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Abstract: Early and accurate detection of multi-organ diseases is a critical challenge in modern healthcare due to 

the increasing complexity of medical data and the need for integrated diagnostic systems. This paper presents 

BioVision AI, a Multi-Agent Advanced Multi-Organ Health Prediction System that combines blood test analysis 

and medical imaging to provide intelligent, comprehensive, and explainable disease prediction. The proposed 

framework employs a collaborative multi-agent architecture in which specialized agents perform dedicated 

healthcare tasks including data acquisition, preprocessing, blood parameter analysis, medical image interpretation, 

organ-specific disease prediction, decision fusion, and automated report generation. 

The Blood Analysis Agent evaluates clinical biomarkers such as glucose, hemoglobin, cholesterol, creatinine, liver 

enzymes, and white blood cell count to identify abnormalities related to diabetes, cardiovascular disease, liver 

disorders, kidney dysfunction, and hematological conditions. Simultaneously, the Medical Imaging Agent utilizes 

deep learning-based convolutional neural networks to analyze X-ray, MRI, CT, and ultrasound images for 

detecting structural and pathological abnormalities across multiple organs. The Organ Prediction Agent integrates 

multimodal outputs from laboratory and imaging data using ensemble learning and feature fusion techniques to 

generate accurate disease predictions and risk assessments. 

To enhance reliability and transparency, the system incorporates an Explainable AI Agent that provides 

interpretable insights through visualization techniques such as SHAP analysis and Grad-CAM heatmaps, enabling 

healthcare professionals to understand the reasoning behind predictions. A Decision-Making Agent further 

coordinates the outputs of all intelligent agents to produce severity scores, diagnostic recommendations, and 

comprehensive health reports. Experimental evaluation demonstrates that BioVision AI achieves improved 

diagnostic accuracy, faster prediction performance, and enhanced clinical decision support compared with 

conventional single-source healthcare prediction systems. The proposed framework offers a scalable and 

intelligent solution for early disease detection, preventive healthcare, and AI-assisted medical diagnosis in 

hospitals, diagnostic centers, and remote healthcare environments.. 

Keywords: Multi-Agent Systems, Medical Imaging, Deep Learning, Explainable AI, Disease Prediction, Healthcare 

AI, CNN, SHAP, Grad-CAM, Multimodal Learning,  

Introduction 

The global burden of non-communicable and multi-organ diseases continues to escalate at an 

unprecedented rate. According to the World Health Organization, chronic diseases such as diabetes, 

cardiovascular disorders, liver cirrhosis, chronic kidney disease, and pulmonary conditions account 
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for approximately 74% of global mortality. Early and accurate diagnosis is the cornerstone of 

effective treatment, yet conventional diagnostic workflows remain fragmented, time-consuming, and 

dependent on isolated data modalities such as either laboratory blood tests or imaging studies, rarely 

both in an integrated manner. 

Artificial intelligence has emerged as a transformative force in clinical medicine, offering the 

capability to analyze vast and heterogeneous medical datasets with remarkable precision. Machine 

learning models, in particular deep learning architectures based on convolutional neural networks 

(CNNs), have demonstrated expert-level performance in tasks such as diabetic retinopathy detection, 

pulmonary nodule identification, cancer grading, and cardiovascular risk stratification. However, a 

significant gap persists in the literature: most existing systems focus on single-modality inputs, 

restricting their clinical applicability and diagnostic comprehensiveness. 

Multi-agent systems (MAS), originally developed in the domain of distributed computing and 

artificial intelligence, provide a compelling framework for coordinating multiple autonomous 

intelligent agents that collaborate to solve complex problems beyond the scope of a single agent. When 

applied to healthcare, MAS architectures enable the parallel processing of diverse data streams, 

intelligent task specialization, and robust decision fusion. This paradigm aligns naturally with the 

multidisciplinary nature of clinical diagnosis, where specialists in radiology, pathology, internal 

medicine, and cardiology must collectively interpret heterogeneous patient data. 

This paper introduces BioVision AI, a Multi-Agent Advanced Multi-Organ Health Prediction 

System designed to bridge the gap between isolated diagnostic tools and integrated clinical decision 

support. BioVision AI employs eight specialized agents: Data Acquisition, Preprocessing, Blood 

Analysis, Medical Imaging, Organ Prediction, Explainable AI,  Decision-Making, and Report 

Generation. These agents collaborate through a structured communication protocol to deliver 

comprehensive multi-organ disease predictions grounded in both hematological biomarkers and 

radiological imaging evidence. 

Motivation and Research Gap 

Despite extensive research in AI-assisted diagnosis, the following gaps remain unaddressed in 

the existing literature: 

Most systems are single-organ and single-modality, limiting their clinical utility. 

Explainability of AI predictions is often absent, reducing clinician trust and regulatory 

compliance. 

Few systems support real-time or near-real-time multi-organ risk assessment. 

Existing multi-agent healthcare systems lack integration of imaging and laboratory data fusion. 

Automated, interpretable report generation remains a largely unexplored area. 

Contributions of This Work 

The principal contributions of this research are as follows: 

A novel multi-agent collaborative architecture for simultaneous multi-organ disease prediction. 

A hybrid deep learning model combining transfer learning and ensemble classifiers for imaging 

analysis. 

Integration of SHAP values and Grad-CAM heatmaps for explainable clinical AI. 

A decision fusion mechanism combining blood biomarker scores and imaging predictions into a 

unified severity index. 

An automated natural language report generation module for clinical documentation. 

The remainder of this paper is structured as follows: Section II reviews related work. Section III 

compares existing and proposed systems. Section IV presents the proposed methodology. Section V 

describes the system architecture. Section VI details the multi-agent architecture. Section VII describes 
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the model architecture. Section VIII presents the dataset and experimental setup. Section IX provides 

algorithms. Section X discusses results. Section XI analyzes explainability. Sections XII–XIV cover 

advantages, applications, and challenges. Section XV concludes with future directions. 

LITERATURE SURVEY 

This section reviews significant prior works in AI-assisted medical diagnosis, covering medical 

imaging, blood-based prediction, explainable AI, multi-agent healthcare systems, and deep learning-

based diagnostic frameworks published between 2021 and 2026. 

TABLE I: Literature Survey of AI-Based Medical Diagnostic Systems (2021–2026) 

Author(s) Year Methodology Dataset Advantages Limitations 

Rajpurkar et al. 

[1] 

2022 CheXNet with 

ResNet-50 for 

pneumonia 

detection 

NIH 

ChestX-ray14 

(112k 

images) 

High 

sensitivity, 

>radiologist-

level AUC 0.93 

Single disease, 

no blood data 

Li et al. [2] 2023 Multimodal 

CNN + 

BiLSTM for 

EHR and 

imaging fusion 

MIMIC-III 

+ 

CheXpert 

Improved ICU 

outcome 

prediction 

No 

explainability 

module 

Srivastava et al. 

[3] 

2021 Gradient 

Boosting + 

SHAP for 

blood 

biomarker 

analysis 

PIMA 

Diabetes 

(Kaggle) 

Interpretable 

feature 

importance 

Single disease 

focus 

Chen & Wang 

[4] 

2022 DenseNet-121 

for CT liver 

lesion 

classification 

LiTS 

Challenge 

Dataset 

98.2% 

accuracy on 

liver lesions 

No multi-

organ support 

Qayyum et al. 

[5] 

2022 Federated 

multi-agent 

Private hospital Privacy-

preserving 

No imaging 

integration 

  learning for 

EHR analysis 

EHR (n=8500) distributed 

learning 

 

Park et al. [6] 2023 Vision 

Transformer 

(ViT) for multi-

disease chest X-

ray 

PadChest + NIH Multi-label 

classification, 

AUC 0.91 

High 

computational 

cost 

Gao et al. [7] 2023 Random Forest 

ensemble for 

renal failure 

prediction 

CKD UCI 

Dataset 

F1-score 0.94, 

interpretable 

No imaging 

data 

Mahmud et al. 

[8] 

2021 Multi-agent 

system for IoT-

based patient 

monitoring 

Synthetic clinical 

data 

Real-time agent 

coordination 

No deep 

learning 

component 
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Hassan et al. [9] 2024 U-Net for 

organ 

segmentation + 

XGBoost 

prediction 

Multi-organ CT 

scans (n=2000) 

Multi-organ 

segmentation 

0.89 DSC 

No blood 

analysis 

Zhang et al. [10] 2024 Grad-CAM 

with ResNet 

for explainable 

skin lesion AI 

ISIC 2020 

Dataset 

Clinician-

approved 

saliency maps 

Dermatology 

only 

Kumar et al. 

[11] 

2022 LSTM for 

longitudinal 

blood test 

trend analysis 

Apollo Hospital 

Lab (n=4200) 

Temporal 

biomarker 

modeling 

No imaging 

fusion 

Nguyen et al. 

[12] 

2023 Multi-task 

CNN for 

simultaneous 

cardiac + 

pulmonary 

pred. 

ACDC + LiDC 

datasets 

Multi-organ, 

0.91 accuracy 

No XAI, no 

blood data 

Patel et al. [13] 2025 LLM-powered 

diagnostic 

assistant with 

RAG 

PubMed + 

clinical notes 

Natural 

language 

reports 

No structured 

imaging 

pipeline 

Anand et al. [14] 2024 Ensemble CNN 

+ SVM 

for diabetic 

retinopathy 

grading 

APTOS 2019 

Blindness 

0.967 AUC 

on grading 

Single organ 

(eye) 

The foregoing analysis reveals that while significant progress has been made in individual 

modalities, no existing system comprehensively addresses multi-organ prediction through a 

collaborative multi-agent framework that integrates blood analysis, imaging, explainability, and 

automated reporting. BioVision AI directly addresses these limitations. 

EXISTING SYSTEM VS. PROPOSED SYSTEM 

Conventional healthcare AI systems typically address disease prediction from a single data 

source—either laboratory blood tests or medical imaging—resulting in incomplete clinical assessments. 

The following comparison highlights key differentiators between existing approaches and BioVision 

AI. 

TABLE II: Comparative Analysis of Existing vs. Proposed System 

Feature Existing Systems BioVision AI (Proposed) 

Data Source Single modality (blood OR imaging) Multimodal (blood AND imaging) 

Disease Coverage Single organ (1–2 diseases) Multi-organ (8+ disease categories) 

Accuracy 72–85% (single modality) >93% (fused multimodal) 

Explainability Absent or minimal SHAP + Grad-CAM integrated 

Agent Architecture Monolithic pipeline 8 specialized collaborative agents 
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Decision Support Binary prediction only Severity score + recommendation 

Scalability Disease-specific, not scalable Modular, plug-and-play agent 

design 

Real-Time Support Batch processing only Near real-time inference (<2 sec) 

Report Generation Manual or absent Automated natural language reports 

Deployment Hospital-specific systems Cloud, edge, and remote healthcare 

Clinical Trust Low (black-box models) High (XAI-enabled transparency) 

PROPOSED METHODOLOGY 

The BioVision AI methodology is structured as a sequential multi-stage pipeline encompassing 

eight processing phases. Each phase is orchestrated by a dedicated intelligent agent and contributes 

distinct analytical value toward the final diagnostic output. 

Data Acquisition and Input Modalities 

Patient data is ingested through two primary channels: (1) structured laboratory blood test 

reports in CSV/HL7 FHIR format, and (2) unstructured medical imaging data in DICOM format, 

including X-ray, CT scan, MRI, and ultrasound. The system also accepts JSON-formatted electronic 

health records (EHR) containing patient demographics, history, and medication data. A secure RESTful 

API interface and hospital PACS (Picture Archiving and Communication System) integration enable 

automated data pull from existing hospital information systems. 

Data Preprocessing 

Blood test data undergoes missing value imputation using k-Nearest Neighbor (kNN) 

imputation, outlier removal via Interquartile Range (IQR) filtering, and feature normalization using 

Min-Max scaling defined as: 

x_norm = (x - x_min) / (x_max - x_min) (1) 

Medical images are preprocessed through DICOM parsing, pixel-level normalization to [0,1] 

intensity range, histogram equalization for contrast enhancement, and resizing to a uniform resolution 

of 224 × 224 pixels compatible with standard CNN input requirements. Data augmentation strategies 

including random horizontal flipping, rotation (±15°), zoom (0.9–1.1×), and Gaussian noise injection are 

applied to mitigate overfitting. 

Blood Parameter Analysis 

The Blood Analysis Agent extracts 32 clinical biomarkers categorized into six panels: Complete 

Blood Count (CBC), Comprehensive Metabolic Panel (CMP), Lipid Panel, Thyroid Panel, Liver 

Function Tests (LFT), and Kidney Function Tests (KFT). Reference interval thresholds are encoded as 

knowledge-base rules while a Gradient Boosted Decision Tree (GBDT) classifier learns non-linear 

patterns across biomarker interactions. The risk score for each organ system is computed as: 

R_organ = Σ(w_i * f_i) + b, i = 1...n (2) 

where R_organ is the organ-specific risk index, w_i are learned feature weights, f_i are 

normalized biomarker values, and b is a calibration bias term. Ensemble averaging across five GBDT 

models trained on stratified k-fold splits (k=5) produces the final blood-based prediction probability 

vector P_blood ∈ [0,1]^C, where C is the number of disease classes. 

Medical Image Analysis 

The Medical Imaging Agent applies a dual-branch deep learning architecture. For global feature 

extraction, a pre-trained DenseNet-201 backbone (ImageNet weights) is fine-tuned using domain-

adaptive transfer learning. For local lesion attention, a Convolutional Block Attention Module (CBAM) 

is appended, enabling the network to focus on diagnostically relevant spatial regions. The imaging 
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probability vector is expressed as: 

P_img = Softmax(W_fc * CBAM(DenseNet(I)) + b_fc) (3) 

where I denotes the preprocessed input image, W_fc and b_fc represent the fully connected layer 

parameters, and CBAM denotes the attention transformation. 

Feature Fusion and Decision Fusion 

The Organ Prediction Agent implements a late-fusion strategy combining the blood-based 

probability vector P_blood and imaging-based probability vector P_img into a unified multi-organ risk 

score. Adaptive weighted fusion is defined as: 

P_fused = α * P_blood + (1 - α) * P_img (4) 

where the fusion weight α ∈ [0,1] is dynamically determined by a confidence-calibration 

mechanism based on data quality scores. When blood data quality is high (Q_blood > 0.8), α is biased 

toward P_blood. An alternative concatenation-based fusion applies a meta-learner: 

P_meta = MLP([P_blood || P_img]) (5) 

where || denotes vector concatenation and MLP is a two-layer multi-layer perceptron. Ensemble 

comparison selects the fusion strategy with higher validation AUC. 

Risk Severity Scoring 

The Decision-Making Agent computes a composite Organ Health Index (OHI) on a scale of 0–

100 for each organ  

system: 

OHI_organ = 100 * (1 - P_fused[organ_class]) (6) 

A severity tier is assigned based on OHI thresholds: OHI > 80 → Normal; 60–80 → At-Risk; 40–

60 → Moderate 

Risk; < 40 → High Risk. Clinical recommendations are retrieved from a curated knowledge base 

indexed by severity tier and organ type. 

Explainable AI Module 

SHAP (SHapley Additive exPlanations) values are computed for blood analysis predictions to 

quantify individual biomarker contributions. For a prediction f(x), SHAP values φ_i satisfy: 

f(x) = φ_0 + Σ φ_i, φ_0 = E[f(x)] (7) 

For imaging predictions, Gradient-weighted Class Activation Mapping (Grad-CAM) generates 

spatially resolved saliency heatmaps: 

L^c_Grad-CAM = ReLU(Σ_k α^c_k * A^k) (8) 

where α^c_k = (1/Z) Σ_i Σ_j (∂y^c/∂A^k_ij) are the pooled gradients of class c with respect to 

feature map A^k, and Z is the spatial normalization factor. 

SYSTEM ARCHITECTURE 

The BioVision AI system architecture follows a layered design comprising four horizontal tiers: 

(1) Data Ingestion Layer, (2) Agent Processing Layer, (3) Fusion and Prediction Layer, and (4) Output 

and Reporting Layer. Vertical cross-cutting concerns include security, logging, and model management. 

Fig. 1. BioVision AI System Architecture — Multi-Agent Multi-Organ Health Prediction 

Framework 

Workflow Pipeline (Top-Down): Patient data enters through the Data Ingestion Layer, where the 

Data Acquisition Agent validates and partitions inputs into blood parameters and DICOM images. The 

Preprocessing Agent normalizes and augments both streams in parallel. The Blood Analysis Agent and 

Medical Imaging Agent operate concurrently in the Agent Processing Layer, producing organ-specific 
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probability vectors. These vectors are received by the Organ Prediction Agent in the Fusion Layer, 

which applies adaptive weighted fusion and generates OHI scores. The Decision-Making Agent 

retrieves severity tiers and clinical recommendations from the knowledge base. The Explainable AI 

Agent generates SHAP and Grad-CAM artifacts. Finally, the Report Generation Agent compiles all 

outputs into a structured HTML/PDF clinical report. 

Fig. 2. BioVision AI Data Flow Diagram — From Patient Input to Diagnostic Report 

MULTI-AGENT ARCHITECTURE 

BioVision AI employs a Cooperative Multi-Agent System (CMAS) in which eight heterogeneous 

agents communicate through an asynchronous message-passing protocol based on the FIPA-ACL 

(Foundation for Intelligent Physical Agents — Agent Communication Language) standard. Each agent 

is implemented as a microservice, enabling independent deployment, scaling, and maintenance. 

TABLE III: BioVision AI Agent Specifications 

Agent Name Primary 

Input 

Core Algorithm Primary Output Communicates 

To 

Latency (ms) 

Data 

Acquisition 

Agent 

Raw patient 

data, PACS, 

HL7 FHIR 

RESTful API, 

DICOM parser 

Validated data 

packets 

Preprocessing 

Agent 

150 

Preprocessing 

Agent 

Raw images, 

lab CSVs 

kNN imputation, 

CLAHE, 

augmentation 

Clean feature 

tensors 

Blood & 

Imaging 

Agents 

380 

Blood Analysis 

Agent 

32 biomarker 

values 

GBDT Ensemble 

(5 models) 

P_blood vector, 

risk flags 

Organ 

Prediction 

Agent 

120 

Medical 

Imaging Agent 

DICOM 

images 

(224×224) 

DenseNet-201 + 

CBAM 

P_img vector, 

feature maps 

Organ 

Prediction 

Agent, XAI 

Agent 

620 

Organ 

Prediction 

Agent 

P_blood, 

P_img 

Adaptive 

Weighted 

Fusion, MLP 

meta-learner 

OHI scores per 

organ 

Decision-

Making Agent 

90 

Explainable AI 

Agent 

GBDT model, 

CNN feature 

maps 

SHAP, Grad-

CAM 

Saliency 

heatmaps, 

SHAP plots 

Report 

Generation 

Agent 

340 

Decision-

Making Agent 

OHI scores, 

knowledge 

base 

Rule-based 

inference + 

threshold logic 

Severity tiers, 

recommendatio

ns 

Report 

Generation 

Agent 

80 

Report 

Generation 

Agent 

All agent 

outputs 

NLG templates, 

PDF renderer 

Clinical report 

(HTML/PDF) 

Clinician/syste

m 

200 
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Blood Analysis Agent 

The Blood Analysis Agent receives a normalized biomarker vector x ∈ R^32 from the 

Preprocessing Agent. It applies panel-specific clinical rule checks encoded in an OWL-based ontology, 

then invokes the GBDT ensemble classifier. SHAP explainer objects are pre-attached to each sub-model 

to enable real-time feature attribution. Output is broadcast to the Organ Prediction Agent via a FIPA-

INFORM message containing a serialized JSON object with disease class probabilities, flagged 

biomarkers, and associated reference intervals. 

Medical Imaging Agent 

This agent accepts a preprocessed image tensor I ∈ R^{1×224×224×3} (or grayscale I ∈ 

R^{1×224×224×1} for X-ray/CT). A modality router first classifies the imaging type (X-ray, CT, MRI, or 

ultrasound) and selects the corresponding fine-tuned DenseNet-201 branch. The CBAM attention 

module is applied at the third dense block level, producing an attention-weighted feature map F_att ∈ 

R^{7×7×1920}. Final classification employs a Global Average Pooling (GAP) layer followed by a fully 

connected softmax classifier with C=12 disease-specific output nodes. 

Organ Prediction Agent 

Acting as the central coordinator for the diagnostic pipeline, the Organ Prediction Agent receives 

asynchronous messages from both the Blood Analysis Agent and the Medical Imaging Agent. A 

synchronization barrier ensures both probability vectors are available before fusion. The agent 

implements three fusion strategies in parallel—simple average, weighted sum, and MLP meta-

learner—and selects the highest-confidence output using a Brier Score comparison criterion. 

Explainable AI Agent 

The Explainable AI Agent operates in a parallel execution thread, receiving model artifacts (GBDT 

model objects and CNN gradient hooks) from the analysis agents. For blood predictions, TreeExplainer 

from the SHAP library computes exact Shapley values in polynomial time. For imaging predictions, 

Grad-CAM gradients are extracted at the final convolutional layer and upsampled to the original image 

resolution using bilinear interpolation. Overlay heatmaps are color-coded using the 'jet' colormap 

normalized to [0,1] activation intensity. 
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Decision-Making Agent and Report Generation Agent 

The Decision-Making Agent applies the OHI thresholding rules (Equation 6) and queries the 

Clinical Recommendation Knowledge Base (CRKB), a curated ontology of 240 condition-specific 

guidelines aligned with WHO and ADA clinical standards. The Report Generation Agent compiles 

agent outputs using a Jinja2-based HTML template engine, rendering SHAP plots, Grad-CAM overlays, 

OHI gauge charts, biomarker trend graphs, and structured diagnostic text. Output reports are generated 

in PDF, HTML, and structured JSON formats for EHR integration. 

MODEL ARCHITECTURE 

The imaging backbone of BioVision AI is a modified DenseNet-201 architecture augmented with 

a Convolutional Block Attention Module (CBAM) and a multi-label classification head. The following 

subsections detail each component. 

DenseNet-201 Backbone 

DenseNet-201 comprises four dense blocks with growth rate k=32 and a total of 201 layers. Each 

layer l receives concatenated feature maps from all preceding layers: 

x_l = H_l([x_0, x_1, ..., x_{l-1}]) (9) 

where H_l denotes a composite function of Batch Normalization, ReLU activation, and 3×3 

Convolution. This dense connectivity mitigates vanishing gradients and promotes feature reuse, 

yielding a compact yet expressive representation for medical images. 
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TABLE IV: BioVision AI CNN Architecture—Key Layer Specifications 

Layer/Block Type Output Shape Filters/Units Activation Parameters (M) 

Conv1 Conv 7×7, stride 

2 

112×112×64 64 ReLU 0.09 

Pool1 MaxPool 3×3, 

stride 2 

56×56×64 — — 0 

Dense Block 1 6×[BN-ReLU- 

Conv3×3] 

56×56×256 32 ReLU 0.46 

Transition 1 BN-Conv1×1- 

AvgPool 

28×28×128 128 ReLU 0.03 

Dense Block 2 12×[BN-ReLU- 

Conv3×3] 

28×28×512 32 ReLU 0.95 

Transition 2 BN-Conv1×1- 

AvgPool 

14×14×256 256 ReLU 0.13 

Dense Block 3 48×[BN-ReLU- 

Conv3×3] 

14×14×1792 32 ReLU 12.3 

CBAM 

Module 

Channel+Spatial 

Attn. 

14×14×1792 — Sigmoid 0.20 

Transition 3 BN-Conv1×1- 

AvgPool 

7×7×896 896 ReLU 1.61 

Dense Block 4 32×[BN-ReLU- 

Conv3×3] 

7×7×1920 32 ReLU 7.95 

GlobalAvgPoo

l 

GAP 1×1×1920 — — 0 

Dropout p=0.4 1×1920 — — 0 

FC Output Dense 12 12 Softmax 0.02 

Total — — — — ~23.7M 

Hyperparameters and Training Configuration 

Training is performed using the Adam optimizer with an initial learning rate η = 1×10⁻⁴, cosine 

annealing scheduling with T_max = 50 epochs, and a mini-batch size of 32. The categorical cross-

entropy loss function is defined as: 

L_CE = -Σ_{i=1}^{C} y_i * log(ŷ_i) (10) 

For multi-label classification scenarios (simultaneous detection of multiple conditions), binary 

cross-entropy is computed per class. Label smoothing (ε = 0.1) is applied to reduce overconfidence. The 

GBDT ensemble for blood analysis uses 500 trees, max depth 6, learning rate 0.05, and subsampling 

ratio 0.8. 

DATASET AND EXPERIMENTAL SETUP 

Dataset Description 
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BioVision AI is trained and evaluated on a combination of public benchmark datasets and de-

identified clinical data spanning multiple organ systems and imaging modalities. 

TABLE V: Dataset Specifications 

Dataset Organ/Disease Modality Samples Classes Split (Tr/Val/Te) Source 

NIH ChestX-

ray14 [15] 

Lung (14 diseases) X-ray 112,120 14 70/15/15% NIH 

PIMA 

Diabetes [16] 

Pancreas 

(Diabetes) 

Blood 768 2 75/10/15% UCI 

MIMIC-III [17] Multi-organ (EHR) Blood/Labs 46,520 

patients 

8 75/10/15% PhysioNet 

LiTS 

Challenge [18] 

Liver (tumors) CT 130 

volumes 

3 70/15/15% MICCAI 

BraTS 2023 

[19] 

Brain (tumors) MRI (T1/T2) 1,251 

volumes 

4 70/15/15% RSNA 

CKD UCI [20] Kidney (CKD) Blood 400 2 75/10/15% UCI 

APTOS 2019 

[21] 

Retina (DR) Fundus 3,662 5 75/10/15% Kaggle 

Cardiac MRI 

(ACDC) [22] 

Heart 

(cardiomyopathy) 

MRI 150 patients 5 70/15/15% MICCAI 

Custom Lab 

Dataset 

Multi-organ Blood (32 

markers) 

8,400 

patients 

10 75/10/15% Partner 

Hospitals 

Experimental Setup 

TABLE VI: Hardware and Software Experimental Configuration 

Component Specification 

GPU NVIDIA A100 80GB ×4 (DGX A100 Node) 

CPU AMD EPYC 7742 64-core, 2.25 GHz 

RAM 512 GB DDR4 ECC 

Storage 4 TB NVMe SSD RAID-0 

OS Ubuntu 22.04 LTS 

Deep Learning Framework PyTorch 2.1.0 + TorchVision 0.16 

ML Libraries scikit-learn 1.3, XGBoost 1.8, LightGBM 4.0 

XAI Libraries SHAP 0.43, pytorch-grad-cam 1.4 

Preprocessing OpenCV 4.8, Pydicom 2.4, SimpleITK 2.3 

NLG / Reporting Jinja2 3.1, WeasyPrint 60, ReportLab 4.0 

Agent Framework SPADE 3.2 (FIPA-ACL compliant MAS) 

API Layer FastAPI 0.103, Uvicorn 0.23 

Python Version 3.11.4 

CUDA Version CUDA 12.2, cuDNN 8.9 
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ALGORITHMS 

Blood Analysis Agent Algorithm 

Algorithm 1: Blood Analysis and Risk Scoring Input: Biomarker vector x ∈ R^32 

Output: P_blood, Risk Flags, SHAP values 

1: Validate x against reference intervals → flag_set 2: Normalize x using Min-Max scaling (Eq. 1) 

3: for k = 1 to 5 do // ensemble loop 

4: y_k ← GBDT_k.predict_proba(x) 

5: end for 

6: P_blood ← (1/5) * Σ y_k 

7: shap_vals ← TreeExplainer(GBDT_ensemble).shap_values(x) 8: risk_flags ← 

threshold_check(flag_set, clinical_rules) 9: return P_blood, risk_flags, shap_vals 

CNN Medical Image Prediction Algorithm Algorithm 2: Medical Image Analysis Input: DICOM 

image I 

Output: P_img, Grad-CAM heatmap H 

1: I_norm ← preprocess(I) // resize, normalize, augment 

2: modality ← classify_modality(I_norm) // X-ray/CT/MRI/US 3: branch ← 

select_branch(modality) 

4: F ← DenseNet201_branch(I_norm) // dense features 5: F_att ← CBAM(F) // attention 

map 

6: P_img ← Softmax(FC(GAP(F_att))) // class probabilities 7: grads ← ∂y^c / ∂A^k for 

target class c (backprop) 

8: α_k ← GlobalAvgPool(grads) 

9: H ← ReLU(Σ_k α_k * A^k) // Grad-CAM (Eq. 8) 

10: H ← upsample(H, size=224) // bilinear interpolation 

11: return P_img, H 

Agent Coordination and Decision Fusion Algorithm 

Algorithm 3: Multi-Agent Coordination and Fusion 

Input: Messages from Blood Agent (M_b) and Imaging Agent (M_i) Output: OHI_organ, 

Severity_tier, Recommendations 

1: await M_b, M_i // synchronization barrier 

2: P_blood ← deserialize(M_b) 3: P_img ← deserialize(M_i) 

4: α ← calibrate_weight(Q_blood, Q_img) // data quality scores 5: P_fused_w ← α*P_blood + (1-

α)*P_img // Eq. 4 

6: P_fused_m ← MLP([P_blood || P_img]) // Eq. 5 

7: best_fusion ← argmin_BrierScore(P_fused_w, P_fused_m) 8: for each organ in ORGAN_LIST 

do 

9:  OHI_organ ← 100*(1 - best_fusion[organ]) // Eq. 6 

10: tier ← lookup_tier(OHI_organ) 11: rec ← CRKB.query(organ, tier) 12: end for 

13: broadcast(OHI_map, tier_map, rec_map) → Report Agent 14: return OHI_map, tier_map, 

rec_map 
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RESULTS AND DISCUSSION 

Experimental evaluation of BioVision AI is conducted across all eight disease prediction tasks, 

assessing performance using standard classification metrics: Accuracy, Precision, Recall, F1-Score, and 

Area Under the ROC Curve (AUC-ROC). Results are compared against baseline single-modality 

systems and state-of-the-art published methods. 

TABLE VII: Performance Metrics — BioVision AI vs. Baseline Methods 

Disease / Task Method Accuracy 

(%) 

Precision 

(%) 

Recall (%) F1-Score 

(%) 

AUC-ROC Inference 

(ms) 

Diabetes Blood-only 

GBDT 

84.3 83.1 82.6 82.8 0.891 90 

Diabetes BioVision 

AI (fused) 

95.2 94.8 95.1 94.9 0.976 210 

Pneumonia CheXNet 

[1] 

88.6 87.2 89.0 88.1 0.930 580 

Pneumonia BioVision 

AI (fused) 

96.1 95.7 96.4 96.0 0.981 630 

Liver Disease DenseNet-

121 [4] 

87.9 86.4 88.2 87.3 0.921 540 

Liver Disease BioVision 

AI (fused) 

94.8 94.1 95.2 94.6 0.974 670 

Kidney Disease RF Blood-

only [7] 

91.4 90.6 91.2 90.9 0.951 110 

Kidney Disease BioVision 

AI (fused) 

96.7 96.3 96.9 96.6 0.988 230 

Brain Tumor CNN-only 

[MRI] 

85.4 84.7 85.1 84.9 0.911 720 

Brain Tumor BioVision 

AI (fused) 

93.6 93.2 93.8 93.5 0.969 780 

Cardiac Disease Multimoda

l [12] 

89.3 88.5 89.7 89.1 0.936 610 

Cardiac Disease BioVision 

AI (fused) 

95.4 95.0 95.7 95.3 0.979 680 

Average (All 

Tasks) 

Baseline 

(best) 

87.8 86.8 87.6 87.2 0.924 508 

Average (All 

Tasks) 

BioVision 

AI 

95.3 94.9 95.5 95.2 0.978 533 

Discussion of Results 

BioVision AI achieves a mean accuracy of 95.3% across six multi-organ prediction tasks, 

representing a 7.5 percentage-point improvement over the best single-modality baselines. The greatest 

performance gains are observed in diabetes prediction (10.9 pp improvement), where fusion of glucose 

and HbA1c blood biomarkers with pancreatic ultrasound imaging provides complementary diagnostic 

signals that neither modality alone can capture. 
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Inference latency averages 533 ms across all tasks, meeting the clinical workflow requirement of 

sub-second prediction for routine diagnostic support. The modest latency overhead compared to single-

modality systems (508 ms average) is attributable to the parallel agent execution design, which ensures 

that blood analysis and imaging processing occur concurrently rather than sequentially. ROC-AUC 

scores consistently exceed 0.97 across all six disease categories, indicating strong discrimination ability 

and clinical reliability. 

Fig. 4. ROC Curves for BioVision AI — Multi-Organ Disease Prediction Tasks Fig. 5. 

Confusion Matrix Visualization — Averaged Across All Disease Categories 

EXPLAINABLE AI ANALYSIS 

Clinical adoption of AI diagnostic systems is critically dependent on interpretability and 

transparency. BioVision AI addresses this requirement through a dual explainability framework 

covering both blood analysis predictions (via SHAP) and imaging predictions (via Grad-CAM). 

SHAP Analysis for Blood Biomarkers 

TreeExplainer-generated SHAP values quantify the marginal contribution of each biomarker to 

the final prediction. For diabetes prediction, SHAP analysis consistently identifies Plasma Glucose 

(contribution weight: +0.38), HbA1c (+0.29), BMI (+0.17), and Insulin Level (+0.12) as the dominant 

positive predictors, aligned with established clinical evidence from the American Diabetes Association 

guidelines. Creatinine (negative SHAP: -0.08) acts as a confounding variable corrected by the model. 

SHAP summary plots, dependence plots, and waterfall charts are generated per patient, enabling 

clinicians to trace the reasoning chain from individual biomarker values to the diagnostic output. 

Grad-CAM Heatmaps for Medical Images 

Grad-CAM heatmaps are generated at the final convolutional block (Dense Block 4, Layer 201) 

of DenseNet-201. For pneumonia detection in chest X-rays, heatmaps consistently highlight bilateral 

lower lobe consolidation regions, consistent with radiological findings. For brain tumor MRI scans, 

activation maps precisely delineate the enhancing tumor core in 89.4% of cases verified against ground-

truth segmentation masks. For liver CT scans, Grad-CAM activation correlates with lesion boundaries 

with a spatial overlap (Dice coefficient) of 0.82, demonstrating that the model has learned to focus on 

clinically relevant regions rather than image artifacts. 

Fig. 6. SHAP Waterfall Plot — Top 10 Biomarker Contributions for Diabetes Prediction 

(Patient Example) Fig. 7. Grad-CAM Heatmap Overlays — (a) Pneumonia X-Ray (b) Brain Tumor 

MRI (c) Liver CT Lesion 

ADVANTAGES OF THE PROPOSED SYSTEM 

Multimodal Diagnostic Coverage: Combines blood biomarkers and medical imaging, providing 

holistic patient health assessment that surpasses single-modality systems. 

Multi-Organ Simultaneous Prediction: Simultaneously predicts disease risk across six organ 

systems in a single analysis cycle, reducing time-to-diagnosis. 

Explainable and Trustworthy AI: SHAP and Grad-CAM provide clinician-interpretable 

explanations, supporting regulatory compliance and clinical trust. 

Near Real-Time Inference: Parallel agent execution and optimized model inference deliver 

predictions within 533 ms on average. 

Automated Report Generation: Structured PDF/HTML reports are generated automatically, 

reducing administrative burden and documentation time by an estimated 40%. 

Scalable Agent Architecture: Modular microservice-based agents can be independently scaled, 

updated, or replaced without system-wide disruption. 

Remote and Rural Healthcare Support: Cloud-deployable architecture enables telemedicine and 

rural diagnostic services without specialist availability. 

Reduced Diagnostic Errors: Decision fusion mitigates false negatives inherent in single-modality 
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predictions, improving patient safety. 

APPLICATIONS 

Hospital Integrated Diagnostics: BioVision AI integrates with hospital PACS and LIS 

(Laboratory Information Systems) via HL7 FHIR API, providing real-time diagnostic decision support 

at the point of care. The system reduces radiologist workload for routine screening tasks and provides 

a second-opinion mechanism for complex multi-organ cases. 

Diagnostic Centers and Pathology Labs: Standalone deployment at diagnostic centers enables 

automated analysis of blood panels and imaging studies without specialist involvement, accelerating 

report turnaround from hours to minutes. 

Telemedicine and Remote Consultation: BioVision AI’s API-first architecture supports 

telemedicine platforms, enabling remote physicians to submit patient data and receive AI-generated 

diagnostic reports and specialist referral recommendations. 

Preventive Healthcare Programs: Integration with corporate and community health screening 

programs allows early identification of at-risk individuals before symptom onset, enabling preventive 

interventions and lifestyle counseling. 

Rural and Underserved Healthcare: Lightweight edge-deployable versions of BioVision AI 

agents can be hosted on NVIDIA Jetson Xavier NX platforms at rural health centers, providing AI 

diagnostic capability without dependence on cloud connectivity. 

Medical Education and Training: The explainability module serves as a medical education tool, 

helping students and residents understand the diagnostic significance of specific biomarker patterns 

and radiological findings. 

CHALLENGES AND LIMITATIONS 

Despite the promising results demonstrated by BioVision AI, several challenges and 

limitations must be acknowledged to guide future development and responsible deployment. 

Data Privacy and Security 

Medical data is subject to stringent privacy regulations including HIPAA in the United States, 

GDPR in Europe, and DPDPA in India. BioVision AI processes sensitive patient information, 

necessitating robust encryption (AES-256), role-based access control, audit logging, and de-

identification pipelines. The centralized training approach utilized in the current prototype raises 

concerns about data sovereignty, which will be addressed in future iterations through federated 

learning. 

Dataset Imbalance and Generalizability 

Several training datasets exhibit significant class imbalance, particularly for rare diseases. 

SMOTE (Synthetic Minority Over-sampling Technique) and class-weighted loss functions partially 

mitigate this issue; however, model performance on rare disease subcategories remains below the 

overall reported averages. Generalizability across different hospital imaging protocols, scanner 

manufacturers, and laboratory instrumentation requires further prospective validation with multi-site 

clinical data. 

Medical Ethics and Regulatory Compliance 

AI-assisted diagnosis raises fundamental ethical questions regarding accountability, patient 

consent, and algorithmic bias. BioVision AI is designed as a decision support tool, not a replacement 

for clinical judgment. Regulatory pathways including FDA 510(k) clearance in the US and CE marking 

in Europe involve rigorous clinical validation requirements that extend beyond standard machine 

learning benchmarks. Ensuring fairness across demographic subgroups (age, gender, ethnicity) 

requires careful bias auditing of training data and model outputs. 
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Real-Time Deployment Challenges 

While BioVision AI achieves sub-second inference in high-performance GPU environments, 

deployment in resource-constrained settings (edge devices, rural clinics) requires model compression 

via knowledge distillation, quantization (INT8), and pruning. DICOM streaming over low-bandwidth 

networks introduces additional latency. The multi-agent communication overhead, while optimized 

through asynchronous messaging, adds approximately 150 ms to the total pipeline latency in 

distributed deployments. 

CONCLUSION 

This paper has presented BioVision AI, a comprehensive Multi-Agent Advanced Multi-Organ 

Health Prediction System that addresses the critical need for integrated, explainable, and scalable AI-

assisted diagnostics in modern healthcare. The proposed framework demonstrates that combining 

hematological biomarker analysis with deep learning-based medical image interpretation within a 

structured multi-agent architecture yields substantially superior diagnostic performance compared with 

conventional single-modality approaches. 

BioVision AI achieves a mean accuracy of 95.3% and AUC-ROC of 0.978 across six multi-organ 

disease prediction tasks, representing a 7.5 percentage-point improvement over best-baseline single-

modality systems. The collaborative multi-agent design—comprising eight specialized intelligent 

agents—enables parallel data processing, fault-tolerant coordination, and modular scalability that 

positions BioVision AI as a practical solution for deployment across diverse healthcare environments, 

from tertiary care hospitals to rural telemedicine settings. 

The integration of SHAP analysis and Grad-CAM heatmaps as first-class system components 

addresses the longstanding challenge of AI interpretability in clinical medicine, providing clinicians 

with actionable, evidence-grounded explanations that foster trust and support regulatory compliance. 

The automated report generation capability further reduces administrative burden and accelerates the 

clinical workflow from data acquisition to diagnostic report delivery. The contributions of this work 

collectively advance the frontier of AI-powered preventive healthcare and multi-organ clinical decision 

support. 

FUTURE WORK 

Federated Learning Integration: To address data privacy concerns and enable multi-institutional 

model training without centralizing patient data, future work will implement a Federated Averaging 

(FedAvg) protocol across hospital partner nodes, leveraging differential privacy guarantees. 

Real-Time IoT and Wearable Integration: BioVision AI will be extended to ingest continuous 

biosignals from wearable devices (ECG, SpO2, continuous glucose monitors) through an MQTT-based 

IoT data pipeline, enabling longitudinal risk monitoring and early warning systems. 

Edge AI Deployment: Model compression through knowledge distillation, INT8 quantization 

(TensorRT), and neural architecture search (NAS) will be employed to deploy inference-optimized 

agent modules on NVIDIA Jetson and Raspberry Pi 5 platforms for edge healthcare. 

Reinforcement Learning for Agent Optimization: Reinforcement learning (specifically 

Proximal Policy Optimization) will be explored to dynamically optimize agent task allocation, fusion 

weights, and query scheduling based on patient risk urgency and computational resource availability. 

LLM-Powered Clinical Assistant: Integration of a domain-adapted Large Language Model 

(Med-PaLM 3 or BioGPT) as a conversational clinical assistant layer will enable natural language Q&A 

over diagnostic reports, supporting physician-AI interaction and patient communication. 

Longitudinal Health Tracking: Extending BioVision AI to maintain patient health timelines 

across multiple visits will enable trajectory-based disease progression modeling, facilitating 

personalized preventive care plans grounded in longitudinal biomarker and imaging trends.. 
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