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terpretation. This systematic review compares the diagnostic performance of Al-enhanced
POCT and traditional POCT across a range of medical conditions and clinical settings.
Methods: Using PRISMA 2020 guidelines, a comprehensive search was conducted across
four databases—PubMed, Google Scholar, ScienceDirect, IEEE Xplore and Semantic
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1. Introduction

Point-of-care testing (POCT) has revolutionized healthcare by providing fast diagnostic results right where patients are, whether in a doctor’s
office, an emergency room, or even a remote clinic. No longer confined to traditional labs, this technology helps doctors make quick
decisions that can save lives or improve care [1]. It all started way back in the 1950s with simple urine dipsticks and grew in the 1970s with
early glucose meters for diabetes monitoring [2]. Now, POCT is a high- tech field, using tools like lateral flow tests (think pregnancy tests),
advanced molecular diagnostics, and tiny microfluidic devices that analyze samples in minutes [3].

In 1988, the Clinical Laboratory Improvement Amendments (CLIA) made it easier for non-lab staff, like nurses or paramedics, to run
these tests by setting clear quality standards for simple diagnostics, opening the door to testing in all kinds of settings [4]. Today, POCT is a
game-changer for catching infectious diseases early, managing chronic conditions like diabetes, and handling emergencies [5]. The global
diagnostics market is expanding quickly. Recent peer-reviewed research shows the point-of-care (POC) diagnostics sector was valued at
about $53 billion in 2024 and is projected to grow substantially through the early 2030s as demand for rapid, accessible health testing rises
worldwide [6].

Traditional point-of-care testing (POCT), while widely used, has some notable drawbacks. One big issue is that many tests, like lateral
flow assays (think rapid COVID or pregnancy tests), rely on someone visually interpreting faint lines, which can be subjective and lead to
mistakes; either missing a positive result or falsely detecting one [7, 8]. For instance, during the COVID-19 pandemic, rapid antigen tests
were only about 72% accurate for symptomatic cases and struggled even more when viral loads were low, raising questions about their
reliability [9]. In addition, environmental factors like heat or humidity can alter test performance, especially in places like rural clinics where
proper storage is not always possible [10]. These issues highlight the need for better POCT solutions that reduce human error while keeping
the speed and convenience that make these tests so valuable.

Artificial intelligence (Al) is stepping up to tackle the weaknesses of traditional point-of-care testing (POCT) in a big way [11]. By
combining machine learning with POCT devices, Al makes tests more accurate through things like automated image analysis and consistent
result interpretation [12]. For example, smartphone apps that read lateral flow tests (like those for COVID-19) have boosted sensitivity to an
impressive 98.1%, compared to 80.4% when human eyes read the results [13]. Al is also shining in other areas, like retinal imaging for
diabetic eye disease, where it matches the accuracy of expert eye doctors in regular clinics [14]. Beyond infections, Al-enhanced POCT is
showing potential for heart health checks, estimating gestational age, and tracking chronic conditions, with the added perk of getting smarter
over time through algorithm updates and linking with digital health records [15].

While Al-powered point-of-care testing (POCT) holds huge promise, rolling it out widely is not without challenges [16]. Al cuts down
on human error in test interpretation [17], but it often needs reliable internet and power, which can be a problem in remote or low-resource
areas [18]. There are also worries about data privacy, biases in Al algorithms, and the need for thorough clinical testing to ensure accuracy
across different populations [16]. Regulatory rules are still catching up, adding another layer of complexity [19].

This systematic review fills a key gap by directly comparing Al-enhanced POCT with traditional methods across various medical uses.
By pulling together evidence from studies, it aims to clarify the strengths, weaknesses, and best applications for both approaches. The results
will help doctors, policymakers, and tech developers make informed choices in areas like emergency medicine, public health screening, and
healthcare investments, ultimately pushing for fairer access to diagnostics and better patient care globally.

2. Methodology

2.1. Study Design

This systematic review was carefully designed using the PRISMA 2020 guidelines to ensure its transparency, repeatability, and scientific
robustness. It pulls together peer-reviewed studies and preprints to compare directly or indirectly the diagnostic accuracy of Al-powered
point-of-care testing (POCT) with traditional POCT across different medical conditions based on available studies. By doing so, it offers a
clear picture of how Al-driven tools stack up against conventional methods in real-world clinical settings. The review zeroed in on primary
studies that used solid reference standards and provided enough data to assess or determine diagnostic performance, keeping the focus sharp
and reliable.

2.2. Search Strategies

To evaluate the diagnostic accuracy of Al-based point-of-care testing (POCT) compared to traditional POCT, a thorough literature search
was conducted across five major databases: PubMed, Google Scholar, ScienceDirect, IEEE Xplore, and Semantic Scholar. These were
chosen for their extensive coverage of biomedical, clinical, and interdisciplinary research relevant to Al and diagnostics. PubMed, a go-to for
peer-reviewed biomedical studies, was selected for its high- quality clinical research and precise search capabilities using Medical Subject
Headings (MeSH) [20]. Google Scholar helped capture literature which are valuable for emerging fields like AI-POCT [21]. ScienceDirect
provided access to technical and computer science literature, especially from Elsevier journals focused on medical device innovation.
Semantic Scholar, with its Al-driven search and ranking, was ideal for finding recent, relevant studies at the intersection of machine learning
and healthcare. IEEE Xplore, an online research repository was used because its repository focuses on research works on technology,
engineering and computer science, which align greatly with this study.

The search covered January 2015 to April 2024, a period when Al in diagnostics really took off due to advances in machine learning and
digital health [22]. This timeframe keeps the focus on modern Al methods and POCT platforms relevant to today’s clinical needs [11]. Only
English- language studies were included, using a mix of keywords like “artificial intelligence,” “machine learning,” “point-of-care testing,”
“diagnostic accuracy,” “sensitivity,” and “specificity,” combined with Boolean operators (AND, OR) for precision. Beyond databases, manual
searches of reference lists from included studies and reviews known as “backward snowballing” were conducted to catch any missed studies,
especially those not well-indexed or using varied terminology [23]. This approach ensures a comprehensive and robust review, minimizing
publication bias and capturing the full scope of relevant research.

Table 1 Search strategy for databases used in the systematic review on the diagnostic accuracy of point-of-care testing (POCT).
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Table 1: Databases for search queries/Boolean functions

Database Search query/Boolean function Filter Search Date
PubMed ((“Point-of-Care Systems”’[MeSH Terms] OR “POCT” OR  Article Type: Clinical Trial, 17" April, 2025
rapid diagnostic test OR “lateral flow immunoassay’’) Evaluation Study, Comparative Study
AND (“Sensitivity and Specificity”’[MeSH Terms] OR Species: Humans
diagnostic accuracy OR “predictive value™)) Publication Dates: 2015-2024
NOT review[Publication Type]
Google Scholar (“point-of-care testing” OR “POCT” OR 2015-2024 187 April, 2025
rapid diagnostic test OR lateral flow test) AND
(“diagnostic accuracy” OR “sensitivity” OR
specificity) -review -meta-analysis
ScienceDirect “point-of-care testing” OR “rapid diagnostic test” for Research Atrticles 197 April, 2025
AND (“diagnostic accuracy” OR “sensitivity” OR Select subject areas like Medicine,
specificity) NOT review NOT “systematic review” Biochemistry, or, Health Sciences
Sort by Newest First
IEEE Xplore (“artificial intelligence” OR AI OR “machine learning” Journals 12" December,

OR “deep learning”) AND (“point of care” OR
POCT OR “point-of-care testing””) AND
(traditional OR conventional) AND (diagnos* OR
diagnostic performance OR accuracy OR sensitivity
OR specificity) AND (comparative OR

comparison OR evaluate® OR assess*)

Open access only

2025

Semantic Scholar

(“point-of-care testing” OR “POCT” OR
rapid diagnostic test) AND (“diagnostic accuracy”
OR “sensitivity” OR “specificity”) - review

Exclude Review Articles with filters
Choose Clinical Medicine,
Biology,or Diagnostic

Testing as focus fields Restrict to
recent years (especially post-2015)

17 April, 2025

Manual Search
(Reference Lists)

Screening of references from included
reviews and eligible full-text studies

Peer-reviewed full texts only

171720
April, 2025

The Table 1 outlines the databases searched, Boolean search terms and strings, applied filters, and search dates. PubMed, Google Scholar,
ScienceDirect, IEEE Xplore, and Semantic Scholar were systematically queried, along with a manual search of reference lists from relevant
studies.

This table provided a transparent and reproducible search strategy, ensuring comprehensive coverage of studies on POCT diagnostic
performance. The use of MeSH terms, Boolean operators, and exclusion filters enhances precision. Date restrictions (2015-2024) prioritize
recent evidence, while manual reference screening minimizes omission of relevant studies. The strategy aligns with best practices for
systematic reviews in diagnostic test accuracy.

2.3. Eligibility Criteria

Studies were included in the review if they met strict criteria: (1) involved human participants; (2) evaluated either Al-based point-of-care
testing (AI POCT) or traditional POCT; (3) reported diagnostic accuracy metrics like sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), or area under the curve (AUC); and (4) were peer-reviewed primary research articles with full-text access,
conference publications and preprints. Given the challenges in finding direct comparisons between Al-enhanced POCT and traditional
POCT, this systematic review was designed to include studies that evaluated Al-enhanced POCT or traditional POCT separately. The review
aimed to make indirect comparisons between the two methods. The focus was always on assessing the diagnostic accuracy (e.g., sensitivity,
specificity, AUC) for each method individually and making a comparison of results across studies.

Studies were excluded if they: (1) focused only on non-POCT lab-based diagnostics; (2) used simulated data, computational models, or
animal experiments; or (3) were abstracts, editorials, opinion pieces. Studies without full-text access were also excluded to ensure thorough
methodological review. Only English-language studies were included due to the reviewers’ language limitations, lack of translation resources,
and evidence that excluding non-English studies has minimal impact on diagnostic accuracy reviews [24, 25].

While preprints and conference publications were allowed due to limited studies in this emerging field, focusing mainly on peer-reviewed
scholarly publications ensured scientific credibility and rigor, as journal publication evaluation process filters out methodological flaws and
unsubstantiated claims common in non-scholarly publications [26]. This approach strengthens the reliability of the findings, providing a
solid evidence base for clinical and policy decisions.

2.4. Data Extraction and Management

Two reviewers independently extracted data using a standardized form, which was tested beforehand to ensure it was clear and consistent.
They collected details like study title, authors, publication year, country, disease, sample size, clinical setting, Al algorithm type, POCT
platform, comparison method, and diagnostic performance outcomes (e.g., sensitivity, specificity). Any disagreements were settled
through discussion or by a third reviewer. Data were organized in Excel and managed with Mendeley for accurate citation tracking and
cross-referencing.
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2.5. Quality Assessment

The quality and potential bias of each study were evaluated using the Quality Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2)
tool, which assessed four areas: patient selection, index test, reference standard, and flow and timing [27]. Each area was checked for risk
of bias and applicability concerns, with studies rated as low, high, or unclear risk. Results were summarized in a table and visualized to
spotlight potential bias issues. The completed QUADAS 2 Assessment Summary form ensured transparent reporting and informed sensitivity
analyses based on study quality. Passing the quality assessment required at least three (3) “low” in the four assessed parameters.

Table 2: Quality assessment of included studies using the QUADAS-2 (Quality Assessment of Diagnostic Accuracy Studies-2) tool

Authors/Year Patient Selection Index Test Reference Standard Flow & Timing
Lee et al. [28] Low Low Low Low
Pilarowski et al. [29] Low Low low Unclear
Stringer et al. [30] Low Low Low Low
Florkowski et al. [25] High Low Unclear Low
Bermejo-Peldez et al. [31] Low Low Low Low
Singh et al. [32] Low Low Low Low
Zalama-Sanchez et al. [33] Low Low Low Low
Zhou et al. [34] Unclear Low high Low
Shapiro et al. [35] Low High high Low
Wang et al. [36] High Unclear Unclear Unclear
Worasith et al. [37] Low Low Low Low
Papadopoulou et al. [38] Low Low Low Low
Ong & Poljak, [39] High High Unclear Unclear

The Table 2 above evaluated risk of bias across four domains: Patient Selection, Index Test, Reference Standard, and Flow & Timing,
with judgments of Low, High, or Unclear risk.

This table systematically assesses methodological quality, showing that seven (7) studies had low risk of bias and one (1) low-moderate
risk of bias (one unclear and all low) across all domains, supporting their reliability. The remaining studies had high or unclear risk in patient
selection or reference standards, potentially limiting their validity. Overall, the results indicate predominately high-quality evidence but
shows specific studies with low quality. Studies with all “low”, and “one unclear and all low” were considered for data extraction. Studies
outside this risk threshold were excluded from the extraction.

2.6. Data Synthesis and Analysis

A narrative synthesis approach was adopted due to the diversity of study designs, disease conditions, diagnostic platforms, and reported
outcome measures. The included studies varied in their clinical targets, Al models, and POCT modalities, which made statistical pooling
inappropriate for meta-analysis. Instead, extracted data were summarized descriptively and organized in both tabular and graphical formats
to enable comparative evaluation of diagnostic performance between Al-enhanced and traditional point-of-care testing (POCT) systems. Key
diagnostic metrics such as sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and area under the curve
(AUC) were extracted and reported. These metrics were compiled into summary tables that included study characteristics (e.g., author, year,
sample size, index test, reference standard, target condition, and POCT type) and diagnostic insights, including additional context-specific
remarks. To enhance visual comparison across studies, three figures were developed. Bar charts were used to illustrate sensitivity and
specificity values of Al and traditional POCTs by study and diagnostic target. A third figure displayed AUC values was reported, allowing
graphical comparison of diagnostic accuracy across methods and conditions. Color-coding was used to distinguish between Al-based and
traditional POCT systems in all figures. All visualizations were descriptive and intended to highlight performance trends rather than quantify
statistical significance. Additionally, the quality of each included study was assessed using the QUADAS-2 tool. Risk of bias assessments
were recorded in a separate table and used to inform the interpretability of findings during synthesis. No statistical tests for heterogeneity or
publication bias were performed. All data synthesis steps were conducted manually and reviewed by two independent reviewers to ensure
consistency and transparency.

2.7. Ethical Considerations

This systematic review used only previously published, publicly available data, so no new patient information was collected or handled,
so formal ethical approval was not needed. No identifiable personal data were used. The review followed ethical standards for secondary
research, ensuring transparency, reproducibility, and responsible use of published studies. To maintain objectivity, steps were taken to
reduce bias in study selection, data extraction, and synthesis. All authors declared no conflicts of interest, and the review adhered to ethical
guidelines for literature-based research. Also, authors had no prior involvement with commercial Al POCT platforms.
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Figure 1: PRISMA Flow Diagram of Study Selection Process

Figure 1 shows the flow diagram summarizes the selection process of studies included in the systematic review, based on PRISMA 2020
guidelines. A total of 49 records were identified through database and manual searches. After removing one duplicate, 48 unique records
were screened by title and abstract. Of these, 26 were excluded for not meeting inclusion criteria. Full text screening was performed on
the remaining 22 articles for eligibility, but 9 could not be retrieved due to inaccessibility, unsuitable study design and wrong outcomes.
The remaining thirteen full-text articles were subjected to quality assessment, and 5 were excluded for not meeting the QUADAS-2 quality
assessment threshold. Ultimately, 8 studies were included in the final synthesis.

Table 3: Characteristics of included studies evaluating point-of-care tests (POCTs)

Study Study Design Sample Index Test Reference Target POCT Type
(Author, Year) Size Standard Condition
Pilarowski Cross-sectional 878 BinaxXNOW RT-PCR SARS-CoV-2 Antigen lateral
et al. [29] diagnostic accuracy Ag Card flow
Worasith Diagnostic accuracy 493 Urinary FECT + Opisthorchis Urine antigen
et al. [37] with field trial OV-RDT ELISA viverrini lateral flow
Papadopoulou Nested case-control 111 Kosmos Biplane Simpson’s  Impaired LVEF  Al-guided
et al. [38] diagnostic study HUD + Al method handheld echo
Singh Prospective 446 Gazelle CE-HPLC B-thalassemia Microchip
et al. [32] diagnostic validation trait electrophoresis
Lee et al. [28] Al-enhanced ~2500 TIMESAVER RT-PCR, COVID-19, Al-assisted
diagnostic images Al + LFA lab tests Influenza, Smartphone
Validation hCG, Tnl
Zalama-Sdnchez  Prospective multicenter 201 Siemens Roche/Beckman NSTEMI hs-cTnl POC
et al. [33] Cohort Atellica® VTLi  hs-cTn assays Analyzer
Stringer Prospective diagnostic 400 Al-enabled Standard fetal Gestational Al-guided
et al. [30] Accuracy Butterfly IQ+ biometry Age (GA) Ultrasound
Bermejo-Peldez ~ Prospective validation 268 (field), TiraSpot app Visual SARS-CoV-2 Al-assisted LFA
etal. [31] and field study 1165 + Al interpretation (IgG, IgM, Ag) (smartphone)
(train/ by health
validate) professionals

Keys: BinaxXNOW Ag Card= BinaxNOW COVID-19 Antigen Card; CE-HPLS= Capillary Electrophoresis-High-Performance

Light Scattering; FECT- ELISA=Fecal Enzyme-Linked Immunorbent Assay; hs-cTnl POC Analyzer= High-Sensitivity Cardiac

Troponin I Point-of-Care Analyzer; Impaired LVEF- Impaired Left Ventricular Ejection Fraction; Kosmos HUD + Al= Kosmos

Heads-Up Display + Atrtificial Intelligence; NSTEMI= Non-ST-Segment Elevation Myocardial Infarction; RT-PCR= Reverse Transcription
Polymerase Chain Reaction; SARS-CoV-2= Severe Acute Respiratory Syndrome Coronavirus 2; TIMESAVER Al + LFA=

TIMESAVER Artificial Intelligence + Lateral Flow Assay; Urinary OVRDT= Urinary Ovulation Rapid Diagnostic Test.
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The Table 3 above summarizes study design, sample size, index test, reference standard, target condition, and POCT type for each
selected study.

This table provides a structured overview of key studies assessing various POCTs, highlighting their diagnostic accuracy against reference
standards. The studies cover diverse conditions (e.g., SARS-CoV-2, parasitic infections, cardiac dysfunction) and POCT technologies (e.g.,
lateral flow assays, Al-guided ultrasound, microchip electrophoresis). The inclusion of different study designs (cross-sectional, prospective,
Al-enhanced validation) reflects a broad evidence base, supporting the evaluation of POCT performance across clinical settings.

Sensitivity of POCT Across Studies and Conditions

POCT Type
0 Traditional
0 Al-Driven

Sensitivity (%)

Figure 2: Sensitivity of Traditional and AI-Driven Point-of-Care Testing (POCT) methods across various clinical targets

Each bar represents a published study, with the corresponding target condition noted. Color coding differentiates between Traditional

POCT (sky blue) and Al-driven POCT (orange). Sensitivity values reflect the proportion of true positive results correctly identified by each
method.

In Figure 2 Al-driven, POCT generally demonstrated high sensitivity, with studies such as Bermejo-Peldez et al. [31] and Lee et al. [28]
reporting sensitivity values of 99-100%. In contrast, most Traditional POCTs also performed well, except for Zalama-Sanchez et al. [33]
which showed a notably low sensitivity (24.3%) for early NSTEMI detection.

Specificity of POCT Acrass Studies and Conditions

POCT Type
0 Traditional
I Al-Driven

Specificity (%)

Figure 3: Specificity of Traditional and Al-Driven POCT methods by study and target condition
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Specificity indicates the proportion of true negatives correctly identified. Bars are color-coded by POCT type, and study labels include
both the citation and diagnostic target.

In Figure 3, Specificity values were generally high across all POCTs. Traditional POCT methods demonstrated specificity ranging from
93% t0 99.9%. Al-driven POCTs maintained similarly high performance, with Bermejo-Peldez et al. [31] achieving 100%. Notably, Lee et
al. [28] did not report specificity data, limiting interpretation of that model’s performance.

AUC of POCT Across Studies and Conditions

1 POCT Type
= Traditional
Y081 B A-Driven
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Figure 4: AUC of POCT Across Studies and Conditions

Figure 4 Diagnostic accuracy of POCT methods as measured by the Area Under the Curve (AUC) metric. The AUC values reflect the
overall ability of each test to discriminate between diseased and non-diseased states. Only studies that reported AUC values are included.

In Figure 4, Al-driven POCT consistently exhibited high diagnostic accuracy, with AUC values of 0.985 [28] and, 0.99 [37]. Zalama-
Sanchez et al. [33] also reported a high AUC (0.95) for a Traditional POCT in detecting NSTEMI.

Table 4: Result Table of Diagnostic Metrics

Study (Author, Year) Target Condition Other Metrics

Traditional POCT

Pilarowski et al. [29] SARS-CoV-2 Performance drops in low viral load
Singh et al. [32] B-thalassemia trait Microchip electrophoresis

Worasith et al. [37] Opisthorchis viverrini Urinary OV-RDT

Zalama-Sanchez et al. [33] NSTEMI PPV: up to 80.7%, NPV: ~94%

AI-Driven POCT

Bermejo-Peldez et al. [31]  SARS-CoV-2 (IgG, IgM, Ag) -

Lee et al. [28] Gestational Age (GA) -

Papadopoulou et al. [38] Impaired LVEF Al-guided LVEF assessment

Keys: SARS-CoV-2= Severe Acute Respiratory Syndrome Coronavirus 2; NSTEMI= Non-ST-Segment Elevation
Myocardial Infarction; LVEF= Impaired Left Ventricular Ejection Fraction; Urinary OV-RDT= Urinary Ovulation
Rapid Diagnostic Test; PPV= Positive Predictive Value

The Table 4 summarizes additional diagnostic features and remarks reported by included studies on Traditional and AI-Driven Point-of-
Care Testing (POCT) methods. The “Other Metrics” column captures context-specific diagnostic insights, such as limitations, techniques
employed, or predictive values, which supplement core performance metrics (e.g., sensitivity, specificity, AUC).

While many studies focused on sensitivity and specificity, additional context-specific information enhances the understanding of each
POCT’s diagnostic value. For example, the traditional POCT evaluated by Zalama-Sanchez et al. [33] reported high predictive values despite
low sensitivity, while Singh et al. [32] utilized microchip electrophoresis for -thalassemia detection. Al-driven POCTs often did not
report supplementary metrics but emphasized automated or Al-guided diagnostic assistance, reflecting their evolving nature and potential in
enhancing diagnostic precision.

4. Discussion

The studies reviewed suggest that Point-of-Care Testing (POCT) systems augmented with Al technologies may maintained a superior level
of accuracy and sensitivity greater across various conditions than traditional POCT systems. For example, Bermejo-Peldez et al. [31] used
TiraSpot’s Al app and reported near 100% sensitivity and specificity in SARS-CoV-2 antigen and antibody detection. Those results were
significantly better than the outcomes of field-situated lateral flow assays that were read manually. AI’s accuracy in interpreting lateral flow
results is often attributed to the ability to identify faint positive lines, which human analysts are prone to miss because of their subjectivity
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and the influence of the surrounding setting. This aligns with findings by Turbé [40] where the use of Al integrated diagnostic applications
reduced the incidence of false-negative results in HIV tests conducted in Sub-Saharan Africa, which allowed for timely intervention. Results
were also presented by Lee et al. [28] where the TIMESAVER Al system displayed an outstanding performance resulting in AUCs of 0.99
and 0.97 for COVID-19 and Influenza respectively. Such eficiencia is seldom reported in traditional POCTs. Advanced deep learning
techniques applied by TIMESAVER Al to complex visual data eliminates differences in judgement called by multiple evaluators. Ferguson
et al. [41] and Khan et al. [17] support this conclusion, arguing that Al-powered POCT systems can detect subtle image features that
human users may miss. The consistent diagnostic performance of these systems across multiple assays and disease states underscores the
scalability and reliability of Al in diagnostics. POCTs, while effective and popular, have their shortcomings. Pilarowski et al. [29], for
instance, analyzed the performance of the BinaxNOW COVID-19 antigen card and reported a sensitivity of 89% (for samples with Ct <30)
and specificity of 99.9%. However, the test’s performance in asymptomatic patients or patients with lower viral loads was much worse. This
type of variability is a frequent limitation of tests that require visual interpretation and has been reported by Viswanathan et al. [42] and
Schmidt-Erfurth et al. [8]. The problem arises from the interpretation of results, which is prone to a myriad of factors such as lighting, level
of training of the user, exhaustion, and experience. As a result, these factors pose challenges for traditional POCTSs in mass and decentralized
screening where high levels of precision are needed. Still, in many low-resourced or emergency situations where digital infrastructure
is absent, traditional POCT has a critical role to fill owing to its low cost, simplicity, and low training demands. Additionally, in some
cases like specific antigen-based assays where the diagnostic signal is obvious, interpretation done by a human eye remains dependable
and does not require Al assistance [43]. The disease scope in the reviewed studies ranged from acute infectious diseases like COVID-19
and opisthorchiasis to chronic and non-communicable conditions such as gestational age estimation and f3-thalassemia trait detection. This
diversity highlights the flexibility of both diagnostic paradigms but also precludes direct cross-study comparisons. Notably, traditional POCT
has proven reliable in settings involving well-defined, binary biomarkers. For instance, Singh et al. [32] and Worasith et al. [37] reported
sensitivities and specificities above 93% for -thalassemia and urinary antigen detection, respectively. These tests benefit from clear-cut
signal intensities that reduce interpretation ambiguity. The potential of Al technologies is especially notable in the analysis of imaging
data. Al-enhanced echocardiographic evaluation, as reported by Papadopoulou et al. [38], showed diagnostic agreement with cardiologists
regarding the detection of clinically significant heart diseases. Al interpretation of autofluorescence imaging aided earlier detection of
infection in diabetic foot ulcers as Chen [44] noted, lowering the chances of developing septic conditions and the need for amputation. Grand
View Research [5] corroborated these findings, reporting improved outcomes in the management of diabetic foot ulcers with the use of
Al-powered monitoring systems in rural India. One of the most profound benefits of Al in point of care testing (POCT) is its capacity to
eliminate variability in the analysis of diagnostic data. Visual assessment, often the primary technique used in POCT, is subjective and prone
to many sources of error such as inadequate lighting, user tiredness, and even the user’s level of training [45]. These issues do not exist with
Al as they use objective criteria to make automated interpretations. The work of Bermejo-Peldez et al. [31] demonstrated that the TiraSpot
Al app enhanced the classification of weak positive results which decreased the false negative rate and improved the effectiveness of public
health response during the pandemic. This finding is in line with work by Pillay et al. [46], who observed a 20% reduction in false negatives
when using Al for dengue rapid tests in Southeast Asia. In certain cases, older generation POCT devices like the Siemens Atellica® VTLi
do have digital readers integrated into them, but it is not sufficient for accurate diagnosis. Zalama-Sdnchez et al. [33] highlighted that the
Atellica® VTLi was able to achieve a specificity of over 98%, however, its sensitivity towards interpreting early NSTEMI changes was
diagnosed to be under 25%. This showcases the need for advanced Al algorithms for machine learning based diagnostics rather than simple
device upgrades. This research emphasizes the idea that sophisticated algorithms coupled with advanced machine learning techniques are
crucial for clinical hardware to truly make an impact. Stringer et al. [30], for example, described an Al-powered portable ultrasound device
that estimated a patient’s age in terms of weeks with a significant error margin of 3.19 days, which is comparable to expert sonographers’
average error of 3.03 days. Rather than diminish AI’s significance, this equivalent performance highlights AI’s capacity to democratize
diagnostics—providing expert-level evaluations in resource-limited environments. Khan et al. [17] is in support of this argument, claiming
that Al especially expands the lack of sufficient qualified personnel in these regions for obstetrics and neonatal care. The efficiency with
which an individual can be diagnosed using smarter technologies, such as smartphone-based TiraSpot and TIMESAVER systems, is another
important advantage of integration Al into POCT. Diagnosis is done in a matter of minutes, circumventing the waiting time associated with
lab-diagnostic tests and conventional POCTs that need processing and interpretation through reading. In high-acuity environments like
outbreaks of infectious diseases or urgent cardiac care, diagnostic speed is fundamental [16, 47]. As a case in point, emergency departments
for patients with chest pain benefit significantly from AI POCT’s fast diagnostic EV technologies during the critical first phase of triage
which reduces door-to-treatment times. Such enhanced speed of diagnosis actually changes clinical outcomes. Chen et al. [44] used Al to
interpret images of diabetic foot ulcers and detected early-stage infections which diminished the need for amputations. Al tools used for
estimating the age of the fetus at different stages of pregnancy have made timely obstetric referrals possible that greatly improved the health
of mothers and babies [48]. These advantages are even more striking for low-and middle-income countries (LMICs) where specialists are
hard to get and the cost of delay in diagnosis can be life-threatening. AI POCT has its challenges, however. The initial investment for the
equipment, cloud services, and application development may be considerable; however, there is potential for reduced spending in the long
run due to a decrease in expensive retests, lowered reliance on central labs, and fewer diagnostic errors [49]. In addition, the over-dependence
on Al systems without adequate clinical supervision raises concerns about algorithm bias, data privacy, and Al reliance. These problems are
crucial in healthcare environments where regulatory supervision is limited, or digital skills are lower than average [50]. AI POCT has the
potential to change how healthcare diagnostics are done. However, its adoption needs to be carefully evaluated in terms of the clinical setting,
available infrastructure, and socio-economic factors influencing access. The traditional POCT will continue to be important in many areas
for simplicity, low cost, and effectiveness in remote or emergency situations.

5. Conclusion

This systematic review shows that Al-enhanced point-of-care testing (POCT) often outperforms or matches traditional POCT in diagnostic
accuracy across various diseases, boasting higher sensitivity, specificity, and AUC, especially for complex tasks like image analysis or
detecting faint signals. AI’s automation cuts down on human error, boosts consistency, and speeds up results, which can be a game-changer
in resource-scarce or high-pressure settings. It also brings expert- level diagnostics to non-specialists, expanding access to quality care.
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However, hurdles like infrastructure needs, algorithm biases, costs, and regulatory gaps must be tackled for safe and fair use. Rather than
replacing traditional POCT, which shines for its simplicity, portability, and low cost, Al POCT should complement it, addressing gaps were
precision, speed, or standardization matter most. A combined approach promises the most effective and inclusive diagnostic care tailored to
diverse contexts.

Limitations

The application of Al is an emerging area in the field of medicine, and this research focused on directly comparing traditional diagnostic
techniques and Al-supported techniques are limited. The number of included studies (8 studies) in this study were quite few to draw solid
evidence from them- this is a notable limitation of this study. Another notable limitation was the fact that the studies included in this
systematic review focused on various conditions, thus creating high variation among selected studies (heterogeneity) and complexity in
comparison.

Recommendations

To get the most from Al-assisted point-of-care testing, we still have a few big boxes to check. First, we do not just need massive studies on
real patients in clinics, homes and remote huts, so we know one result really works everywhere but we also need to statistically compare
it diagnostic performance with traditional POCT in a target condition at a time. This will bring more specific insight into their relative
diagnostic performance. Second, the basics-power, internet, even simple phone access-have to be in place, especially where health budgets
shrink fast. Third, the code itself should be clear and balanced, written from data that includes every skin tone, age and gender. Fourth, staff
must learn to slip these tools into daily rounds without feeling their brains are already too full. Fifth, watchdogs have to draft rules that keep
an eye on the Al after it goes live, not just before. Yes, the initial bill is steep, but the long-term savings from fewer missed clues and repeat
tests could pay the rent. In the end, doctors, coders and policy makers need to sit at the same table if rapid, reliable testing is going to be an
everyday option for everyone. Addressing these priorities now will help close the gap between shiny lab demos and the corner clinic, making
fast, accurate tests something any patient can expect.
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