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Abstract

Remote cardiac prognostics increasingly relies on continuous physiological sensing coupled with real-
time inference to detect life-threatening arrhythmias before clinical deterioration occurs. Cloud-centric
deep learning pipelines deliver high diagnostic accuracy but incur end-to-end latencies that are
unacceptable for Ultra-Reliable Low-Latency Communication (URLLC) class cardiac alerting, while
resource-constrained edge devices sacrifice accuracy for speed. This paper proposes an edge-
computing-enabled 5G architecture that jointly optimizes inference latency and diagnostic accuracy for
remote cardiac prognostics using a constrained multi-objective formulation solved through a Non-
dominated Sorting Genetic Algorithm II (NSGA-II) based model-selection and offloading controller.
A hybrid CNN-LSTM prognostic model is compressed through structured pruning and INTS
quantization and dynamically deployed across a three-tier patient—edge—cloud pipeline, with a
confidence-threshold policy governing selective cloud offloading over a network-sliced 5G URLLC
bearer. Simulation-based evaluation on ECG beat-classification workloads shows that the proposed
scheme attains 95.7% diagnostic accuracy at 42 ms end-to-end latency, a 57.1% latency reduction
relative to cloud-only inference (98 ms) with only a 2.2 percentage-point accuracy loss, and sustains
latency below the 50 ms URLLC target for up to 150 concurrently monitored patients per edge cell. The
results indicate that adaptive, confidence-aware edge—5G orchestration offers a practical latency—
accuracy operating point for scalable, real-time cardiac telemonitoring.

Keywords: Edge Computing; 5G Networks; URLLC; Remote Patient Monitoring; Cardiac Prognostics;
Latency—Accuracy trade-off; Multi-Objective Optimization, NSGA-II

1. Introduction

Cardiovascular disease (CVD) [1] remains the leading cause of mortality worldwide, and a substantial
fraction of fatal events — particularly malignant arrhythmias such as ventricular tachycardia and atrial
fibrillation with rapid ventricular response — occur outside hospital settings where continuous
monitoring and rapid clinical response are unavailable. Wearable electrocardiogram (ECG) and
photoplethysmogram (PPG) sensors, combined with wireless connectivity, have enabled continuous
remote cardiac monitoring; however, the clinical value of such systems depends critically on how
quickly an actionable, accurate prognosis can be delivered to a clinician or automated alerting system
after an abnormal cardiac event is captured.
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Two architectural extremes are commonly used to process this physiological data. In cloud-centric
architectures, raw or lightly compressed sensor streams are transmitted over the wide-area network to
centralized data centers hosting high-capacity deep neural networks (DNNs) [2]. This approach
achieves state-of-the-art diagnostic accuracy because large models can exploit rich temporal and
morphological ECG features, but it inherits propagation, queuing, and backhaul delays that routinely
push end-to-end latency beyond 150-250 ms, which is unsuitable for time-critical arrhythmia alerting.
Conversely, device- or edge-only architectures execute compact models close to the patient, achieving
latencies on the order of tens of milliseconds, but the aggressive model simplification required for
constrained hardware degrades sensitivity to subtle, clinically important waveform morphologies [3].
The emergence of fifth-generation (5G) mobile networks [4] with network slicing, Ultra-Reliable Low-
Latency Communication (URLLC) bearers, and Multi-access Edge Computing (MEC) creates an
opportunity to reconcile these competing objectives. By relocating inference to edge nodes co-located
with the 5G radio access network (RAN) and reserving cloud escalation for genuinely ambiguous cases,
it becomes possible to approach cloud-level diagnostic accuracy while remaining within latency budgets
compatible with real-time cardiac risk alerting [5]. Realizing this potential, however, requires an explicit
and tunable trade-off mechanism: naively minimizing latency degrades accuracy, while naively
maximizing accuracy reintroduces unacceptable delay. This motivates a principled latency—accuracy
co-optimization framework rather than a fixed design point.

This paper makes the following contributions:

v’ A three-tier patient—edge—cloud system architecture for remote cardiac prognostics, integrating 5G
URLLC network slicing with a compressed CNN-LSTM inference model deployed at the network
edge.

v A formal multi-objective optimization formulation of the latency—accuracy trade-off, incorporating
sensing, transmission, queuing, and compute latency terms alongside a data-driven accuracy—
compression relationship, solved using NSGA-II to obtain a Pareto-optimal operating frontier.

v A confidence-threshold offloading policy that selectively escalates low-confidence edge inferences
to the cloud tier, preserving diagnostic accuracy for ambiguous cases without incurring cloud latency
for the majority of routine classifications.

v' A comprehensive simulation-based evaluation, including latency decomposition, compression
sensitivity analysis, and scalability under concurrent patient load, benchmarked against cloud-only and
static edge-only baselines.

The remainder of this paper is organized as follows. Section II reviews related work on edge-assisted
health monitoring and latency-aware inference. Section III presents the proposed system architecture.
Section IV develops the mathematical formulation of the latency—accuracy optimization problem.
Section V describes the experimental setup. Section VI presents and discusses the results. Section VII
concludes the paper and outlines future work.

2. Related Work

Prior research on remote health monitoring spans three broadly overlapping threads: (i) cloud-based
deep learning for ECG diagnosis [6], (ii) edge/fog computing for latency-sensitive healthcare
applications, [7,8] and (iii) 5G-enabled telemedicine and network slicing [9]. This section situates the
proposed work relative to representative efforts in each thread and highlights the gap that motivates the
present study.

Cloud-based approaches [10]typically employ deep convolutional or recurrent architectures trained on
large annotated ECG corpora (e.g., MIT-BIH, PTB-XL) to achieve beat- or thythm-level classification
accuracies exceeding 97%. These works establish strong accuracy baselines but generally treat network
and queuing delay as out of scope, reporting only model-level inference time rather than end-to-end
delivery latency. Edge/fog-based approaches [11] instead prioritize on-device or near-device inference
using compressed architectures (e.g., MobileNet-style separable convolutions, pruned LSTMs, or
binary neural networks), demonstrating latency reductions of one to two orders of magnitude relative
to cloud inference, typically at a measurable cost in sensitivity for minority arrhythmia classes. A third
body of work addresses 5G network slicing and MEC resource allocation [12] for healthcare traffic
classes in general terms, proposing scheduling and slicing policies for URLLC health traffic, but
without coupling the network-layer latency model to an application-layer diagnostic accuracy model.
Table 1 summarizes representative categories of related work and positions the proposed approach
relative to them. The key distinction of the present work is the explicit, jointly solved latency—accuracy
optimization across all three tiers (sensing, transmission, and compute), coupled with a confidence-
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aware offloading policy, rather than a fixed model or fixed network configuration evaluated in isolation

[13,14].
Table 1. Comparative positioning of related work categories
. Latency Accuracy Joint

Category | Representative focus handling handling optimization
Cloud High-capacity
DNN CNN/RNN/Transformer E\iginmlcl)ieled State-of-the- No
ECG models for arrhythmia | = gnl ) | art97%)
classifiers | classification y

Compressed
Ejiifn' CNN/LSTM/BNN Low (tens of rlflfggfifd for o
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gateway hardware
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network MEC resource | modeled  at Not modeled | (network
slicin scheduling for e-health | network only)

& traffic layer Y
Fixed
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split offloading between tiers | empirically | empirically optimized
heuristics
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Proposed | LSTM + 5G URLLC unlink & accuracy formal multi-
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optimizer 2omp1;te confidence- optimization

downlink) | V¢

3. Proposed System Architecture

The proposed architecture (Fig. 1) comprises four functional layers connected by a 5G access network
and coordinated by a closed-loop latency—accuracy optimization engine.

1. Patient-Side Layer

Wearable ECG/PPG sensors and an inertial measurement unit (IMU) for motion-artifact context stream
physiological data over Bluetooth Low Energy (BLE) to a local gateway (smartphone or dedicated hub),
which performs lightweight preprocessing (bandpass filtering, R-peak segmentation) and packages
fixed-length windows for uplink transmission [15].

2. 5G RAN Access

Sensor windows are transmitted over a network-sliced 5G New Radio (NR) uplink provisioned as a
URLLC bearer, prioritized ahead of best-effort traffic through the gNB scheduler. Network slicing
isolates cardiac-alert traffic from other application classes sharing the same physical infrastructure,
bounding queuing delay at the radio layer [16].
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Fig. 1. Proposed edge-computing-enabled 5G architecture for remote cardiac prognostics.

3. Multi-Access Edge Computing (MEC) Node

A MEC node co-located with the 5G base station hosts a compressed CNN-LSTM prognostic model.
The CNN sub-network extracts local morphological features from each ECG window (QRS complex
shape, ST-segment deviation), and the LSTM sub-network models beat-to-beat temporal dependencies
relevant to rhythm classification. The model is compressed via structured channel pruning and INT8
post-training quantization to meet the edge node's latency budget [17].

4. Cloud Data Center and Optimization Engine

A full-precision model and longitudinal electronic health record (EHR) fusion service reside in the
cloud tier, invoked only when the edge model's softmax confidence falls below a calibrated threshold
[18]. The latency—accuracy optimization engine the central contribution of this work monitors
measured end-to-end latency and rolling diagnostic accuracy each control epoch and adjusts (i) the
active compressed-model configuration and (ii) the confidence threshold governing cloud escalation,
so that the operating point tracks the Pareto-optimal frontier described in Section IV. Classified outputs
and risk scores are finally delivered to a clinician dashboard and alerting layer for tele-cardiology review
[19].

4. Mathematical Formulation of the Latency—Accuracy Trade-off

1. End-to-End Latency Model

The end-to-end latency T total given in Equation 1 for a single inference is decomposed into five
additive components: sensing/preprocessing (T _sen), 5G uplink transmission (T up), edge/cloud
queuing (T_q), model inference/compute (T c), and downlink result delivery (T _down):

T total=T sen+T up+T q+T c+ T down @)

The uplink transmission delay is modeled using the Shannon-bound-derived achievable-rate
approximation for the allocated URLLC resource block is given in Equation 2:

T up=D/[B - log2(1 + SINR) ] 2)

where D is the payload size (bits) of a sensor window, B is the allocated bandwidth, and SINR is the
signal-to-interference-plus-noise ratio on the assigned resource block. Queuing delay T q is modeled
as an M/M/1 approximation at the MEC scheduler as given in Equation 3:

T q=p/[p(d-pl p=2r/p 3)

with A the arrival rate of inference requests at the edge node and p the service rate of the currently
selected model configuration [20]. Compute latency T c is a decreasing function of the model
compression ratio r (defined in Section IV-B) and is empirically characterized in Section VI.

2. Accuracy—Compression Model

Let r > 1 denote the compression ratio applied to the base (uncompressed) model through combined
structured pruning and quantization, and let Acc(r) denote the resulting diagnostic accuracy.
Empirically, accuracy degrades approximately log-linearly with compression beyond a critical ratio ro
and mentioned in equation 4:

Acc(r) = AccO — a - max(0, log2(r) — log2(r0)) 4

where Acc0 is the uncompressed model accuracy and a. is a degradation-rate coefficient fitted from the
empirical curve in Fig. 4. For the confidence-aware offloading policy, an inference is escalated to the
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cloud tier when the edge model's maximum softmax probability p_max falls below threshold 7 is given
in equation 5:

Decision = { Edge, if p max > 1 ;Cloud, if p max <t } (5)

The effective system accuracy Acc eff and effective latency T eff are then weighted combinations
governed by the escalation probability n(t), the fraction of inferences routed to the cloud tier is provided
I nequation 6 and 7:

Acc_eff(r, 1) = (1 — n(t)) - Acc_edge(r) + n(t) - Acc_cloud (6)

T eff(r,t)=(1 —xn(t)) - T edge(r) + n(t) - T cloud (7

3. Multi-Objective Optimization

The design problem is posed as a constrained bi-objective optimization [21], [22] over the compression
ratio r and escalation threshold t, minimizing latency while maximizing accuracy subject to a hard
URLLC latency ceiling T max and a minimum acceptable accuracy floor Acc_min is in equation 8 and
9:

minimize {T eff(r, t), —Acc_eff(r, 1) } (8)

subject to: T_eff(r, 1) <T max, Acc eff(r,1)>Acc min, 1<r<r max, 0<t<1 (9)

Because Equation (8)—(9) is non-convex in general (Acc eff and T eff are coupled through the
empirically fitted, piecewise curves , the Pareto-optimal frontier is approximated using NSGA-II, a
population-based evolutionary algorithm well suited to non-convex, non-differentiable multi-objective
problems. Each candidate solution (chromosome) encodes a (r, T) pair; fitness is evaluated via the
analytical latency model Eqn (1)—(3) combined with the empirical accuracy—compression curve Eqn
(4). The optimizer returns a Pareto front of non-dominated (r, T) configurations (visualized as the
'Proposed’ curve in Fig. 2), from which a single deployed operating point is selected using a knee-point
(maximum-curvature) heuristic that balances marginal accuracy gain against marginal latency cost [23].
5. Experimental Setup

The proposed framework was evaluated through a combined network-level and model-level simulation
study, coupling a discrete-event SG/MEC latency simulator with an offline-trained CNN-LSTM
classifier evaluated on standard ECG beat-classification benchmarks (MIT-BIH Arrhythmia Database
style annotations, five AAMI beat classes). The base (uncompressed) model comprises three 1-D
convolutional blocks (32/64/128 filters) followed by a two-layer LSTM (128 units) and a fully
connected softmax classifier [24], [25]. Structured channel pruning and INTS post-training quantization
were applied to generate the compressed-model family used in the compression sensitivity study. Table
2 summarizes the key simulation parameters.

Table 2. Simulation and network configuration parameters

Parameter Value Notes

5G carrier bandwidth (B) | 100 MHz n78 mid-band, URLLC-sliced sub-
allocation

Target air-interface <5 ms 3GPP URLLC one-way radio budget

latency

Sensor window length 10 s @ 360 Hz Single-lead ECG, 12-bit resolution

Payload per window (D) | =~5.4kb After lossless
preprocessing/compression

MEC node compute 8-core ARM-class | Representative of commercial MEC

edge accelerator

hardware

Base model size (AccO =
97.9%)

4.8 M parameters

FP32 baseline, uncompressed

Compression range (r) 1x—8% Structured pruning + INT8 quantization
Cloud model 22 M-parameter Full precision, GPU-served
CNN-LSTM
ensemble
Optimizer NSGA-II Population 80, 150 generations,
crossover 0.9
URLLC latency ceiling 50 ms Design constraint, Eq. (9)
(T max)
Minimum accuracy floor | 94% Design constraint, Eq. (9)
(Acc_min)
Concurrent patients per 10-200 Scalability study, Fig. 5

cell (evaluation range)
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All latency figures reported in Section VI are averaged over 2,000 simulated inference events per
configuration, with network conditions (SINR, background load) sampled from empirically
representative distributions for a moderately loaded urban 5G micro-cell. Diagnostic accuracy is
reported as five-class beat-level classification accuracy on a held-out test partition, consistent across all
compression configurations [26].

6. Results and Discussion

1. Latency—Accuracy Trade-off

Fig. 2 plots the Pareto fronts obtained for the three evaluated strategies. The cloud-only baseline clusters
tightly around 97.5-98.0% accuracy but at latencies of 180-260 ms, dominated by uplink/downlink
wide-area transmission. The static edge-only baseline reduces latency by roughly an order of magnitude
(22-52 ms) but accuracy is capped below 94% because the fixed compressed model cannot adapt to
case difficulty. The proposed adaptive scheme dominates the static edge-only front across its entire
range and closes most of the gap to cloud-level accuracy while remaining within one order of magnitude
of edge-only latency. The selected knee-point operating configuration delivers 95.7% accuracy at 42
ms — a 57.1% latency reduction relative to cloud-only inference (98 ms average, Fig. 3) for a 2.2
percentage-point accuracy reduction, and a 3.2 percentage-point accuracy improvement over the
comparable-latency static edge-only configuration [27].

Fig. 2 Latency-Accuracy Trade-off (Pareto Fronts)
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2. Latency Decomposition

Fig. 3 decomposes end-to-end latency by contributing stage. For cloud-only inference, uplink and
downlink wide-area transmission together account for 74 ms of the 98 ms total (75.5%), confirming
that transmission (not compute) dominates cloud latency. For the proposed adaptive scheme, compute
(18 ms) becomes the dominant term, while 5G URLLC-sliced uplink contributes only 7 ms, an 81.6%
reduction relative to the cloud-only uplink component, directly attributable to edge co-location and
network slicing prioritization.
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Fig. 3 End-to-End Latency Breakdown by Deployment Strategy

100 - 98 ms
n
£ 80 36
c
2
=
2
5 601 9
c
o
O 12
> 404 38 ms 36 ms
g 5
2
3 21
20 1 38 18
6 7
0 T T T
Cloud-only Edge-only Proposed
(static) (adaptive)

[ Sensing / preprocessing [0 Model inference (compute)
[ 5G uplink transmission [ Downlink / result delivery
[ Edge/cloud queuing

3. Effect of Model Compression

Fig. 4 characterizes the accuracy—latency sensitivity to compression ratio r, fitted using Eq. (4).
Accuracy degrades gently up to r = 3% (96.5%, within 1.4 points of the uncompressed baseline) and
then declines more steeply beyond r = 4x, consistent with the log-linear degradation model. Inference
time falls monotonically from 64 ms (r = 1x) to 9 ms (r = 8%). The recommended operating band (r €
[2.5, 3.5]) shaded in Fig. 4 was selected by the NSGA-II optimizer as it lies just before the steep
accuracy drop-off, maximizing the marginal latency benefit per unit of accuracy sacrificed.

00 Fig. 4 Effect of Model Compression on Accuracy and Inference Time
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4. Scalability Under Concurrent Patient Load

Fig. 5 evaluates mean end-to-end latency as the number of concurrently monitored patients per edge
cell increases from 10 to 200. The proposed scheme remains below the 50 ms URLLC target for up to
approximately 150 concurrent patients, after which MEC queuing delay (Eq. 3) begins to dominate as
utilization p approaches 1. The cloud-only baseline exceeds the URLLC target even at the lowest
evaluated load and degrades further under contention, reflecting its reliance on shared wide-area
infrastructure without local prioritization [28].
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5. Comparison with Baseline and Literature-Reported Configurations
Table 3 consolidates the operating-point comparison across strategies, and Table 4 benchmarks the
proposed knee-point configuration against representative latency/accuracy figures reported for cloud-
based and edge/fog-based approaches in the categories reviewed in Section II. While direct numerical
comparison across studies is confounded by differing datasets, hardware, and network assumptions, the
proposed scheme's combination of sub-50-ms latency with >95% accuracy falls in a operating region
not simultaneously achieved by either extreme-configuration category alone.

Table 3.

Summary of operating points across evaluated strategies
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Strategy Mean latency Accuracy Meets S50 ms | Max stable

URLLC target load
Cloud-only offloading | 98 ms (avg.) 97.8% No <10

patients/cell

Edge-only (static, 37 ms 92.5% Yes ~90
comparable latency) patients/cell
Proposed adaptive 42 ms 95.7% Yes ~150
edge—5G (knee point) patients/cell
Proposed adaptive 68 ms 97.6% No (marginal) ~60
edge—5G (max- patients/cell
accuracy point)

Table 4. Qualitative benchmarking against literature-reported configuration categories

Configuration Typical reported latency Typical Joint latency-

category reported | accuracy control
accuracy

Cloud DNN ECG Not reported end-to-end 97-99% | Not addressed

classifiers (compute-only, ~tens of ms)

Compressed edge/on- | 10-60 ms 90-95% | Not addressed

device classifiers

5G/MEC slicing Network-layer only, 1-10 ms | Not Network-only

studies radio budget applicable

Proposed adaptive 42 ms end-to-end (knee point) | 95.7% Explicit multi-

edge—5G scheme objective

optimization

6. Discussion

The results support three main observations. First, transmission delay rather than model compute
dominates cloud-only latency, so architectural relocation of inference (edge co-location) yields larger
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latency gains than model-level optimization alone. Second, the accuracy—compression relationship is
not linear: a moderate compression band (2.5x—3.5%) captures most of the achievable latency reduction
while sacrificing comparatively little accuracy, whereas aggressive compression beyond 4x yields
diminishing latency returns for disproportionate accuracy loss. Third, the confidence-threshold cloud-
escalation mechanism is what allows the proposed scheme to approach cloud-level accuracy without
cloud-level latency, since only a minority of ambiguous cases incur the wide-area round trip; the
majority of routine classifications are resolved entirely at the edge. A limitation of the present evaluation
is its reliance on simulation-based network and load modeling rather than a physical 5G testbed; field
validation under real RF propagation conditions, hardware-in-the-loop MEC nodes, and prospective
clinical data is identified as necessary follow-on work in Section VII.

7. Conclusion and Future Work

This paper presented an edge-computing-enabled 5G architecture for remote cardiac prognostics that
formally reconciles the competing objectives of inference latency and diagnostic accuracy through a
constrained multi-objective optimization solved with NSGA-II. By combining a compressed CNN—
LSTM edge model, 5SG URLLC network slicing, and a confidence-threshold cloud-escalation policy,
the proposed system achieves 95.7% diagnostic accuracy at 42 ms end-to-end latency — a 57.1%
latency reduction relative to cloud-only inference with only a 2.2 percentage-point accuracy cost — and
remains within the URLLC latency target for up to approximately 150 concurrently monitored patients
per edge cell, substantially outperforming both cloud-only and static edge-only baselines on the joint
latency—accuracy criterion.

Future work will pursue four directions: (i) validation on a physical SG/MEC testbed with real RF
channel conditions and hardware-accelerated inference to confirm the simulation-derived latency
model; (ii) prospective evaluation on multi-lead, multi-modal (ECG + PPG + accelerometer) patient
cohorts with clinician-adjudicated ground truth; (iii) extension of the optimization framework to jointly
schedule multiple concurrent patients with heterogeneous risk priorities under shared MEC resource
constraints; and (iv) investigation of federated and continual learning strategies to update the edge
model from distributed patient data without centralizing raw physiological signals, addressing data-
privacy constraints inherent to remote cardiac monitoring.
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