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ABSTRACT

The development of an integrated emergency alert system for
asthmatic patients hinges upon overcoming critical data quality
challenges inherent in consumer-grade wearable technology.
This report surveys the foundational science and engineering
required, synthesizing methodologies from cardiovascular
monitoring (Atrial Fibrillation (AF) and Out-of-Hospital Cardiac
Arrest (OHCA) detection) to address the unique difficulties
posed by respiratory signal acquisition. The ubiquitous
Photoplethysmography (PPG) technology, while reliable for
heart rate (HR) estimation (yielding 99.2% usable data during
monitoring), fails critically when tasked with continuous
respiratory rate (RR) extraction, offering only 17.6% usable data
in ambulatory settings. This technical limitation mandates a
paradigm shift: predictive models must pivot from direct RR
measurement to highly reliable surrogate markers, primarily
Heart Rate Variability (HRV), which captures stress and
autonomic imbalance, correlated precursors to exacerbation.
Advanced signal processing frameworks, such as TROIKA,
demonstrate the ability to achieve high HR fidelity (2.34 beats
per minute average absolute error) even during intensive motion,
setting a benchmark for required robustness. Architecturally, the
system must employ a tiered alert model, incorporating machine
learning prediction, immediate physiological crisis detection, a
user-cancellation mechanism derived from OHCA systems, and
integration with telehealth services, which have proven critical
for maintaining patient adherence and improving asthma
outcomes. Success requires resolving the technical disparity in
sensor quality and establishing a user-centric design that
mitigates anxiety and ensures long-term engagement.
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1. INTRODUCTION

Asthma, a chronic inflammatory disorder of the airways,
represents a significant global health challenge, affecting
approximately 334 million individuals worldwide and
contributing to substantial morbidity and mortality [1].
Characterized by recurrent episodes of wheezing, shortness of
breath, chest tightness, and cough, asthma's pathophysiology
involves complex interactions between genetic predispositions
and environmental triggers, including allergens, pollutants, and
respiratory infections [2]. In Sub-Saharan Africa (SSA), the
burden is particularly acute, with prevalence rates ranging from
6% to 20% in urban and rural settings, exacerbated by factors
such as biomass fuel exposure, poor air quality, and limited
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access to healthcare infrastructure [3]. The World Health
Organization (WHO) estimates that asthma accounts for over 13
million disability-adjusted life years (DALYSs) lost annually in
low- and middle-income countries, underscoring the need for
innovative, cost-effective monitoring solutions [4].

Traditional asthma management relies on episodic clinical
assessments, peak flow measurements, and patient self-reporting,
which often fail to capture real-time physiological changes or
environmental triggers, leading to delayed interventions and
preventable exacerbations [5]. From a computer science
perspective, the integration of artificial intelligence (Al) and
wearable technologies offers a transformative approach to
continuous monitoring and predictive analytics. Wearable
devices, such as smartwatches equipped with
photoplethysmography (PPG) sensors, enable non-invasive
tracking of vital signs like heart rate variability (HRV),
peripheral oxygen saturation (SpO:), and physical activity,
providing multimodal data streams for Al-driven analysis [6],

[7].

Recent advancements have demonstrated the efficacy of these
technologies in detecting asthma-related anomalies. For instance,
PPG-based algorithms in devices like the Apple Watch Series 6
have shown strong correlations (r = 0.89 for SpO-) with medical-
grade pulse oximeters, facilitating hypoxemia detection during
exacerbations [8]. Similarly, convolutional neural networks
(CNNs applied to PPG signals have achieved low root mean
square errors (RMSE) in predicting peak expiratory flow rates
(PEFR), a key asthma metric [9]. Machine learning models,
including Random Forest and XGBoost, have been employed for
personalized trigger identification, with accuracies exceeding
83% in identifying environmental factors like particulate matter
(PM2.5) and pollen [10], [11].

In SSA, where urban pollution and rural biomass smoke amplify
asthma risks, Al-wearable systems could bridge diagnostic gaps
through low-cost IoT integrations [12]. Studies using genetic
algorithms for sensor optimization have improved feature
selection from noisy wearable data, enhancing prediction models
for exacerbation risks [13]. However, challenges such as data
scarcity, algorithmic biases, and infrastructure limitations persist,
necessitating context-specific adaptations like edge computing
for offline processing [14].

This paper reviews these advancements from a computer science
lens, focusing on Al algorithms, sensor fusion techniques, and
SSA applications. Section 2 surveys related works, Section 3
details wearable technologies, Section 4 explores Al models,
Section 5 presents SSA case studies, and Section 6 discusses
challenges and future directions.

2.SURVEY METHODOLOGY

This systematic literature review was conducted to evaluate the
state-of-the-art in integrated emergency alert systems for asthma,
focusing on the transition from direct respiratory rate (RR)
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measurement to high-fidelity surrogate markers like Heart Rate
Variability (HRV).

2.1 Search Strategy and Data Sources

A comprehensive search was executed across primary electronic
databases, including IEEE Xplore, PubMed, Google Scholar, and
ACM Digital Library. The search focused on peer-reviewed
journals and conference proceedings published between 2015
and 2025 to capture the most recent advancements in wearable
computing and Al-driven asthma management.

2.2 Keywords and Selection Criteria

The search utilized a combination of Boolean operators (AND,
OR) with the following index terms: “Asthma,” “Wearable
Computing,” “Photoplethysmography (PPG),” “Heart Rate
Variability (HRV),” “Emergency Alert System,” and “Signal

Processing”.
Inclusion Criteria: Studies were included if they focused on:

e  Wearable sensor integration for asthma or related
cardiovascular-respiratory conditions.

e  Machine learning (ML) or deep learning (DL) models
for exacerbation prediction or crisis detection.

e  Signal processing frameworks (e.g., TROIKA) for
motion-artifact cancellation.

Exclusion Criteria: Papers focusing on non-ambulatory clinical
equipment, animal studies, or general reviews without specific
algorithmic performance metrics were excluded.

2.3 Data Extraction and Synthesis
From the initial corpus, 40 core papers were selected for deep
analysis. Data extraction focused on:

e  Sensor Reliability: Usability rates for PPG, ECG, and
SpOz.

e  Algorithmic Performance: Accuracy and sensitivity of
models such as XGBoost, Random Forest, and CNNs.

e Architectural Features: The use of tiered alert models
and user-cancellation mechanisms.

2.4 Quality Assessment

Studies were benchmarked based on their handling of the
"Reliability Gap"—the disparity between the 99.2% usability of
HR data versus the 17.6% usability of direct RR extraction in
high-motion environments. Preference was given to studies
validating their models against medical-grade standards (e.g.,
Apple Watch SpO: correlations of r=0.89).

3.THEORETICAL FOUNDATIONS AND
CORE MODALITIES

The development of an integrated alert system necessitates a
multi-parametric approach to physiological sensing. This section
outlines the principles of the core modalities and the
mathematical models governing signal integrity.

3.1 Photoplethysmography (PPG)

Principles PPG is an opto-electronic technique that measures
blood volume changes in the microvascular bed of tissue. In
wearable devices, green light-emitting diodes (LEDs) illuminate
the skin, and a photodiode measures the intensity of light
reflected back. The signal consists of a DC component (reflecting
bulk tissue absorption) and an AC component (reflecting the
pulsatile arterial blood flow).

The primary challenge in asthma monitoring is the corruption of
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the AC component by Motion Artifacts (MA). The quality of the
signal is quantified by the Signal-to-Noise Ratio (SNR):

Y. Pignalf)
E F ncm(f ) 0

Where Psignal(f) represents the power spectral density of the heart
rate component and Proise(f) represents the power spectral density
of the motion artifacts and background noise.

SNR =10 lﬂgm

3.2 Cardiovascular-Respiratory Coupling
While direct Respiratory Rate (RR) extraction from PPG is often
unreliable in ambulatory settings (17.6% usability), the
Autonomic Nervous System (ANS) provides a bridge via
cardiovascular-respiratory ~ coupling.  Respiratory  Sinus
Arrhythmia (RSA) causes the heart rate to increase during
inspiration and decrease during expiration. This relationship
allows Heart Rate Variability (HRV) to serve as a high-fidelity
surrogate for respiratory stress.

3.2.1 Respiratory Sinus Arrhythmia (RSA)

RSA is the naturally occurring variation in heart rate during a
breathing cycle. Under normal conditions:

e Inspiration: The vagus nerve is inhibited, causing
the heart rate to increase.

e Expiration: Vagal tone increases, causing the
heart rate to decrease.

In asthmatic patients, the onset of bronchoconstriction disrupts
this rhythmic modulation. As respiratory effort increases to
overcome airway resistance, the autonomic nervous system
(ANS) shifts toward sympathetic dominance, leading to a
measurable "flattening" of HRV.

3.2.2 Autonomic Stress Response

Respiratory distress acts as a physiological stressor that triggers
the fight-or-flight response. This results in a reduction of the
RMSSD (Root Mean Square of Successive Differences) and an
increase in the LF/HF ratio (Low Frequency to High Frequency
ratio).

The mathematical correlation between the breathing rate (fr) and
the heart rate power spectrum is defined by the peak frequency
in the High Frequency (HF) band (0.15-0.40 Hz):

Frespiratory = fpeak HF
2

The standard time-domain metric for assessing this autonomic
balance is the Root Mean Square of Successive Differences
(RMSSD):

N-1

1
> (RRi;1 — RRy)?
i=1

D=4 ——
RMSS N1+

3
Where RR; is the time interval between successive heartbeats (R-
peaks) and N is the total number of intervals.

54



3.3 Accelerometry and Contextual Sensor

Fusion

To maintain the accuracy of the metrics described in (1) and (2),
the system must account for the user's physical state. Three-axis
accelerometers measure gravitational forces and linear
acceleration, providing the motion reference needed to clean
PPG signals.

The fusion of PPG and Accelerometry (ACC) is mathematically
modelled as a joint sparse signal recovery problem. The observed
noisy signal y is represented as:

y=®xr+v
Q)

In this framework, @ is a redundant dictionary of sine and cosine
bases, x is the sparse vector representing the true cardiac
frequency, and v is the motion noise. By solving for x, the system
can isolate the heart rate even during intensive physical exercise,
which is a common trigger for Exercise-Induced
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Bronchoconstriction (EIB).

3.4 Peripheral Oxygen Saturation (SpO:)
SpO: monitoring is critical for detecting hypoxemia during acute
asthma attacks. Using the ratio of red to infrared light absorption
(the "Ratio of Ratios" or R), the saturation is calculated as:

SPOQZA—B'R
S

Where A and B are empirically derived calibration constants.
High-fidelity SpO: measurement (correlating at r=0.89 with
medical devices) provides the "immediate physiological crisis
detection" tier of the alert system.

3.5 Summary of Signal Reliability

The feasibility of an integrated alert system depends on the
reliability of these markers. As shown in Table 1, the pivot
toward HRV is technically mandated due to the "Reliability Gap"
of direct respiratory monitoring.

Table 1. Reliability and Usability of Physiological Markers in Ambulatory Settings

Parameter Detection Method gji;blhty Rate Clinical Significance
(]
Heart Rate (HR) Wrist PPG 99.2% Baseline metabolic stress indicator
SpO: Pulse Oximetry 98.8% Primary indicator of acute hypoxia
HRV Derived PPG 94.5% Predictor of autonomic (ANS) stress
Respiratory Rate Derived PPG 17.6% Direct indicator of lung function (High

Noise)

4. Al MODELS AND COMPARATIVE
ANALYSIS

The transition from raw signal acquisition to actionable
emergency alerts requires robust classification and prediction
models. This section provides a comparative analysis of the
machine learning (ML) architectures identified in the literature,
evaluating their performance based on accuracy, sensitivity, and
computational cost.

4.1 Algorithmic Benchmarking and
Performance Ranking

Before we dive into the algorithmic performance ranking, let us
take a look at the reviewed papers as well as all the algorithms
used in those papers.

A summary of the key asthma-related papers from the ~40 papers
was carried out. Summaries are derived from abstracts,
introductions, and key sections on pages 1-2 of each document.
Only papers with a primary focus on asthma (based on titles and
content) are included. Non-asthma files (e.g., hypoglycemia
detection, PTSD, general tech reviews) are excluded. Each
summary highlights the core objective, methods, findings, and
implications.

Table 2. Summary of Key Asthma Papers (most recent)

Paper Name Year Authors Title/Key Topic Summary of methodology
asthma-prediction-using- 2021 | Kumar et al. Asthma Prediction Using | Proposes ML models (Logistic Regression,
machine-learning- Machine Learning RF, DT, NB) on 278k records for asthma
3£52n1nxv0.pdf risk prediction. Logistic Regression

achieves highest accuracy. Emphasizes
early prediction to improve outcomes and
reduce misdiagnosis.

assessing-adherence-to- 2022 | Dhruve & | Assessing Adherence to | Reviews EMDs for ICS adherence;
inhaled-therapies-in-asthma- Jackson Inhaled Therapies in | identifies intentional/unintentional non-
and-the-2x1d6h8d.pdf Asthma and Electronic | adherence. EMDs improve outcomes by

Monitoring Devices distinguishing  difficult-to-control  vs.

severe asthma. Calls for more evidence on
clinical impacts.

Pediatric  Pulmonology - | 2020 | Lin etal. Telehealth Delivery of | 6-month study using VBT and EMDs in 21
2020 - Lin - Telehealth Adherence and | inner-city children; improves CASI scores
delivery of adherence and Medication Management | and adherence. Feasibility shown with
medication management System Improves | 100% retention; model for underserved

system improves outcomes Outcomes in Inner-City
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in.pdf Children with Asthma populations.
machine-learning-based- 2021 | Bhatet al. Machine Learning-Based | CNN predicts PEFR risk
asthma-risk-prediction- Asthma Risk Prediction | (Green/Yellow/Red) using indoor PM2.5
using-iot-and- Using IoT and | and weather; outperforms DNN. IoT-
3k7jr3nu9n.pdf Smartphone Applications | smartphone app for real-time risk; cost-
effective for asthma attacks.
design-of-asthma-detection- | 2020 | Indriani et al. Design  of  Asthma | Device categorizes asthma via HR/SpO2;
devices-through-heart-rate- Detection Devices | error <2% (SpO2) and <5% (HR). SMS
and-vivOrjqmpx.pdf Through Heart Rate and | notifications for attacks; suitable for
Oxygen Saturation monitoring diagnosed patients.
Current technological | 2024 | Hakizimanaetal. | Current  Technological | Reviews tech (wearables, Al, apps) for
advancement in asthma Advancement in Asthma | diagnosis/monitoring; potential for
care.pdf Care precision medicine but implementation
challenges. Focus on underserved
populations.
Allergy - 2020 - Cevhertas - | 2020 | Cevhertas et al. Advances and Recent | Discusses prevalence, risk factors (e.g.,
Advances and recent Developments in Asthma | genetics, environment), mechanisms,
developments in asthma in in 2020 diagnosis, treatments; highlights
2020.pdf biomarkers, biologics, and COVID-19
links.
pone.0222281.pdf 2019 | Ozoh et al. The  Prevalence  of | Nationwide survey (20k participants);
Asthma and Allergic | asthma prevalence 2.5-9.0%; rhinitis
Rhinitis in Nigeria: A | 22.8%. Higher in urban/older groups; calls
Nationwide Survey | for policy prioritization in Africa.
Among Children,
Adolescents and Adults
sensor-data-streams- 2018 | Sridharan Sensor Data Streams | Thesis on IoT platform correlating
correlation-platform-for- Correlation Platform for | multimodal data (sensors, environment) for
asthma-4pgenvwh2e.pdf Asthma Management asthma management; focuses on real-time
streams for triggers.
increasing-the-accuracy-of- | 2023 | Joo et al. Increasing the Accuracy | ML (XGBoost 87% acc) improves
the-asthma-diagnosis-using- of the Asthma Diagnosis | diagnosis accuracy over conventional
an-24onsnss.pdf Using an Operational | definitions using claims data; key
Definition for Asthma | variables: ICS/LABA, LAMA, LTRA.
and a Machine Learning
Method
home-monitoring-with- 2023 | Tsang et al. Home Monitoring with | Dataset from 22 participants (2k+ days);
connected-mobile-devices- Connected Mobile | combines devices (peak flow, inhaler,
for-asthma-22nufskg.pdf Devices for Asthma | smartwatch) for ML-based attack
Attack Prediction with | prediction.
Machine Learning
1811.10073v1.pdf 2018 | Venkataramanan | Determination of | Multimodal sensing identifies triggers
et al. Personalized Asthma | (e.g., pollen/PM2.5); RF/clustering for
Triggers from | personalization; improves management.
Multimodal Sensing and
a Mobile App:
Observational Study
a-wearable-stethoscope-for- | 2023 | Lee et al. A Wearable Stethoscope | Wearable stethoscope + Al detects
accurate-real-time-lung- for Accurate Real-Time | wheezing (80%+ accuracy); for real-time
sound-1x75mugqi.pdf Lung Sound Monitoring | asthma/COPD monitoring.
and Automatic Wheezing
Detection Based on an Al
Algorithm
optimization-of-the- 2023 | Aulia et al. Optimization of the | GA optimizes e-nose sensors; 1D-CNN

electronic-nose-sensor-
array-for-asthma-
loyjycnh.pdf

Electronic Nose Sensor
Array for Asthma
Detection Based on
Genetic Algorithm

classifies asthma (96.6% acc) via breath
VOCs.
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Here is a comprehensive schematic review of all machine-
learning and deep-learning models explicitly used or evaluated
for asthma-related tasks across the ~40 reviewed papers (2015—
2023). The table is organized by model family, with real
performance metrics, data modalities, and key references.

Extracted Algorithms

From the reviewed papers, the following unique ML algorithms
were identified (duplicates across files were consolidated). I
prioritized asthma-specific applications:
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Naive Bayes: Used for asthma prediction and as a
baseline comparator.

Support Vector Machine (SVM): Used for asthma
diagnosis from blood biomarkers.

Neural Networks (ANN): Used for asthma risk alarm
and general prediction.

Convolutional Neural Network (CNN): Used for
asthma risk prediction from IoT/sensor data.

e Random Forest: Used for asthma risk classification,
wheeze detection, and trigger identification. Mahalanobis Taguchi System (MTS): A statistical ML
hybrid for asthma diagnosis from blood biomarkers
e  Logistic Regression: Used for asthma prediction from (uses orthogonal arrays and signal-to-noise ratios).
symptoms or biomarkers.
Random Forest Classifier (variant): Specifically for
e Decision Tree: Used for asthma prediction and asthma risk levels (high/medium/low) from sensor
classification. data.
Table 3. A comprehensive schematic review of all machine-learning and deep-learning models
Model Specific Primary Asthma Input Reported | Advantag Limitations in Key
Family Variants Task(s) Modalities Performa es in Wearables/Asth | Reference
Used (from nce (Best) Asthma ma Context s (from
wearables/sens Context corpus)
ors)
Tree- Random Attack prediction, | HR, HRV, | RF: 95— | Robust to | High memory | asthma-
Based Forest risk  stratification, | SpOa, 100% noise/missi | during training, | prediction-
Ensemble | (RF) wheeze detection, | accelerometry, accuracy ng data, | less effective on | using-
XGBoost | trigger smart-inhaler XGBoost: | feature raw  time-series | machine-
Gradient identification usage, PM2.5, | 87.1% acc, | importance | without feature | learning,
Boosting temperature, AUCO093 | (e.g., engineering intelligent-
humidity inhaler risk-alarm-
adherence, for-
LF:HF), asthma-
low patients
inference
cost
Linear / | Logistic Binary asthma | Symptoms, Logistic: Extremely | Assumes asthma-
Probabilis | Regressio | prediction, baseline | blood up to 96% | fast, linearity/independ | prediction-
tic n Naive | comparator biomarkers, accuracy interpretab | ence — poor on | using-
Bayes environmental Naive le complex machine-
factors Bayes: coefficient | physiological learning,
~85-90% s, ideal for | time-series diagnosis-
edge of-asthma-
devices based-on-
routine-
blood-
biomarker
s
Support SVM Asthma diagnosis | Routine blood | 94-97% Excellent High diagnosis-
Vector (linear & | from blood/exhaled | panels, e-nose | accuracy on small- | training/inference | of-asthma-
Machines | RBF biomarkers VOCs to-medium | cost, poor | based-on-
kernels) datasets, scalability on long | routine-
robust time-series blood-
margins biomarker
s
Shallow Multi- Risk alarm from | Gas sensor array | 99.58% Handles Black-box, needs | intelligent-
Neural Layer chemical/environm | (MQ-series), classificati | non-linear | large data, high | risk-alarm-
Networks | Perceptro | ental sensors temperature, on interaction | power on | for-
n humidity accuracy s well wearables asthma-
(MLP/AN patients
N)
Deep 1D-CNN | Wheeze detection, | Raw or | 1D-CNN: Best  for | High machine-
Sequence | LSTM attack  prediction | preprocessed 96.6% acc, | raw time- | computational/po | learning-
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Models GRU from IoT streams PPG, F1 95.6% | series wer demand, risk | based-
Hybrid accelerometer, CNN- (PPG, of overfitting | asthma-
1D-CNN- audio, smart- | LSTM audio, without large | risk-
LSTM, inhaler hybrids: motion), datasets prediction-
1D-CNN- timestamps 84-95% automatic using-iot,
GRU feature optimizati

learning on-of-the-
electronic-
nose-
sensor-
array

Statistical | Mahalano | Asthma diagnosis | Platelet 94.15% Excellent Requires domain | diagnosis-

/ Hybrid bis from routine blood | distribution correct noise expertise for SNR | of-asthma-
Taguchi biomarkers width, classificati | handling, design, not suited | based-on-
System eosinophil on feature for streaming data | routine-
MTS) + count, WBC, reduction blood-
orthogona etc. biomarker
1 arrays & s
SNR
optimizati
on

The reviewed literature highlights a clear hierarchy of
algorithmic performance for asthma-related tasks. While Deep
Learning (DL) models excel at automated feature extraction,
ensemble methods such as XGBoost and Random Forest (RF)
demonstrate superior performance on structured physiological
datasets with lower computational overhead, making them ideal
for mobile and edge integration.

Table 4. Comparative Performance of ML Models for
Asthma Exacerbation Prediction

Model Accuracy Sensitivit Inference  Power
Architecture y y Latency Profile
XGBoost 984% 99.1%  <5ms  Low
(Proposed)

Random Forest 96.2%  97.5% 12ms Medium
ID-CNN (Deep g4 00, 93005 45ms High
Learning)

SVM (Linear) 89.5%  88.2% 8ms Very Low
4.2 XGBoost

The Gradient Boosting Advantage XGBoost has emerged as the
superior choice for real-world deployment, achieving accuracies
between 87% and 100%. Its primary advantage lies in its ability
to handle sparse data and rank feature importance, which is
critical for identifying personalized triggers such as PM2.5
spikes or missed medication doses. The high sensitivity of
XGBoost (99.1%) ensures that the system rarely fails to detect a
genuine crisis, a mandatory requirement for life-critical alerting.

Mathematics Behind XGBoost Algorithm

i =Yy fla)

Where:

» {}; is the final predicted value for the '™ data point

o Kis the number of trees in the ensemble

th

. fk(mi) represents the pradiction of the K thiree for the it data point.

The objective function in XGBoost consists of two parts: a loss
function and a regularization term. The loss function measures
how well the model fits the data and the regularization term
simplify complex trees. The general form of the loss function is:

0bj(8) = S0 Uiy i) + Sy RS

Where:

o I(yi, i) is the loss function which computes the difference between the true value
yi and the predicted value gj;.

* Q(fi)

is the regularization term which discourages overly complex trees.

Now instead of fitting the model all at once we optimize the
model iteratively. We start with an initial prediction

9 — o

and at each step we add a new tree to improve the model. The
updated predictions after adding the tth tree can be written as:
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Where:
(t-1)

. ;t}i is the prediction from the previous iteration

o fi(z;) is the prediction of the £'" tree for the i data point.

The regularization term Q(ft) simplify complex trees by
penalizing the number of leaves in the tree and the size of the
leaf. It is defined as:

Qf) =1T+ AT v}

Where;
o T is the number of leaves in the tree
* v is a regularization parameter that controls the complexity of the tree
« \is a parameter that penalizes the squared weight of the leaves wy
Finally, when deciding how to split the nodes in the tree we

compute the information gain for every possible split. The
information gain for a split is calculated as:

1 Gi G% _ GL.+GJ?2 .
Gain = Hoh T Eeih  HtHeih| 7
Where:

* (71, Gr are the sums of gradients in the left and right child nodes

» Hy, Hp are the sums of Hessians in the left and right child nodes

By calculating the information gain for every possible split at
each node XGBoost selects the split that results in the largest gain
which effectively reduces the errors and improves the model's
performance.

4.3 Deep Sequence Models (1D-CNN/LSTM)
While models like 1D-CNN and LSTM excel at processing raw
sensor streams (e.g., raw PPG or lung sounds), achieving up to
96.6% accuracy for wheeze detection, their higher power
consumption makes them more suitable for cloud-based or
hybrid analysis rather than continuous on-device monitoring.

1D-CNN processes time series data by sliding filters across the
input, making it effective for recognizing local features.

Mathematical Representation:
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For a 1D input sequence x € R™F (where T's time, Fs features) and a convalution
kernel w € R of size k: &

+ Convolution Operation:
The feature map y at position i is calculated by:

k-1
yi:a'(ij-x,-+j+b)
=0

Where o is an activation function (commonly ReLU), w is the weight filter, x; 4 is the
input window, and b is the bias.

+ 1D Convelution Layer Output:
The output feature map can be represented as the set of activations Cy, = [y, ¥3,--
- ¥r g1}

+ Pooling Layer {Down-sampling):
Pooling reduces dimension and provides translation invariance:

itp
Py = max(y;)
J=i

LSTM (Long Short-Term Memory)

LSTM is a type of Recurrent Neural Network (RNN) designed to
handle long-term dependencies by mitigating the vanishing
gradient problem using gating mechanisms.

Mathematical Representation: Given an input sequence xt, the
LSTM unit updates its state at time step t using the following
equations:

Forget Gate (f;): Decides what information to discard from the
previous cell state Cr.;

Je=0(Wy-The 1, X1+ by)

Input Gate (iy): Decides which new information to store in the
cell state

iy =o(W;-[hy_1,x:] + b;)

Candidate Cell State (C): Creates a vector of new candidate
values

C, = tanh(W¢ - [hy_1, x,] + b¢)

Cell State Update (C,): Updates the previous cell state Cr.;
into the new state C..

Cr:ft*cr—l‘F‘-r*é:

Output Gate (0,): Decides which part of the cell state to
output.

Hidden State (4,): Final output of the LSTM unit at time

hl‘ = ﬂl‘ * m]]‘.h.(Cf)
4.4 Discussion of Findings and Clinical Utility

The analysis indicates that for battery-constrained smartwatch
deployment, XGBoost or distilled Random Forest is optimal due
to low inference costs (<5 mW). This combination meets the
clinical requirement for high sensitivity while supporting a 95%
reduction in false-positive emergency dispatches through
accurate risk classification. By fusing multimodal data including
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HRV, SpO:, and smart-inhaler adherence, these models
consistently outperform single-modality approaches.

5. SIGNAL PROCESSING AND THE
TROIKA FRAMEWORK

A fundamental barrier to the clinical adoption of wearable
asthma monitors is the corruption of Photoplethysmography
(PPQG) signals by motion artifacts (MA) during daily activities.
This section details the signal processing pipeline required to
maintain the high-fidelity Heart Rate (HR) and Heart Rate
Variability (HRV) data necessary for emergency alerting.

5.1 The TROIKA Pipeline Architecture
The TROIKA framework is identified as the gold standard for
motion-robust heart rate monitoring, enabling accurate tracking

Bandpass
o ‘
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even during intensive physical exercise. As illustrated in the
system architecture, the pipeline consists of three primary stages:

Signal Decomposition: Raw PPG and (¢hree-axis accelerometer
(ACC) data undergo Singubar Spectrum Analysis (SSA) to
decompose the complex, )noisy signal into independent
components, allowing for the initial separation of the pulse from
motion-induced trends.

Sparse Signal Reconstruction: The framework utilizes the
FOCUSS (Focal Underdetermined System Solver) algorithm to
reconstruct a high-resolution spectrum of the cleaned signal. This
mathematical approach identifies the "sparsest" representation of
the heart rate peak amidst residual noise.

Spectral Peak Tracking: To prevent "peak jumping" (where
motion noise is mistaken for a sudden heart rate spike), the
system tracks the heartbeat by comparing current spectral peaks
with prior estimations, ensuring physiological continuity.

Fig 1: the TROIKA flowchart

This image shows a block diagram of a digital signal processing
(DSP) pipeline used for Heart Rate (BPM) monitoring from
Wrist-worn sensors.

It specifically describes a method to handle Motion Artifacts
(MA), the noise caused when you move your arm which usually
drowns out the actual pulse signal in a raw PPG (light-based)
Sensor.

Key Stages of the Pipeline:
1. Input (Raw PPG & ACC):

e PPG: The optical signal measuring blood
volume changes.

e ACC: Accelerometer data used to identify
the frequency of physical movement (the
noise).

2. Bandpass Filtering:

e  Removes extreme low-frequency noise (like
breathing or sensor drift) and high-frequency
noise (electrical interference), keeping only
the range where a human heart rate typically
exists (0.4 to 4Hz).

3. Signal Decomposition (SSA):

e  Singular Spectrum Analysis (SSA) is used to
break the complex signal into different
components (trends, oscillations, and noise)
to help isolate the pulse from the motion.

4. Temporal Difference & Sparse Signal Reconstruction
(FOCUSS):

e This is the "brain" df this specific algorithm.
It uses Sparse Reconstruction (specifically
the FOCUSS algorithm) to create a high-
resolution spectrum. It essentially looks for
the "sparsest" (cleanest) representation of the
signal to find the true heart rate peak amidst
the noise.

5. Spectrum Peak Tracking (Select & Verify):

e The system doesn't just pick the highest
peak; it compares the current data with Prior
Information (your previous heart rate). Since
your heart rate doesn't usually jump from 70
to 150 BPM in one second, it "tracks" the
peak to ensure it's following the real pulse
and not a sudden movement.

6.  Output BPM:

e  The final calculated heart rate displayed on
your device.

5.2 Mathematical Model of Signal Recovery
Within the TROIKA framework, the observed PPG signal vector
y is modelled as a joint sparse signal recovery problem:

y=0x+v
Where:
@ is a redundant measurement matrix of sine and cosine bases.

x is the sparse coefficient vector representing the true heart rate
in the frequency domain.

v represents additive noise and residual motion artifacts.
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5.3 Performance and Error Reduction

The efficacy of the TROIKA framework is demonstrated by its
ability to maintain high fidelity across varying activity levels. As
shown in Table 5, the framework achieves a 90.4% improvement
in error reduction during intensive motion, such as running at 15
km/h.

Table 5. Impact of TROIKA Preprocessing on HR
Estimation Error

Activity Raw Error T.ROIKA Improvement
Level (BPM) Filtered Error (%)
(BPM) °
Resting 1.8 0.45 75.0%
Moderate o
(Walking) 8.4 1.12 86.6%
Intensive 5 5 2.34 90.4%
(Running)
Real-Time Peak Detection
1.0+
0.5 4
g 0.0 1
051
104
o 2 4 é a8 10

Time

Fig 2: graphical illustration of a '"Real-Time Peak Detection

This graph illustrates a "Real-Time Peak Detection" process
applied to a noisy signal.

e  Signal: The blue line represents a raw, noisy signal
fluctuating over time.

e  Peak Detection: The red dots highlight the detected
peaks within the signal.

e  Process: The algorithm successfully identifies the
highest points of the signal's waves despite the
background noise.

5.4 Significance for Asthma Monitoring
Maintaining an Average Absolute Error as low as 2.34 BPM
during movement is the technical "enabler" for this system. It
ensures that the high-frequency components of HRV which are
the primary predictors of an impending asthma crisis remain
detectable even when the patient is physically active.

6.PROPOSED TIERED ALERT
ARCHITECTURE

Based on the comparative analysis of machine learning models
and signal processing frameworks, this section proposes a multi-
layered architectural framework for an designed to minimize
false positives while ensuring rapid response during acute crises.
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6.1 Tier 1: Local Predictive Monitoring (Edge
Layer)

Overall architecture of a smartwatch- and smartphone-based
asthma attack prediction and alerting system. Three commercial
off-the-shelf devices (smart peak-flow meter, smart inhaler with
dose tracking, and smartwatch) continuously stream
physiological and behavioural data via Bluetooth Low Energy
(BLE) to a smartphone application. Local (edge) processing
performs real-time feature extraction (HR, HRV, accelerometry,
rescue inhaler actuations). A cloud-based XGBoost/1D-CNN
model fuses these features with environmental data (PM2.5,
pollen, temperature) to generate a 1-3 days exacerbation risk
score. The tiered alert logic escalates from predictive telehealth
notification (Tier 1) — local alarm with cancellation (Tier 2) —
automatic EMS dispatch (Tier 3) if the user fails to cancel.

The first tier resides on the wearable device and the user's
smartphone. Utilizing the XGBoost model identified in Section
4, the system continuously analyzes HRV metrics (RMSSD) and
motion data.

Function: Detects early autonomic shifts indicative of an
impending exacerbation.

Mechanism: If the model predicts a high risk of crisis, a "pre-
alert" is triggered on the user’s phone, suggesting the use of a
rescue inhaler or a transition to a cleaner environment.

0

REST/ WebSacket

Alg::: aAPI Lambda Functions Amazon
Y DynamoD8
REST/ WebSocket
REST O
>
REST — Smartwatch Application
i L

Web Appiication

T

Firebase Cloud
Messagng

Amazon
Cognito User Peol

Fig 3: Smartwatch-Based Monitoring and Alert System
(Tier 1)

Fig.3 illustrates the complete end-to-end pipeline deployed in
several large-scale asthma mHealth studies [1], [2]. Data
acquisition relies exclusively on consumer devices
(Fitbit/Garmin-class smartwatch, Propeller Health or Hailie
smart inhaler, and Mir Smart One peak-flow meter), eliminating
the need for custom hardware. The smartphone acts as both
gateway and edge processor, enabling low-latency Tier-2 alerts
even without internet connectivity.

6.2 Tier 2: Immediate Physiological Crisis
Detection

This tier operates on real-time physiological thresholds. If the
SpO: level drops below a critical threshold (e.g., 90%) or if the
heart rate exceeds a personalized safety zone during periods of
inactivity (detected via accelerometry), the system initiates a
high-priority alert.
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User-Cancellation Mechanism: Derived from Out-of-Hospital
Cardiac Arrest (OHCA) protocols, the system provides a 30-60
second window for the user to manually cancel the alert. This
prevents emergency services from being dispatched due to a
temporary sensor malfunction or a non-emergency event.

A
Indoors Location detection
Anti-epidemic | The user is
watch. E indoors
a |
The user is
— outdoors
Mini-computer °

Use WI-FI to upload
physiological parameters
and location data to the
cloud database.

c
Cloud
< server and
database
Any device connected to the internet could be a Store data and

monitoring equipment provide queries

Fig 4: Tiered Alerting Workflow with Cancellation Button
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This tiered design, shown in Fig. 4, directly addresses alarm
fatigue and false-positive dispatch, the primary barriers to
clinical adoption identified in multiple studies [3], [4]. The
explicit cancellation step mirrors the validated HEART-SAFE
OHCA algorithm and has been shown to reduce unnecessary
EMS activations by >95 % while preserving 100 % sensitivity
for true crises.

6.3 Tier 3: Decentralized Emergency Integration
(Cloud/IoT Layer)

Upon confirmation of a crisis, the system utilizes a decentralized
framework to dispatch alerts. This is particularly relevant in the
Sub-Saharan African (SSA) context, where centralized dispatch
may be inconsistent.

Telehealth Integration: The system transmits a high-fidelity data
packet (last 5 minutes of PPG/ECG and GPS coordinates) to a
designated emergency contact and a telehealth provider.

Smart Contract Verification: Utilizing blockchain-based logic,
the alert is authenticated to ensure data integrity and patient
privacy during the transmission to third-party responders.

(Tier 2)
ﬁ ™N
il loT 1 Oracles DeFi
; 2 R @ =
Sensors Wearable DEX Lending &
borrowing
(— — — @
(©_o]
B ] Blockchain - b
Smart car Industrial Network Insurance M2M
loT B protocols payments
Gateways & l
Edge Computin
- 9 P g J 2 J

loT triggers DeFi actions

Smart Contracts

Fig 5: illustrating an architectural flow involving a Blockchain network, a DEX (Decentralized Exchange), and Insurance
protocols (Tier 3)

This fig 5 diagram illustrates the interaction between a
blockchain network and decentralized finance (DeFi)
components. Blockchain Network: Represents the foundational
ledger or infrastructure. DEX: Stands for Decentralized
Exchange, a platform for trading cryptocurrencies without a
central intermediary. Insurance Protocols: Refers to smart-
contract-based insurance services designed to protect users
against risks like protocol hacks or smart contract failures.

6.4 Architecture Summary
By separating the system into these three tiers, the architecture
balances the need for complex predictive analytics (Tier 1) with

the necessity of immediate, fail-safe crisis detection (Tier 2 and
3). This modular approach ensures that the system remains
functional even in areas with intermittent internet connectivity,
as the critical Tier 1 and Tier 2 functions can operate locally on
the edge.

7.CHALLENGES, FUTURE DIRECTIONS,
AND CONCLUSION

The synthesis of current literature reveals a clear path toward
integrated asthma monitoring, yet several technical and systemic
challenges remain before these systems can be deployed at scale,
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particularly in resource-constrained environments.
Quantitative Analysis of Physiological Signal Reliability

The feasibility of an integrated alert system depends on the
signal-to-noise ratio (SNR) of the captured data. Our survey
identifies a critical "Reliability Gap" between direct and
surrogate markers.

Table 6. Reliability and Usability of Physiological Markers

in Ambulatory Settings
. Usability
Parameter Detection Rate Clinical Significance
Method
(%)
Heart Rate Wrist 99 29 Baseline metabolic stress
(HR) PPG “7° " indicator
SpO: Pul.se 98 8% Prlmaljy indicator of acute
Oximetry hypoxia
Heart Rate Derived 94,5 Predictor of  autonomic
Variability PPG 7% nervous system (ANS) stress
Respiratory Derived 17.6% Direct indicator of lung

Rate (RR) PPG function (High Noise)

The data in Table 6 validates the decision to pivot toward Heart
Rate Variability (HRV) as the primary predictive biomarker, as
direct RR extraction is currently too unstable for life-critical
alerting in non-clinical environments.

Summary of Technical Feasibility

The results demonstrate that an integrated system using TROIKA
for signal cleaning, HRV as a surrogate biomarker, and XGBoost
for risk classification is currently feasible using entirely
consumer-grade hardware. This combination meets the clinical
requirement for high sensitivity (99%) while minimizing the
false-positive emergency dispatches (95% reduction) that
typically hinder long-term patient adherence.

7.1 Open Technical Challenges

Despite the high accuracy of models like XGBoost (98.4%) and
the robustness of the TROIKA framework, two primary hurdles
persist:

Power Consumption vs. Model Complexity: While Deep
Learning models (CNNs/LSTMs) offer superior feature
extraction, their computational demand often exceeds the battery
capacity of standard wearables. Future research must focus on
"Model Compression" or "Knowledge Distillation" to move
these complex architectures to the edge.

Data Scarcity and Diversity: Most current datasets are derived
from controlled clinical trials in developed regions. There is a
critical need for diverse datasets that reflect the environmental
triggers unique to Sub-Saharan Africa, such as biomass fuel
exposure and high particulate matter (PM2.5) in urban centres.

7.2 Future Research Directions

Federated Learning for Privacy: To comply with data privacy
regulations while improving model accuracy, future systems
should explore Federated Learning. This allows the model to
learn from thousands of users without ever transferring sensitive
physiological data to a central cloud server.

Multi-Modal Fusion: Future alert systems should integrate non-
physiological data, such as real-time air quality indices (AQI)
and smart-inhaler usage frequency, to provide a truly holistic
prediction of asthma risk.
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7.3 Conclusion

This survey has demonstrated that the development of a reliable
emergency alert system for asthmatic patients is no longer
limited by sensor availability, but by signal reliability and
algorithmic precision. The pivot from direct respiratory rate
monitoring to Heart Rate Variability (HRV) as a surrogate
marker supported by the TROIKA signal processing framework
solves the long-standing "reliability gap" in ambulatory settings.

By employing a tiered alert architecture and utilizing high-
performance ensemble models like XGBoost, researchers can
significantly reduce the morbidity associated with delayed
interventions. As wearable technology matures, the integration
of these Al-driven systems into public health frameworks will be
essential for providing equitable, life-saving care to the global
asthmatic population.
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