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ABSTRACT: 
Acute ischemic stroke and acute coronary 

syndrome are representative time-sensitive 

emergencies in which the interval from symptom 

onset to treatment strongly influences clinical 

outcome. This study designed a multimodal digital-

health platform that integrates a user’s voice-

reported symptoms with electroencephalography 

(EEG), electrocardiography (ECG), 

electromyography (EMG), electrooculography 

(EOG), peripheral oxygen saturation (SpO₂), and 

exploratory bioimpedance information to enable 

real-time monitoring of cardio-cerebrovascular risk 

and to support emergency medical response. 

The proposed platform was organized into four 

layers. Layer 1 performs voice input and symptom-

context extraction using the Web Speech API. 

Layer 2 acquires eight-channel EEG using the 

ADS1299, ECG using the AD8232, bilateral EMG 

using the INA128, EOG, and bioimpedance using 

the AD5933. Layer 3 executes FreeRTOS-based 

digital signal processing, and Layer 4 performs 

deep-learning classification, weighted multimodal 

risk fusion, and emergency-response linkage. For 

ECG, QRS complexes are detected with the Pan-

Tompkins algorithm, followed by extraction of 

heart rate (HR), standard deviation of normal-to-

normal intervals (SDNN), root mean square of 

successive differences (RMSSD), and an ST-

related feature. For EEG, signals are processed 

over 0.5-45 Hz and transformed using the fast 

Fourier transform (FFT) to calculate the delta-theta 

to alpha-beta ratio (DTABR) and brain symmetry 

index (BSI). Scalp bioimpedance is fitted with the 

Cole-Cole model to derive an exploratory 

glymphatic efficiency index (GEI). EEG 

classification is conceptually performed using the 

CNN-BiLSTM-based EEGStrokeNet, whereas 

ECG classification uses ECGMINet combining 

ResNet1D with squeeze-and-excitation blocks. The 

patient-side EEG circuit includes an ADS1299 

analog front end (AFE), electrostatic-discharge 

protection, independently maintained patient and 

system grounds, an approximately 2.5-kVrms 

digital isolation barrier, and a BLE communication 

module.The system architecture enabled voice 

input, EEG, ECG, EMG, EOG, and bioimpedance 

information to be integrated in a single real-time 

processing flow. In the EEG hardware, the patient-

side analog circuitry and the system-side digital 

circuitry were separated by an isolation barrier, and 

the eight-channel ADS1299 EEG stream was 

designed to traverse the barrier through an isolated 

SPI interface before reaching the BLE system side. 

The software prototype supported seven user 

environments: progressive web app (PWA), 

personal mobile application, healthcare-provider 

administrative dashboard, two-sided service 

platform, software as a service (SaaS), kiosk, and 

emergency medical services (EMS) field terminal. 

Cardio-cerebrovascular risk was designed as a 

weighted combination of EEG, ECG, EMG, EOG, 

and GEI risk probabilities. High-risk states were 

linked conceptually to GPS location, summarized 

biosignal information, an HL7 FHIR-based data 

package, and an emergency-alert workflow. The 

present results reflect system implementation and 

simulation rather than patient-level diagnostic 

sensitivity, specificity, or area under the curve 

(AUC).This study presents a technical framework 

for early prehospital detection of cardio-

cerebrovascular emergency risk by integrating 

voice-derived clinical context with multiple 

biosignals rather than relying on a single sensor 

focused only on the brain or heart. A key 

contribution is the integration of a patient-side 

isolated EEG circuit, edge signal processing, 

multimodal AI, and emergency medical 

information exchange within a single platform. 

Before clinical use, prospective calibration of the 

risk model, comparison with standard 12-lead 

ECG, stroke validation against CT/MRI-based 
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referencestandards, physiological validation of the 

GEI, formal electrical-safety testing, and real 

EMS/emergency-center integration testing are 

required. 

 

KEYWORDS: cardio-cerebrovascular disease; 

real-time monitoring; EEG; ECG; DTABR; BSI; 

voice AI; multimodal fusion; emergency medicine; 

digital health. 

 

I. INTRODUCTION 

 
Stroke and acute coronary syndrome are 

major cardio-cerebrovascular emergencies 

associated with substantial mortality and disability 

worldwide. In acute ischemic stroke, a shorter 

interval from symptom onset to reperfusion 

treatment is generally associated with better 

neurological outcomes. Likewise, in acute coronary 

syndrome, early symptom recognition, rapid ECG 

assessment, and prompt activation of the 

emergency medical system are essential.Recent 

advances in wearable sensors, mobile devices, 

Bluetooth Low Energy (BLE), edge computing, 

and artificial intelligence have enabled continuous 

biosignal monitoring outside the hospital. 

However, most commercially available wearable 

systems are centered on limited modalities such as 

heart rate or single-lead ECG, making it difficult to 

detect acute cerebrovascular and cardiovascular 

abnormalities within a unified framework[1,2,3]. 

In patients with stroke, EEG may show 

increased slow-wave activity together with reduced 

alpha and beta activity. The DTABR, which 

quantifies this spectral shift, and the BSI, which 

quantifies left-right hemispheric asymmetry, have 

been investigated in relation to stroke status and 

functional outcome. In contrast, ECG-derived QRS 

detection, heart-rate variability (HRV), and ST-T-

related features may provide information relevant 

to cardiovascular status.Another practical issue is 

that patients experiencing an emergency may be 

unable to navigate a complex user interface. If a 

conscious patient can verbally describe symptoms 

such as “my chest feels tight,” “one arm feels 

weak,” or “I cannot speak properly,” the symptom 

context may complement objective biosignals and 

support a risk estimate that more closely reflects 

the clinical situation than a single-sensor 

approach[4,5,6,7]. 

To address these challenges, the proposed 

platform integrates voice-derived symptom context, 

EEG, ECG, EMG, EOG, SpO₂, and scalp 

bioimpedance in a single system. The workflow 

begins with voice input and proceeds through the 

sensor layer, edge digital signal processing (DSP), 

AI analysis, integrated risk estimation, and 

emergency response within a four-layer 

architecture.In medical bioelectrical systems, 

algorithmic performance alone is insufficient; 

patient-side electrical safety and isolation are also 

fundamental. Accordingly, the proposed EEG 

hardware includes a digital-isolation structure that 

physically separates the patient-side analog front 

end from the system-side microcontroller unit 

(MCU) and communication circuitry.The 

objectives of this study were to: (1) propose an 

overall architecture for a multimodal cardio-

cerebrovascular monitoring platform; (2) define 

real-time ECG and EEG signal-processing 

algorithms; (3) present an electrically isolated 

patient-side EEG architecture; (4) integrate an 

exploratory GEI and multimodal AI framework; 

and (5) evaluate software- and system-level 

feasibility before prospective clinical 

testing[8,9,10,11]. 

 

II. Experimental Method 
2.1 Overall System Architecture 
The proposed system comprises four functional 

layers[12,13,14,15]. 

Layer 1: Voice Input and Clinical-Context 

Layer 
The patient’s speech is captured through a 

smartphone microphone and converted into text 

using the SpeechRecognition functionality of the 

Web Speech API.The target symptom categories 

include:Cerebrovascular symptoms: sudden 

headache, dizziness, visual disturbance, unilateral 

weakness, speech disturbance, and facial 

asymmetry.Cardiovascular symptoms: chest pain, 

chest pressure, radiation to the left arm, shoulder, 

or jaw, cold sweating, and dyspnea.Syncope-

related symptoms: presyncope, syncope, and 

altered consciousness.Symptom intensity: severe, 

very severe, extreme, or equivalent 

descriptors.Time of onset and symptom 

duration.Presence or absence of laterality.In the 

current simulation design, specific symptom 

keywords trigger virtual changes in DTABR, ST-

related values, and HR. This mechanism is 

intended for demonstration of system behavior 

rather than for creation of physiological 

measurements from speech.In a clinical 

implementation, voice information should not be 

used to generate actual ECG or EEG 

measurements. Therefore, the clinical-development 

model described in this manuscript defines speech 

as a symptom-context vector that is used as an 
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input independent from objectively measured 

biosignals. 

Four-layer signal-processing architecture of the 

voice-AI-based cardio-cerebrovascular 

platform[16,17,18]. 

 

 
Figure 1. Four-layer architecture of the proposed voice-

context and multimodal cardio-cerebrovascular 

emergency monitoring platform. Voice-derived symptom 

context is integrated with biosignal acquisition, edge 

DSP, and multimodal AI risk fusion. 

 

2.2 Patient-Side EEG Hardware 
An ADS1299 eight-channel analog front end was 

selected for EEG acquisition.The attached EEG 

circuit design is divided into five major functional 

areas: Electrode input and patient-side protection. 

ADS1299 EEG analog front end. Digital isolation 

barrier.nRF52840-based BLE communication 

circuitry on the system side. USB-C and battery 

power subsystem.Series resistors and electrostatic-

discharge protection devices are placed at the 

patient electrode inputs to protect the AFE from 

external electrostatic discharge and abnormal 

transient signals.The analog and digital supplies 

surrounding the ADS1299 are maintained within 

the patient-side isolated domain and are not directly 

connected to the digital ground of the system 

side.An approximately 2.5-kVrms digital isolation 

barrier is placed between the ADS1299 and MCU. 

CLK, START, CS, DIN, and PWDN/RESET 

signals propagate from the MCU toward the AFE, 

whereas DOUT and DRDY propagate from the 

AFE toward the MCU, thereby creating a 

bidirectional isolated digital interface. 

The circuit explicitly separates the patient-side 

ground, AGND_AFE_ISO, from the system-side 

digital ground, DGND_SYS.The overall platform 

concept uses the nRF5340 as the primary 

processing MCU; however, the attached standalone 

EEG board uses an nRF52840 BLE module as the 

system-side wireless node. In a product 

implementation, the nRF52840 may therefore 

operate as the wireless sensor node while the 

nRF5340 functions as a higher-level edge 

processor in a distributed architecture.EEG unit 

schematic: patient-side protection–ADS1299–

isolation barrier–BLE MCU architecture.Electrical 

isolation and PCB design alone do not demonstrate 

conformity with medical-device safety standards. A 

final product would require dedicated testing for 

leakage current, dielectric strength, creepage and 

clearance distances, and electromagnetic 

compatibility according to applicable standards 

including IEC 60601-1 and IEC 60601-1-2[18,19]. 

 

2.3 ECG Acquisition and Pan-Tompkins QRS 

Detection 
The ECG subsystem was designed around an 

AD8232-based Lead II configuration sampled at 

500 Hz.The Pan-Tompkins algorithm was 

implemented conceptually as a five-stage pipeline: 

Band-pass filtering → differentiation → squaring 

→ moving-window integration → adaptive 

thresholding, A 5-15 Hz band-pass region was used 

in the design to emphasize the frequency range in 

which QRS energy is concentrated. 

The differentiation stage was expressed as: 

 

y[n] = (2x[n] + x[n-1] - x[n-3] - 2x[n-4]) / 8 (1) 

 

This is followed by the squaring operation: 

 

y[n] = x[n]² (2) 

 

Squaring emphasizes steep slopes and removes the 

sign of the differentiated signal. At 500 Hz, a 150-

ms moving-integration window corresponds to 

approximately 75 samples.The adaptive threshold 

is updated dynamically according to estimated 

signal and noise levels: 

 

THR = Noise + 0.25 × (SignalLevel - Noise)  (3) 

 

ECG waveform, Pan-Tompkins QRS detection, 

HRV analysis, and ST-related feature extraction. 
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2.4 Heart-Rate Variability 
Consecutive RR intervals are calculated from the 

detected R peaks. 

SDNN 
SDNN = √[(1/(N-1)) × Σ(RRᵢ - RR̄)²] (4) 

RMSSD 
RMSSD = √[(1/(N-1)) × Σ(RRᵢ₊₁ - RRᵢ)²] (5) 

pNN50 
pNN50 = [count(|ΔRR| > 50 ms)/(N-1)] × 100% (6) 

 

For frequency-domain HRV, the design considers 

the low-frequency (LF) band at 0.04-0.15 Hz and 

the high-frequency (HF) band at 0.15-0.40 Hz. The 

LF/HF ratio should be interpreted as an auxiliary 

feature related to autonomic regulation rather than 

as a simple direct measure of sympathetic-

parasympathetic balance. 

 

 
Figure 2. EEG unit schematic. Patient-side electrode 

protection and the ADS1299 analog front end are 

electrically separated from system-side wireless 

electronics through a digital isolation barrier. Patient and 

system grounds are independently maintained. 

 

2.5 ST-Related Feature 
In the attached algorithm, an ST-related deviation 

is calculated as the voltage difference between a 

defined post-J-point location and the baseline: 

ST_dev = V(J + 80 ms) - V_baseline (7) 

However, ST deviation from a mobile single-lead 

ECG should not be used to establish a definitive 

diagnosis of ST-elevation myocardial infarction 

(STEMI) or non-ST-elevation myocardial 

infarction (NSTEMI). Therefore, the feature is 

defined in the medical-development model as an 

“ST-segment abnormality alert feature.” Following 

an emergency alert, the patient should be evaluated 

using a standard 12-lead ECG, clinical symptoms, 

and cardiac troponin testing[10,11]. 

 

2.6 EEG Signal Processing 
EEG acquisition is based on the ADS1299 eight-

channel, 24-bit ADC sampled at 256 Hz. The 

proposed electrode montage uses positions from 

the international 10-20 system, including F3, F4, 

Fz, Cz, T3/T7, T4/T8, P3, and P4.The 

preprocessing sequence is: Electrode-status and 

artifact assessment. 

2. 60-Hz notch filtering. 0.5-45 Hz band-pass  

filtering. Application of a Hanning window. 256- 

point FFT. Calculation of frequency-band power. 

 

The frequency bands are defined as follows: 
Band Frequency Range 
Delta 0.5-4 Hz 
Theta 4-8 Hz 
Alpha 8-13 Hz 
Beta 13-30 Hz 

Gamma 30-45 Hz 

 

Band power can be expressed as: 

P_band = Σ |X(k)|² Δf (8) 

 

2.7 Delta-Theta to Alpha-Beta Ratio 
DTABR is defined as the ratio between low-

frequency EEG activity and relatively faster 

activity: 

DTABR = (Pδ + Pθ) / (Pα + Pβ) 

When cortical function is impaired by cerebral 

ischemia, delta and theta activity may increase 

while alpha and beta activity decrease, potentially 

producing an increase in DTABR.[14] 

The current simulation uses the following 

preliminary ranges: 

• Normal: < 0.8. (9) 

• Attention: 0.8-1.5. (10) 

• High risk: > 1.5. (11) 

 

These values should be regarded only as initial 

simulation thresholds and should not be applied 

directly as patient-specific clinical cutoffs. Clinical 

development would require estimation of an 

optimal cutoff in a training cohort while accounting 

for age, lesion location, level of consciousness, 



 

  

International Journal of Humanities Social Science and Management (IJHSSM) 

Volume 6, Issue 5, Sep. – Oct., 2026, pp: 156-165                         ISSN: 3048-6874  

www.ijhssm.org                                                      

 

 

 

DOI: 10.5281/zenodo.22871738      | Impact Factor value 7.52 |   ISO 9001: 2008 Certified Journal      Page 160 

medications, sleep state, and recording montage, 

followed by validation in an independent cohort. 

2.8 Brain Symmetry Index 
The attached design emphasizes the alpha-beta 

power difference between the left and right 

temporal regions, including the T3/T4 channels, to 

calculate a simplified BSI: 

 

BSI = |P_L(α+β) - P_R(α+β)| / (P_L + P_R) (12) 

 

In unilateral cerebral ischemia, reduction of faster 

activity in the affected hemisphere may increase 

left-right asymmetry. Combining DTABR and BSI 

may therefore capture both generalized spectral 

slowing and hemispheric asymmetry. 

[Insert Figure 4] EEG 10-20 montage, FFT, 

DTABR, BSI, and EEGStrokeNetarchitecture.[9,12] 

 

 
Figure 3. ECG signal-processing pipeline. Pan-Tompkins 

QRS detection, RR-interval extraction, time- and 

frequency-domain HRV analysis, and ST-related feature 

calculation are sequentially performed. 

 

2.9 EEGStrokeNet 
The EEGStrokeNet input dimension in the attached 

design is: 

[B, 8, 1280] (13) 

This corresponds to eight channels recorded for 5 s 

at 256 Hz. 

The network architecture is: 

 

Spatial Conv2D → Temporal Conv1D × 3 → 

BiLSTM → Dense → Softmax (14) 

 

The spatial Conv2D layer extracts interchannel 

spatial information, whereas the temporal Conv1D 

layers use different kernel sizes to capture temporal 

features at multiple scales. The temporal 

convolution kernel sizes decrease sequentially from 

51 to 25 to 11 samples. 

A bidirectional LSTM with 128 units is followed 

by Dense layers (256 → 64) and dropout, 

producing class probabilities for normal, ischemic, 

and hemorrhagic patterns: 

 

P_EEG = [P_normal, P_ischemic, P_hemorrhagic] 

(15) 

 

Because no actual clinical training results are 

available at the current stage, accuracy, sensitivity, 

specificity, and AUC are not reported.[15] 

 

2.10 EMG Asymmetry 
Bilateral upper-limb EMG is designed to be 

measured under matched acquisition conditions. 

The root mean square is calculated as: 

 

RMS = √[(1/N) × Σ xᵢ²] (16) 

 

The EMG asymmetry index is defined as: 

 

AI_EMG = |RMS_L - RMS_R| / max(RMS_L, 

RMS_R) (17) 

This index may provide supplementary information 

when unilateral motor impairment is suspected and 

can be combined with EEG and voice-derived 

symptom information. However, motor weakness 

in patients with acute stroke is closely related to the 

ability to perform the motor task, and the reliability 

of this measure may decrease in unconscious or 

uncooperative patients. 

 

2.11 Electrooculography 
EOG is incorporated as an auxiliary modality for 

eye-movement detection and sleep-state analysis. 

In the proposed design, rapid eye movements 

during REM sleep and slow-wave EEG activity 

during NREM3 are linked conceptually with GEI 

analysis. A clinical sleep-stage classifier would 

require standard polysomnographic criteria using 

EEG, EOG, and EMG. 

 

2.12 Scalp Bioimpedance and Exploratory GEI 
The AD5933 impedance analyzer is configured to 

acquire a scalp impedance spectrum from 1 kHz to 

100 kHz. Complex impedance is expressed as: 
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Z = R + jX (18) 

|Z| = √(R² + X²) (19) 

φ = tan⁻¹(X/R) (20) 

 

The frequency-dependent tissue response is fitted 

using the Cole-Cole model: 

 

Z(ω) = R∞ + (R₀ - R∞) / [1 + (jωτ)^(1-α)] (21) 

 

Here, R₀ represents the low-frequency resistance, 

R∞ the high-frequency resistance, τ the relaxation 

time, and α the dispersion coefficient. 

The exploratory GEI defined in the source design 

is: 

 

GEI = 1 - (Z_ac / Z_dc) × k (22) 

 

Here, Z_ac denotes low-frequency impedance 

variability, Z_dc denotes baseline impedance, and 

k is a correction factor.AD5933, Cole-Cole model, 

and exploratory GEI measurement framework. 

GEI is a newly proposed research index in this 

study and is not an established clinical biomarker 

of glymphatic function. Therefore, categories such 

as GEI < 0.4 in the source design should be treated 

only as preliminary educational or simulation 

thresholds and should not be used to diagnose 

amyloid-β accumulation directly. 

 

2.13 Optional NIRS Measurement 
The source design includes optional 

multiwavelength near-infrared spectroscopy 

(NIRS) at 660, 730, 810, and 850 nm to support 

interpretation of bioimpedance measurements. 

The modified Beer-Lambert relationship can be 

expressed as: 

 

ΔOD = ε × Δc × L × DPF (23) 

 

This relationship can be used to estimate relative 

changes in oxyhemoglobin and deoxyhemoglobin, 

allowing future investigation of whether blood-

flow-related components can be separated from or 

used to correct scalp bioimpedance variability. 

2.14 ECGMINet 
The conceptual ECG AI model is a 1D deep neural 

network that receives a 5-s ECG segment sampled 

at 500 Hz. 

Input: 
[B, 1, 2500] (25) 

Model architecture: 
Conv1D → ResNet1D → Squeeze-and-Excitation 

→ Global Average Pooling → Dense → Softmax 

The ResNet1D feature channels expand from 64 to 

128 to 256 to 512. Squeeze-and-excitation learns 

channel-wise importance and recalibrates cardiac 

waveform features.For research purposes, the 

model output is represented as: 

 

P_ECG = [P_normal, P_STEMI-pattern, 

P_NSTEMI-pattern] (26) 

 

The STEMI/NSTEMI outputs of a single-lead ECG 

model should be interpreted as AI pattern 

probabilities rather than definitive clinical 

diagnoses. 

 

2.15 Multimodal Risk Fusion 

The source design describes the following 

multimodal fusion equation: 

 

W_total = 0.35R_EEG + 0.35R_ECG + 

0.15R_EMG + 0.05R_EOG + 0.10R_GEI  (27) 

 

When both EEG and ECG risks exceed 60%, a 

compound-risk adjustment is applied: 

 

W_total* = 1.25 × W_total (28) 

 

Strictly speaking, this expression is a fixed 

weighted-sum multimodal risk-fusion model rather 

than a Bayesian model that calculates a posterior 

probability. Accordingly, the manuscript refers to 

this component as “weighted multimodal fusion.” 

In future training cohorts, the weights should be re-

estimated using approaches such as logistic 

regression, Bayesian networks, gradient boosting, 

or neural fusion models. 

 

2.16 Risk Levels 

The initial development thresholds are summarized 

below: 
Integrated Risk System Status Proposed Action 

0-30% Normal 
Continue routine 

monitoring 

30-60% Attention 

Repeat 

measurement and 
observe the trend 

60-80% Warning 

Clinical review by a 

healthcare 

professional 

≥80% Emergency 

Activate the 

emergency-

response protocol 

 

These thresholds are development parameters and 

have not been clinically validated. 

2.17 Emergency-Response Process 

When a high-risk event is detected, the intended 

workflow is: Verify biosignal quality, Recalculate 
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the integrated risk score. Confirm voice-reported 

symptoms and symptom-onset time. Acquire GPS 

location. Generate a concise summary of critical 

biosignal features. Structure the information using 

HL7 FHIR. Alert the user and designated 

caregiver.. Request linkage with a healthcare 

institution or EMS. Open a remote-monitoring 

channel. Store the event log.Actual automated calls 

to the Korean 119 emergency service or direct 

transmission to an emergency department would 

require an official application programming 

interface, institutional agreements, privacy 

safeguards, and legal authorization. Therefore, 

emergency linkage in the present prototype is 

defined as a simulation endpoint. 

 

2.18 HL7 FHIR Data Structure 

Derived biosignal information is designed to be 

encoded as HL7 FHIR Observation resources. 

Potential transmitted variables 

include:HR,SpO₂.RR interval.SDNN.RMSSD.ST-

related 

feature.DTABR.BSI.EMGasymmetry.GEI.Signal-

quality indicator.Integrated risk score.Timestamp. 

Because raw EEG and ECG are high-volume data 

streams, emergency transmission can prioritize 

derived features and short waveform segments, 

while the complete raw data can be synchronized 

later or streamed through a separate channel. 

 

2.19 Software Platform 

The HTML-based prototype supports seven 

deployment modes: PWA. Patient-facing mobile 

application. Hospital B2B administrative 

dashboard.. Two-sided healthcare-service 

platform..SaaS.. Kiosk. EMS field terminal.The 

real-time interface displays HR, SpO₂, DTABR, 

ST-related values, and integrated risk, and 

dynamically renders EEG and ECG waveforms. 

Voice input, BLE state, emergency buttons, GPS, 

remote connection, and bystander-alert user-

interface elements are also integrated. 

2.20 System Validation Plan 

A three-stage validation strategy is proposed.Stage 

I: Bench TestingQRS detection using an ECG 

simulator.HR error.RR-interval error.ST-feature 

measurement error.EEG sine-wave frequency 

reconstruction.FFT band-power error.BSI 

reproducibility.AD5933 impedance-phantom 

testing.BLE packet loss.End-to-end 

latency.Batterylife.Isolation and leakage testing. 

Stage II: Validation Using Existing Datasets 

Public EEG and ECG datasets should be used to 

evaluate the internal performance of the AI models. 

Recommended metrics include: 

Sensitivity = TP / (TP + FN)  (29) 

Specificity = TN / (TN + FP)  (30) 

PPV = TP / (TP + FP)  (31) 

NPV = TN / (TN + FN)  (32) 

Additional performance metrics should include 

ROC-AUC, PR-AUC, F1 score, and confusion 

matrices. 

Stage III: Prospective Clinical Study 

For patients with suspected stroke, potential 

reference standards include:NIH Stroke Scale 

(NIHSS).Brain CT.CT angiography.Diffusion-

weighted MRI.Final neurological diagnosis. 

For patients with suspected acute coronary 

syndrome, potential reference standards 

include:Standard 12-lead ECG.High-sensitivity 

cardiac 

troponin.Echocardiography.Coronaryangiography.

Final cardiology diagnosis. 

 

 
Figure 4. Quantitative EEG processing and 

EEGStrokeNet architecture. EEG band powers, DTABR, 

and BSI are calculated after preprocessing and FFT, 

followed by CNN-BiLSTM-based pattern classification. 

 

Ⅲ. Results 
3.1 Overall System Implementation 

Based on the source materials, a four-layer 

platform was implemented conceptually in which 
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voice input, sensors, DSP, AI, and emergency-

response functions are connected in a continuous 

workflow. In contrast to single-ECG or single-EEG 

systems, the platform was designed to assess 

cardiac and cerebral status within a common 

emergency pathway. 

 

3.2 EEG Circuit Implementation 

The EEG circuit defines the pathway from 

the patient electrodes to the ADS1299 as the 

patient-side isolated domain, while the MCU, BLE 

module, and system power remain in the non-

patient system domain. A digital isolation barrier is 

positioned between the patient and system sides, 

and SPI control/data lines cross this barrier. This 

arrangement functionally separates low-level 

biopotential acquisition from digital 

communication and reflects the dual design goals 

of low-noise EEG acquisition and patient safety. 

 

3.3 Real-Time Signal-Processing Structure 

For ECG, RR intervals and HRV indices 

are updated continuously after QRS detection, and 

an ST-related feature is analyzed in parallel. For 

EEG, each analysis window undergoes FFT-based 

computation of delta, theta, alpha, beta, and gamma 

power, followed by updating of DTABR and BSI. 

Time-domain ECG information and frequency-

domain EEG information can therefore be 

forwarded together to a common risk-fusion layer. 

3.4 Mobile User Interface 

The platform interface was designed to change 

real-time risk indicators according to HR, SpO₂, 

DTABR, and ST-related status. Normal, attention, 

warning, and emergency states are visually 

distinguished, and the emergency state is designed 

to guide the user toward immediate action. 

 

3.5 Multi-Platform Implementation 

A single HTML codebase was designed to 

represent different clinical environments, including 

a personal smartphone, healthcare-provider 

administrator screen, kiosk, and EMS field 

terminal. This provides the advantage of 

maintaining a common signal-processing backend 

while changing the user interface according to user 

role. 

 

3.6 Current Level of Validation 

The materials currently available consist 

of system-design documentation, circuit 

schematics, algorithmic architecture, and a 

functional software prototype. Accordingly, the 

following clinical-performance outcomes cannot 

yet be reported:Stroke sensitivity.Stroke 

specificity.STEMI sensitivity.False-positive 

rate.ROC-AUC.External-validation 

ccuracy.Mortality reduction.Reduction in door-to-

treatment time.The present work should therefore 

be regarded as an engineering design and 

simulation-based feasibility study rather than a 

clinical efficacy study. 

 

Ⅳ. Discussion 
This study proposes a platform that 

integrates multiple biosignals with voice-derived 

clinical context to assess cardiovascular and 

cerebrovascular risk within a single emergency 

framework.The first distinctive feature is the 

processing of ECG and EEG within the same 

emergency workflow. ECG reflects cardiac 

electrophysiology but does not directly evaluate an 

acute neurological abnormality; conversely, EEG is 

sensitive to changes in cortical function but does 

not assess acute myocardial ischemia. Combining 

these modalities may partially mitigate the 

limitations of a single signal source. 

The second feature is the use of 

computationally lightweight quantitative EEG 

indices, including DTABR and BSI, that can be 

updated at the edge in real time. Higher DTABR 

and greater hemispheric asymmetry have been 

investigated in relation to neurological injury and 

outcome after stroke. Nevertheless, these measures 

cannot replace CT or MRI and are more 

appropriately considered features for prehospital 

screening and trend monitoring. 

The third feature is the integration of 

voice information with biosignals. Patients 

experiencing an emergency may find it difficult to 

manipulate a device, and a voice interface may 

improve accessibility. However, physiological 

measurements should remain independent from 

values inferred from speech. For this reason, the 

present manuscript redefines voice input as a 

clinical-context prior rather than a surrogate for 

measured ECG or EEG.The fourth feature is the 

inclusion of electrical isolation in the patient-side 

EEG architecture. A bioelectrical device that 

focuses only on algorithms and interface design, 

while ignoring patient-side safety circuitry, faces 

substantial barriers to medical-device translation. 

The source circuit incorporates patient-side 

protection, isolated power and ground, and digital 

isolation at the system-design stage.However, the 

current circuit cannot be assumed to satisfy IEC 

60601 requirements. In addition to the isolation 

rating of the digital isolator, complete verification 

must consider PCB creepage and clearance, 

applied-part classification, leakage current, patient 
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auxiliary current, single-fault conditions, 

electromagnetic compatibility, and the complete 

power architecture. 

The fifth feature is the addition of the exploratory 

GEI.The relationship between sleep, 

cerebrospinal/interstitial-fluid exchange, and brain-

waste clearance is an important topic in 

neuroscience. Nevertheless, a standardized 

wearable method for direct noninvasive 

measurement of human glymphatic clearance has 

not been established. Accordingly, scalp-

impedance-derived GEI may provide a research 

hypothesis but should not currently be interpreted 

as a diagnostic biomarker.Scalp impedance can 

also be altered by skin hydration, sweating, 

electrode contact, scalp blood flow, respiration, 

cardiac pulsation, posture, and temperature. Future 

studies must therefore quantify and separate these 

confounders before a physiological interpretation 

of GEI can be established.The sixth feature is the 

connection between edge AI and emergency 

medical informatics. The nRF5340 separates 

application-core and network-core functions, 

enabling DSP/AI processing and wireless 

communication tasks to be partitioned. Its security 

functions, including TrustZone and CryptoCell-

312, are also relevant to medical IoT design. For 

emergency transmission, sending risk scores, 

signal-quality information, and essential waveform 

segments before the full raw signal may reduce 

delay under constrained network conditions. 

 

Figure 5. Exploratory bioimpedance-based GEI 

framework. Multi-frequency impedance measurement, 

Cole-Cole fitting, EOG/EEG-based sleep-state 

information, and optional NIRS information are 

integrated. 

 

Ⅴ. Potential  ClinicalApplicatios 
If clinically validated, the system could 

support several use scenarios.Prehospital 

Setting,When a patient reports sudden chest pain 

or unilateral weakness, the system could record the 

spoken symptom description and simultaneously 

analyze ECG, EEG, and SpO₂ to support the 

decision to activate EMS.Home Monitoring of 

High-Risk Individuals,Longitudinal trends could 

be monitored in individuals at increased risk of 

stroke or coronary artery disease.Ambulance,An 

EMS field terminal could transmit ECG, EEG, and 

selected biosignal summaries, potentially allowing 

receiving clinicians to review the patient’s 

physiological status before hospital 

arrival,Emergency Department. 

A provider dashboard could support simultaneous 

observation of multiple monitored patients as an 

adjunct to standard clinical assessment. 

 

Ⅵ. Limitations 
This study has several limitations.No prospective 

performance evaluation using actual patient data 

has been completed.The EEGStrokeNet and 

ECGMINet architectures are defined conceptually, 

but no external clinical validation results are 

available.GEI is a newly proposed research index 

whose clinical validity has not been 

established.Single-lead ECG cannot replace a 

standard 12-lead ECG.DTABR and BSI thresholds 

may vary according to device characteristics, 

electrode configuration, reference method, and 

patient-specific factors.Current 119, hospital, and 

bystander alerts are prototype-level workflows and 

have not been validated with national emergency 

communication infrastructure.The isolation 

structure remains at the design stage, and formal 

IEC 60601-based safety test results are not yet 

available.The fixed weighted risk equation has not 

been optimized using clinical data and therefore 

requires calibration in an appropriate clinical 

cohort. 

 

Ⅶ. Future Research 
Future work should address the following 

priorities. 

Perform bench validation using an ECG simulator 

and EEG signal generator.Independently validate 

EEGStrokeNet and ECGMINet using public EEG 
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and ECG datasets.Build a cardio-cerebrovascular 

symptom NLP dataset and evaluate the 

classification performance of the voice-AI 

component.Validate GEI stepwise using impedance 

phantoms, repeat measurements in healthy 

volunteers, polysomnography, and MRI-based 

physiological surrogates.In prospective clinical 

trials, consider primary endpoints including acute 

stroke-detection sensitivity, high-risk acute-

coronary-syndrome detection sensitivity, false 

alarms per patient-day, alarm-to-clinician time, 

AUROC, and calibration error. Separate training, 

validation, and independent test cohorts at the 

patient level for all AI models.Add explainable-AI 

methods such as SHAP, saliency mapping, or 

feature attribution so clinicians can understand the 

basis of generated alerts. 

 

Ⅷ. Conclusion 
This study designed a real-time cardio-

cerebrovascular monitoring and emergency-

response platform combining voice-derived clinical 

context, EEG, ECG, EMG, EOG, SpO₂, and 

exploratory bioimpedance. The proposed 

architecture integrates an ADS1299-based patient-

side EEG circuit, electrical isolation, BLE wireless 

communication, Pan-Tompkins ECG analysis, 

quantitative-EEG DTABR and BSI, CNN-

BiLSTM-based EEG analysis, ResNet1D-SE-based 

ECG analysis, and multimodal risk fusion within a 

single system.The central concept of the platform is 

not to allow AI to replace clinical diagnosis, but to 

detect multiple risk signals as early as possible in 

the prehospital phase and to transmit them to 

healthcare professionals. The current results 

demonstrate technical design and prototype 

implementation rather than clinical diagnostic 

performance. With staged bench validation, public-

dataset evaluation, prospective clinical trials, and 

medical-device safety verification, the platform 

could potentially evolve into a next-generation 

digital emergency-care system intended to improve 

early recognition of cardio-cerebrovascular 

emergencies and reduce information discontinuity 

between EMS and emergency departments. 
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