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Abstract

Air-powered biomedical technologies represent an emerging paradigm in healthcare monitoring, combining pneumatic sensing
mechanisms with advanced signal processing techniques for non-invasive diagnostic applications. This review examines the
integration of air-powered sensors, including pneumatic tactile sensors, respiratory monitoring devices, and soft robotic systems,
with biomedical signal processing algorithms for real-time patient monitoring and disease diagnosis. The synthesis of pneumatic
sensing technology with machine learning algorithms, edge computing, and Internet of Things (IoT) infrastructures has enabled
continuous, wireless monitoring of vital physiological parameters, including respiratory patterns, cardiovascular signals, and
biomechanical activities. Key applications discussed include respiratory disease monitoring, cardiac signal analysis, tumour
detection through robotic palpation, and remote patient monitoring systems. Signal processing methodologies encompassing
wavelet transforms, entropy-based analysis, and deep learning architectures are critically evaluated for their efficacy in extracting
clinically relevant features from air-powered sensor data. Current challenges, including sensor drift, environmental interference,
data privacy, and standardisation, are addressed alongside emerging solutions through adaptive filtering and federated learning
frameworks. This review underscores the transformative potential of air-powered biomedical signal processing in advancing
personalised, accessible, and efficient healthcare delivery systems.

Keywords: Air-powered sensors, pneumatic sensing, biomedical signal processing, remote patient monitoring, respiratory
monitoring, machine learning, soft robotics, wearable sensors

1. Introduction progressively being complemented by wearable and non-

invasive monitoring technologies that enable real-time
The healthcare sector is witnessing a paradigm shift toward assessment of physiological parameters in naturalistic
personalised, continuous, and remote patient monitoring settings.[1,2] Among emerging sensing modalities, air-
systems driven by the convergence of sensor technologies, powered or pneumatic sensors have garnered significant
advanced signal processing, and wireless communication attention due to their unique advantages, including electrical
infrastructures. Traditional diagnostic approaches relying on safety, mechanical compliance, temperature immunity, and

episodic clinical visits and invasive procedures are
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optical transparency, which collectively enhance their
suitability for biomedical applications. [3]

Air-powered biomedical sensors operate on pneumatic
principles, utilising air pressure variations, flow dynamics,
and mechanical deformations to transduce physiological
signals into quantifiable measurements.[4] These sensors find
applications across diverse clinical domains, including
respiratory monitoring, where they detect airflow,
temperature, and humidity changes in exhaled breath;
cardiovascular assessment through mechanically-induced
pressure variations; and robotic surgery, where transparent
pneumatic tactile sensors enable simultaneous mechanical
sensing and visual feedback. [5,6] The integration of
pneumatic  sensing mechanisms with  sophisticated
biomedical signal processing algorithms has facilitated the
extraction of clinically actionable information from complex,
multimodal physiological data streams.[7]

Biomedical signal processing encompasses a suite of
computational techniques designed to enhance signal quality,
extract relevant features, and enable pattern recognition from
physiological measurements such as electrocardiograms
(ECG), electroencephalograms (EEG), -electromyograms
(EMG), and respiratory signals.(8) Contemporary signal
processing methodologies leverage wavelet transforms for
multi-resolution  analysis, entropy-based metrics for
complexity quantification, and machine learning algorithms
for automated classification and prediction.[9] When applied
to air-powered sensor data, these techniques enable robust
respiratory rate estimation, breathing pattern classification,
disease biomarker detection, and anomaly identification
critical for timely clinical intervention.[10]

The synergistic integration of air-powered sensors with
Internet of Things (IoT) architectures and edge computing
platforms has revolutionised remote patient monitoring
capabilities.[11] These connected health ecosystems facilitate
continuous data acquisition, real-time signal processing at the
network edge to minimise latency and bandwidth
consumption, secure wireless transmission, and cloud-based
analytics for long-term trend analysis and predictive
modelling.[12] Such systems are particularly valuable for
managing chronic respiratory conditions, including asthma,
chronic obstructive pulmonary disease (COPD), and sleep
apnea, where continuous monitoring enables early detection
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of exacerbations and optimization of therapeutic

interventions.[13]

This review provides a comprehensive analysis of air-
powered biomedical signal processing applications in
diagnosis and remote patient monitoring. The manuscript is
structured to first examine the fundamental principles and
types of air-powered sensors utilized in healthcare contexts,
followed by detailed exploration of signal processing

methodologies tailored for pneumatic sensor data.
Subsequently, we discuss clinical applications across
respiratory monitoring, cardiovascular assessment, and

surgical robotics, before addressing integration strategies
with IoT platforms and machine learning frameworks. The
review concludes with critical evaluation of current
challenges and future research directions in this rapidly
evolving field.

2. Air-Powered Sensor Technologies in Biomedical
Applications

2.1 Pneumatic Tactile Sensors for Robotic Surgery

Pneumatic tactile sensors represent a sophisticated class of
air-powered devices that combine mechanical sensing
capabilities with optical transparency, enabling simultaneous
tissue palpation and visual examination during minimally
invasive procedures. [3] These sensors typically employ
polydimethylsiloxane (PDMS) chambers filled with air,
where mechanical deformation induces pressure changes that
are transduced into electrical signals via integrated pressure
transducers. The transparent nature of PDMS allows optical
pathways for visualization while maintaining high sensitivity
to mechanical stimuli. [14]

Recent innovations in transparent pneumatic tactile sensors
have demonstrated exceptional performance in tumor
detection through robotic palpation. [3] These miniaturised
sensors, with diameters as small as 10 mm, exhibit sensitivity
of 125 mbar and negligible hysteresis, enabling
differentiation of tissue stiffness ranging from 0 to 2.5 MPa.
[14]
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FIGURE 1: Schematic Illustration of Air-Powered Sensor Operating Principles
Source: Authors illustrations adapted from [3, 14, 17]

Such capabilities are particularly valuable for early cancer
detection, where solid tumors typically exhibit altered
mechanical properties compared to surrounding healthy
tissues. The integration of these sensors with soft robotic
manipulators driven by hydraulic artificial muscles creates
all-in-one surgical systems capable of simultaneous diagnosis
and therapy. [3]

The pneumatic sensing mechanism offers distinct advantages
over electrical tactile sensors, including elimination of
electrical wiring at the end-effector, enhanced patient safety
through intrinsic electrical isolation, and immunity to
electromagnetic interference prevalent in operating room
environments.[14] However, challenges remain regarding
temperature compensation, as pneumatic systems can be
sensitive to ambient temperature variations that may
introduce measurement drift during prolonged surgical
procedures.

2.2 Respiratory Monitoring Sensors

Air-powered respiratory sensors constitute the most
extensively developed category of pneumatic biomedical
devices, encompassing diverse sensing modalities for
capturing breathing parameters.[15] These sensors detect
various aspects of respiration including airflow rate,
respiratory volume, breathing frequency, breath temperature,
humidity, and volatile organic compounds (VOCs) in exhaled
breath.[16]
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Airflow and Pressure Sensors:

Pressure-based pneumatic sensors monitor chest wall
expansion and airflow through direct measurement of
pressure variations.[17] These sensors can be integrated into
chest belts, smart textiles, or face masks to capture
respiratory mechanics during rest and physical activity. Soft
pressure sensors utilizing gradient spherical crown
microstructures demonstrate high sensitivity to weak
dynamic pressure signals even under substantial static
loading, enabling accurate capture of subtle respiratory
patterns when mounted on seats or beds.[18]

Thermal Pneumatic Sensors:

Pyroelectric and thermochromic sensors detect respiratory
cycles through temperature changes in exhaled breath
compared to ambient air.[19] Wearable pyroelectric sensors
based on zinc oxide (ZnO) or polyvinylidene fluoride
(PVDF) nanofibers can be integrated into face masks for
continuous respiratory monitoring with self-powered
operation.[20] These thermal sensors offer advantages in
terms of rapid response times and minimal power
consumption.

Humidity-Sensitive Sensors
Pneumatic humidity sensors exploit the water vapor content

difference between inhaled and exhaled air to detect
respiratory events.[21] These sensors typically employ


https://sciencearchives.org/
https://sciencearchives.org/

Science Archives (2026) Vol. 7 (2), 74-85

hygroscopic materials whose electrical or optical properties
change in response to moisture variations, providing
complementary information to airflow and temperature
measurements.

2.3 Wearable Pneumatic Sensors for Cardiovascular
Monitoring

Pneumatic sensing principles have been adapted for
cardiovascular signal acquisition through measurement of
mechanical vibrations and pressure variations associated with
cardiac activity.[22] Ballistocardiogram (BCG) sensors
utilizing flexible pressure-sensitive materials can capture
cardiac-induced body movements when integrated into

chairs, beds, or wearable devices.[23] These sensors offer
unobtrusive monitoring capabilities suitable for continuous
health tracking without direct skin contact.

Flexible pressure sensors featuring gradient microstructures
demonstrate exceptional sensitivity to weak dynamic
pressures, enabling BCG and respiratory signal acquisition
from seated individuals. [18] The wireless integration of
these sensors with edge computing systems facilitates real-
time analysis of heart rate variability and breathing patterns,
supporting applications in stress assessment, sleep quality
monitoring, and early detection of cardiovascular
abnormalities. Table 1 highlights the different types of Air

Table 1. Types of Air-Powered Sensors for Biomedical Applications

Sensor Type | Sensing Key Advantages Limitations References
Mechanism Applications
Pneumatic Pressure Robotic Optical Temperature (3,14)
Tactile changes in air- | surgery, tumor | transparency, | sensitivity,
Sensors filled detection, electrical complex
chambers due | tissue isolation, high | fabrication
to mechanical | palpation sensitivity
deformation (1.25 mbar)
Thermal Temperature Respiratory Fast response, | Environmental | (19,20)
Respiratory difference rate self-powered | temperature
Sensors between monitoring, capability, effects,
exhaled and | breathing low power | limited
ambient air pattern consumption specificity
analysis
Pressure- Chest wall | COPD Direct Motion (17,45)
Based expansion monitoring, measurement, | artifacts,
Respiratory detection, asthma textile sensor
Sensors airflow management, | integration, placement
pressure sleep  apnea | long-term sensitivity
changes detection wearability

Source: Authors illustrations adapted from [3, 14, 17, 18, 19, 20, 21, 23, 45]

2. Biomedical Signal Processing Methodologies
3.1 Signal Preprocessing and Artifact Removal

Biomedical signals acquired from air-powered sensors are
inherently susceptible to various artifacts including motion-
induced noise, environmental interference, sensor drift, and
physiological confounds.[24] Robust preprocessing is
essential to enhance signal quality prior to feature extraction
and classification. Wavelet-based denoising has emerged as a
particularly effective approach for biomedical signals due to
its ability to decompose signals into multiple frequency
bands and selectively attenuate noise components while
preserving  signal morphology.[25] Digital filtering
techniques including bandpass filters, notch filters for power
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line interference, and adaptive filters for motion artifact
reduction are routinely employed.[26]

3.2 Feature Extraction and Selection

Extraction of discriminative features from pre-processed
signals constitutes a critical step in enabling automated
diagnostic algorithms and pattern recognition systems.[28]
Feature engineering for air-powered sensor data spans
multiple domains including time, frequency, and time-
frequency representations. Time-domain features such as
mean, standard deviation, skewness, and kurtosis capture
amplitude distributions and variability patterns.[29]. Figure 2
Presents the Signal Processing pipeline for Air-Powered
Biomedical Sensors.
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FIGURE 2: Signal Processing Pipeline for Air-Powered Biomedical Sensors
Source: [25, 31, 32, 36, 37, 38]

Frequency-domain features through power spectral density
(PSD) estimation quantify the distribution of signal energy
across frequency bands.[30] Entropy and complexity
measures including approximate entropy (ApEn), sample
entropy (SampEn), and permutation entropy (PerEn) quantify
signal regularity and complexity.[32]

3.3 Machine
Recognition

Learning Algorithms for Pattern

Contemporary biomedical signal analysis increasingly relies
on machine learning algorithms to automate classification,
prediction, and anomaly detection tasks.[35] Support Vector
Machines (SVM) with various kernel functions excel at
binary and multiclass classification tasks involving
respiratory pattern recognition and disease detection.[36]
Deep learning architectures including Convolutional Neural
Networks (CNNs) automatically learn hierarchical feature

representations from raw or minimally processed signals.[37]
Recurrent Neural Networks (RNNs), including Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU)
variants, excel at modelling long-term temporal dependencies
in sequential data.[38]

3.4 Real-Time Signal Processing at the Edge

Edge computing strategies enable processing of biomedical
signals directly on or near the sensor platform, reducing
latency, conserving bandwidth, and enhancing privacy.[40]
For air-powered sensor systems, edge processing involves
implementation of lightweight algorithms optimized for
resource-constrained microcontrollers. Real-time
computation of critical features such as respiratory rate and
breathing regularity can be performed locally, with only
processed features transmitted wirelessly.[41]. Table 2 shows
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the Signal Processing Techniques for Air-Powered

biomedical Sensors.

4. Clinical Applications in Diagnosis and Monitoring
4.1 Respiratory Disease Monitoring

Continuous respiratory monitoring using air-powered sensors
has transformed the management of chronic pulmonary
conditions.[43] Wearable respiratory sensors enable long-
term tracking of breathing patterns, detection of disease
exacerbations, and assessment of treatment efficacy. COPD
patients exhibit characteristic respiratory patterns including
increased breathing frequency, reduced tidal volume, and
prolonged expiratory phases.[44] Pneumatic chest belts
equipped with pressure sensors can continuously monitor
these parameters, with machine learning algorithms detecting
early signs of acute exacerbations. Studies have demonstrated
correlation coefficients exceeding 0.83 between pneumatic
sensor measurements and gold-standard spirometry.[45]

Air-powered flow sensors track breathing patterns that
precede asthmatic attacks, enabling pre-emptive medication
use.[46] Pneumatic sensors detect obstructive sleep apnea
(OSA) events through identification of absent or reduced
airflow despite continued respiratory effort.[47] Signal
processing  algorithms  employing  wavelet  energy,
permutation entropy, and spectral analysis achieve diagnostic
accuracy comparable to polysomnography for OSA

screening.[48] The COVID-19 pandemic accelerated
development of wearable respiratory sensors for early
symptom detection and disease progression
monitoring.[49,50]


https://sciencearchives.org/
https://sciencearchives.org/

Science Archives (2026) Vol. 7 (2), 74-85

Table 2. Signal Processing Techniques for Air-Powered Biomedical Sensors

Processing Application Key Features | Computational | Clinical Utility | References
Technique Domain Complexity
Wavelet Respiratory Multi- Moderate to | Artifact (25,31)
Transform signals, ECG, | resolution High removal,
(DWT/CWT) multimodal analysis, time- feature
fusion frequency extraction,
localization pattern
detection
Entropy Breathing Complexity Low to | Disease (32,48)
Methods patterns, quantification, | Moderate detection,
(ApEn, cardiovascular | regularity anomaly
SampEn, signals assessment identification,
PerEn) sleep staging
Support Vector | Pattern Robust to | Moderate Respiratory (36)
Machine classification, | overfitting, pattern
(SVM) disease kernel-based classification,
diagnosis non-linearity tumor detection
Convolutional Raw  signal | Hierarchical High Real-time (37)
Neural processing, feature classification,
Networks automated extraction, disease
(CNN) feature end-to-end prediction
learning learning

Source: Adapted from [25, 30, 31, 32, 36, 37, 38, 39, 40, 41, 48]

4.2 Cardiovascular Assessment

Air-powered sensors provide non-invasive approaches to
cardiovascular monitoring through detection of mechanical
signals associated with cardiac activity.[51]
Ballistocardiogram (BCG) sensors capture cardiac-induced
body vibrations resulting from blood ejection and vascular
movements during each heartbeat.[23] Signal processing
algorithms extract heart rate, heart rate variability, and BCG
waveform morphology. Machine learning models trained on
BCG features have demonstrated capability for detecting
heart failure decompensation and predicting
hospitalizations.[52] Pulse wave velocity and pulse transit
time extracted from synchronized pneumatic pressure sensors
enable cuffless blood pressure estimation.[53]

4.3 Surgical Robotics and Tumor Detection

Transparent pneumatic tactile sensors integrated with soft
robotic  surgical systems enable real-time tissue
characterization during minimally invasive procedures.[3]
Pneumatic tactile sensors mounted on robotic end-effectors
can systematically scan tissue surfaces, acquiring spatial
maps of mechanical properties.[14] Signal processing

79

algorithms convert pressure-deformation relationships into
stiffness values, with classification algorithms distinguishing
between normal tissue and malignant lesions. Preliminary
studies have demonstrated detection of phantom tumors with
stiffness differences as small as 0.5 MPa, suggesting
potential for early cancer detection.[3]

4.4 Multimodal Physiological Monitoring

Integration of air-powered sensors with complementary
sensing modalities enables comprehensive physiological
assessment.[55] Multimodal systems combining pneumatic
respiratory Sensors, electrocardiography,
photoplethysmography (PPG), and inertial measurement
units (IMUs) provide holistic views of cardiovascular and
respiratory function. Signal processing techniques including
Kalman filtering and deep learning-based fusion architectures
integrate data from multiple sensors to enhance measurement
accuracy.[56] Multimodal systems can differentiate between
various physical activities and body positions through pattern
recognition algorithms.[57]. Table 3 Presents the Clinical
Applications and performance Metrics of Air-Powered
Monitoring Systems.
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Table 3. Clinical Applications and Performance Metrics of Air-Powered Monitoring Systems

Clinical Monitored Sensor Performance Clinical References
Application Parameters Configuration | Metrics Outcomes
COPD Respiratory Wearable chest | Correlation with | Early (44,45)
Monitoring rate, tidal | belts, smart | spirometry: exacerbation
volume, textiles r=0.836; detection,
breathing Sensitivity: 89%; | reduced
pattern Specificity: 92% | hospitalizations
Sleep Apnea | Apnea- Mattress Diagnostic Home-based (47,48)
Detection hypopnea Sensors, accuracy: 85- | screening,
events, wearable 91%; AHI | improved
respiratory patches correlation: treatment
effort r>0.80 adherence
Cardiovascular Heart rate, | Seat  sensors, | Heart rate | Heart failure | (18,23,52)
Monitoring HRV, cardiac | wearable accuracy: +2 | monitoring,
(BCG) timing devices, smart | bpm; HRV | stress assessment
mattresses correlation:
r=0.75
COVID-19 Respiratory Face mask- | Early symptom | Remote triage, | (49,50)
Symptom rate, cough | integrated detection:  3-5 | reduced hospital
Monitoring events, sensors, chest | days before | burden
breathing patches clinical
difficulty diagnosis
Robotic Tumor | Tissue Transparent Stiffness Minimally (3,14)
Detection stiffness, pneumatic resolution: 0.5 | invasive
mechanical tactile sensors | MPa; Detection | diagnosis,
properties on robotic arms | sensitivity: surgical
>90% for tumors | guidance
>5mm

Sources: Adapted from [3, 14, 18, 23, 44, 45, 47, 48, 49, 50, 52]

5. IoT Integration and Remote Patient Monitoring
Systems

5.1 Connected Health Ecosystems

The Internet of Things paradigm has revolutionized patient
monitoring through interconnected networks of sensors, edge

computing devices, communication gateways, and cloud-
based analytics platforms.[11] Air-powered biomedical

sensors seamlessly integrate into these ecosystems, enabling
continuous data acquisition, transmission, storage, and
analysis. Typical loT-enabled systems comprise sensor nodes
with embedded microcontrollers, local processing units,
wireless communication modules (Bluetooth Low Energy,
Wi-Fi, cellular), cloud infrastructure, and end-user
interfaces.[58]. Figure 3 illustrates the IoT-Enabled Patient
Monitoring System Architecture.

Selection of wireless protocols depends on range, bandwidth,
power consumption, and reliability requirements.[59]

Remote monitoring systems must implement robust security
measures to protect sensitive health information.[60]
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Encryption during transmission, secure authentication, role-
based access control, and compliance with regulations such
as HIPAA and GDPR are essential. Edge computing
enhances privacy by processing sensitive data locally and
transmitting only anonymized or aggregated information to
cloud servers.

5.2 Cloud-Based Analytics and Predictive Modelling

Cloud computing platforms provide computational resources
for advanced analytics that exceed the capabilities of local

devices.[61] Large-scale data storage enables longitudinal
analysis of individual patient trends. Cloud-based systems
track physiological parameters over extended periods,
identifying gradual deteriorations, circadian variations, and
responses to therapeutic interventions.[62] Machine learning
models trained on historical data can predict adverse events
such as COPD exacerbations, heart failure decompensations,
or sleep apnea complications hours to days before clinical
manifestation.[63] Aggregated data from distributed sensor
networks enable public health surveillance and disease
outbreak detection.[64]
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FIGURE 3: IoT-Enabled Remote Patient Monitoring System Architecture
Source: Authors Illustrations adapted from [11, 12, 58, 59, 61]

5.3 Clinical Integration and Workflow Considerations

Successful implementation requires thoughtful integration
into clinical workflows.[65] Electronic health record (EHR)
interoperability, clinician decision support tools, and patient
engagement strategies are critical components. Seamless data
flow between remote monitoring platforms and EHR systems
enables clinicians to access sensor data alongside other
clinical information.[66] Intelligent algorithms analyse
incoming sensor data and present actionable insights through
prioritized  alerts, trend visualizations, and risk
stratification.[67]

6. Challenges and Future Directions

6.1 Technical Challenges

Long-term stability remains a concern for pneumatic sensors,
as material properties and environmental conditions can

induce gradual measurement drift.[68] Development of self-
calibrating sensors and drift compensation algorithms using

machine learning represents an active research area.
Temperature variations, humidity changes, and atmospheric
pressure fluctuations can affect pneumatic sensor
performance.[69] Continuous wireless operation requires
efficient power management, with innovations in energy
harvesting from body heat, motion, or respiration enabling
self-powered devices.[70] Absence of standardized testing
protocols and regulatory frameworks hinders clinical
adoption.[71]

6.2 Clinical and Regulatory Challenges

Rigorous clinical trials demonstrating diagnostic accuracy,
clinical utility, and patient outcomes are required for
widespread adoption. [72] Validation studies must
encompass diverse patient populations, comorbidities, and
real-world usage conditions. Air-powered biomedical devices
require regulatory approval from agencies such as the FDA
and EMA.[73] Healthcare reimbursement systems must
evolve to incentivize remote monitoring services.[74] Value-
based payment models that reward improved patient
outcomes could accelerate adoption.
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6.3 Data Science and AI Challenges

Deep learning models offer superior performance but lack
transparency regarding decision-making processes.[75]
Development of explainable Al methods that provide
clinically meaningful insights is essential for building
clinician trust and regulatory acceptance. Federated learning
frameworks enable collaborative model development without
centralizing sensitive data.[76] Ensuring algorithmic fairness
and equitable performance across age, gender, ethnicity, and
socioeconomic groups requires diverse training datasets and
rigorous validation.[77]

6.4 Future Research Directions

Next-generation air-powered sensors will leverage advanced
materials including liquid metals, self-healing polymers, and
bio-integrated electronics to enhance sensitivity, durability,
and biocompatibility.[78] Additive manufacturing techniques
enable rapid prototyping and customization. Continued
advances in Al, particularly in transfer learning, few-shot
learning, and continual learning, will enable sensor systems
to adapt to individual patients with minimal labelled data.[79]
Future systems will integrate air-powered sensors with
molecular diagnostics, genomic information, and social
determinants of health.[80] Air-powered monitoring will
enable truly personalized healthcare through continuous
phenotyping, individualized reference ranges, and treatment
optimization based on real-time physiological responses.[81]

7. Conclusion

Air-powered biomedical signal processing technologies
represent a transformative approach to continuous, non-
invasive patient monitoring and disease diagnosis. The
unique characteristics of pneumatic sensors including
electrical safety, mechanical compliance, temperature
immunity, and optical transparency complement traditional
biomedical sensors and enable novel clinical applications.
Integration with sophisticated signal processing algorithms
encompassing wavelet analysis, entropy metrics, and
machine learning architectures facilitates extraction of
clinically actionable information from pneumatic sensor data.
Applications  span  respiratory  disease = monitoring,
cardiovascular ~ assessment,  surgical  robotics, and
comprehensive remote patient monitoring through IoT-
enabled ecosystems. Despite challenges related to sensor
stability, environmental interference, standardization, and

regulatory approval, ongoing innovations in materials
science, artificial intelligence, and systems integration
promise to advance air-powered technologies toward

widespread clinical adoption. As healthcare continues its
evolution toward personalized, predictive, and preventive
paradigms, air-powered biomedical signal processing will
play an increasingly vital role in delivering accessible,
continuous, and high-quality patient care across diverse
clinical and home settings. Future research should prioritize
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rigorous clinical validation, algorithm interpretability,
equitable performance across populations, and seamless
integration into clinical workflows to realize the full potential
of these promising technologies in improving global health
outcomes.
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