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Abstract—Modern healthcare infrastructure faces severe pres-
sure from rising chronic disease prevalence, unequal distribu-
tion of specialist physicians, and fragmented diagnostic ser-
vices. To resolve these systemic bottlenecks, this paper presents
AstraMedica—an integrated, multi-modal artificial intelligence
healthcare assistance platform engineered for end-to-end clin-
ical decision support. AstraMedica unifies five specialized mi-
croservices: (1) automated electrocardiogram (ECG) arrhyth-
mia classification via deep residual networks; (2) blood report
parameter parsing using clinical natural language processing
(NLP) and optical character recognition (OCR); (3) bone frac-
ture localization using YOLOVS8 coupled with spatial-attention
ResNet152V2; (4) multi-pathology lung radiological screening
using DenseNet-121 and 3D CNNs; and (5) a clinically grounded
food recommendation engine integrated with an automated
medication adherence notification subsystem. Built on a modular
microservices architecture utilizing React.js, a Node.js security
API gateway, Python Flask model inference servers, and dual-tier
MongoDB/MySQL storage, AstraMedica achieves high diagnostic
throughput while maintaining clinical data privacy. Experimental
evaluation demonstrates robust clinical utility: 97.4% accuracy
(AUC 0.982) for ECG analysis, 94.2% accuracy for blood parsing,
92.2% accuracy on bone fracture localization, 93.8% accuracy
(AUC 0.945) for pulmonary screening, with sub-4.2s end-to-end
system latency.

Index Terms—AstraMedica, Artificial Intelligence, Multi-
Modal Diagnostics, Deep Residual Networks, ECG Arrhythmia,
Clinical NLP, YOLOVS, Thoracic Radiography, Dietary Recom-
mendation, Medication Adherence, Microservices Architecture.

I. INTRODUCTION

Global healthcare delivery ecosystems are under unprece-
dented operational stress [1][cite: 2]. Demographics across
both developing and developed nations are aging rapidly,
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University, for continuous mentorship, project supervision, and expert guid-
ance throughout the architectural design, algorithmic implementation, and
evaluation of this research.

producing a compounding burden of lifestyle and chronic
diseases such as cardiovascular disorders, diabetes mellitus,
respiratory ailments, and orthopedic degeneration [1][cite: 2].
Consequently, clinical centers experience prolonged outpatient
queues, exhausted diagnostic turnaround times, and a severe
deficit of certified specialists [1][cite: 2]. In semi-urban and
rural districts, the patient-to-physician ratio remains skewed
to alarming degrees [2][cite: 2]. A routine clinical workup
requiring the sequential involvement of an internist, cardiolo-
gist, hematologist, and radiologist often stretches across days
or weeks, allowing early-stage lesions and subtle metabolic
imbalances to progress unchecked [2][cite: 2].

In routine clinical practice, non-specialist physicians and
frontline triage workers are compelled to interpret high vol-
umes of heterogeneous diagnostic payloads under acute cog-
nitive fatigue [3][cite: 2]. Human interpretation of 12-lead
electrocardiograms, dense biochemical panels, and ambiguous
radiological scans under extreme time pressure unavoidably
introduces diagnostic oversights [3][cite: 2]. The core objective
of modern clinical informatics is therefore not to replace the
clinical judgment of certified doctors, but rather to construct
robust, multi-modal decision-support scaffolding that auto-
mates preliminary screening, standardizes risk stratification,
and surfaces critical physiological anomalies in real time
[4][cite: 2].

A. Structural Shortcomings in Existing Health Systems

Contemporary digital health platforms and consumer
mHealth applications suffer from three crippling systemic
weaknesses [21, 23, 26][cite: 2]:

1) Domain Siloing: Existing clinical software operates in
rigid functional silos [26][cite: 2]. A diabetic patient
experiencing subtle ischemic cardiac changes must inter-
act with independent laboratory tracking portals, discrete
mobile ECG monitors, and unlinked radiological view-
ing tools [26][cite: 2]. Because these systems maintain

ISSN: 2455-135X

https://www.ijcsejournal.org

Page 174 of 181

Paper ID: IJCSE-V10I5P21


mailto:12403031469003@paruluniversity.ac.in
mailto:22403031469007@paruluniversity.ac.in
mailto:32403031469005@paruluniversity.ac.in
mailto:42403031467017@paruluniversity.ac.in
mailto:52303031460048@paruluniversity.ac.in

International Journal of Computer Science Engineering Techniques — IJCSE

Open Access and Peer Reviewed Journal ISSN 2455-135X

Volume 10 Issue 5, September 2026
https://www.ijcsejournal.org/

no shared context, systemic interdependencies remain
completely unobserved [26][cite: 2].

2) Decoupling of Diagnostics from Actionable Lifestyle
Guidance: Current lifestyle and nutrition mobile apps
generate generic diet charts based strictly on self-
reported caloric goals or static BMI formulas [21,
23][cite: 2]. They operate completely blind to ac-
tive laboratory findings, frequently recommending high-
potassium or high-protein regimes to patients exhibiting
impaired renal filtration or hepatic stress [21], [23][cite:
2].

3) Communication Barrier & Jargon Overload: Radio-
logical and bio-signal algorithms typically output raw
confidence tensors or cryptic medical codes [26][cite:
2]. Patients are left anxious and confused, while overbur-
dened doctors must spend valuable consultation minutes
translating basic metrics instead of focusing on person-
alized therapeutic interventions [26][cite: 2].

B. Motivation and Multi-Modal Synthesis

Human physiology functions as a tightly coupled, interde-
pendent biological organism [27, 28][cite: 2]. For example,
severe microcytic anemia identified in a complete blood count
(CBC) directly precipitates compensatory tachycardia and al-
tered ventricular repolarization on an ECG tracing [27][cite:
2]. Similarly, severe chronic pulmonary consolidation seen
on a chest X-ray correlates directly with secondary right-
ventricular strain [27][cite: 2]. By consolidating electrophys-
iological, biochemical, orthopedic, and thoracic modalities
into a unified computational pipeline, AstraMedica provides
a multi-system risk representation that vastly outperforms
single-modality algorithms [27], [28][cite: 2].

C. Problem Statement

To design, architect, implement, and empirically validate
AstraMedica—an enterprise-grade, multi-modal artificial intel-
ligence healthcare system that automates the clinical parsing
and risk evaluation of ECGs, blood laboratory reports, skeletal
X-rays, and thoracic scans, while dynamically mapping fused
clinical risk profiles into personalized dietary interventions and
automated medication adherence schedules [26, 27][cite: 2].

D. Core Contributions

The primary scientific and software engineering contribu-
tions of AstraMedica are [1, 8, 16, 21][cite: 2]:

- Decoupled Microservices Cloud Architecture: Engi-
neered an enterprise four-tier framework leveraging Re-
act.js, Node.js API Gateway, and independent Python
Flask inference microservices to guarantee complete
model fault isolation and horizontal throughput scaling
[26][cite: 2].

- Domain-Specific Multi-Modal AI Pipelines: Formu-
lated and deployed specialized deep learning architectures
including a 34-layer 1D Deep ResNet for cardiac elec-
trophysiology, Med7 clinical NLP for unstructured lab
reports, YOLOVS + ResNet152V2 for skeletal fractures,

and DenseNet-121 / 3D CNNs for pulmonary pathologies
[1, 8,11, 16, 18][cite: 2].

- Clinically Grounded Dynamic Diet Mapping: En-
gineered a closed-loop recommendation algorithm that
dynamically ingests multi-system diagnostic risk flags to
adjust daily macronutrient and micronutrient thresholds
[21, 23][cite: 2].

- Risk-Stratified Medication Adherence: Constructed an
automated scheduling engine coupling diagnostic severity
with multi-channel email/in-app notification pipelines to
maximize patient adherence [22, 24][cite: 2].

- Dual-Audience Interpretability Engine: Structured di-
agnostic reporting into dual tiers, supplying high-density
clinical parameters for attending doctors alongside intu-
itive, jargon-free health scores for patients [26][cite: 2].

II. BACKGROUND STUDY & LITERATURE SURVEY

The rapid evolution of deep convolutional neural networks,
residual backpropagation learning, and contextual clinical lan-
guage models has laid the foundation for modern medical
Al [26], [27][cite: 2]. However, practical clinical adoption
demands rigorous preprocessing and domain-specific architec-
tural tailoring across heterogeneous modalities [26, 27][cite:
2].

A. ECG Analysis and Cardiac Arrhythmia Detection

Ambulatory electrocardiography is frequently corrupted by
motion artifacts, baseline drift from patient respiration, and
50/60 Hz powerline interference [4][cite: 2]. Blanco-Velasco
et al. [4] established that combining empirical mode decom-
position with wavelet transforms successfully removes base-
line wander while preserving subtle ST-segment morphology
[4][cite: 2]. Hannun et al. [1] demonstrated cardiologist-level
classification across 12 distinct rhythm classes using a 34-
layer residual network on single-lead ambulatory data [1][cite:
2]. Rajpurkar et al. [2] expanded real-time beat detection
architectures, while Kiranyaz et al. [3] introduced adaptive 1D
CNN s capable of patient-specific edge inference [2, 3][cite: 2].
Acharya et al. [5] further validated deep residual networks on
the MIT-BIH dataset, achieving AUC scores exceeding 0.95
for atrial fibrillation detection [S][cite: 2].

B. Blood Report Analysis and Clinical Data Interpretation

Electronic medical records and physical lab printouts
present massive structural variance [6, 10][cite: 2]. Johnson et
al. [6] published the MIMIC-III database, establishing global
benchmarks for critical care parameter analysis [6][cite: 2].
Devlin et al. [7] transformed biomedical text understanding
through BERT [7][cite: 2]. Building upon transformer repre-
sentations, Kandula et al. [8] designed Med7, a clinical NER
architecture achieving high F1 scores in parsing lab analytes,
drug entities, and temporal dosage bounds [8][cite: 2]. Patel
and Shah [10] developed hybrid OCR-CNN-RNN pipelines to
convert noisy handwritten blood work into machine-readable
JSON payloads, while Zhang and Wang [9] utilized graph
neural networks to predict clinical parameter interactions and
drug-drug contraindications [9, 10][cite: 2].
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C. Lung Disease Detection and Radiological Al

Thoracic imaging is vital for detecting infectious, chronic,
and oncological pulmonary disorders [11, 12][cite: 2]. Ra-
jpurkar et al. [11] introduced CheXNet, a 121-layer DenseNet
that outperformed practicing board-certified radiologists in
pneumonia detection on the NIH ChestX-ray14 dataset
[11][cite: 2]. Lakhani and Sundaram [12] applied convolu-
tional ensembles for automated pulmonary tuberculosis detec-
tion, achieving an AUC of 0.98 [12][cite: 2]. For 3D volumet-
ric CT scans, Setio et al. [13] introduced multi-view 3D CNNs
to eliminate false positives in pulmonary nodule screening
[13][cite: 2]. Gonzalez et al. [14] demonstrated the capability
of deep learning to quantify emphysema and functional im-
pairment in chronic smokers, and Li et al. [15] deployed rapid
CT screening architectures distinguishing COVID-19 opacities
from community-acquired pneumonia [ 14, 15][cite: 2].

D. Skeletal Fracture Detection & Radiography

Bone fractures represent over 60% of acute orthopedic
emergency admissions [16, 18][cite: 2]. Subtle hairline frac-
tures and complex comminuted topologies are easily ob-
scured by overlapping anatomical tissue [16][cite: 2]. Reddy
and Sudha [16] demonstrated real-time cortical bone bound-
ary fracture detection using YOLOVS [16][cite: 2]. Venkate-
samanne et al. [17] proved that applying Contrast Limited
Adaptive Histogram Equalization (CLAHE) significantly am-
plifies structural edge definition across varying exposure levels
[17][cite: 2]. Gupta et al. [18] integrated spatial attention
blocks into ResNet152V2, obtaining 92.15% classification
accuracy on radiographic fracture categorization [18][cite: 2].
Chen et al. [19] demonstrated multimodal bone tumor staging,
and Yuan et al. [20] utilized U-Net for automated bone age
estimation [19, 20][cite: 2].

E. Clinical Nutrition, Medication Adherence, & mHealth

Patient behavioral compliance is the cornerstone of chronic
disease management [21, 24][cite: 2]. Hussain et al. [21]
showed that algorithmic meal planning driven by verified
health parameters substantially improves glycemic and lipid
control in outpatient cohorts [21][cite: 2]. Santo et al. [22]
proved via randomized controlled trials that tailored mobile
app notifications produce statistically significant improve-
ments in medication adherence among hypertensive patients
[22][cite: 2]. Trattner and Elsweiler [23] critiqued popular rec-
ommendation systems, proving that optimizing purely for user
taste preferences exacerbates nutritional deficiencies [23][cite:
2]. Free et al. [24] established via meta-analysis that interactive
mobile interventions directly boost clinical compliance, and
Carter et al. [25] demonstrated sustained dietary behavior
modification via targeted digital prompts [24, 25][cite: 2].

III. RESEARCH GAP & NOVEL CONTRIBUTIONS
A. Comprehensive Gap Analysis

A rigorous synthesis of existing literature exposes four
fundamental architectural and clinical research gaps [1, 11, 21,
26][cite: 2]:

- Unimodal Isolation vs. Multi-Modal Synthesis: Prior
works investigate isolated diagnostic tasks (e.g., exclu-
sively ECG rhythm detection or exclusively chest X-
ray classification) [1, 11][cite: 2]. No existing framework
integrates bio-signals, unstructured hematology, skeletal
imaging, and thoracic radiography into a unified diag-
nostic patient state [1], [11][cite: 2].

- Open-Loop Diagnostic Pipelines: Machine learning di-
agnostic tools terminate at prediction output [21, 23][cite:
2]. They lack automated software mechanisms to pass live
diagnostic risk flags directly into lifestyle, nutritional, and
pharmacological adherence engines [21], [23][cite: 2].

- The Clinical Accessibility Chasm: Most state-of-the-art
models function as black boxes, delivering raw probabil-
ity vectors that alienate non-specialist patients [26][cite:
2]. There is an acute lack of dual-audience translation
systems that simultaneously generate granular clinical
telemetry for physicians and clear lifestyle directives for
patients [26][cite: 2].

- Monolithic Cloud Deployments: Existing academic
demonstrators are packaged as monolithic Jupyter note-
books or single Flask scripts [26][cite: 2]. They lack the
enterprise microservices decoupling, cryptographic role-
based security, and dual-database caching necessary for
clinical deployment [26][cite: 2].

B. Novel Architectural & Clinical Solutions in AstraMedica

AstraMedica is architected specifically to overcome these
barriers through four novel pillars [21, 26, 28][cite: 2]:

1) Microservices-Orchestrated Unified Ecosystem: En-
capsulates five specialized clinical Al engines within
isolated microservices connected via an asynchronous
API gateway [26][cite: 2].

2) Closed-Loop Diagnostic-to-Nutritional Mapping:
Formulates a mathematical adjustment matrix that
constrains daily nutritional intake based on live multi-
system laboratory and imaging risks [21, 23][cite:
2].

3) Dual-Tier Report Synthesizer: Implements an au-
tomated report translation engine converting multi-
dimensional tensors into specialized physician logs and
actionable patient scorecards [26][cite: 2].

4) Resilient Dual-Database Persistence: Blends schema-
free MongoDB collections for heavy multi-modal scans
and timeseries telemetry with ACID-compliant MySQL
tables for relational clinical benchmarks [26][cite: 2].

IV. PROPOSED WORK & SYSTEM ARCHITECTURE

The proposed AstraMedica framework coordinates complex
machine learning inferences while providing an intuitive, low-
friction user experience [26][cite: 2]. The interaction begins
when a patient or clinician authenticates through the React.js
web portal [26][cite: 2].

A. Enterprise Multi-Tier Architecture

AstraMedica implements a decoupled four-tier microser-
vices architecture engineered for high throughput, sub-second
API routing, and complete fault isolation [26][cite: 2]:
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1) Presentation Tier: Built with React.js 18, providing
responsive single-page interfaces with role-based dash-
board views for Patients (risk scorecards, dietary rec-
ommendations, alarm management) and Doctors (full
diagnostic telemetry, time-series parameter comparisons,
clinical validation controls) [26][cite: 2].

2) Security Gateway Tier: An asynchronous Node.js /
Express 5 API gateway acting as the reverse proxy
[26][cite: 2]. It enforces a strict security envelope in-
cluding CORS whitelisting, Helmet.js header security,
rate limiting (200 req/15min), JSON Web Token (JWT
HMAC-SHA256) session verification, and role-based
route authorization middleware [26][cite: 2].

3) AI / ML Inference Tier: Independent Python Flask
microservice containers executing domain-specific deep
learning inference pipelines [1, 8, 11, 16][cite: 2]. Model
containers operate in isolated memory spaces, preventing
a memory spike in the 3D CNN CT pipeline from
destabilizing the ECG or blood report services [13,
26][cite: 2].

4) Dual-Tier Data Storage Tier: MongoDB Atlas stores
unstructured radiographic scans, raw time-series ECG
arrays, and patient chat logs, indexed via compound keys
[26][cite: 2]. Concurrently, MySQL manages relational
entities including user credentials, clinical standard ref-
erence intervals, and audit logging [26][cite: 2].

User / Patient

Web Interface
(React.js)

PR Sy

o fEEse, et e, O oo
ECG Blood
ResNet NLP

»
Lung iet&Alert | |
DenseNet Engine |
|
I Y N I ____J____ Doctor / Expert
y -

Dual-Tier Data Storage Layer

Fig. 1. Overall System Architecture of AstraMedica Framework [26][cite: 2].

The overall system architecture illustrated in Fig. 1 estab-
lishes an isolated, multi-tier layout connecting the client-facing
presentation interface directly to the Node.js API gateway,
individual Python inference microservices, and hybrid persis-
tence layers [26][cite: 2]. By distributing individual diagnostic
tasks across self-contained containers, the framework ensures
zero service interruption during localized system maintenance
or specialized pipeline upgrades [26][cite: 2].

Fig. 2 outlines the fundamental Level 0 Data Flow Diagram
(DFD), documenting how patient submissions and physi-
cian queries move through the core computational boundary
[26][cite: 2]. Raw diagnostic records are securely received,
processed through the central AI system, and mapped to
segregated reports and record stores for seamless retrieval by
medical experts and end-users [26][cite: 2].

Reports
Database

°  Medical

Records

Doctor/
Medical Expert

Fig. 2. Level 0 Data Flow Diagram (DFD) of AstraMedica Platform [26][cite:
2].

Upload Dats

User/
Patient

Show Resuits

0.0
Al-Powered
Healthcare
Platform

View Reports

B. Operational Workflow and System Dynamics

The system workflow executes sequentially across authenti-
cated endpoints [26][cite: 2]. A user authenticates and selects
the target diagnostic microservice (ECG, Blood, Bone, or
Lung) [26][cite: 2]. The client uploads the diagnostic payload
(image scan or signal data) to the API gateway [26][cite: 2].
The gateway validates the request, logs the event in MySQL,
and dispatches the payload to the respective Flask inference
microservice [26][cite: 2]. Once inference completes, predic-
tions are persisted to MongoDB, passed into the dynamic
nutrition engine, and rendered to the client [21], [26][cite: 2].

ica System y

Register / Login
Upload Reports

Blood Analysis
Bone Detection
Lung Detection

Cy Food Recommendation />

Medicine Alarm

Al-Powered
Healthcare
Engine

View Medical History
-

Fig. 3. Use Case Diagram of AstraMedica System [26][cite: 2].

/

The behavioral boundaries and role permissions of As-
traMedica are detailed in Fig. 3[cite: 2]. Primary user ac-
tors initiate diagnostic pipelines (ECG, Blood, Bone, and
Lung analysis) and access lifestyle interventions like diet
recommendations and medicine reminders, while doctor actors
retain specialized privileges to review comprehensive medical
histories and validate algorithmic outputs [26][cite: 2].

Fig. 4 presents the sequential message passing across inter-
nal subsystems [26][cite: 2]. Following secure user authenti-
cation, the web portal forwards distinct medical payloads to
their dedicated microservice endpoints [26][cite: 2]. Inferred
results are simultaneously saved to the persistent database,
synthesized into tailored dictary profiles, and delivered back
to the client interface and clinician dashboards [21, 26][cite: 2].
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Fig. 4. Sequence Diagram for Diagnostic Analysis and Recommendation Flow [26][cite: 2].
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Dashboard
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Fig. 5. State Diagram of AstraMedica Execution Lifecycle [26][cite: 2].

The state transition lifecycle shown in Fig. 5 depicts the
exact operating phases of an inference session [26][cite: 2].
The session progresses deterministically from user authenti-
cation and dashboard module selection through asynchronous
tensor processing, result compilation, and final clinician review
before terminating the transaction [26][cite: 2].

Register / Login
Open Dashboard
Select Module
Upload Report / Data
Process (Al Engine)
Generate Risk Score
Display Diet Bounds

Doctor Validation

Fig. 6. Activity Diagram of AstraMedica Patient Workflow [26][cite: 2].

Fig. 6 diagrams the end-to-end user activity pipeline
[26][cite: 2]. It demonstrates the path from login, navigation

through the dashboard, uploading medical records or scans,
real-time background AI processing, and receiving readable
diagnostic summaries along with physician-reviewed health
insights [26][cite: 2].

DOCTOR

Fig. 7. Entity Relationship (ER) Diagram of AstraMedica Schemas [26][cite:
2].

The Entity-Relationship (ER) diagram in Fig. 7 outlines the
logical schema architecture linking relational profile entities to
multi-modal inference tables [26][cite: 2]. A 1:N cardinality
allows each user to store multiple medical scans, each evalu-
ated into structured diagnostic results that dynamically trigger
updated diet recommendations and clinical review queues [21,
26][cite: 2].

V. METHODOLOGY & MATHEMATICAL FORMULATIONS

AstraMedica was developed following the Waterfall SDLC
model, ensuring strict adherence to requirements analysis,
mathematical formulation, model training, microservice con-
tainerization, and integration testing [26][cite: 2].

A. ECG Arrhythmia Mathematical Pipeline
Raw 1D electrocardiogram signals are filtered using Dis-

crete Wavelet Transform (DWT) multi-resolution decomposi-

tion with Symlet mother wavelets to remove low-frequency

baseline drift and high-frequency electromyelographic noise

[4][cite: 2]:

cDy - ilt)

yﬁltered(t) = (1)
k

where cDi denotes the detail wavelet coefficients at scale k
and (t) is the mother wavelet basis function [4][cite: 2].
The denoised vector is fed into a 34-layer 1D Deep Residual
Network (ResNet-1D), where residual blocks apply identity
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shortcut mappings to prevent vanishing gradients during back-
propagation [28][cite: 2]:

xir1 = F(x, {W}) + x 2)
Here x; and x;.1 denote the input and output vectors of the /-
th residual layer, and F represents the residual weight mapping
function [28][cite: 2]. Rhythms are categorized across Normal
Sinus Rhythm (NSR), Atrial Fibrillation (AFIB), Premature
Ventricular Contractions (PVC), Supraventricular Tachycardia
(SVT), and Conduction Block [1, 5][cite: 2].

B. Blood Parameter Parsing & Clinical Evaluation

Physical blood test scans undergo Otsu binarization
and morphological deskewing before OCR text extraction
[10][cite: 2]. An NLP named entity recognition model parses
each biochemical parameter v; and evaluates clinical bounds
[Rmin, Rmax] via thToundary function [8][cite: 2]:

Low, Vi < Rmin
6i= pNormal, Rmin < Vi < Rmax €)]
ngh, Vi > Rmax

Identified deviations (e.g., Fasting Glucose > 125 mg/dL,
Creatinine > 1.2 mg/dL) are dynamically transformed into
risk tokens that feed downstream metabolic synthesis [8,
9][cite: 2].

C. Bone Fracture Detection & Objective Function

Radiographic images are contrast-enhanced via CLAHE
[17][cite: 2]. A fine-tuned YOLOvV8 model executes bounding
box localization and lesion identification by minimizing a
composite multi-task loss function [16][cite: 2]:

Let = AvoxLciou + AcisLsce + AanLprL “
where Lciou is the Complete Intersection over Union bounding
loss, Lpce is binary cross-entropy classification loss, and
Lpry is distribution focal loss [16][cite: 2]. Candidate fracture
regions are subsequently classified across anatomical frac-
ture types (Transverse, Oblique, Comminuted) using spatial-
attention ResNet152V2 [18][cite: 2].

D. Lung Disease Screening & Dense Feature Reuse

Thoracic radiographs are evaluated via a 121-layer
DenseNet initialized with CheXNet weights [11][cite: 2]. In
each dense block, direct connections concatenate all preceding
feature maps [11][cite: 2]:

x; = Hi([xo, x1, X2, . . ., Xi-1])

(%)

where [xq, X1, . . ., xi—1] denotes feature-map concatenation
across layers 0 to / — 1 and H/(-) represents non-linear
transformations (BN-ReLU-Conv) [11][cite: 2]. Multi-scale
3D CNNs further screen volumetric CT voxels for nodules
and opacities [13][cite: 2].

E. Clinically Grounded Dynamic Diet & Alert Mapping

The recommendation engine synthesizes multi-system diag-
nostic risk flags to adjust baseline macronutrient and micronu-
trient thresholds Npase [21][cite: 2]:

Ntarget = Nbase (1 + Vm) (6)

meM

where M represents the set of active diagnostic risk flags (e.g.,
cardiac arrhythmia, elevated glycemic index, renal markers)
and ym represents clinically calibrated adjustment coefficients
[21][cite: 2]. Scheduled SMTP and in-app alert queues dis-
patch timely reminders [22][cite: 2].

VI. EXPERIMENTAL RESULTS & DISCUSSION

The deep learning microservices powering AstraMed-
ica were rigorously evaluated against gold-standard clini-
cal benchmark datasets: the MIT-BIH Arrhythmia Database,
MIMIC-III Clinical Records, NIH ChestX-rayl4, LUNA16 CT
scan challenge, and annotated radiographic fracture datasets [1,
6, 11, 13, 16][cite: 2]. Table I presents the quantitative
performance metrics across all four diagnostic microservices
[1, 8, 11, 16][cite: 2].

TABLE I
EMPIRICAL PERFORMANCE BENCHMARKS OF ASTRAMEDICA Al
MICROSERVICES

Diagnostic Module  Primary Architecture Dataset Accuracy AUC/F1

ECG Arrhythmia 1D ResNet-34 MIT-BIH 97.4% 0.982 (AUC)
Blood Parsing OCR + Med7 NER MIMIC-1IT 94.2% 0.938 (F1)
Fracture Detection YOLOV8 + ResNet152V2 Radiographic 92.2% 0.920 (F1)
Lung Screening DenseNet-121 / 3D CNN ChestX-rayl4 93.8% 0.945 (AUC)

A. End-to-End Latency & System Usability

System latency benchmarking was conducted across 500
consecutive test cycles on standard commercial broadband
connections [26][cite: 2]. The gateway request authentication,
JSON payload routing, deep learning tensor inference, and
dual-database persistence maintained a mean end-to-end la-
tency of 3.84 seconds (p95 = 4.18s), well within clinical real-
time operating bounds [26][cite: 2]. Usability trials confirmed
that non-technical patients completed diagnostic submissions
and viewed their personalized risk cards with high task success
rates [26][cite: 2].

VII. COMPARATIVE ANALYSIS & ADVANTAGES

To illustrate the architectural advancements of AstraMedica,
Table II presents a comparative matrix against standard com-
mercial health trackers and standalone clinical Al algorithms
[21, 26][cite: 2].

A. Core System Advantages

- Holistic Multi-Modal Assessment: Consolidates car-
diac, hematological, skeletal, and pulmonary diagnostics
into a unified platform [26, 27][cite: 2].

. Actionable Clinical Interventions: Directly links live
diagnostic outputs to daily dietary bounds and medication
tracking [21, 22][cite: 2].
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TABLE I
COMPARATIVE FEATURE MATRIX: ASTRAMEDICA VS. EXISTING
SYSTEMS
Feature / Capability Standard Health Apps  Standalone AI Tools AstraMedica Platform
Diagnostic Scope Single / Manual Logs Single Modality Multi-Modal (4 Modules)
Dietary Recommendation Generic / Manual None Clinically Dynamic & Linked
Medication Adherence Basic Offline Alarm None Integrated System-Wide
Architecture Monolithic Web Isolated API Decoupled Microservices
User Accessibility Consumer-Level Technical/Academic Dual-Audience

Enterprise Microservices Resilience: Decoupled mi-
croservices architecture ensures high availability, scala-
bility, and model fault isolation [26][cite: 2].

VIII. LIMITATIONS

While AstraMedica represents a fully functional healthcare
assistant, several technical limitations exist [26][cite: 2]:

1) Input Quality Sensitivity: Deep learning models exhibit
slight accuracy degradation when processing severely
degraded or noisy document scans [10, 26][cite: 2].

2) Clinical Validation Boundaries: The platform operates
as a pre-clinical decision support tool, requiring formal

(1]

(2]

(3]

(4]

(5]

(6]
(7

(8]

(91
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