SCIENTIFIC CULTURE, Vol. 12, No. 5, (2026), pp. 77-86]
%lil E%HEE OOpen Aoccess. Onlinzlj‘} Prinm

www.sci-cult.com

DOI: 10.5281/zenodo. 1250008

AI-ENHANCED BIOMEDICAL IMAGING PIPELINES FOR
EARLY MULTI-ORGAN DISEASE DETECTION

Dr. M. Monica Bhavani?, Dr. C. Balaji2, Poonam Kukana3, Dr. Priyanka Bankoti4, Dr
Vaishali C Wangikar® and Dr. S. Prabagar®

1Assistant Professor Department of DSBS SRMIST, Kattangulathur, Campus, Chennai
2Assistant Professor, Department of Computer Applications, SRM Institute of Science and Technology
Tiruchirappalli, Tamilnadu, India
3Associate Professor, Computer Science and Engineering, Chandigarh University, Mohali, Punjab India
4Professor Agronomy, School of Agricultural Sciences, Shri Guru Ram Rai University, Dehradun,
Uttarakhand, India
5Associate Professor, Computer Engineering, MIT Academy of Engineering, Alandi, Pune, Maharashtra, India
tAssistant Professor Senior Grade, Department of Computer Science & Engineering (Data Science), School of
Computing, Vel Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, Avadi, Chennai,
Tamil Nadu, India.
6Orcid ID - 0000-0002-3852-0082

Received: 01/12/2025 Corresponding Author: Dr.M.Monica Bhavani
Accepted: 30/12/2025 (Email id: mmmonicabhavani@gmail.com)
ABSTRACT

The increasing complexity of human diseases and their multi-organ manifestations necessitates innovative diagnostic
strategies that can detect pathological changes at the earliest stages. Traditional biomedical imaging pipelines, while
effective, often face limitations in sensitivity, resolution, and interpretative speed, particularly when addressing subtle or
multi-organ abnormalities. Recent advancements in artificial intelligence (Al) have demonstrated significant potential in
enhancing imaging modalities by integrating machine learning algorithms, deep neural networks, and advanced data
analytics. This research explores the development and implementation of Al-enhanced biomedical imaging pipelines
designed specifically for early multi-organ disease detection. By leveraging convolutional neural networks (CNNs) and
transformer-based architectures, the system can automatically identify and segment organ-specific regions, quantify subtle
morphological alterations, and correlate imaging biomarkers across multiple organs. The proposed pipeline incorporates
multi-modal imaging data, including MRI, CT, and PET scans, to create a comprehensive organ-wise pathological profile,
improving both diagnostic accuracy and prognostic prediction. Experimental results demonstrate that Al integration
significantly reduces diagnostic errors, accelerates image processing workflows, and enhances the detection of early-stage
abnormalities that are often missed in conventional radiological assessments. Furthermore, the system facilitates
personalized monitoring by tracking temporal changes in organ structures and function, thereby enabling proactive
interventions and improved patient management. This study underscores the transformative impact of Al on biomedical
imaging, highlighting its potential to revolutionize early disease detection, optimize clinical workflows, and support
precision medicine. The findings suggest that Al-enhanced imaging pipelines can serve as a robust foundation for multi-
organ diagnostic frameworks, ultimately contributing to improved healthcare outcomes and more efficient resource
utilization. This research not only presents a technical advancement in image processing and analysis but also
demonstrates a clinically relevant application that aligns with the growing demand for predictive, precise, and patient-
centric diagnostic solutions.

Copyright: © 2026. This is an open-access article distributed under the terms of the Creative Commons Attribution License.
(https:/ / cre-ativecommons.org/ licenses/by/4.0/).
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INTRODUCTION

Early detection of diseases affecting multiple organ
systems remains one of the most pressing challenges
in modern healthcare. Many chronic conditions,
including cardiovascular diseases, diabetes-related
complications, autoimmune disorders, and certain
cancers, manifest subtly across several organs before
clinical symptoms become apparent. Conventional
diagnostic workflows rely heavily on individual
imaging modalities such as magnetic resonance
imaging (MRI), computed tomography (CT), and
positron emission tomography (PET), combined with
expert radiological assessment. While these
approaches have significantly advanced patient care,
they are often constrained by limitations in
sensitivity, inter-observer variability, and the ability
to integrate multi-organ data comprehensively. As
diseases increasingly present as systemic rather than
organ-specific phenomena, there is an urgent need
for diagnostic strategies capable of providing a
holistic and early view of multi-organ health.

Recent advancements in artificial intelligence (Al)
have introduced transformative possibilities in
biomedical imaging. Al techniques, particularly
those leveraging deep learning, convolutional neural
networks (CNNs), and transformer-based
architectures, have demonstrated remarkable
capabilities in image recognition, segmentation, and
predictive analytics. Unlike traditional imaging
workflows that require extensive manual
interpretation, Al-enhanced pipelines can process
vast volumes of imaging data rapidly, identify subtle
patterns that may elude human observation, and
provide quantitative assessments across multiple
organs simultaneously. These capabilities hold
immense potential for early disease detection,
particularly in cases where organ-specific changes
are minor but clinically significant. Integrating Al
into biomedical imaging pipelines addresses several
key challenges inherent to conventional diagnostic
systems. First, the multi-modal nature of modern
imaging, where each modality provides unique
structural, functional, or molecular information, can
overwhelm traditional analytical approaches. Al
algorithms can synthesize information from MR],
CT, PET, and emerging imaging techniques,
generating comprehensive organ-specific profiles
and detecting cross-organ correlations that indicate
early pathology. Second, early-stage abnormalities
often exhibit subtle morphological or functional

deviations that are difficult to quantify. Deep
learning models trained on large, annotated datasets
can recognize these patterns with high accuracy,
improving diagnostic confidence. Third, Al systems
offer consistency and scalability, mitigating the
variability introduced by human interpretation and
enabling widespread deployment in clinical settings.

A critical advantage of Al-enhanced imaging
pipelines lies in their ability to enable personalized
medicine. By integrating longitudinal imaging data,
Al systems can track temporal changes in organ
morphology and function, detect deviations from
baseline, and provide prognostic insights tailored to
individual patients. This capability is particularly
relevant in multi-organ diseases, where the
progression in one organ can influence the function
of others, creating complex interdependencies. For
example, chronic kidney disease may induce cardiac
remodeling, while liver dysfunction can impact
metabolic and vascular systems. Al-driven imaging
pipelines can capture such inter-organ dynamics,
supporting early interventions and informing
therapeutic =~ decision-making.  Despite  these
promising developments, several technical and
clinical challenges remain in implementing Al-
enhanced multi-organ imaging. Data heterogeneity,
including variations in imaging protocols, scanner
types, and patient demographics, can impact model
performance and generalizability. Addressing these
issues requires robust preprocessing techniques,
domain adaptation strategies, and rigorous
validation across diverse patient populations.
Additionally, the interpretability of Al predictions
remains a critical concern. Clinicians must be able to
understand and trust Al-derived insights to integrate
them effectively into diagnostic workflows. Recent
research has focused on explainable Al techniques
that provide visual and quantitative explanations of
model outputs, bridging the gap between
algorithmic predictions and clinical decision-
making. Furthermore, regulatory, ethical, and data
privacy considerations play a significant role in
adopting  Al-enhanced  biomedical imaging
pipelines. The integration of patient data across
multiple imaging modalities and time points
necessitates secure and compliant data management
frameworks. Ethical frameworks must ensure that Al
applications enhance clinical care without
introducing bias or inequity in patient outcomes.
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Collaborative efforts between researchers, clinicians,
and regulatory bodies are essential to establish
standards for safe, effective, and transparent Al
deployment in clinical imaging.

Several studies have demonstrated the feasibility and
effectiveness of Al in early disease detection across
individual organs, including Al-assisted detection of
pulmonary nodules, cardiac anomalies, hepatic
lesions, and neurological degeneration. However, the
extension of these approaches to multi-organ disease
detection remains an emerging frontier. Recent
investigations into multi-organ Al frameworks have
highlighted the benefits of joint analysis, including
improved sensitivity, reduced false-positive rates,
and more comprehensive patient risk profiling.
These approaches underscore the transformative
potential of Al in moving from organ-centric
diagnostics to systemic, patient-centered
assessments. The research presented in this paper
focuses on designing, implementing, and evaluating
Al-enhanced biomedical imaging pipelines capable
of early multi-organ disease detection. The proposed
framework leverages state-of-the-art deep learning
algorithms, multi-modal data integration, and
longitudinal monitoring to address the limitations of
conventional imaging workflows. By combining
automated image segmentation, feature extraction,
and predictive analytics, the system provides a
robust platform for detecting subtle organ-specific
changes and their systemic implications. The study
emphasizes clinical relevance, demonstrating how Al
integration can accelerate diagnostic workflows,
improve early disease detection, and support
personalized interventions across complex multi-
organ pathologies. In conclusion, the convergence of
Al and biomedical imaging presents a paradigm shift
in disease detection and patient care. Al-enhanced
imaging pipelines offer unprecedented opportunities
to detect early-stage multi-organ pathologies,
integrate longitudinal and multi-modal data, and
support precision medicine initiatives. As healthcare

increasingly prioritizes early intervention, proactive
monitoring, and patient-centric care, Al-driven
imaging systems will play a pivotal role in
transforming diagnostic processes. This research
contributes to this evolving landscape by presenting
a comprehensive framework for Al-enhanced multi-
organ disease detection, highlighting both technical
innovation and clinical impact. The insights gained
from this study have the potential to inform future
developments in Al-assisted diagnostics, foster more
accurate and timely disease detection, and ultimately
improve patient outcomes across diverse clinical
scenarios.

METHODOLOGY

The methodology of this study is structured to
develop, implement, and evaluate an Al-enhanced
biomedical imaging pipeline capable of early multi-
organ disease detection. The research integrates
multi-modal imaging data, advanced deep learning
architectures, and clinically relevant evaluation
metrics to ensure robust performance. The
methodology  encompasses data  acquisition,
preprocessing, Al model design, multi-organ
integration, training and validation, and system
evaluation. Each component is described in detail
below.

1. DATA ACQUISITION

To develop a robust Al-enhanced imaging pipeline, a
comprehensive dataset representing multiple organ
systems was curated. The dataset included magnetic
resonance imaging (MRI), computed tomography
(CT), and positron emission tomography (PET)
scans. Data were collected from publicly available
biomedical imaging repositories as well as
collaborating hospitals, ensuring diverse patient
demographics and disease presentations. The dataset
consisted of adult patients aged 18-80 vyears,
covering common multi-organ pathologies such as
cardiovascular disease, hepatic disorders, renal
dysfunction, and pulmonary anomalies.

Table 1: Summary of Multi-Modal Imaging Dataset

Modality | Organ Coverage | Number of Resolution Notes
Patients

MRI Brain, Liver, 1,200 1 mm? isotropic Includes structural and
Kidney, Heart functional sequences

CT Lung, Liver, 1,000 0.5-1 mm slice Contrast-enhanced and non-

Pancreas thickness contrast scans

PET Brain, Heart, 800 2 mm? isotropic Standardized uptake value

Whole-body (SUV) measurements included

All imaging data were de-identified according to
HIPAA  guidelines and institutional ethical

standards. Patient consent and ethical approvals
were obtained where applicable. The diverse dataset
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ensured that the Al models could generalize across
multiple organs, imaging modalities, and disease
stages.

2. PREPROCESSING

Preprocessing is critical for standardizing
heterogeneous imaging data to optimize Al
performance. The following preprocessing steps
were applied:

¢ Normalization: Intensity normalization was
performed to scale pixel values across modalities,
ensuring uniformity for Al input.

e Resampling: Images were resampled to a
common voxel size to mitigate variations in
scanner resolution.

¢ Noise Reduction: Gaussian filtering and non-
local means denoising were applied to reduce
artifacts without affecting anatomical structures.

e Registration: Multi-modal images were aligned
using rigid and deformable registration
algorithms, facilitating accurate cross-modality
analysis.

e Segmentation Masks: Organ-specific masks were
manually annotated by expert radiologists for
training supervised models.

Table 2: Preprocessing Techniques Applied to Multi-Modal Imaging Data

Preprocessing Technique Purpose
Step
Intensity Min-Max scaling, Z-score Standardize pixel intensities
Normalization across patients
Resampling Linear and cubic interpolation Ensure uniform voxel size for Al

input

Noise Reduction

Gaussian filter, Non-local means

Remove scanner-induced noise

Registration Rigid + B-spline deformable registration Align multi-modal images
spatially
Segmentation Manual annotation + semi-automated Create ground truth masks for Al
refinement training
These preprocessing steps were automated in a e Transformer-Based Networks: Vision

Python-based pipeline using libraries such as
SimpleITK, NiBabel, and OpenCV, ensuring
reproducibility and efficiency.

3. AIMODEL DESIGN

The core of the pipeline is a deep learning
architecture optimized for multi-organ disease
detection. Two complementary approaches were
employed:

e Convolutional Neural Networks (CNNs): 3D
CNNs were used for spatial feature extraction
from volumetric imaging data. These models
capture organ-specific morphological changes
and pathological signatures.

Transformers (ViTs) were incorporated to model
long-range dependencies and relationships
between organs, enabling multi-organ correlation
analysis.

The pipeline utilized a dual-stream architecture: one
stream processed individual organ volumes through
CNN modules, while the other analyzed inter-organ
relationships using transformer blocks. Feature
embeddings from both streams were concatenated
and passed through fully connected layers for multi-
organ disease classification and detection.

Table 3: AI Model Architecture Overview

Component Type Input Output Purpose
Organ 3D CNN Organ-specific image Feature map Capture spatial and
Feature volume morphological
Extraction features
Inter-Organ Vision Concatenated organ | Attention-weighted | Model dependencies
Correlation | Transformer embeddings feature vector between organs
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Classification Fully Feature vector Multi-label disease | Detect organ-specific
Head Connected predictions and multi-organ
Layers abnormalities
Segmentation U-Net Organ volumes Segmentation Localize pathological
Head variant masks regions within organs

The model was implemented in PyTorch, leveraging
GPU acceleration for efficient training and inference.
Dropout and batch normalization were applied to
prevent overfitting and enhance generalizability.

4. MULTI-ORGAN INTEGRATION

Multi-organ disease detection requires combining
features across organs to understand systemic
disease patterns. The following strategies were
applied:

e Feature Concatenation: Individual organ
embeddings were concatenated to form a holistic
patient representation.

¢ Attention Mechanisms: Multi-head self-attention
allowed the model to weigh organ contributions
differently depending on disease relevance.

¢ Cross-Organ Regularization: A loss function
penalizes  inconsistent  predictions  across
anatomically or physiologically connected
organs, improving systemic detection accuracy.

This approach ensured that the Al system could not
only detect individual organ abnormalities but also
recognize  patterns  indicating  multi-organ
involvement.

5. TRAINING AND VALIDATION
The model was trained using a stratified 70:15:15
split for training, validation, and testing datasets.

Data augmentation techniques, including rotation,
scaling, flipping, and intensity jittering, were applied
to improve model robustness. A combination of
cross-entropy loss for classification and Dice loss for
segmentation was employed.

Optimization was performed using the AdamW
optimizer with a learning rate scheduler to
adaptively reduce the learning rate during plateau
phases. Early stopping was implemented based on
validation performance to prevent overfitting.
Training was conducted on a multi-GPU system,
requiring approximately 48 hours for full
convergence.

6. EVALUATION METRICS

The pipeline was evaluated using clinically
relevant metrics for both classification and
segmentation tasks:

o Classification Metrics: Accuracy, precision,
recall, Fl1-score, and area under the ROC curve
(AUC) for organ-specific and multi-organ
predictions.

¢ Segmentation Metrics: Dice similarity coefficient,
Intersection over Union (IoU), and volumetric
overlap error.

Additionally, model interpretability was assessed
using Grad-CAM and attention map visualization to
provide clinical insights into model decision-making.

Table 4: Evaluation Metrics for Multi-Organ Detection

Task Metric Purpose
Classification Accuracy, Precision, Recall, F1- Measure overall detection performance
score, AUC
Segmentation Dice coefficient, IoU, Evaluate the localization accuracy of
Volumetric Overlap pathological regions
Interpretability Grad-CAM, Attention Maps Visualize model reasoning for clinical
trust

7. SYSTEM DEPLOYMENT AND WORKFLOW

The Al-enhanced pipeline was integrated into a
prototype clinical workflow, enabling near real-time
processing of multi-modal scans. The workflow
included automated data ingestion, preprocessing,
model inference, and result visualization. Output
included organ-wise disease probability scores,

segmentation overlays, and summary reports for
clinician review.

The system was designed to be scalable and modular,
allowing integration with hospital PACS systems,
electronic health records (EHR), and cloud-based
computational infrastructure. Data security and
patient privacy were maintained through end-to-end
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encryption and compliance with regulatory imaging modalities such as functional MRI and
standards. elastography, and developing explainable Al

8. VALIDATION IN CLINICAL CONTEXT

To ensure clinical relevance, the pipeline was tested
on an independent dataset comprising 300 multi-
modal scans from multiple institutions. Performance
was compared against conventional radiological
assessment by expert clinicians. Metrics such as
diagnostic concordance, detection of early-stage
lesions, and inter-observer variability were analyzed
to quantify the benefit of Al integration.

Results indicated significant improvements in early
detection rates, particularly for subtle multi-organ
pathologies. The Al system reduced false-negative
rates, accelerated diagnostic workflows, and
provided actionable insights for treatment planning.

9. LIMITATIONS AND FUTURE DIRECTIONS

While the methodology demonstrates significant
advancements, certain limitations remain. Data
heterogeneity across institutions may affect
generalizability, and rare multi-organ pathologies
were underrepresented. Future research will focus
on expanding datasets, incorporating additional

frameworks to enhance clinician trust.

RESULTS AND DISCUSSION

The Al-enhanced biomedical imaging pipeline was
evaluated comprehensively for its ability to detect
multi-organ diseases at an early stage using multi-
modal imaging data. The results demonstrate the
system’s capacity to accurately identify organ-
specific ~ pathologies,  integrate = multi-organ
correlations, and enhance early diagnostic decision-
making. Performance metrics, comparative analyses,
and clinical interpretations are presented and
discussed in this section.

1. Classification Performance

The classification performance of the Al pipeline was
assessed using standard evaluation metrics,
including accuracy, precision, recall, F1-score, and
area under the ROC curve (AUC) for individual
organs and multi-organ detection. The results
indicate that the system achieved high performance
across all targeted organs, with particularly strong
performance in detecting early-stage abnormalities.

Table 1: Classification Performance Across Organs

Organ Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC
Brain 95.2 94.6 95.8 95.2 0.97
Heart 93.8 92.7 94.5 93.6 0.95
Liver 94.5 93.9 95.1 94.5 0.96

Kidney 92.9 91.5 93.7 92.6 0.94
Lung 94.0 93.2 94.7 93.9 0.95

Multi-Organ 92.5 91.8 92.9 92.3 0.94

The results demonstrate that individual organ
detection achieved accuracy levels above 92% in all
cases, with the brain and liver showing the highest
predictive performance. Multi-organ detection,
although slightly lower in absolute accuracy,
effectively captured inter-organ correlations,
highlighting the ability of the attention-based
transformer module to recognize systemic disease
patterns. The high AUC values indicate strong model
discrimination between diseased and healthy tissues,

reinforcing the utility of Al integration in early
detection workflows.

2. Segmentation Accuracy

Accurate segmentation of organ boundaries and
pathological regions is crucial for both quantitative
analysis and clinical interpretation. The pipeline’s
segmentation component, based on a modified 3D U-
Net architecture, provided precise delineation of
organ structures and lesion localization.

Table 2: Segmentation Performance Metrics

Organ Dice Coefficient | Intersection over Union (IoU) | Volumetric Overlap Error (%)
Brain 0.91 0.85 8.2
Heart 0.89 0.82 9.0
Liver 0.92 0.87 7.5
Kidney 0.88 0.81 9.5
Lung 0.90 0.84 8.5
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The Dice coefficients above 0.88 across all organs
indicate strong overlap between predicted and
ground truth segmentations, while low volumetric
overlap errors confirm the precision of spatial
localization. Segmentation maps enabled the
extraction of quantitative imaging biomarkers, such
as organ volume changes, lesion size, and texture
features, which were subsequently used in multi-
organ disease risk profiling.

3. Multi-Organ Correlation Analysis

One of the primary objectives of the study was to
capture systemic disease patterns through multi-
organ analysis. The attention-based transformer
module highlighted significant correlations between
pathologies in different organs, revealing clinically
relevant interactions. For example, patients with
early-stage chronic kidney disease exhibited subtle
cardiac remodeling detectable through MRI-derived
features, while hepatic steatosis correlated with early
metabolic and vascular changes in the heart and
liver.

These findings demonstrate that the Al pipeline not
only detects organ-specific abnormalities but also
identifies inter-organ pathological trends, which are
often missed in conventional single-organ
assessments. Such insights enable more holistic
patient evaluations and can inform personalized
monitoring and treatment strategies.

4. Comparative with Conventional

Methods

Analysis

The Al-enhanced pipeline was compared against
traditional radiological assessment to evaluate its
clinical advantage. Expert radiologists reviewed a
subset of the dataset (n = 300) without AI assistance.
The comparison revealed:

¢ Early Detection: The Al pipeline identified subtle
multi-organ abnormalities in 86% of cases that
were initially missed or deemed inconclusive by
radiologists.

o Efficiency: Average time per patient for multi-
organ evaluation decreased from 45 minutes
(manual) to 12 minutes (Al-assisted),
demonstrating a significant improvement in
workflow efficiency.

e Consistency: Al predictions exhibited minimal
inter-observer variability, ensuring
reproducibility across cases and reducing
potential diagnostic bias.

These results highlight the dual benefits of Al
integration: enhanced diagnostic accuracy and

streamlined clinical workflows. Importantly, Al
served as a decision support tool, complementing
radiologist expertise rather than replacing human
judgment.

5. INTERPRETABILITY
INSIGHT

To enhance clinical adoption, model interpretability

was assessed using Grad-CAM and attention map

visualization.

AND CLINICAL

Heatmaps indicated the regions most influential for
model predictions, providing transparent reasoning
for detected abnormalities. For example, early
ischemic changes in the myocardium and subtle
cortical lesions in the brain were consistently
highlighted, allowing radiologists to validate Al
findings.

The interpretability component is critical for trust in
clinical settings. By providing visual explanations,
the AI system facilitates collaborative decision-
making and empowers clinicians to leverage Al
insights confidently.

6. LIMITATIONS AND CONSIDERATIONS

Despite robust performance, certain limitations
were observed:

o Data Diversity: Although the dataset was multi-
institutional, rare multi-organ pathologies were
underrepresented, potentially limiting
generalizability.

¢ Modality Integration: While MRI, CT, and PET
were successfully combined, emerging modalities
like functional MRI and elastography were not
included, which could further enhance detection.

e Computational Requirements: The pipeline
requires substantial GPU resources for training
and inference, which may limit deployment in
resource-constrained settings.

Future iterations will focus on addressing these
limitations through larger, more diverse datasets,
integration of additional imaging modalities, and
optimization of computational efficiency.

7. CLINICAL RELEVANCE
IMPLICATIONS

The results of this study underscore the
transformative potential of Al-enhanced imaging
pipelines in early multi-organ disease detection. By
capturing both organ-specific and systemic
patterns, the system enables:

AND
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e Proactive Intervention: Early identification of
subtle abnormalities facilitates timely therapeutic
interventions before clinical symptoms manifest.

¢ Personalized Monitoring: Longitudinal tracking
of organ changes allows clinicians to tailor follow-
up schedules and treatment strategies.

¢ Resource Optimization: Reduced diagnostic time
and improved accuracy alleviate radiologist
workload and enhance hospital throughput.

Overall, the AI pipeline represents a shift from
traditional organ-centric imaging approaches to a
patient-centered, systemic diagnostic paradigm.

Table 3: Summary of Al Pipeline Advantages over Conventional Methods

Parameter Conventional Al-Enhanced Pipeline Improvement
Imaging
Early Detection Rate 64 % 86% +22%
Average Evaluation Time (per 45 min 12 min -73%
patient)
Inter-Observer Variability Moderate Low High consistency
Multi-Organ Analysis Limited Comprehensive Significant
advantage
Interpretability Manual review Grad-CAM + attention Transparent
required maps reasoning

The table highlights that Al integration provides
measurable improvements across multiple clinical

8. DISCUSSION OF FINDINGS

The Al-enhanced pipeline effectively bridges the gap
between advanced imaging technology and clinical
decision-making. The combination of CNNs and
transformer-based architectures allowed both
detailed spatial analysis and systemic pattern
recognition. Multi-modal integration improved the
detection of subtle lesions, while attention-based
mechanisms highlighted inter-organ correlations.
These capabilities collectively contribute to early and
accurate disease detection, which is critical for
chronic, progressive, and multi-system disorders.
The study also demonstrates that Al can serve as a
reliable adjunct to radiologist expertise. By
automating routine aspects of image interpretation
and providing quantitative insights, the pipeline
enables clinicians to focus on complex cases and
treatment planning. Importantly, interpretability
tools ensure transparency, addressing one of the
major barriers to clinical adoption of Al in healthcare.
In summary, the results validate the concept of Al-
enhanced multi-organ imaging pipelines as an
effective tool for early disease detection, clinical
workflow optimization, and precision medicine.
Continued development, including expansion to
additional modalities, larger datasets, and real-time
deployment, will further enhance clinical impact and
patient outcomes.

parameters, reinforcing its potential for adoption in
real-world healthcare settings.

CONCLUSION

This study presents the development and evaluation
of an Al-enhanced biomedical imaging pipeline for
early multi-organ disease detection, demonstrating
the transformative potential of artificial intelligence
in modern diagnostic medicine. By integrating multi-
modal imaging data, including MRI, CT, and PET
scans, with advanced deep learning architectures
such as convolutional neural networks and
transformer-based models, the pipeline successfully
addressed key limitations of conventional imaging
workflows. The system not only achieved high
accuracy in organ-specific detection but also
captured inter-organ correlations, enabling a
systemic perspective on disease progression that
traditional approaches often fail to provide. The
results highlight several critical contributions to both
the technical and clinical domains. First, the Al
pipeline  demonstrated robust classification
performance, with accuracy exceeding 92% across all
major organs and multi-organ predictions. The

segmentation module accurately delineated
anatomical structures and lesions, facilitating
quantitative biomarker extraction and precise
localization of pathological regions. These

capabilities provide clinicians with actionable
insights, particularly for early-stage diseases where
morphological changes are subtle and easily
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overlooked. Furthermore, the integration of attention
mechanisms and interpretability tools, such as Grad-
CAM visualization, ensures transparency in Al
decision-making, allowing radiologists to validate
findings and build confidence in adopting Al-
supported diagnostics.

Another significant outcome is the pipeline’s impact
on clinical efficiency and workflow optimization. By
automating complex image analysis and reducing
evaluation time by over 70%, the system enables
rapid assessment of multi-organ health, freeing
radiologists to focus on more complex interpretive
tasks. Additionally, the pipeline’s ability to integrate
longitudinal imaging data supports personalized
monitoring, enabling proactive interventions and
tailored treatment strategies that can ultimately
improve patient outcomes. Multi-organ correlation
analysis further enhances the understanding of
systemic disease progression, providing a more
comprehensive framework for patient management
and risk stratification. Despite these advances, the
study acknowledges certain limitations. The dataset,
while diverse, included underrepresented rare multi-
organ pathologies, and emerging imaging
modalities, such as functional MRI and elastography,
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