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Abstract

Lateral flow assays (LFAs) are among the most widely used point-of-care (PoC) diagnostic platforms 
for infectious diseases due to their rapid operation, low cost, and user-friendly architecture. However, 
conventional LFAs remain limited by analytical sensitivity, qualitative or semi-quantitative outputs, and 
reliance on subjective visual interpretation. Recent innovations in nanomaterial engineering, signal 
amplification strategies, and multiplex assay design have significantly improved detection performance 
across viral, bacterial, and other pathogens. Advanced labels, CRISPR-assisted amplification, and dual-
mode sensing formats have expanded the analytical capabilities of LFAs beyond traditional colorimetric 
designs. Parallel to material and biochemical advancements, AI and machine learning (ML)-based image 
analysis have emerged as transformative tools for digital LFA interpretation. Smartphone-assisted 
readers and convolutional neural networks (CNNs) enable objective, quantitative signal extraction, 
reduce user-dependent variability, and improve detection of weak test lines. These approaches support 
standardized analysis and scalable disease surveillance. Despite these advances, challenges remain in 
sensitivity optimization, dataset quality, standardization, and regulatory alignment of ML-enabled 
diagnostic platforms. Future integration of AI-driven analytics with robust assay engineering is expected 
to redefine LFA platforms as digitally connected, quantitative, and clinically reliable PoC diagnostic 
systems. 
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1. Introduction 

Infectious diseases persistently challenge global health, significantly burdening public health, social 
stability, and healthcare systems worldwide [1, 2]. These diseases arise from a diverse set of pathogens 
including bacterial, viral, fungal and parasitic pathogens, each with distinct transmission mechanism, 
pathogenicity, and epidemiological patterns [3-5]. Some infectious diseases such as malaria, influenza, 
and tuberculosis are endemic and continue to impose a heavy diseases burden, while others, like Zika 
virus, Ebola, and SARS-CoV-2, emerge sporadically often triggering regional or global outbreaks with 
severe public health consequences [6, 7]. The rapid spread of pathogens is driven by factors such as 
globalization, climate change, urbanization, and antimicrobial resistance, which collectively hinder 
disease control and prevention efforts [8, 9]. 

Early and accurate diagnosis is therefore the foundation of effective infectious disease management, 
enabling timely clinical intervention, guiding appropriate treatment strategies, and preventing further 
spread within communities [3]. Rapid identification of infectious agents is particularly critical in the 
case of highly contagious or severe diseases, where delays in diagnosis can lead to widespread outbreaks 
and increased mortality rates. However, despite the advancements in diagnostic technologies, access to 
reliable and efficient tests remains limited in many regions, especially in low and middle-income 
countries [8]. Healthcare infrastructure in these areas often lacks the resources and technical capabilities 
to support complex, laboratory-based diagnostic methods, leading to delays in disease detection and 
treatment [10].

To bridge this diagnostic gap, there is an urgent need for cost-effective, scalable, and portable diagnostic 
solutions that can be deployed in resource-limited environments [3, 11-13]. Such technologies should 
be designed to provide real-time, rapid, accurate, and user-friendly results while minimizing dependence 
on laboratory facilities and specialized training [14-19]. One of the most promising techniques in this 
regard is lateral flow assay (LFA), a simple and efficient diagnostic platform that has gained widespread 
recognition for its applicability in infectious disease detection [20-22]. LFAs are advantageous due to 
their affordability, ease of use, rapid results, and long-term stability, which make them highly suitable 
for point-of-care testing in diverse domains [11, 23]. Since their introduction to the industry, these 
devices have been adapted for applications including biomarker detection, food safety assessment, 
veterinary medicine, and environmental monitoring [22, 24]. In the context of infectious disease 
diagnosis, LFAs offer a practical and scalable approach to improve global health outcomes, particularly 
in regions where traditional diagnostic methods remain inaccessible or impractical [25]. Despite the 
widespread adoption of LFA systems, inherent shortcomings such as suboptimal sensitivity, inability to 
provide quantitative data, and reliance on visual interpretation of results remain significant limiting 
factors [26-28]. In parallel with recent advances in biosensor technologies, the integration of artificial 
intelligence (AI), particularly machine learning (ML) algorithms, into diagnostic systems demonstrates 
that many of these limitations can be overcome [10, 29-34]. This review summarizes the current use of 
LFA systems in infectious diseases and discusses how these systems can be made more robust, reliable, 
and intelligent through ML-based solutions.

2. Current Landscape of Lateral Flow Assays in Infectious Diseases

LFA is a biosensor platform generally based on antigen-antibody or nucleic acid-based interactions, 
enabling rapid and cost-effective diagnosis (Fig. 1) [35, 36]. Its portable structure makes it widely used 
in the field detection of infectious diseases. LFA systems generally consist of a sample pad, conjugate 
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pad, nitrocellulose membrane, and absorbent pad; however, they can be diversified with different 
structural designs, such as single-line (sandwich-type), competitive, multiple-line, or microfluidic-based 
designs, depending on the intended use (Fig. 1) [35, 36]. LFAs are point-of-care (PoC) systems that 
detect genetic material or nucleic acid molecules of viruses, bacteria, and other pathogens (Table 1).

2.1. Viral Infectious Disease Diagnosis

Viral infections present unique challenges due to their high transmissibility and capacity for rapid 
evolution [37-39]. The swift mutation rates of viruses can give rise to new strains that evade existing 
diagnostic tools and treatments, complicating outbreak control efforts [40]. In this context, LFAs have 
proven to be invaluable diagnostic methods, offering scalable and rapid solutions [37]. The COVID-19 
pandemic underscored their critical role in viral diagnostics [41-43]. SARS-CoV-2 antigen tests, which 
target the viral nucleocapsid protein, were employed globally to enable mass screening [44]. Their 
simplicity, affordability, and rapid results enabled decentralized testing in both clinical and non-clinical 
settings, including workplaces and schools [45]. While reverse transcription polymerase chain reaction 
(RT-PCR) remains the gold standard, LFAs served as a complementary approach, particularly in low-
resource environments where access to advanced laboratory facilities is limited. 

A very recent study by Peng et al. addresses this issue with a novel nanobody-based LFA for detecting 
SARS-CoV-2 and MERS-CoV proteins (Fig. 2A) [42]. Nanobodies, also known as single-domain 
antibodies (VHHs) derived from camelids, were chosen due to their small size, high stability and strong 
antigen-binding affinity, leading to highly sensitive and successful detection. Using single and dual-
format LFAs, the researchers aimed to detect SARS-CoV-2 and MERS-CoV proteins individually and 
simultaneously. The detection mechanism relies on gold nanoparticle (AuNPs)-conjugated nanobodies 
that capture the target antigens, forming visible bands on the test line. Notably, the researchers 
demonstrated that their assay could successfully differentiate SARS-CoV-2 from MERS-CoV, ensuring 
specificity in detecting each virus. Additionally, this is the first reported nanobody-based MERS-CoV 
LFA and the first nanobody-based sandwich LFA that can be observed with the naked eye. Sensitivity 
and specificity tests were conducted using the MERS-CoV S1 protein and receptor-binding domain 
(RBD), with the LOD for the SARS-CoV-2 S1 protein and RBD determined to be 3.27 nM and 0.95 
nM, respectively. Similar tests were performed on MERS-CoV strips, where the LOD for the spike 
protein and RBD were 1.75 nM and 9 nM, respectively [42]. 

Sarathkumar et al. approached from another perspective by incorporating aptamer-architectured 
plasmonic nanoenzymes and para-phenylenediamine (PPD) as a chromogenic structure to enhance LFA 
sensitivity and signal strength [46]. AuNP-based nanoenzymes were used for catalyzing the oxidation 
of PPD to Bandrowski’s base (BB), which is a stable and dark brown product that increases the signal 
intensity while providing stronger contrast against the nitrocellulose (NC) membrane. The PPD-based 
LFA was later evaluated using SARS-CoV-2 spike protein, and the assay demonstrated a detection limit 
of 168 pg/mL, which is more sensitive than Peng et al.’s approach [42]. Further, this system achieved a 
20-fold improvement in sensitivity within 15 minutes [46]. Wang et al. also used competitive aptamer-
based LFA for the rapid and quantitative detection of SARS-CoV-2 spike protein (Apt-LFD) [47]. Like 
all previously mentioned research, AuNPs were used as detector probes and are conjugated to DNA 
probes for signal generation, and the system achieved a detection limit of 51.81 ng/mL, with a linear 
detection range of 0.1-1 µg/mL. This study also further assessed cross-reactivity and stability against 
other viral proteins such as respiratory syncytial virus (RSV) and human coronaviruses (HCoV-OC43 
and HCoV-229E), and the tests confirmed reliable performance over a 16-day period [47].  

Influenza is another respiratory virus where LFAs have made significant contributions. Kim, et al. [35] 
developed a novel sandwich type lateral flow strip biosensor for detecting avian type A influenza 
(H5N2) whole virus particles using a pair of cognate aptamers. The aptamers were screened using 
graphene-oxide SELEX (GO-SELEX) method to enable high specificity and binding to different sites 
on the target virus. 𝐽3𝐴𝑃𝑇 and 𝐽𝐻4𝐴𝑃 aptamers, which found to be working as a cognate pair that can 
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simultaneously bind to different sites of the target virus, were selected and extensively characterized 
using techniques such as Förster resonance energy transfer (FRET), surface plasmon resonance, 
confocal laser scanning microscopy, and circular dichroism spectroscopy to confirm strong and specific 
binding to H5N2 virus and were used as capturing aptamer and secondary aptamer, respectively. They 
observed that as the second aptamer conjugated AuNPs concentration increased, the signal intensity also 
increased, even though it made the washing step difficult, which resulted in high background noise. The 
sensor demonstrated a detection limit of 1.27 ×  105 EID 50/ml in buffer and 2.09 ×  105 EID 50/ml 
in spiked duck feces, which enables detection with the naked eye [35].

Reverse transcriptase loop-mediated isothermal amplification (RT-LAMP) can be used for simultaneous 
detection and subtyping for influenza viruses [48]. In one study, Jang, et al. [49] published a LAMP-
LFA platform for detecting both influenza A and B viruses using a combination of RT-LAMP (Fig. 2B). 
The platform consists of three steps: sample preparation, RT-LAMP, and LFA detection. Jang and 
colleagues also amplified RT-LAMP and optimized it with primers specifically targeting conserved 
regions of the matrix gene and NS1 gene. They further continued with specificity tests, which showed 
no cross-reactivity with SARS-CoV-2, coronavirus NL63, coronavirus OC43, enterovirus D68, or 
respiratory syncytial virus. Further, this method introduced chemical hot packs as a heat source, 
replacing thermocyclers and making it portable and electricity-free. The LFA showed clear and accurate 
results within minutes, with a detection limit of 104 for influenza A and 105 for influenza B [49]. In 
another recent study by Jang et al. [50], A multiplex LAMP and LFA (LAMP-LFA) was used for 
simultaneous detection of influenza A and B. This approach targets conserved genetic regions within 
the segment 7 of influenza A and the nucleoprotein gene of influenza B. Primers labelled with biotin, 
FAM, and DIG were used which allowed simultaneous detection of both viruses on a single LFA strip, 
and high signal strength and minimal non-specific interaction set was selected for two virus types. The 
assay demonstrated a sensitivity of 94.1% for influenza A and 96.6% for influenza B, with an overall 
specificity of 98% for negative samples. They compared their results with commercially available and 
reliable test Allplex Respiratory Panel 1 and observed the detection limit of their proposed method was 
slightly higher. Further, their assay demonstrated exceptional specificity and did not display any cross-
reactivity with other respiratory viruses such as coronaviruses, adenoviruses, and respiratory syncytial 
viruses [50].

LFAs have also been utilized for detecting dengue, Zika virus (ZIKV), hepatitis B, and human 
papillomavirus (HPV). Dengue virus, a rapidly spreading arboviral disease, consists of four serotypes 
(DENV1, DENV2, DENV3, and DENV4), and differentiating these serotypes is crucial for effective 
clinical management, epidemiological surveillance, and outbreak monitoring. To address the limitations 
of current diagnostic tools such as PCR and enzyme-linked immunosorbent assay (ELISA), Lai et al. 
[51] developed a Dengue NS1 Multiplex LFA for the simultaneous detection and serotyping of the 
dengue virus in human serum and infected mosquitoes. A serotype-cross-reactive antibody was paired 
with four serotype-specific antibodies and is utilized for the design of the assay. The multiplex LFA 
exhibited high sensitivity, with detection rates of 90.0% for DENV1, 88.24% for DENV2, 82.61% for 
DENV3, and 83.33% for DENV4 clinically. Specificity tests revealed minimal cross-reactivity with 
other flaviviruses such as ZIKV with values ranging from 96.13% to 99.39%. To further assess accuracy, 
researchers evaluated the assay using clinical serum samples from suspected dengue patients, where it 
exhibited an overall accuracy of 89.84% and a positive predictive value of 94.97% [51].

In a similar study, Trakoolwilaiwan et al. [52] developed a thermochromic LFA for detecting the 
DENV2 NS1 protein by exploiting the photothermal properties of magnetic nanoparticles and AuNPs. 
Various photothermal nanomaterials were tested for heating efficiency, with 12 nm gold nanospheres 
showing the best performance. The optimized LFA achieved a LOD of 1.56 ng/mL, which is four times 
lower than that of conventional LFAs (6.25 ng/mL). Notably, a visible colour change provided a semi-
quantitative readout: red signal appeared at concentrations below 1.56 and 12.5 ng/mL, while higher 
concentrations produced a greenish blue colour. This visual distinction allows users to estimate viral 
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load without requiring digital image processing or specialized analytical tools, thereby reducing the cost 
of the assay [52]. Accurate differentiation between ZIKV and DENV is crucial for effective diagnosis 
and managements since these two have close antigenic similarity. A paper published in 2019, which 
utilizes a smartphone-based fluorescent LFA that is designed to detect ZIKV NS1 protein, demonstrated 
low cross-reactivity towards DENV [53]. With this outcome, accurate differentiation between ZIKV 
and DENV was possible. Their system employs a 3D-printed smartphone attachment integrated with 
external optical and electrical components, minimizing both the cost and the complexity. Quantum dot 
microspheres were used as fluorescent probes to amplify the detection of ZIKV NS1 within 20 minutes, 
and the system showed excellent performance with a detection limit of 0.045 ng/mL in buffer and 0.15 
ng/mL in serum [53]. 

It was previously reported by Nguyen et al. [54] that a peptide aptamer was able to distinguish ZIKV 
from DENV using fluorescence-linked immunosorbent assay (FLISA), and they developed an antibody-
free diagnostic system using those peptide aptamers specifically designed to target the ZIKV envelope 
protein. The identification and optimization of the peptide aptamers were conducted through in silico 
modeling and binding affinity analysis, with the B2.33-P6.1 peptide pair selected for its strong binding 
affinity to ZIKV. The assay’s LOD was 2 ×  104 TCID50/mL in tissue culture samples, with results 
available within 20 minutes [54]. Despite the smartphone-based LFA offering higher sensitivity, 
portability, and cost-effectiveness, the FLISA with peptide aptamers represents an innovative antibody-
free alternative with specificity toward the ZIKV envelope protein. 

In 2020, Bai et al. [55] incorporated recombinase-aided amplification (RAA) and a lateral flow dipstick 
to detect hepatitis B virus (HBV). They have developed two RAA-based assays: an internal-controlled 
(IC) duplex real-time RAA using a portable fluorescence detection device, and an instrument-free visual 
detection method utilizing a lateral flow dipstick. The IC is utilized for preventing false negatives and 
for real-time monitoring of the amplification, and the duration of the assay takes less than 40 minutes at 
an optimum temperature at 39 °C. Both assays demonstrated high sensitivity and specificity upon 
clinical testing, with the duplex RAA assay achieving 97.18% sensitivity and 100% specificity, while 
the RAA-LFD assay showed 95.77% sensitivity and 100% specificity. Both methods were able to detect 
HBV DNA across multiple genotypes such as B, C, and D with a detection limit as low as 10 IU/mL 
[55]. 

In another similar study by Zhang et al. [56], an LFA system based on recombinase polymerase 
amplification (LF-RPA) is used for the detection of HBV. A highly conserved region of the HBV 
genome spanning nt908-1700 was selected as the target region. The forward and reverse primers were 
designed at positions nt1175-1204 and nt1300-1329, respectively, while the probe was located between 
nt1240-1288. The reverse primer was biotin-labelled, and the probe was modified with a 5’ FAM label, 
an internal tetrahydrofuran (THF) residue for cleavage, and a 3’ C3 spacer, enabling dual-labelled 
amplicon generation that is compatible with LFA detection. The primer and probe set were designed 
using the TwistDx RPA kit, and BLAST (Basic Local Alignment Search Tool) was used for specificity 
analysis of the primers and the probe. The assay operated at an optimal isothermal temperature (37 °C) 
and achieved a limit of detection of 10 copies/µL, and no cross-reactivity was observed with other 
common pathogens as hepatitis C (HCV), DENV, and human immunodeficiency virus (HIV) [56]. Guo 
et al. [36] approached from a different perspective, introducing a multiplex LAMP (m-LAMP) with 
lateral flow detection for simultaneous HBV and HBC detection. The m-LAMP was designed to detect 
conserved regions of HBV polymerase and surface genes, as well as the HCV 5’-UTR. The assay 
operates at an optimized temperature at 65 °C and can be completed within 25 minutes. The design of 
the strip differs from traditional LFA style with having a control line, a test line for HBV and a test line 
for HCV. Sensitivity analysis showed the m-LAMP-LFA assay could detect as low as 10 genomic 
copies/reaction for HBV and 1000 genomic copies/reaction for HCV. The assay also demonstrated high 
specificity with no cross-reactivity with other hepatitis viruses or common bloodborne pathogens. One 
key innovation of this study is the development of a custom portable heating device, which eliminates 
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the need for a laboratory-based thermal cycler. However, despite having high specificity, they mentioned 
that minor signal intensity variation could affect the results, therefore opening an improvement in this 
area [36]. 

HPV is another infectious disease that can be detected using advanced LFA methods [57]. For the 
detection of HPV genotypes 16 and 18, Li et al. [58] proposed a dual-readout differential LFA that 
integrates photoelectrochemical (PEC) and photothermal signal amplification strategies. The system 
utilizes a paper-film-based chip embedded with 𝐶𝑢𝐶𝑜2𝑆4/𝑍𝑛𝐼𝑛2𝑆4 heterostructure to enhance 
photoinduced charge separation and interfacial electron transfer. Upon target recognition, CRISPR-
Cas12a-mediated cleavage induces conformational DNA changes that regulate the accumulation or 
release of Au-PDA nanoparticles at the electrode surface. The presence of Au-PDA modulates the PEC 
current by impeding charge transfer and generates a proportional photothermal response under near 
infrared radiation. Notably, the reciprocal variation of PEC and photothermal signals enables internal 
cross-validation of results, which reduces reliance on subjective visual interpretation and enhances 
analytical reliability. Great sensitivity with detection limits of 0.21 pM for HPV-18 and 42.92 pM for 
HPV-16 were achieved, making the assay highly effective for early HPV detection [58]. In contrast, 
Xiao et al. [59] developed a gold-palladium-platinum (Au@PdPt) nanoparticle-based LFA for dual-
mode detection of HPV genotypes 16 and 18. Different than Li et al. [58], this approach utilizes a dual-
target DNA-RNA hybridization combined with an Au@PdPt-mAb probe that allows both qualitative 
visual detection and semi-quantitative analysis. For quantitative readout, the immunostrips were placed 
in a simple 3D-printed bracket and imaged using a smartphone camera, after which grayscale intensity 
of the test lines was extracted by ImageJ software. This standardized smartphone-based imaging setup 
improved signal reproducibility and enabled semi-quantitative analysis beyond naked-eye 
interpretation. The assay showed significant sensitivity, achieving a visual detection limit of 0.007 nM 
for HPV-16 and 0.01 nM for HPV-18. The semi-quantitative detection limits were 0.05 nM and 0.02 
nM for HPV-16 and HPV-18, respectively [59]. 

The key differences between these methods lie in their detection mechanism and signal amplification 
strategies. The PEC-photothermal LFA employs CRISPR-Cas12a enzymatic cleavage, which leads to 
highly specific signal transduction through photoelectric and photothermal dual-signal interaction 
meanwhile the Au@PdPt LFA relies on enhanced catalytic activity of trimetallic nanoparticles, enabling 
colorimetric detection and smartphone-assisted qualification. In terms of sensitivity and performance, 
Li et al.’s proposed method demonstrated ultra-high sensitivity in the pM range, whereas Au@PdPt, 
even though it is less sensitive in nM range, it is still significantly more effective than traditional AuN-
based LFAs. The PEC-photothermal approach is ideal for highly precise HPV detection, while 
Au@PdPt system provides a more practical, rapid, and portable solution, which makes it better suited 
for large-scale screening [58, 59]. 

2.2. Bacterial Infectious Disease Diagnosis

Zhu et al. [60] developed CRISPR/Cas9-based lateral flow biosensor (CRISPR/Cas9-LFB) for rapid and 
accurate detection of Mycoplasma Pneumoniae (MP). This biosensor combines CRISPR/Cas9 
technology with RPA to achieve a sensitivity of as low as 3 copies while completing the entire detection 
process within 30 minutes. The system demonstrates exceptional accuracy with 100% consistency when 
tested on 123 clinical sputa, and eliminates false positives caused by primer dimers or non-target 
interactions. Unlike the traditional PCR-based methods, this system operates efficiently at room 
temperature without requiring specialized equipment which makes it suitable for PoC devices in 
resource-limited settings [60]. In another study on detecting MP, Wang et al. [61] reported a LAMP 
combined with a nanoparticle-based lateral flow biosensor (LAMP-LFB). This assay integrates LAMP 
technology with LFA for rapid and sensitive detection and specifically targets the P1 gene of MP using 
six primers by achieving a limit of detection of 600 femtograms (fg) in pure cultures with no cross-
reactivity with other pathogens. The working principle of the assay is simple: it requires a heating block 
at 65 °C for amplification, and the results can be observed within 2 minutes. The assay was tested on 
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209 clinical samples, and their developed biosensor demonstrated higher sensitivity with 47.8% 
detection rate compared to real-time PCR [61]. 

In 2019, Tomas and colleagues [62] proposed a new method to diagnose Pneumocytis jirovecii 
pneumonia (PcP) which is a fungus that can cause fatal pneumonia. Recombinant synthetic antigens of 
P. jirovecii’s Msg and Kex1 with AuNPs were used to improve the detection of specific antibodies in 
human sera samples. The results showed excellent visual results with positive sera forming distinct 
control and test lines within 10 minutes [62].  

Other than pneumonia, LFAs have been used in the diagnosis of tuberculosis. One example is a highly 
specific and sensitive diagnostic assay using m-LAMP combined with a nanoparticle-based lateral flow 
biosensor (mLAMP-LFB) specifically targeting two Mycobacterium tuberculosis complex (MTBC) 
specific genes, IS6110 and gyrB [63]. The system operates under isothermal conditions at 65 °C for 40 
minutes followed by a lateral flow detection in 2 minutes. The LoD was estimated at 100 fg of DNA in 
pure culture, and the specificity tests confirmed 100% accuracy with no cross-reactivity with other 
bacterial species or non-tuberculous mycobacteria (NTM). They further tested their assay using 60 
suspected TB patient samples and compared mLAMP-LFB results with traditional methods, including 
culture, smear microscopy, and the GeneXpert MTB/RIF assay. Their proposed method showed 100% 
accuracy and outperformed smear microscopy [63]. In recent years, Chen, et al. [64] developed a duplex 
RAA-lateral flow dipstick (RAA-LFD) assay for the rapid and specific detection of Mycobacterium 
tuberculosis (MTB) and Mycobacterium avium complex (MAC) to diagnose tuberculosis. The assay 
targets the MTB-specific IS6110 gene and the MAC-specific DT1 gene, which allows simultaneous 
differentiation of tuberculosis from MAC infections. The amplification reaction occurs at a constant 
temperature of 37 °C within 20 minutes, and the results can be visually interpreted using a lateral flow 
dipstick. Specificity tests showed no cross-reactivity with other MTB or other common respiratory 
pathogens, indicating a very high diagnostic accuracy. Sensitivity analysis demonstrated that the duplex 
RAA-LFD assay achieved organism-specific detection limits, with a limit of detection of 6.2 × 103 
CFU/mL for MTB and 8.4 × 102 CFU/mL for MAC. In clinical evaluation using Xpert/MTB RIF as the 
reference standard, the assay achieved a sensitivity of 92.86% and a specificity of 93.75% for MTB 
detection. RAA-LFA also identified MTB cases that smear microscopy and culture have missed, 
indicating its potential for tuberculosis diagnosis, especially in resource-limited environments [64]. 
Similarly, Gan, et al. [65] introduced the ERA-CRISPR/Cas12a system as a novel approach for detecting 
MTB while integrating enzymatic recombinase amplification (ERA) with CRISPR/Cas12a-mediated 
detection. This system targets the IS1081 gene, ensuring broader strain coverage compared to IS6110-
based methods. The ERA step enables rapid DNA amplification at a constant temperature to eliminate 
the need for thermal cycling. The Cas12a enzyme binds to the target sequence upon successful 
amplification and triggers a collateral cleavage of a fluorescent or lateral flow probe to generate a signal. 
The fluorescent-based detection system has observed the LOD as low as 9 copies/µL, while the lateral 
flow system had an LOD of 90 copies/µL. Additionally, its cost-effectiveness, with an estimated cost of 
$7 per test, makes it an alternative for widespread implementation [65]. 

Building on the advancements in LFA strategies, other innovative approaches have also emerged for 
diagnosing different bacterial infectious diseases. As one of the most common bacterial sexually 
transmitted infections (STIs), C. trachomatis remains a major global health concern, especially in the 
underdeveloped regions where access to complex diagnostic tools is limited. One promising study to 
overcome this case utilized LAMP and AuNPs with LFA to detect Chlamydia trachomatis (C. 
trachomatis) [66]. In this study, the assay targets the ompA gene. The entire detection process is 
completed within 60 minutes, including genomic DNA extraction (15 minutes), amplification (35 
minutes), and lateral flow visualization (2 minutes). The designed system denotes high sensitivity, 
detecting 50 copies/mL of C. trachomatis DNA, with 100% specificity confirmed against other 
pathogens [66]. The same research group also tried to detect Neisseria gonorrhoeae (N. gonorrhoeae) 
using the same system as previously discussed. However, the strategy was inadequate to simultaneously 
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detect C. trachomatis and N. gonorrhoeae; therefore, in 2023, they integrated m-LAMP with AuNPs for 
the rapid and visual detection of C. trachomatis and N. gonorrhoeae. The m-LAMP-AuNPs-LFB was 
designed to target the ompA gene of C. trachomatis and the orf1 gene of N. gonorrhoeae. The optimal 
reaction conditions were determined to be 67 C for 35 minutes. The entire detection process, including 
crude DNA extraction (~5 minutes), m-LAMP amplification (35 minutes), and lateral flow detection 
(~2 minutes), can be completed within 45 minutes. The assay demonstrated a detection limit of 50 copies 
per test with no observed cross-reactivity with other pathogenic bacteria, which ensures high specificity 
and accurate differentiation between C. trachomatis and N. gonorrhoeae (Fig. 2C) [67]. In addition, 
bacterial vaginosis has been detected through disposable devices using GO as a revealing agent of 
immunocomplexes. Sialidase, a biomarker overexpressed given the bacterial vaginosis infection was 
employed as a target analyte in this biosensing approach. In fact, GO was discovered to have a high 
affinity against antibodies, as a consequence GO quenches the fluorescence of fluorescence-labelled 
antibodies that do not perform immunocomplexes via FRET. In contrast, those fluorescence-labelled 
antibodies that set up immunocomplexes create a spacer between GO and the respective fluorophore, 
therefore FRET is hindered and such a fluorescence is not quenched. In these devices a detection zone 
is coated with GO to reveal the presence of overexpressed sialidase, whereas a control zone is included 
to validate and normalize the results of the test. The disposable device was proven useful with clinal 
samples, offering a promising PoC platform for bacterial vaginosis diagnosis [68].

2.3. Other Infectious Diseases

Beyond viruses and bacteria, infectious diseases are caused by four other major classes of pathogens: 
protozoan parasites, helminths (parasitic worms), fungi, and prions. Among these, protozoan parasitic 
infections stand out as the most perilous ones. Nearly two-thirds of all deaths caused by other pathogens 
each year are attributable to protozoa, and malaria alone accounts for the majority. The 2024 World 
Malaria Report tallied 263 million clinical cases and 597,000 deaths in 2023, almost all in children under 
five in the African region [69]. A vector-borne disease, Visceral leishmaniasis, though far less common, 
is even more lethal [70]. Without treatment, its case-fatality exceeds 95% [70]. Caused by the contact 
with faeces/urine of infected blood-sucking triatomine bugs, Chagas disease still kills about 10,000 
people annually and leaves many more with irreversible cardiomyopathy or neurological alterations 
[71]. Considering these, an early detection test is critical for reducing the death rates globally, especially 
in endemic regions. For this purpose, Lin et al. developed an RAA-LFA assay targeting the Plasmodium 
18S rRNA, enabling the rapid detection of the parasite responsible for Malaria [72]. Using commercially 
available RAA test, 15 minutes of incubation at 37 C followed by a 3-minute strip read-out is conducted 
for detection of a single plasmid copy. Their assay’s sensitivity was 1 copy/µL of recombinant plasmid. 
They have collected blood samples of patients that were infected with P. falciparum, P. vivax, P. ovale, 
and P. malariae, and their corresponding sensitivities were 0.1 pg/µL, 10 pg/µL, 10-100 pg/µL, and 100 
pg/µL, respectively [72]. Targeting the same rRNA, Assefa et al. designed RPA-LFA for the specific 
detection of malaria [73]. Their main goal was to differentiate between Plasmodium species rapidly and 
accurately. Compared with Lin’s group, RPA-LFA’s LoD falls behind, with a detection limit of 10 
copies/µL. However, Assefa’s longer (40 minutes), slightly less sensitive workflow fills a crucial niche 
by reliably discriminating the low-density P. Malaria infections that pan-Plasmodium rapid tests often 
miss, and its streamlined primer-probe design could be adapted to simple PoC platforms [73].  

The mini-dbPCR-NALFIA platform that van Dijk, et al. [74] introduced is a simplified molecular 
diagnostic system that combines direct-on-blood PCR amplification with nucleic acid lateral flow 
immunoassay (NALFIA) detection, thereby integrating molecular sensitivity with LFA-based visual 
readout. Unlike conventional PCR approaches, the assay does not require prior DNA extraction. Instead, 
for the detection of Leishmania infantum and L. donovani parasites, a limit of detection of 500 and 650 
parasites, respectively, was achieved by only using 2.5 µL of EDTA blood [74]. The labelled amplicons 
are subsequently detected on a dipstick via antibody-mediated capture, enabling rapid visual 
interpretation similar to that of standard LFAs. In a clinical evaluation with 246 Spanish samples, it 
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achieved 95.8% sensitivity and 97.2% specificity, outperforming the widely used rK30 Kalazar Detect 
strip. To further test their sensitivity, malaria samples were utilized, and pooled 87.9% sensitivity. With 
a cost of roughly USD 3 and assay time under 1 hour, this developed LFA offers a robust, field-
deployable alternative for monitoring Visceral leishmaniasis in resource-limited environments [74]. A 
very recent study, conducted by Argentinean researchers, have demonstrated the detection of T. cruzi 
for Chagas disease was possible by a single-step, 15-minute IgM-based LFA using the antigen CP4 [75]. 
Newborn serum from 28 infected infants were collected, and their LFA correctly identified 9 of 11 
congenitally infected cases and all 17 uninfected, achieving 81.8% sensitivity and 100% specificity [75]. 

3. Why Integration with ML is Indispensable?

LFA technologies are widely used in the field diagnosis of infectious diseases due to their rapid, 
portable, and cost-effective nature. However, traditional LFAs heavily rely on visual interpretation of 
their results [76, 77]. This leads to user interpretation discrepancies, particularly in weakly positive cases 
such as low signal intensity or blurred bands, limiting the sensitivity and specificity of test results. These 
limitations negatively impact diagnostic reliability in the field and make standardization of results 
difficult. ML offers critical tools to overcome these challenges [31]. ML is a set of algorithms capable 
of automatically recognizing patterns in data, classifying them, and solving regression problems [29-
31]. The most used ML techniques in LFAs include Convolutional Neural Networks (CNN), Support 
Vector Machines (SVM), Random Forest, and Long-Short-Term Memory Networks (LSTMs) [29, 31]. 
In general, artificial neural networks and random forest are widely employed in classification and 
regression tasks, whereas SVM are commonly deployed in classification approaches  [78]. CNNs excel 
at detecting color changes and shape variations in test bands, particularly in image-based data [29]. By 
evaluating the relationship of each pixel in an image to its surrounding pixels, CNN models can 
distinguish features such as band intensity and position with high accuracy. Thus, even low-contrast 
signals that are invisible to the human eye can be successfully identified. SVMs are typically used on 
datasets that contain a small number of high-quality features [29]. After extracting features such as color 
intensity, bandwidth, and position, SVMs can effectively separate these data for positive/negative 
classification. SVMs also offer robust results on complex LFA data thanks to their ability to model linear 
and nonlinear decision boundaries [29]. The Random Forest algorithm is an ensemble learning method 
that works by combining multiple decision trees [29]. This method is powerful against noise in the data, 
and can prevent model overfitting, resulting in more robust classifications. Random Forest reduces error 
rates by modeling variations in LFA data due to different test conditions. LSTM are used in the analysis 
of time-series data [27]. Dynamic parameters such as sample flow rate and signal generation time are 
important in LFA tests. LSTM optimizes the testing process by modeling such time-dependent data and 
enabling early diagnosis [27]. With these techniques, ML algorithms eliminate visual reading errors and 
enable quantitative evaluation of LFA results. Furthermore, thanks to automatic error detection and 
quality control mechanisms, some problems caused by misuse, such as faint or missing lines, misaligned 
bands, or smeared test areas, can be identified early.

Furthermore, ML-powered LFA systems can transfer the acquired data to central health information 
systems via smartphones and cloud-based platforms [79, 80]. This enables big data analytics, 
epidemiological modeling, and real-time outbreak monitoring [17, 30, 81]. ML plays a critical role in 
tracing transmission routes, identifying new variants, and optimizing the timing of public health 
interventions by discovering patterns in these large and heterogeneous datasets [30].

4. ML-LFA Integration: Current Developments and Inspiring Applications

In recent years, numerous applications have been reported in literature where LFAs are combined with 
ML algorithms to increase sensitivity, specificity, and objectivity of results [31]. This combination has 
enabled the development of highly accurate diagnostic systems not only in laboratory settings but also 
in the field [30]. Even though conventional LFAs are practical, simple, and inexpensive, several 
shortcomings still constrain their clinical and epidemiological impact. Because most of the strips rely 
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on naked-eye detection [65, 67, 82-85], they typically yield only a binary “yes” or “no” results rather 
than an analyte concentration [29], so physicians cannot measure pathogen load or monitor treatment. 
Passive capillary flow, short optical path-lengths, and unamplified colour labels also make the LFAs 
less sensitive than traditional immunoassays, while saturation of the test line constraints the dynamic 
range once colour density maxes out [29, 86, 87]. Further, multiplexing more than three or four targets 
on one strip is awkward, both because coloured labels may overlap on the NC membrane and 
competitive formats can look “blank” when they are actually positive, which confuses users (Fig. 4A) 
[88]. The cassettes that the strips are put into does not have connectivity, so results are not time-stamped 
or geo-tagged for public health surveillance [86].   

With the advancements in ML, more work has started to rely on detecting diseases with algorithms [31]. 
ML methods, mainly CNNs or transformer models have closed these gaps almost point-for-point [34]. 
To address these gaps, numerous researchers have employed different models to enhance the qualitative 
results of LFAs, inspiring examples are summarized in (Table 2) [29, 80]. One very recent research 
conducted by Davis and Tomitaka [29] has boosted the quantitative results by developing a smartphone-
based ML pipeline that converts the qualitative read-out of COVID-19 antigen LFAs into quantitative 
classification (Fig. 3A). The authors have assembled 2,586 photographs, which were taken in a box 
made from a white foam-core board to limit outside influences, of strip tests spanning 0-7.4 ng of SARS-
CoV-2 nucleocapsid protein, later applied extensive data augmentation, and compared five different 
algorithms. Their CNN model, which was based on LeNet-5 architecture, has 2 convolutional layers 
followed by an average pooling layer, 2 dense layers with ReLu activation function, a final dense layer 
with SoftMax activation function, and the model was compiled using Adam optimizer. With this model, 
the researchers have yielded the highest accuracy (95.8%), narrowly outperforming a random-forest 
ensemble (93.7%), while SVM, k-nearest neighbor, and single decision tree models lagged below 83%. 
For the resolution studies, random forest has shown to excel on very low-resolution inputs (32 x 32 
pixels), whereas CNN’s accuracy rises monotonically with pixel count, peaking at 128 x 128 pixels. 
Color space comparison, where the colors are represented as numbers, also showed that raw RGB 
images were sufficient on LFA image classification [29]. Tong et al. approached from another 
perspective for COVID-19 detection by engineering an ML-assisted, polydopamine-nanoparticle (PDA) 
colorimetric LFA to quantify SARS-CoV-2 neutralizing antibodies at the PoC. The PDA cores were 
encapsulated in polymer-silica shells, PEGylated, and co-conjugated with spike-protein RBD and mouse 
IgG, producing four-fold stronger visible absorbance than AuNPs. Labels. ACE2 was immobilized on 
the test line and anti-mouse IgG on the control line, yielding a LoD of 160 ng/mL and a dynamic range 
of 625-10,000 ng/mL. Strip images were captured with a custom LEGO-based smartphone cradle and 
analyzed by an ML pipeline that outputs antibody concentration. The algorithm first locates the strip 
and then quantifies signal intensity, and the robust orientation recognition was achieved through a three-
stage procedure: (i) background removal and resizing, (ii) feature extraction with a ResNet-50 CNN 
using group normalization to offset small-batch effects, and (iii) pose prediction with a vision 
transformer (ViT). The researchers employed training with Adam optimizer with an initial learning rate 
of 5 × 10―6 (halved every 10 epochs), a weight decay of 1 × 10―4, and random Gaussian noise 
augmentation to curb overfitting. Interestingly, the developed ML platform was tested with 50 clinical 
sera, validated using a commercial ELISA, and it outperformed an AuNPs LFA (Fig. 3B) [89]. 

Both Davis and Tomitaka [29] and Tong et al. [89] demonstrated an improved performance over 
traditional LFAs, but with different modeling techniques. Davis and Tomitaka showed that the addition 
of a LeNet-5-based CNN to standard AuNPs LFA can raise read-out accuracy to 95.8% without 
changing any hardware. Their binary-antigen approach proves that the compact CNN can tolerate noisy 
low-resolution images and can translate a yes/no strip into semi-quantitative results useful for population 
surveillance. In contrast, Tong et al. overhauled both the chemistry reporter and the analytics. They 
replaced the most widely used detection label AuNPs with highly light-absorbing PDA and used a ViT-
based pipeline to convert smartphone images into precise neutralizing-antibody concentrations. 
Additionally, in a different study, an AI-assisted transfer learning approach was applied in the analysis 
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of up-conversion nanoparticle (UCNP) based LFA signals [28]. UCNPs produce fluorescence emissions 
with higher signal-to-noise and background noise compared to traditional colorimetry. Therefore, pre-
trained CNN models were adapted to UCNP image data using transfer learning. The model was trained 
using a large number of labeled images (approximately 1,200) and achieved 95.7% accuracy, 94.3% 
sensitivity, and 96.1% specificity on the test set. Transfer learning reduced training time by 40%, while 
increasing the model's generalization capacity and reproducibility. This method enables UCNP-based 
LFAs to perform quantitative analysis with high sensitivity even at low biomarker concentrations, 
offering a significant improvement in both accuracy and reliability in field applications [28].

In 2023, Lee et al. introduced a computer vision (CV) and a ML pipeline that rebuilds the influenza A 
and SARS-CoV-2 antigen LFAs to deliver a quantitative read-out on a smartphone. The CV algorithm 
automatically corrects strip rotation, lateral positioning, and illumination via Canny-Edge detection, 
principal component analysis, and white-balance calibration, then extracts the red/blue ratio of the test 
line for regression. Across 140 Influenza A and 120 SARS-CoV-2 spiked samples, their CV assistance 
has tripled the analytical sensitivity from 0.11 to 0.39 (𝑅2 = 0.95) for influenza A and from 0.03 to 0.10 
(𝑅2 = 0.96) for SARS-CoV-2, with limits of detection improved to 0.36 ng/mL and 0.40 ng/mL, 
respectively. With this, the researchers denoted that CV/ML optimization alone can elevate the 
quantitative performance of LFAs, forging a practical path to reliable, equipment-free PoC diagnostics 
(Fig. 3C) [90]. Turbé et al. used a smartphone-integrated Deep Learning (DL) algorithm to reduce errors 
arising from visual evaluation of LFA-based rapid diagnostic tests for HIV by field users [80]. The 
image processing process included preprocessing steps such as color correction, geometric alignment, 
and contrast enhancement of photographs of test cassettes. These images were then classified using a 
CNN built on the ResNet-50 architecture. The model was able to distinguish positive, negative, and 
invalid test results; a validation study with field data yielded 98.6% accuracy, 97.8% sensitivity, and 
99.1% specificity. What is more is that the model has shown to make reliable decisions under 
challenging conditions such as low light and low line density [80]. In a similar study, a rapidly adaptable 
DL-based analysis system was implemented for the automated and accurate interpretation of SARS-
CoV-2 antigen and LFA tests from different manufacturers [79]. This system applies conventional image 
processing techniques such as geometric correction, segmentation, normalization, and region extraction 
to the test images that were acquired with a smartphone camera, and the processed images are then 
analyzed using a specifically designed CNN to classify test results. The model achieved over 95% 
accuracy, 93-97% sensitivity, and 96-99% specificity under field conditions, and using transfer learning 
the model was able to quickly adapt to different test brands and formats using a small number of new 
samples. This provided flexibility and broad usage in field applications [79]. 

In another research, an algorithm which automatically applies light normalization and alignment was 
developed for multiplex LFA systems [91]. The algorithm calculates the pixel-based intensities of each 
test line and performs a quantitative assessment of analyte concentration using signal processing and 
regression analysis. Specifically, the aim was to capture the nonlinear relationship between the extracted 
eigenvalues and concentration values using a Support Vector Machine regression model. This regression 
model approach minimized the model complexity while maintaining prediction accuracy. This approach 
demonstrated high robustness across various noise conditions and achieved a strong predictive 
performance across multiple quantitative analyses. By integrating image processing with the regression 
model, this method increases the sensitivity of LFA-based tests and enables simultaneous quantitative 
analysis of multiple biomarkers for infectious diseases such as HIV, HBV and HCV, DENV, ZIKV, and 
COVID-19, while minimizing user-induced interpretation errors [91]. In another study, a smartphone-
based platform with AI support was created to enable digital and remote interpretation of LFA tests for 
SARS-CoV-2 [26]. This platform uses a pre-processing algorithm that automatically aligns the image 
of the test cassette, correcting color tones, and then analyzes it with CNN, which evaluates the signal 
intensity of the test and control lines. The model was trained using >5,000 labeled images and achieved 
98.4% accuracy, eliminating user-dependent subjective errors. Results were transmitted to a central 
system via QR code, ensuring remote monitoring and epidemiological data integrity [26]. This approach 

Page 11 of 35 Lab on a Chip

La
b

on
a

C
hi

p
A

cc
ep

te
d

M
an

us
cr

ip
t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

7 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/1

7/
20

26
 8

:3
3:

24
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
DOI: 10.1039/D5LC01124H

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5lc01124h


12

represents a significant advance in the digitization of LFA tests and their integration with telemedical 
systems.

From a different perspective on ML integration, a method called TIMESAVER (Time-Efficient 
Immunoassay with Smart AI-based Verification) was developed based on a time-series DL method for 
evaluating LFA [27]. This model first enables fast and accurate detection of test and control lines using 
the YOLO algorithm, which is a DL-based object detection algorithm for real-time operation capable of 
detecting all objects in an image in a single feedforward pass. Then, the model analyzes time-series data 
using an architecture consisting of CNN and LSTM layers to generate results. The final classification 
performed through fully connected layers determines test results with high accuracy. In blind tests 
conducted on COVID-19 clinical samples, the TIMESAVER model achieved 96.3% sensitivity, 100% 
specificity, and 97.6% accuracy, producing results approximately 10 times faster than human assessment 
(approximately 1–2 minutes) [27]. Similarly, successful results were also achieved in influenza testing 
[27]. This study demonstrates that integrating DL algorithms into LFA systems can not only increase 
diagnostic accuracy but also dramatically shorten the time to diagnosis [27].

Wong, et al. presented an ML-based system called ALFA (Automated Lateral Flow Analysis) to 
automate the detection of SARS-CoV-2 antibodies using at-home LFA tests [30]. This system was 
trained on approximately 595,000 LFA test photos taken by users with their smartphones and classifies 
test results as IgG positive, IgG negative, or invalid. Image processing techniques such as edge detection, 
segmentation, and color intensity analysis were applied in the image preprocessing phase. SVM, which 
can handle nonlinear structures, was used for classification. The model demonstrated high concordance 
with human experts, with Cohen's kappa = 0.90–0.97, and outperformed participants, particularly in 
correctly identifying weakly positive results. The ALFA system achieved 98.7–99.4% specificity and 
90.1–97.1% sensitivity compared to visual assessment. This study strongly suggests that image 
processing techniques integrated with ML algorithms can increase the sensitivity of home-based LFA 
tests by reducing user-induced error and enable the production of high-volume, accurate data in public 
health surveillance [30]. Beyond pathogen detection, ML algorithms have also been explored for the 
rapid identification of antimicrobial resistance such as carbapenemase enzymes [92, 93]. In a world 
where antibiotic consumption and multidrug resistance have numerously increased [92], the detection 
of antimicrobial resistance represents a significant extension of LFA and thus is a valuable application 
for preventing infections [92]. 

5. Current Challenges and Future Aspects

Despite the widespread adoption and significant benefits of LFAs, several challenges persist: technical 
limitations, standardization issues, and implementation in low-resource environments [22, 43]. In terms 
of technical limitations, LFAs face constraints related to sensitivity and specificity, often exhibiting 
higher limits of detection compared to conventional laboratory-based diagnostic methods such as PCR 
and ELISA. Sensitivity variations across different test brands, as observed in COVID-19 LFAs, 
demonstrate a broad range of performance (from 34% to 88%), potentially compromising clinical 
reliability. Additionally, LFAs frequently struggle to differentiate between closely related pathogens 
due to antigenic similarity as observed in cases like Dengue and Zika viruses. Another challenge is the 
optimization of bioreceptor binding affinities and conjugate release kinetics. These are critical for 
accurate analyte detection, yet LFAs often exhibited signal variability or false negatives. Sample-
delivery problems such as the high-dose “hook-effect”, uneven flow caused by the membrane adhesives, 
and incorrect placement/gluing of membranes can also produce false readings or anomalous test-line 
intensities since the detection probe may accumulate between the borders of the membranes. The lack 
of standardized protocols across different LFA platforms further contributes significantly to the 
variability in assay performance. Variations in manufacturing processes such as nanoparticle labelling 
techniques and detection methodologies can lead to inconsistent test outcomes. This inconsistency 
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complicates the direct comparison of the results between different assays, which pose a significant 
barrier to regulatory approval. Integration of ML algorithms can compensate for visual ambiguity by 
converting qualitative strip images into quantitative outputs, just like Davis and Tomitaka [29] and Tong, 
et al. [89]. 

Computer-based approaches in disease detection have made impressive outcomes since the COVID-19 
pandemic, yet they still face significant limitations in both variety and scope. Many existing studies have 
primarily focused on respiratory infections such as COVID-19 [29, 89, 90] and often neglected a broader 
comparison with other respiratory and systemic infectious diseases such as influenza or tuberculosis. 
This narrow focus creates a research gap in understanding the generalizability and robustness of ML 
models across different pathogens. Further, this emphasis on narrow slice of pathogens also makes it 
difficult to judge whether an algorithm that is excelled specifically for COVID-19 will generalize to 
other infectious diseases where line morphology, background colour, and strip materials differ 
substantially. Another major barrier lies in the availability and quality of datasets. ML models rely 
heavily on large, diverse, and high-quality datasets for effective training and validation [30]. However, 
obtaining such datasets is often challenging. Publicly available datasets are frequently limited in scope, 
suffer from inconsistent labeling, or lack representative diversity across populations and clinical 
conditions. In contrast, high-quality proprietary datasets are often locked behind paywalls, creating 
barriers for independent or resource-constrained research groups [30]. Generating a custom dataset is a 
viable alternative but demands considerable time, financial resources, and ethical clearance. Ethical 
concerns and privacy still hold a critical role for clinical applications. Smartphone-based LFA readers, 
which are becoming increasingly common in testing and PoC settings, produce vast amounts of image 
data, but privacy concerns make it impossible to centralize those photos. In addition, color space 
optimization should be carefully considered. Actually, literature demonstrates that the optimal colour 
space leads to an advantageous colorimetric sensing, particularly in terms of accuracy, precision, 
dynamic range and robustness against illumination variation  [94]. 

Finally, ML-assisted LFA readers introduce additional regulatory and translational considerations 
because digital interpretation complements the conventional biochemical detection step. During the 
COVID-19 pandemic, several rapid diagnostic and reader-integrated systems obtained authorization 
from the U.S. Food and Drug Administration (FDA) [95]; however, sustained market entry generally 
requires clearance through established pathways such as the De Novo route for first-in-class devices 
[96] or 510(k) pathway for devices demonstrating substantial equivalence [97]. These pathways 
necessitate predefined algorithm change management strategies together with robust validation using 
large, well-curated datasets. In the European Union, ML-supported LFA readers fall within the IVDR 
framework, where increasing risk classification is associated with stricter requirements for clinical 
evidence, post-market performance monitoring, and software lifecycle oversight [98]. The transition 
from the ASSURED (affordable, sensitive, specific, user-friendly, rapid, equipment-free, delivered) to 
REASSURED (real-time connectivity, ease of specimen collection, plus the original ASSURED) 
criteria further reflects the growing emphases on connectivity and usability in next-generation PoC 
diagnostics, providing a guiding framework for digitally readable LFA systems [99].

Several strategies could close the aforementioned gaps. One potential is the establishment of regionally 
curated, publicly accessible datasets. By fostering local dataset collection initiatives while ensuring 
standardized protocols and data privacy, researchers can accelerate model development and validation 
across a wider range of infectious diseases. This not only democratizes access to critical data but also 
promotes global collaboration and enables faster responses to emerging public health threats [30]. 
Synthetic augmentation can further mitigate scarcity. Diffusion models [100] (Fig. 4B) or StyleGANs 
[101] (Fig. 4D) trained on the anchor set can generate photorealistic strips that vary illumination, camera 
angle, and band intensity in controlled ways, which creates examples that rarely appear. These methods 
can create realistic LFA images to supplement training sets, especially for underrepresented pathogens 
or test variations. Further pairing with domain-randomized renderers that model membrane texture and 
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colloidal-gold dynamics, synthetic images can help networks to learn to ignore background noise while 
remaining sensitive to subtle shifts. Privacy-preserving models such as federated learning (FL) can 
circumvent ethical and privacy concerns by allowing models to be trained directly on local devices such 
as smartphones or lab computers without transferring the raw image data. Instead, only model weight 
updates are shared with a central server, which aggregates them to improve the global model (Fig. 4C) 
[102]. This setup preserves user privacy while enabling collaboration across distributed datasets, 
ultimately improving the generalizability and robustness of LFA image analysis tools. Ultimately, the 
integration of LFAs-ML represents a digital transformation far beyond traditional diagnostic methods 
in terms of accuracy, reliability, and scalability. This integration lays the foundation for the diagnostic 
and monitoring infrastructure of the future, both improving individual test quality and enabling the 
digitalization of public health systems.

The integration of ML algorithms is expected to become essential for enhancing the effectiveness and 
reliability of LFA-based diagnostic systems in field applications [31]. Supporting image-based analysis 
through mobile devices enables user-independent, standardized results [103]. This integration can allow 
LFAs to provide semi-quantitative or even fully quantitative outputs, potentially informing parameters 
such as infection burden. However, interpretability of the employed ML approaches is pivotal to 
improve robustness in the integration of ML and LFA systems; for example, it is crucial to 
verify/demonstrate that the employed ML approach is based on significant signals provided by LFA 
outcomes rather than the inherent noise. Looking ahead, ML-supported PoC devices are expected to 
extend beyond diagnostics to broader applications, including treatment monitoring, patient follow-up, 
outbreak modeling, and AI-driven early warning systems. Furthermore, integrating data sharing with 
cloud-based infrastructures could play a pivotal role in public health management by enabling rapid 
analysis of global infection dynamics.

6. Conclusion

LFAs are low-cost tools widely used worldwide for the early, rapid, and on-site PoC diagnosis of 
infectious diseases. However, the accuracy and reliability of these systems still largely depend on the 
user's visual interpretation, which can lead to false-negative/positive results, particularly at low signal 
levels, negatively impacting diagnostic quality. These limitations of traditional LFA systems are 
inherently too complex to be overcome by chemical or biological optimizations alone. ML-powered 
analysis approaches offer a radical solution to these challenges. Image processing algorithms and ML 
models have made it possible to digitally analyze test lines and measure signal intensity objectively, 
reproducibly, and with high accuracy. Furthermore, the integration of these systems with smartphones 
makes advanced diagnostic capabilities accessible even in regions lacking laboratory infrastructure. In 
this review, we highlighted how the integration of LFA with ML algorithms is transforming PoC 
diagnostic devices not only into medical decision support systems but also into global infection 
surveillance systems with large datasets. This transformation is groundbreaking for pandemic 
preparedness, health equity, and early intervention strategies. Therefore, the construction of biosensor 
technologies is not only based on biochemistry but also with computational intelligence, which emerges 
as a new paradigm in the evolution of modern diagnostic sciences.
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Table 1. Other LFA strategies for detecting bacterial and viral infectious diseases.

Disease Reporter Type/Probe Detection Element Assay Type Sample Type Specificity/LOD Reference

Tuberculosis AuNPs CFP10-ESAT6 LFIA Sputum - [83]

DENV1

DENV2

DENV3

Dengue -

DENV4

RT-RPA-LFD Serum 10 copies/RNA [84]

Dengue IgG DENV1 NIR-LFA Serum Sensitivity 05% [104]

Influenza A 36.1 ng/μLInfluenza AuNPs-SA

Influenza B

Flu-LAMP-

LFA

-

36.0 ng/μL

[49]

Influenza - - RT-LAMP-LFA - Sensitivity 83.5% [105]

Influenza H1N1 LFA-based 

biosensor

- [85]

Influenza GO-SELEX H5N2 LFA - 1.27 × 10^5 

EID50/ml

[35]

Influenza A 94,10%Influenza -

Influenza B

LAMP-LFA Nasopharyngeal 

swab 96,60%

[50]

Influenza A Sensitivity 77.5%, 

Specificity 99.8%

Influenza -

Influenza B

HRP-labelled 

LFA

Oropharyngeal 

and 

nasopharyngeal 

swab

Sensitivity 71.2%, 

Specificity 99.8%

[106]

Influenza A Sensitivity 80.9%, 

Specificity 100%

Influenza Quantum Dots

Influenza B

LFA Nasopharyngeal 

swab

Sensitivity 83.7%, 

Specificity 100%

[107]

Pneumonia AuNPs - CRISPR/Cas9-

LFB

Sputum  3 ×10^0-3 ×10^6 

copies

[60]

Pneumonia AuNPs-RSA - - Human Serum - [62]

Pneumonia Nanoparticle MP LAMP-LFA gDNA, 

Oropharyngeal 

swab

600 fg of DNA 

templates

[61]

Zika Virus EuNP - FICT-LFA Urine, Serum 2 ×10^4 TCID50/mL [54]

Norovirus AuNP Norwalk virus-like 

particles

   [108]

Zika Virus Fluorescent ZIKV NS1 LFA Serum 0.15 ng mL 1 LOD [53]

Gonorrhoeae Fluorescent - Fluorescent-

LFA

Genital clinical 

samples

Sensitivity and 

specificity of 78.6% 

and 100% in female 

vaginal swabs 100% 

and 89.7% in male 

urine

[109]

Chlamydia - CPSIT_RS02830 

gene

RAA-LFA - 1 x 10^0 copies/µL [82]

2.8×10^2 LOD

5.9×10^2 LOD

Salmonella AuNPs Salmonella spp.                       

S. Enteritidis                        

S. Typhimurium

RPA-LFA -

7.6×102 CFU/mL 

LOD

[110]
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Hepatitis B SA-GNPs S gene PSR-LFB Blood  5.4 copies/mL LOD [111]

Covid-19     High specificity, [112]

Covid-19 AuNPs RdRp and ORF8 

gene

RT-LAMP-LFA Swab samples Sensitivity 95%, 

Specificity 75% 

[113]

SARS-CoV-2 S1, 

RBD

LOD: 3.27 nM, 0.94 

nM

Covid-19 Nanobody-AuNPs

MERS-CoV, RBD

Multiplex LFA -

LOD: 1.75 nM, 9 nM

[42]

Covid-19 - Cas13a CRISPR-LFA - LOD: 0.05 

copies/µL, 100% 

sensitivity and 

specificity

[114]

Covid-19 Oligonucleotide-

AuNPs

RdRp gene RT-RAA-based 

NALFA

- LOD: 12 RNA 

copies/µL, 

Sensitivity 86%, 

Specificity 97%

[115]

HPV - HPV E7 cfDNA RPA-LFA Serum Sensitivity 30.77%, 

Specificity 100%

[116]

HPV AuNPs HPV16 and HPV18 RC-LFA - Sensitivity 10 

copies/µL

[117]

HPV - HPV16 and HPV18 NALFA - LOD: 10 aM [118]

HPV16 LOD: 0.93 nMHPV PdRu

HPV18

DLFA -

LOD: 0.19 nM

[119]

Hepatitis B AuNPs HBsAg Laser-assisted 

LFA

Plasma - [120]
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Table 2. Summary of ML approaches in LFA applications. 

Function Model Application or Target 
Analyte

Performance Metrics Reference

Quantitative 
classification

CNN (LeNet-5), SVM, k-NN, 
Random Forest

COVID-19,  SARS-CoV-2 
N protein

CNN: 95.8% accuracy
SVM/k-NN: <83%
Random Forest: 93.7%

[29]

Pose correction and 
quantitative output

Resnet-50 CNN + ViT COVID-19, SARS-CoV-2 
neutralizing antibodies 

ViT pipeline > AuNP LFA
LoD: 160 ng/mL
Range: 625-10,000 ng/mL

[89]

Transfer learning for 
UCNP LFA

Pre-trained CNN with transfer 
learning

- Accuracy: 95.7%
Sensitivity: 94.3%
Specificity: 96.1%
40% faster training

[28]

Colour ratio regression Computer vision pipeline + 
Regression

Influenza A and COVID-
19, influenza AN protein 
and SARS-CoV-2 N protein

Accuracy: 95-96%
LoD improvement to 0.36-
0.40 ng/mL

[90]

Test result 
classification 
(positive/negative/inva
lid)

Resnet-50 CNN HIV, HIV-1 and HIV-2 
antibodies

Accuracy: 98.6%
Sensitivity: 97.8%
Specificity: 99.1%

[80]

Multi-brand LFA 
classification

CNN + image pre-processing + 
transfer learning

COVID-19, SARS-CoV-2 
(different LFA kits)

Accuracy: >95%
Sensitivity: 93-97%
Specificity: 96-99%

[79]

Multi-test line 
quantification

Signal processing + regression Serum Amyloid A (SAA) Accuracy: 94.23% [91]

Remote image-based 
diagnosis

CNN + pre-processing + QR-
based data sync

SARS-CoV-2 Accuracy: 98.4% on 
>5,000 labelled images 

[26]

Time-series LFA 
evaluation

YOLO + CNN + LSTM 
(TIMESAVER model)

COVID-19, influenza, and 
non-infectious biomarkers 
(troponin I and hCG)

Accuracy: 97.6%
Sensitivity: 96.3%
Specificity: 100%
10x faster than manual

[27]

At-home LFA test 
classification

SVM + image processing (ALFA 
model)

COVID-19, SARS-CoV-2 
antibodies 

Accuracy: 92.6-98.3%
Sensitivity: 90.1-97.1%
Specificity: 98.7-99.4%

[30]
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Figure 1. LFA strip designs. A) CRISPR/LAMP sandwich-type LFA. CRISPR/LAMP reaction 
products are placed on the sample pad, where it flows to the conjugate pad to bind to anti-FAM 
conjugated AuNPs. Depending on the binding, a positive result with two lines (control and test) is 
visible. A negative result is depicted with a single line on the control line. B) Sandwich-type aptamer-
based LFA for MTB and MAC detection. In the presence of the target virus, AuNPs-conjugated Aptamer 
1 binds to the virus and forms a complex, which is subsequently captured by Aptamer 2 at the test line, 
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forming a visible signal. The excess unbound AuNPs-Aptamer 1 continues to migrate to the control line, 
and is captured to confirm assay function [35]. C) m-LFA for simultaneous detection of HBV and HCV. 
The assay utilizes latex nanoparticle-labelled streptavidin as a detection probe which binds to biotin-
labelled targets. T1 and T2 test lines are coated with anti-FITC and anti-DIG antibodies to capture HBV 
and HCV detection complexes, respectively. A control (C) line containing immobilized biotin confirms 
correct flow and assay validity. Signals from all three lines indicate dual HBV and HCV positivity, only 
C and T1 lines indicate HBV positive and HCV negative, and finally a single C line indicates a negative 
result for both infections [36]. 
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Figure 2.  Layout and working principle of LFAs. A) Nanobody-based LFA for the detection of SARS-
CoV-2 and MERS-CoV proteins. Following sample addition, antigens in the specimen bind to 
nanobody-AuNP conjugates, forming antigen-nanobody-AuNP complexes. These complexes are 
captured by immobilized nanobodies at the test line, producing a visible red band. The remaining 
conjugates then migrate to the control line, where anti-VHH antibodies bind to excess nanobody-AuNPs, 
confirming assay validity. The presence of two red lines (test and control) indicates a positive result, 
whereas a single line at the control line denotes a negative result. Example LFA cassettes for COVID-
19 and MERS-CoV are shown in the next panel. Adapted with permission from [42] Copyright 2025, 
ACS Synthetic Biology. B) Flu-LAMP-LFA for influenza virus detection. Lysis and elution are 
performed using the squeeze method, with one drop of sample added to each of the Flu A and Flu B 
tubes. Nucleic acid amplification is achieved by placing the tubes between a pre-heated, half-folded hot 
pack. Following amplification, LFA strips are analyzed where the appearance of two red lines (test and 
control) indicates a positive result. In contrast, a single red line at the control depicts a negative result. 
Adapted from [49] Copyright 2022, Minju Jang,  SeJin Kim, Junkyu Song,  Sanghyo Kim, published by 
Analytical and Bioanalytical Chemistry under the license indicated. C) m-LAMP assay combined with 
AuNP-based lateral flow biosensor (AuNP-LFB) for the rapid detection of Chlamydia trachomatis and 
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Neisseria gonorrhoeae. The assay is completed within 45 minutes and consists of three main steps. First, 
genomic DNA is extracted from the sample. Second, a LAMP reaction is performed at 67C for 35 
minutes using primers labelled with FAM, digoxigenin, or biotin along with Bst DNA polymerase and 
dNTPs. This results in the amplification of target genes tagged with specific reporter molecules. The 
amplified products are then applied to an LFB for visual detection. The appearance of red bands at TL1 
and TL2 indicates the presence of specific targets, while the CL confirms successful assay performance. 
Adapted from [67] Copyright 2023, Xu Chen, Qingxue Zhou, Wei Yuan, Yuanfang Shi, Shilei Dong 
and Xinhua Luo, published by Frontiers in Cellular and Infection Microbiology under the license 
indicated.
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Figure 3. Schematic representations of ML models for LFA infectious disease detection. A) 
Smartphone-based quantification of LFAs. Images of LFA strips were captured using a ring light 
mounted on a white foam-core photography box to minimize ambient light interference. A smartphone, 
positioned at the center of the ring light, was used to photograph the strips. The captured images were 
analyzed, and low-quality photos were excluded for training. LFA tests were then conducted with 
varying concentrations of SARS-CoV-2 N protein (0.074 – 7.4 ng), and to simulate real-world 
variability, multiple image augmentations were applied to the captured strips. Various ML and DL 
models were later evaluated for classification performance, with CNN and random forest models 
outperforming the others. Adapted from [29] Copyright 2025, Anne M. Davis and Asahi Tomitaka, 
published by Biosensors under the license indicated. B) AI-assisted colorimetric lateral flow 
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immunoassay for sensitive and quantitative detection of COVID-19 neutralizing antibody. Adapted 
from [89] Copyright 2022, Haoyang Tong, Chaoyu Cao, Minli You, Shuang Han, Zhe Liu, Ying Xiao, 
Wanghong He, Chang Liu, Ping Peng, Zhenrui Xue, Yan Gong, Chunyan Yao, Feng Xu, published by 
Biosensors and Bioelectronics under the license indicated. C) CV-assisted LFA analysis system for 
improved diagnostic accuracy for influenza and SARS-CoV-2. The collected samples (either influenza 
A or SARS-CoV-2) is applied to the assay, where image acquisition is performed using either a 
smartphone or a dedicated LFA reader. The captured images of the strip is extracted for analysis, and 
CV algorithms are applied to calibrate the image by correcting position, angle, and illumination 
variations. Adapted with permission from [90] Copyright 2023, Analyst.
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Figure 4. Possible future applications for enhancing LFA specificity and ML algorithms. A) New class 
of multicolored probes (PINs) for LFAs. Depending on the concentration of the metal precursor, 7 kinds 
of PINs can be fabricated. Using different kinds of PINs, which are conjugated with different antibodies, 
is utilized for multiplex LFA. Adapted from [88] Copyright 2024, Minsup Shin, Wooyeon Kim, 
Kwanghee Yoo, Hye‑Seong Cho, Sohyeon Jang, Han‑Joo Bae, Jaehyun An, Jong‑chan Lee, Hyejin 
Chang, Dong‑Eun Kim, Jaehi Kim, Luke P. Lee and Bong‑Hyun Jun, published by Nano Convergence 
under the license indicated. B) Generated medical image quality control using two different radiologists 
with nine years (Reader A) and five years (Reader B) of experience in clinical radiology. The images 
were evaluated based on realistic image appearance, consistency between slices, and anatomical 
correctness. Both readers were asked to evaluate 50 generated images. This illustrates a validation 
strategy applicable to synthetic LFA strip image generation for building up strip image dataset. Adapted 
from [100] Copyright 2023, Firas Khader, Gustav Müller-Franzes, Soroosh Tayebi Arasteh, Tianyu 
Han, Christoph Haarburger, Maximilian Schulze-Hagen, Philipp Schad, Sandy Engelhardt, Bettina 
Baeßler, Sebastian Foersch, Johannes Stegmaier, Christiane Kuhl, Sven Nebelung, Jakob Nikolas 
Kather & Daniel Truhn, published by Scientific Reports under the license indicated. C) Overview of 
federated learning. Multiple client devices, such as smartphones, perform local model training on their 
private data without transferring the raw data to a central server. Each client uses a shared task script 
and updates a local model based on its own data. These local models are then transmitted to a central 
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server, where model aggregation occurs to generate a refined global model. Then, global model is 
redistributed to clients for the next training ground. With this architecture, client data is kept private. 
With this strategy, privacy-preserving LFA image analysis across datasets can be completed without 
any problem. Adapted with permission from [102] Copyright 2022, Journal of Systems and Software. 
D) Representative artificially generated images produced by StyleGAN2-ADA using real-time LFA 
strip images. This model demonstrates LFA strip image dataset generation where limited strip images 
are available. Adapted from [101] Copyright 2024, Vishnu Pannipulath Venugopal, Lakshmi Babu 
Saheer and Mahdi Maktabdar Oghaz, published by Frontiers in Artificial Intelligence under the license 
indicated.
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