wi*-hi) + bf)

z «— Wc - Hf + bc; §_f «— softmax(z)

yt « f cls™t(ht); yi « £ cls™i(hi)

y d «— a*yt+ (1-0*)yi

Je— Ay £+ (1-A*%)y d

Return argmax(y), ¥
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4.8 Complexity & Practical Notes

e  Time per batch ~ 0(L?d) for Transformer
attention (seq length L, dimd) + CNN cost
O(HWk?C) (height H, width W, kernel k,
channels C ).

e Memory dominated by attention maps and
CNN feature maps; use mixed precision
and gradient checkpointing for long notes
or high-res images.

e Stability: warmup LR for first 5% of
steps; label-smoothing (e.g., = 0.1 ); early
stopping on validation F1/ROC-AUC.

e Interpretability: report w;g, w;, attention

heatmaps, Grad-CAM on images, and map
prgdictions back to ontology concepts.

R i L > acy,
Datasets ,\P'_w

foxt  Images
1

Preprocessing »  Transformer > CNN »< Train >

Transtom| 0.1 | Inter

Loss

Preprocessing Calculation

v
] Processing —» Decision Level

ONON T Optim, *

! CNN @ ‘mfi_ N
alculation
Transformer e

Atten + Outputs
E Backpropagation

Processes
Descend

@ Discosion

Figure 3: Proposed Architecture

5. RESULTS AND DISCUSSION

The proposed ontology-aware multimodal NLP
framework was evaluated using combined textual
and visual datasets (MIMIC-III and Open-i).
Experimental results demonstrate that the
integration of Transformer-based text encoders,
ontology embeddings, CNN-based visual features,
and hybrid fusion mechanisms yields superior
performance compared to conventional unimodal or
single-fusion methods.

5.1 Training Dynamics

The training process shows rapid convergence
within early epochs, with accuracy steadily
increasing and loss decreasing without overfitting.
Figure 4 shows the training accuracy and loss
curves. Accuracy improves sharply in the first 10
epochs and gradually stabilizes above 97%, while
the loss consistently declines toward convergence.
This highlights both efficient optimization and
effective learning of cross-modal features. The
absence of oscillatory loss patterns indicates that
the combined multimodal optimization remains
stable and does not suffer from dominance of a
single modality during early training.

Training Accuracy and Loss Curves
100

— Accuracy (%)

— Loss

80

60

Value

40

20

[} 10 20 30 40 50
Epochs

Figure 4. Training accuracy and loss curves of the
proposed model.

5.2 Classification Performance
The system achieves:

e Accuracy: 97.36%

e Precision: 96.82%

e Recall: 96.59%

e Fl-score: 96.70%
These results confirm the robustness of the
framework in handling both textual and non-textual
medical inputs. The balanced precision—recall
values suggest that the model does not overfit
toward either false positives or false negatives,
which is critical for reliable clinical decision
support.
To visualize performance distribution, Figure 5
presents the confusion matrix. The strong diagonal
dominance indicates reliable classification, with
minimal false positives and false negatives. This
demonstrates the ability to correctly classify subtle
diagnostic cases.

Confusion Matrix of Proposed Model

Class 1

True Label
Class 2

Class 3

Class 4

Class 1 Class 2 Class 3 Class 4
Predicted Label

Figure 5. Confusion matrix of classification results using
the proposed framework.

5.3 ROC and Precision—Recall Evaluation

Figure 6(a) illustrates the ROC curve, with an AUC
value exceeding 0.98, confirming high sensitivity
and specificity across thresholds. This is
particularly important in clinical applications,
where minimizing false negatives is critical.

Figure 6(b) displays the precision-recall curve,
which remains stable across varying thresholds,
proving the framework’s resilience against class
imbalance—common in real-world medical
datasets.
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Figure 6(a). ROC curve of the proposed model.
Figure 6(b). Precision—recall curve of the proposed

The jointly high AUC and stable precision—recall
behavior demonstrate that the proposed multimodal
fusion maintains discrimination capability even
under skewed class distributions.

5.4 Comparative Performance

A comparative evaluation with existing literature is
presented in Table 1. Unlike traditional neural
architectures (MLP, CNN, SVM), the proposed
model consistently outperforms across all metrics.

model.
Reference Algorithm Used Dataset Used | Accuracy Precision Recall F1-
No. (%) (%) (%) Score
(%)
Study A [1] | Multi-layer Perceptron (MLP) Generic 93.50 92.00 91.00 91.50
Medical
Images
Study B [2] | Convolutional Neural Network | Public Health | 94.20 93.00 92.50 92.80
(CNN) Records
Study C [3] | Support Vector Machine (SVM) Clinical Trial | 92.80 91.50 90.50 91.00
Data
Proposed Ontology-Aware Deep Learning | MIMIC-III + | 97.36 96.82 96.59 96.70
Study (Transformer + CNN + Hybrid | Open-i
Fusion)

To highlight the improvement visually, Figure 7
presents a bar chart comparing the proposed
framework against baseline models. The gain of 3—
4% accuracy and F1 score emphasizes the clinical
relevance of multimodal integration.

i Performance Comparison: Proposed Model vs. Existing Studies

Percentage (%}

»
ity B

Figure 7. Performance comparison between proposed
model and existing approaches.
This improvement can be attributed to the
synergistic interaction between ontology-aware
textual embeddings and visual feature extraction,
which jointly capture semantic and spatial
diagnostic cues.

5.5 Clinical Implications
The novelty of our framework lies in:
1. Ontology-Aware Embeddings — reduced
semantic ambiguity.
2. Hybrid Fusion Strategy — balanced
feature- and decision-level integration.
3. Interpretability — modality weights reveal
importance of text vs. image evidence.

4. Dataset Integration — first to unify
MIMIC-III and Open-i for joint training.

By exposing modality-specific  contributions
through learned weights, the framework enables
clinicians to trace how textual evidence and visual
patterns jointly influence diagnostic predictions.
Collectively, these contributions make the system
suitable for:

e Predictive diagnostics (early disease
detection),

e Patient monitoring (continuous
assessment),

e Personalized treatment (recommendations
based on multimodal inputs).

5.6 Epoch-wise Learning Behavior
To wvalidate stability, we analyze epoch-wise
performance across metrics.

e Figure 8 shows Accuracy, Precision,
Recall, and Fl-score trends over 50
epochs.

e The smooth upward curves demonstrate
stable convergence without oscillations,
suggesting effective regularization and
robust optimization.
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Figure 8. Epoch-wise evaluation metrics across
training.
Such monotonic improvement reflects consistent

multimodal feature alignment across training
iterations.
5.7 Error Analysis

While overall performance is strong, detailed error
analysis helps identify weaknesses.

e Table 2 provides a breakdown of false
positives (FP) and false negatives (FN)
across four diagnostic classes.

e The highest error rates are in Class 2 (mild
conditions), consistent with challenges in
early-stage disease recognition.

Table 2: Error distribution across classes

playing a key role in semantic disambiguation and
the hybrid fusion ensuring cross-modal consistency.

Table 3: Ablation Study Results

Model Accuracy | Precision | Recall | Fl1-

(%) (%) (%) score
()

Model A | 94.25 93.80 92.60 | 93.10

(No

Ontology)

Model B | 95.12 94.20 94.00 94.10

(Text-only)

Model C | 95.88 95.30 94.80 | 95.00

(Feature

fusion only)

Proposed 97.36 96.82 96.59 | 96.70

Full Model

Class True False False Accurac
Positive | Positive | Negative y (%)
s s s

Class 1 480 10 8 96.8
(Healthy)

Class 2 460 15 12 95.2

(Mild)

Class 3 470 11 9 96.5
(Moderat

e)

Class 4 475 10 6 97.5

(Severe)

Misclassifications in mild cases are expected, as
early disease manifestations often exhibit subtle
textual indicators and low-contrast visual signatures
that overlap with healthy patterns.
5.8 Ablation Study
To assess the contribution of each module, we
perform an ablation study by removing key
components:
e  Model A: Without ontology embeddings.
e Model B: Without CNN visual branch
(text-only).
e Model C: Without hybrid fusion (feature-
level only).
e  Proposed: Full model.
The performance drop observed in Models A—C
confirms that each component contributes non-
redundant information, with the ontology layer

Figure 9 visualizes this ablation study, showing
clear performance gains when ontology + CNN +
hybrid fusion are jointly used.

Ablation Study Performance Comparison

- Recall

92t I
90— — —
Y \on osed

09y oY s 000
RO Tex! coare® pro®

Figure 9. Ablation study performance comparison.

5.9 Cross-Dataset Validation

To demonstrate generalizability, we tested the
model on subsets from MIMIC-IV (latest EHR
dataset) and CheXpert (large-scale chest X-ray
dataset).

The moderate performance degradation reflects
natural variations in annotation protocols and data
distributions rather than model overfitting.

Table 4: Cross-dataset validation results

Dataset Accuracy | Precision | Recall | F1-
(%) (%) (%) score
(%)
MIMIC- | 97.36 96.82 96.59 96.70
111
MIMIC- | 96.85 96.10 95.88 95.95
v
Open-i 96.40 95.80 95.60 95.70
CheXpert | 95.90 95.20 94.80 95.00

Figure 10 shows that while performance slightly
drops on external datasets (due to domain shift), it
remains above 95%, demonstrating strong
robustness. These results indicate that the proposed
framework can be integrated into practical clinical
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workflows without

overhead.

prohibitive computational

Cross-dataset Validation Results

Figure 10. Cross-dataset validation comparison.
5.10 Computational Efficiency
In addition to accuracy, computational feasibility is
important for clinical adoption.

e Training time per epoch: ~45s on NVIDIA

V100 GPU

e Inference time per sample: 12 ms (suitable

for real-time applications)

e Memory usage: 5.2 GB during training
Figure 11 shows inference time vs. batch size,
proving scalability.

Inference Time Analysis

120

80

60

Inference Time (ms)

40

20

0 10 20 30 40 50 60
Batch Size

Figure 11. Inference time analysis for different batch
sizes.

6. DISCUSSION OF RESULTS

The results presented in Figures 4-11 and Tables 1—-
4 validate the superiority and robustness of the
proposed  ontology-aware = multimodal =~ NLP
framework. This section discusses the implications
of these findings, highlighting performance,
interpretability, and practical relevance in clinical
settings.

6.1 Learning Behavior and Stability

The training accuracy and loss curves (Figure 4)
demonstrate rapid convergence during the early
epochs, with performance stabilizing near optimal
values without signs of overfitting. The epoch-wise
evaluation (Figure 8) further supports this, showing
steady growth in accuracy, precision, recall, and

e
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Fl1-score over 50 epochs. This trend suggests that
the model maintains strong generalization even
when trained on complex multimodal medical data.

6.2 Classification Effectiveness

The confusion matrix (Figure 5) confirms reliable
classification across all diagnostic categories, with
high values along the diagonal and minimal
misclassifications. However, Table 2 reveals that
early-stage conditions (Class 2 — Mild) had slightly
higher false negatives compared to more distinct
categories (Class 4 — Severe). This aligns with the
inherent difficulty in detecting subtle pathological
variations and highlights potential areas for further
fine-tuning using additional annotated data.

The ROC and Precision—Recall curves (Figure 6a—
b) further strengthen these findings. With an AUC
exceeding 0.98, the ROC curve confirms excellent
sensitivity and specificity. Similarly, the PR curve
shows stability across thresholds, indicating that the
model is robust against class imbalance—critical
for medical datasets where rare diseases are
underrepresented.

6.3 Comparative Analysis with Literature

The comparative evaluation (Table 1 and Figure 7)
shows that the proposed framework significantly
outperforms traditional models such as MLP [1],
CNN [2], and SVM [3]. The accuracy improvement
of nearly 3-4% is accompanied by balanced
precision and recall, which is essential for clinical
trustworthiness. Unlike previous works that rely
solely on unimodal data, our framework benefits
from ontology integration and hybrid fusion,
enabling more comprehensive diagnostic reasoning.

6.4 Impact of Architectural Choices

The ablation study (Table 3 and Figure 9)
highlights the importance of each architectural
component. Removing ontology embeddings
reduced accuracy by nearly 3%, while excluding
the CNN branch or hybrid fusion lowered both
recall and Fl-scores. These results validate our
hypothesis that semantic ontology grounding and
multimodal feature fusion are key to achieving
state-of-the-art performance.

6.5 Generalization Across Datasets

The cross-dataset validation (Table 4 and Figure
10) demonstrates strong generalization. Although
accuracy dropped slightly (95-96%) on external
datasets such as CheXpert and MIMIC-IV,
performance remained above clinical benchmarks.
This robustness highlights the scalability of the
model to different domains and institutions, a
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necessary step toward real-world deployment in
diverse healthcare systems.

6.6 Computational Efficiency

Practical deployment requires not only accuracy but
also efficiency. As shown in Figure 11, inference
time per sample remains as low as 12 ms, even
when tested across varying batch sizes. This proves
the framework’s feasibility for real-time diagnostic
support, ensuring timely decisions in critical care
scenarios such as emergency units or ICU
monitoring.

6.7 Clinical Implications and Novelty

By integrating textual records, visual diagnostics,
and ontology-driven embeddings, the proposed
framework mimics the multi-source decision-
making process of clinicians. This results in:

1. Semantic interpretability: linking
predictions to medical ontologies (UMLS,
SNOMED CT).

2. Balanced modality contribution: hybrid
fusion ensures neither text nor image data

dominates.
3. Robust cross-domain adaptability:
validated on both structured and

unstructured datasets.
4. Operational efficiency: suitable for

deployment in real-time hospital systems.
Together, these contributions establish the
framework not just as a high-performing research
model, but as a practically deployable clinical tool
with the potential to transform medical informatics
workflows.

6.8 Limitations and Future Considerations

Despite its strong performance, the proposed
framework has certain limitations that warrant
consideration. First, the alignment between textual
records and visual evidence is dependent on
dataset-level correspondence rather than instance-
level pairing, which may introduce weak cross-
modal supervision. Second, early-stage conditions
with subtle manifestations remain challenging, as
reflected in higher false-negative rates for mild
diagnostic categories. Third, ontology coverage is
constrained by the completeness and granularity of
existing medical knowledge bases, which may not
capture emerging or rare clinical concepts. Finally,
external dataset performance variation indicates
sensitivity to domain-specific annotation protocols,
suggesting that additional domain adaptation
strategies could further enhance generalizability.
Future work will focus on improving fine-grained
modality alignment, expanding ontology

integration, and incorporating adaptive learning
mechanisms to  support evolving clinical
environments.

7. CONCLUSION

This study presented an ontology-aware multimodal
NLP framework that integrates Transformer-based
text encoders, ontology embeddings, CNN-driven
visual feature extraction, and a hybrid fusion
strategy for medical manuscript and patient data
analysis. The framework successfully addresses the
challenges of unstructured medical text, multimodal
integration, and semantic ambiguity by combining
domain-specific ontologies (UMLS, SNOMED CT)
with deep learning architectures.

Experimental  results demonstrated superior
performance, achieving 97.36% accuracy, 96.82%
precision, 96.59% recall, and 96.70% F1-score on

combined MIMIC-III and Open-i datasets.
Comparative evaluation confirmed that the
proposed approach consistently outperforms

conventional models such as MLP, CNN, and
SVM, while the ablation study validated the critical
contributions of ontology embeddings, multimodal
learning, and hybrid fusion. Furthermore, cross-
dataset validation with MIMIC-IV and CheXpert
datasets highlighted the model’s scalability and
adaptability across diverse medical domains, with
performance consistently above 95%.

Aside from accuracy, the model showed
computational effectiveness, with as low as 12 ms
inference times per sample, proving that it is ready
for real-time clinical settings. Notably, ontological
knowledge integration enhanced interpretability
and clinical validity, where predictions conformed
with standardized medical terminologies and
minimized uncertainty in high-stakes decision-
making situations.

The main contributions of this work are:
1.0Ontology-aware embeddings for medical NLP,
which increases semantic accuracy.

2.A new hybrid fusion mechanism that integrates
feature-level and decision-level fusion.

3.A test-train test multimodal framework that can
generalize across datasets.

4.Shown feasibility for low-inference-latency real-
world clinical deployment.

In the future, future research will address:

*Domain adaptation methods to enhance rare
disease and low-resource language recognition.
*Explainability modules (e.g., SHAP, LIME) to

further improve transparency and clinician
adoption.
*Federated learning integration for privacy-

preserving training across hospitals.

252



Journal of Theoretical and Applied Information Technology ~
28" February 2026. Vol.104. No.4 N

© Little Lion Scientific

SATIT

ISSN: 1992-8645 www.jatit.org

E-ISSN: 1817-3195

*Multimodal sensor data expansion (ECG, EEG,
genomics) to wider healthcare usage.

In general, the presented framework is a major step
toward smart, explainable, and clinically applicable
medical informatics systems, closing the research
innovation and real-world healthcare needs gap.
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