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1. Introduction

POCT enables rapid diagnostics and treatment at the patient’s location, revolutionizing
healthcare delivery, particularly in remote or resource-limited settings. However, traditional
POCT systems face challenges like slow diagnostic times and limited reach. The integration of
Al offers a promising solution, enhancing POCT capabilities while addressing sustainability
concerns.

AD’s potential in healthcare is clear in its ability to improve diagnostic precision and
efficiency. By leveraging Al advancements, POCT technologies can deliver rapid diagnostics
and improve clinical decision-making, making them essential in modern healthcare, especially
in underserved regions.

This paper explores Al’s role in enhancing POCT through sustainable means, showing how
Al can boost accuracy, accessibility, and eco-friendliness. Through real-world examples, the
paper demonstrates Al-enhanced POCT applications in medical scenarios, such as infectious
disease management.

The paper also addresses potential barriers to Al integration with POCT systems and
proposes solutions to ensure seamless adoption. By incorporating sustainable practices, Al in
POCT aims to reduce the ecological footprint of diagnostics, promoting eco-friendly healthcare
solutions.

2. Al in Clinical Setting & POCT: Where do we begin?

While there is skepticism about the role of supervised learning in identifying pathogenic vari-
ants in clinical settings, recent advancements in rapid genome sequencing highlight its growing
utility as a decision-support tool. In critical care settings, for example, ultrarapid nanopore
genome sequencing was used to diagnose genetic conditions in as little as 7 hours, enabling
immediate treatment decisions for critically ill patients.!

A similar application can be seen in Pediatric Inten-
sive Care Units (PICUs), where rapid whole genome
sequencing (rWGS) has significantly impacted pa- sepsis Preghancy
tient care, providing molecular diagnoses that in-
fluenced clinical management in 76% of cases. In
both settings, Al-driven supervised learning models

Point of

could be employed to prioritize genetic variants for N
review by genetic counselors and clinicians, thereby
streamlining the diagnostic process. While human @\

expertise remains critical, supervised learning can
enhance the efficiency of this process, especially in
urgent cases where time is of the essence.

POCT has been a pivotal tool in healthcare, especially in rural and remote areas where
access to hospitals and trained staff is limited. Early POCT technologies focused on simple
diagnostics, such as lateral flow immunoassays (LFIAs), which are user-friendly and could
deliver results within minutes. These systems were designed to be portable and easy to use
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without specialized training. However, challenges with accuracy, sensitivity, and quality control
persist, particularly in low-resource settings, which limits the reliability of traditional POCT
systems.?3

3. Building the POCT Ecosystem: A Holistic Approach to Enhanced

Healthcare Delivery

The POCT ecosystem is an interconnected network that integrates technology, healthcare
providers, manufacturers, regulatory bodies, and patients. Its aim is to create a multifaceted
framework that enhances patient outcomes and reduces healthcare disparities worldwide.

By fostering collaboration among key stakeholders—such as technology developers, health-
care professionals, policymakers, and patient advocacy groups—the POCT ecosystem seeks
to leverage Al innovations. This collaboration aims to streamline processes, facilitate person-
alized medicine, and empower patients with timely and precise health information.
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Fig. 1: This figure illustrates the cyclical approach that Al will introduce into the health-
care ecosystem. It shows the interaction among stakeholders, technological contributions, and
patient outcomes, highlighting how AI creates a continuous improvement cycle that benefits
communities as scientific advancements progress.
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Collaboration between healthcare providers and regulatory bodies is essential for designing
POCT systems that meet clinical and regulatory standards. The use of POCT by patients gen-
erates valuable data, enabling technologists to apply Al and advanced computing to enhance
these tools continuously. Additionally, eco-friendly practices and energy-efficient Al contribute
to reducing the environmental impact of increased technology use in healthcare. Al-enhanced
POCT offers predictive diagnostic analyses, with stored data available for future research,
creating a feedback loop that ultimately benefits patients.

3.1. Attributes that Make POCT Effective in Healthcare

POCT has evolved significantly, offering critical benefits that enhance healthcare delivery.
Its primary goal is to improve healthcare provision, enabling healthcare providers to deliver
better treatment to patients in both critical and non-critical settings. The growing demand for
POCT is driven by its attributes, which are continuously refined to meet the evolving needs
of the healthcare industry.

The effectiveness of POCT in healthcare is significantly influenced by several key factors,
with accuracy, ease of use, and availability standing out. Each of these factors plays a crucial
role in ensuring that POCT achieves its intended benefits of rapid diagnostics, improved
patient outcomes, and enhanced healthcare efficiency.

Table 1: Attributes of POCT and Their Importance

Attributes Importance Example AI/Cloud Integration

Accuracy Prevents misdiagnosis 42% success rate in Classification algorithms
and inappropriate nanopore sequencing. improve detection.
treatment.

Availability Ensures accessibility in | Mobile POCT units for |Edge computing
diverse settings. rural areas. enhances access.

Ease of Use Usable by professionals | User-friendly devices for | Cloud platforms simplify
and patients. COVID-19 tests. data management.

These attributes are not only fundamental to the success of POCT but also set the stage
for the transformative impact of Al in this field. AI’s capabilities in data analysis, ML, and
automation can significantly enhance the accuracy of POCT by providing rapid and precise
diagnostic insights.

By enhancing the speed and precision of diagnostics, Al has the potential to further amplify
the effectiveness of POCT, leading to more personalized and data-driven care while reducing
the dependency on centralized lab testing.

3.2. AI’s Transformative Power in POCT

AT has also showcased its transformative potential, enabling rapid diagnostic feedback. For in-
stance, an Al-based POCT device for glucose monitoring can achieve a mean absolute relative
error (MARE) of approximately 9.5%, indicating high accuracy in managing blood glucose
levels for diabetes patients.*
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Similarly, Al-enhanced cardiac biomarker tests offer real-time analysis with high sensitivity
and specificity, enabling healthcare providers to diagnose acute coronary syndrome with up
to 94% sensitivity and 89% specificity.* The use of AI in POCT extends to infectious disease
diagnostics as well. For example, Al-driven diagnostic tests for COVID-19 achieved diagnostic
accuracies of up to 98% in detecting SARS-CoV-2, which was crucial for managing public
health during the pandemic.? By providing real-time, actionable diagnostic information, Al-
powered POCT devices significantly enhance clinical decision-making processes and improve
patient outcomes.

3.3. AI in POCT Use Case - Genome Sequencing

Ultra-rapid nanopore sequencing has proven to have profound impacts on diagnosing genetic
conditions and variations.! Distinguishing between benign and pathogenic genetic variants
relies heavily on the genetic sequencing and variant classification scheme used® and can play
a significant role in the patient’s overall wellbeing. Supervised and unsupervised algorithms
can, therefore, play an impactful role in this diagnostic process.

By leveraging cloud-based bioinformatics, researchers have achieved significant reductions
in processing times, transforming genetic diagnostics from a lengthy process into one that can
be completed in hours. Nanopore genome sequencing demonstrates how technological contri-
butions enhance our ability to interpret complex genetic data.! With the further integration of
Al we will be able to pave the way for advancements in genomic medicine to further heights.

The link between nanopore sequencing and Al is particularly evident in improving base
calling accuracy and managing large genomic datasets generated by sequencing technologies.
Nanopore sequencing, while fast, can produce noisy data, but Al algorithms have been shown
to improve base calling by learning from large datasets and correcting errors in raw signals.!

In Pediatric Intensive Care Unit (PICU) settings, where rapid diagnoses can make the
difference between life and death, Al-driven analysis of nanopore-generated data has proven
invaluable. The combination of Al with cloud-based bioinformatics not only reduced processing
times by 93% but also helped to more effectively mine and interpret vast genomic datasets.™”
This demonstrates the critical role of Al in enhancing the speed and accuracy of genomic
diagnostics in PICUs, where timely and accurate information is essential.

Additionally, one of the main challenges in genome sequencing lies in the ability to quickly
and accurately classify genetic variants. Machine learning (ML) algorithms, mainly supervised
and unsupervised learning algorithms, have shown to be effective in aiding diagnostic results
in medicine and healthcare.® Supervised learning algorithms in AT have the potential to play a
pivotal role in classifying genetic variants due to their ability to categorize known inputs into
discrete categories.® These algorithms can be used to analyze sequencing data and identify
pathogenic variants that could explain the patients’ critical conditions.
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Fig. 2: This diagram illustrates the general pipeline of an Al-driven system for POCT, high-
lighting the integration of various machine learning methodologies from data collection to
diagnostic output.

3.3.1. Pipeline Overview

The patient data analysis pipeline begins with collecting clinical metrics and medical history.
This data undergoes exploratory data analysis (EDA) using unsupervised learning techniques
to identify patterns and prepare the dataset. Key features are engineered to enhance model
performance before training various machine learning algorithms.

Post-training, the models are evaluated for accuracy and effectiveness, allowing for the
classification of new patient data and delivery of diagnostic results. These results can be
processed in real-time for urgent care or through batch processing for less critical analysis. Ul-
timately, the Al-driven system provides healthcare providers with rapid and precise diagnostic
outcomes, facilitating informed medical decision-making.
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Table 2: Comparison of ML Methods and Edge Computing in Genomic Diagnostics and POCT

Technique Type Application Benefits
Random Forests | Supervised Classifies genetic variants by Reduces manual review time;
(RF) Learning analyzing large genomic effectively handles complex

datasets to identify pathogenic
patterns.

interactions and non-linear
relationships.

Supervised
Learning Models

Integrated with
POCT

Provides immediate diagnostic
insights for informed
decision-making in critical
care settings.?

Quickly distinguishes between
disease-causing and benign
variants, guiding the
diagnostic process.5

K-means
Clustering

Unsupervised
Learning

Identifies clusters of genetic
variants based on features
such as nucleotide changes or
genomic position.

Uncovers new patterns and

subtypes, refining diagnostic
frameworks, and processing

large datasets.®

Edge Computing

Data Processing

Enhances genomic diagnostics
at the point of care, especially

Ensures timely access to
advanced diagnostics,

in rural areas with limited
infrastructure.

bypassing extensive cloud
infrastructure; supports
collaborations like NVIDIA
and SoftBank’s Al and 5G

performance.”

4. Environmental Challenges of AI in POCT
4.1. Energy Consumption

As POCT tools continue to evolve with Al integration, they introduce significant environ-
mental sustainability challenges. These challenges primarily stem from the energy-intensive
processes required to train and operate AI models, as well as the associated data storage
demands. These factors, coupled with issues like heat emissions, e-waste generation, and the
ethical concerns of using personal health data, necessitate a careful consideration of the envi-
ronmental impact of Al-enhanced POCT systems.

Training Al models using significant amounts of data to accurately diagnose medical condi-
tions demands vast amounts of computational power, resulting in substantial energy consump-
tion.'% For instance, tech companies such as Amazon and NVIDIA have noted that inference
processing after training a model makes up to 80-90% of the energy cost of neural networks.*
Inference consumes the greatest amount of energy but is also responsible for accuracy. There
is a correlation of higher accuracy and higher energy consumption, further increasing the chal-
lenge of increased climate and environmental impact with further technological advancements.

Furthermore, as these models scale to meet the demands of real-time data analysis in
POCT, the environmental impact increases. The reliance on large datasets for training Al
models necessitates significant energy use, contributing to the carbon footprint of these sys-
tems. !

In order to minimize energy consumption, while also maintaining essential health data, we
can look into byte pair encoding. This encoding practice adds shortcuts in text or records that
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compress the data while retaining the same information. This can indirectly lead to decreased
energy usage by simplifying tokens, a practice that has already been utilized in the medical
field for large language models (LLM) and record management.

4.2. Electronic Waste (E-Waste)

E-waste is another critical concern associated with Al-integrated POCT tools. The hardware
used in AT applications, such as GPUs, TPUs, FPGAs, and CPUs, becomes obsolete as newer,
more efficient models are developed.!? This results in a continuous cycle of hardware disposal,
contributing to the growing issue of electronic waste.

Medical providers can look into EPEAT (Electronic Product Environmental Assessment
Tool) to help them choose greener Al devices. EPEAT is a metric of sustainability for elec-
tronics. For them to be rated highly, they must fall under 75% of their criteria. The goal is
to promote green products and sustainability for electronic life cycles. This metric has al-
ready been used to showcase greener computers, displays, imaging equipment, mobile phones,
photovoltaic modules and inverters, servers, and televisions.!?

4.3. Data Centers and Cooling Systems

In addition to energy consumption, heat emissions from data centers pose a challenge, as
cooling systems account for approximately 30% of their power consumption.!41?

There have been initiatives that work with nature to provide natural cooling. Data centers,
for example, have been built in the Arctic, which require less energy that would otherwise be
allocated towards cooling.'6

A downside is that there will need to be new infrastructure built in harsher climates and
higher latency due to their location. A different approach by Microsoft was started in 2013
under the name Project Natick.!” They submerged a data center off the coast of Scotland and
utilized the seawater’s more consistent temperature as a form of cooling.

Reliable information on the energy consumption and emissions of data centers is often
fragmented and difficult to authenticate. This lack of transparency has led to accusations of
”greenwashing,” where companies might exaggerate their environmental efforts while avoiding
genuine sustainability improvements.

4.4. Sustainable AI and Community Engagement

Addressing the environmental challenges posed by Al-powered POCT tools, the focus must
shift towards developing more sustainable AI models and technologies that prioritize efficiency
without sacrificing accuracy. Emerging Al algorithms with reduced computational demands,
such as model compression, quantization, and efficient hardware utilization, offer the poten-
tial to significantly cut energy consumption and reduce the environmental footprint of these
systems.

However, technological advancements alone are insufficient. Engaging the broader commu-
nity is essential to ensuring that these innovations translate into meaningful change. Medical
providers, technology developers, and even patients need to be educated on the sustainable
use of Al-driven tools. Community knowledge-sharing initiatives could play a pivotal role
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in promoting awareness of energy consumption, the life cycle of electronic devices, and the
importance of greener alternatives like EPEAT-rated products.

An impactful approach could be creating an online platform where healthcare professionals
and technology users can share best practices, resources, and case studies focused on sustain-
able AI use. This platform could feature interactive content such as webinars, forums, and
sustainability toolkits, enabling users to learn from real-world examples and collaborate on
solutions for reducing energy consumption and electronic waste in their Al-driven practices.

5. Scalability of Sustainability

Although there are a number of sustainable practices that can enhance the use of POCT
devices in the context of environmental impact, the scalability of Al in POCT faces several
explicit barriers, but there are also key facilitators that can drive its widespread adoption. One
major barrier is the need for robust quality assurance protocols and the availability of trained
staff to ensure reliable interpretation of test results, particularly in remote or resource-limited
settings.?3

Additionally, regulatory challenges and the slow pace of adopting Al-driven tools in clinical
environments create significant hurdles. On the other hand, facilitators include the increasing
reliability of Al in improving diagnostic accuracy, particularly in technologies such as lateral
flow immunoassays and hematology analyzers, where Al-driven tools have shown enhanced
sensitivity and specificity.?

Finally, advances in mobile and edge computing can enable faster data processing at the
point of care, improving access to high-quality diagnostics even in underserved regions.? By
addressing these barriers and leveraging the facilitators, Al-driven POCT can become a more
integral part of global healthcare systems.

6. Edge Computing vs. Centralized Data Centers

Edge computing has emerged as a crucial technology for enhancing the effectiveness and
accessibility of POCT in rural and remote areas. Unlike traditional cloud computing, which
relies on centralized data centers for processing, edge computing facilitates data processing at
or near the data source, such as a mobile POCT device or a local healthcare facility.

6.1. Energy Consumption and Efficiency

Energy Savings: Edge computing can significantly reduce energy consumption by processing
data closer to where it is generated, thereby reducing the need to transmit large volumes of
data to centralized locations. According to a study by Gartner, edge computing can reduce
energy consumption by 40-60% compared to traditional data centers.'® For example, edge
computing for video analytics could reduce the amount of data transmitted by 95%, resulting
in significant energy savings.1%2%

6.2. Data Transmaission and Latency

Lower Latency: Edge computing can reduce latency by up to 90%, as data does not need
to travel as far to be processed. This is crucial for real-time health diagnostics, where ev-
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ery millisecond counts.?! Additionally, mobile POCT units equipped with edge computing
capabilities could perform real-time analyses of patient samples and deliver results within 10
minutes, compared to the 24 to 48 hours required for traditional lab-based testing methods.??

6.3. Environmental Impact

Reduced Resource Use: Smaller, localized edge devices require fewer materials to build
and maintain, which can reduce the environmental impact associated with construction and
maintenance. In a rural healthcare setting, edge computing devices can manage patient infor-
mation and perform data analysis directly at the point of care. For example, edge computing
solutions can handle up to 90% of data processing tasks locally, significantly reducing latency
and improving the speed of data access.?

While edge computing reduces energy use by minimizing data transfers, it’s not inher-
ently more energy-efficient than centralized data centers, which optimize power consumption
at scale. In healthcare, however, the efficiency of edge computing is enhanced when paired
with smaller, less energy-intensive Al models designed for localized tasks. Smaller Al models,
designed to perform well with fewer computational resources, are suited for edge comput-
ing environments and better suited for specialized tasks.?* These models not only reduce the
energy consumption, heat emissions, and cooling requirements that are typically associated
with traditional centralized data centers, but they allow real-time processing in decentralized
POCT systems.

Table 3: Comparison of Edge Computing and Centralized Data Centers

Parameter Centralized Data Centers | Edge Computing
Energy Consumption High 40-60% reduction
Carbon Footprint 2% of global emissions Significantly lower
Data Transmission Energy Use | Up to 5% of total energy use Minimal
Latency High Up to 90% reduction
Cooling Requirements Up to 40% of energy use Lower
Resource Use High Lower

7. Application in Healthcare

A practical example can be drawn from the deployment of edge computing in healthcare.
In a pilot program, rural clinics in India used edge computing devices to perform real-time
diagnostics for diseases like tuberculosis and malaria. These edge devices reduced the need for
data transmission to central labs. This led to reduced energy consumption of approximately
50% and allowed healthcare providers in remote areas to conduct advanced diagnostics locally,
significantly reducing the time and resources needed for traditional lab analysis.?®

This reduction of data transmission time is not only effective in reducing energy usage but
also leads to reduced latency, enabling healthcare providers to make faster informed decisions.
By reducing the dependency on central data centers, edge computing not only conserves
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energy but also empowers local healthcare facilities to deliver timely and accurate diagnostics,
improving patient outcomes.

8. Limitations of Specialization

The integration of modern technological advancements in POCT underscores the importance
of thorough diagnosis and understanding the complexities of patient narratives. While tech-
nology can provide invaluable data and diagnostic support, it should complement rather than
replace the critical human element in healthcare.?6

By streamlining routine diagnostic processes, these technologies empower clinicians to be
better at their jobs, ensuring that the art of medicine—listening to and understanding the
patient’s story—remains at the forefront of healthcare. This synergy between advanced diag-
nostics and personalized care enhances overall patient outcomes and reinforces the essential
role of healthcare providers in the diagnostic process.

For example, in a pilot program, Al-assisted diagnostic tools in emergency departments
reduced the average patient wait time by 20%, allowing doctors more time to engage with
patients and discuss treatment options.?”

Incorporating the principles of the 4Ps of medicine—Personalized, Preventive, Predictive,
and Participatory—further emphasizes the importance of this balance: personalized medicine
tailors treatment to the individual, preventive approaches aim to ward off diseases before
they occur, predictive analytics forecast potential health risks, and participatory care involves
patients in their own health decisions.

Another critical limitation of Al in POCT is the introduction of bias, which can arise when
AT algorithms are trained on non-diverse data sets.?® If the training data lacks representation
from various demographic groups, the Al system may perform well for some populations but
poorly for others, exacerbating existing health disparities.

This bias not only limits the effectiveness of Al in diverse clinical settings but also high-
lights the need for inclusive data collection and algorithm development. Addressing these
biases is crucial for ensuring that Al technologies in POCT contribute to equitable healthcare
improvements rather than reinforcing existing inequalities.

9. Discussion: Challenges, Future Research, & Call to Action

ATl in POCT enhances diagnostic accuracy and healthcare accessibility but poses environmen-
tal and ethical challenges. High energy consumption from AI model training and centralized
data centers, along with Al hardware obsolescence, contribute to carbon emissions and e-waste.
Addressing these requires energy-efficient algorithms and sustainable hardware innovations,
such as biodegradable components.

The substantial carbon emissions and e-waste resulting from outdated AI hardware high-
light the need for energy-efficient algorithms and sustainable hardware innovations, such as
biodegradable components. Ethically, Al must complement human decision-making in health-
care. Future research should focus on improving Al’s energy efficiency, addressing biases, and
ensuring equitable access to POCT technologies. Achieving sustainability requires concerted
efforts from researchers, healthcare providers, and policymakers to responsibly integrate Al
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without compromising environmental and social values.

Additionally, the reliance on edge computing in POCT introduces its own set of challenges.
While edge computing can reduce latency and improve efficiency, it may also raise concerns
related to data security, privacy, and the potential for increased hardware obsolescence. The
environmental impact of the widespread deployment of edge devices, particularly in resource-
limited settings, must also be considered.

The integration of Al in POCT enhances diagnostic accuracy and healthcare accessibility
but also presents significant environmental, ethical, and technological challenges. While Al
offers the potential to improve healthcare outcomes, it also carries the risk of biases in algo-
rithmic decision-making. These biases can lead to unequal access to diagnostics and misin-
terpretation of data, particularly for underrepresented populations. Ensuring that Al systems
are developed and validated using diverse datasets is essential to mitigate these biases.

By optimizing Al for sustainability and equity, we can transform healthcare with more
accessible diagnostics and personalized care, aligning with global sustainability goals.

Achieving sustainability in healthcare requires a collaborative effort among researchers,
healthcare providers, and policymakers. By responsibly integrating Al while upholding envi-
ronmental and social values, we can optimize these technologies for greater sustainability and
equity. By focusing on these areas, we can transform healthcare delivery, making diagnostics
more accessible and personalized while aligning with global sustainability goals.
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