Chinese Chemical Letters 35 (2024) 109220

Contents lists available at ScienceDirect CCL

Letters aesnm

Chinese Chemical Letters

journal homepage: www.elsevier.com/locate/cclet

Detection of SARS-CoV-2 based on artificial intelligence-assisted ®)

smartphone: A review

Check for
updates

Yunxin Li?, Jinghui Zhang?*, Jisen Chen?, Feng Zhu®*, Zhigiang Liu?, Peng Bao?,

Wei Shen?, Sheng Tang®*

aSchool of Environmental and Chemical Engineering, Jiangsu University of Science and Technology, Zhenjiang 212003, China
b programme in Emerging Infectious Diseases, Duke-NUS Medical School, Singapore 169857, Singapore

ARTICLE INFO

ABSTRACT

Article history:

Received 15 June 2023

Revised 25 September 2023
Accepted 18 October 2023
Available online 20 October 2023

Keywords:

COVID-19
SARS-CoV-2 virus
Detection method
Smartphone analysis
Artificial intelligence

In recent years, the application of smartphone in various fields has received great attention, and it has
become a promising tool in virus detection, data processing and data exchange. During the rapid spread
of COVID-19 around the world, many traditional detection methods have been combined with smart-
phone to assist in the analysis and detection of the novel coronavirus (SARS-CoV-2), including electro-
chemistry, fluorescence and colorimetry. With the gradual development of artificial intelligence (Al), the
combination of Al and smartphone to analyze SARS-CoV-2 was also the focus of research. Based on the
summary of the traditional methods combined with smartphone to detect SARS-CoV-2 virus, in addition
to Al-based data processing, Al algorithms are also employed for SARS-CoV-2 detection itself. This review
discussed both strategies and focused on the application of the former. The combination of Al algorithm
and smartphone to detect SARS-CoV-2 has high accuracy, which is more conducive to meeting the needs
of portable detection. In addition, the classification of SARS-CoV-2 virus samples in biological fluids such
as blood and saliva was also discussed. Finally, this paper briefly discussed the limitations of using smart-
phone analysis to detect SARS-CoV-2, as well as the prospect and future development of virus detection.
In conclusion, the detection methods based on smartphone and Al algorithms show great potential in the

detection of SARS-CoV-2 and can be a valuable complement to traditional analysis methods.
© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

1. Introduction

Corona Virus Disease 2019 (COVID-19) was discovered in hu-
mans in late 2019, caused by the virus named severe acute respi-
ratory syndrome coronavirus 2 (SARS-CoV-2) [1]. The SARS-CoV-2
has been confirmed by the World Health Organization (WHO) as
the third coronavirus to cause severe respiratory illness and death,
in addition to the severe acute respiratory syndrome coronavirus
(SARS-CoV) and the Middle East respiratory syndrome coronavirus
(MERS-CoV) [2]. As of Dec. 16th, 2022, the COVID-19 pandemic has
resulted in over 650 million infections and 6 million deaths glob-
ally, and the number of confirmed cases is still growing rapidly.
In the early days of the pandemic, more severe cases of COVID-
19 were associated with pneumonia, with other characterizations
of fever, cough, and dyspnea [3]. The clinical presentation of later
COVID-19 patients is similar to the symptoms of a common cold,
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mainly fever, headache, cough, fatigue as well sore throat, and
smell or taste abnormalities [4]. COVID-19-infected patients have
a long incubation period of up to 14 days and are difficult to de-
tect during the incubation period. The disease is highly infectious
and can be transmitted by direct human-to-human physical con-
tact, and aerosol transmission. Furthermore, patients with COVID-
19 have been shown to have asymptomatic infections or transmis-
sion [5]. Therefore, the development of high accuracy, real-time de-
tection, and low-cost detection methods is the urgent need to curb
COVID-19, so as to follow-up diagnosis and treatment [6].
SARS-CoV-2 is a single-stranded RNA virus with a diameter of
50-140 nm. The virus is characterized by spike glycoprotein (S), nu-
cleocapsid protein (N), envelope protein (E), and membrane protein
(M) [7]. These proteins are involved in virus pathogenesis, RNA en-
capsulation, protein assembly, and other processes [8]. SARS-CoV-
2 enters host cells and is mediated by the interaction between
the viral spike protein and its receptor angiotensin-converting en-
zyme 2, followed by virus-cell membrane fusion. The cytosolic ser-
ine protease TMPRSS2 activated the S protein and allows the fu-
sion of the viral and cellular membranes [9,10]. Upon entry into
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target cells, the virus hijacked the host cell’s machinery to pro-
duce its own genetic material and proteins, inhibiting protein syn-
thesis in infected cells and rendering the human innate immune
system inoperative [11]. The detection of the SARS-CoV-2 virus in-
fection is usually judged by traditional clinical diagnosis or by de-
tecting SARS-CoV-2 nucleic acids (RNA) or antigens such as S and
N proteins. Currently, the common diagnostic methods of COVID-
19 in the market mainly include chest computed tomography (CT)
scanning and RNA detection based on quantitative real-time PCR
(RT-qPCR), as well as the recent application of antigen-rapid-test
(ART) [12], or reverse transcriptase loop-mediated amplification
(RT-LAMP) was used to detect SARS-CoV-2 RNA. This method takes
into account cost-effectiveness and detection time [13]. For CT
scanning, general clinics and testing laboratories do not have CT
scanning instruments, and CT scanning cannot distinguish viruses,
that is, it cannot identify specific viruses. The RT-qPCR method has
relatively long turnaround times (a few hours to a few days if the
downstream sequencing is applied) and is prone to false negative
when the mutations may affect the primer specificity. For ART, it
has the shortest time of processing and the convenience of per-
forming the self-test assay at home, the false negative rate is also
very high [14]. Recently, researchers have developed a series of
new methods for the detection of SARS-CoV-2, that is, using smart-
phone and other portable devices to complete the analysis of SARS-
CoV-2, which provide many new ideas for gaging the SARS-CoV-2.

Since the emergence of smartphone in the last century, the
proportion in the consumer market has increased year by year
[15]. Initially, smartphone was mainly used for communication
purposes. However, in recent years, with the continuous progress
of smartphone-related technologies, the application of smartphone
is becoming more and more widespread. Smartphone is small,
portable, has excellent communication and data processing func-
tions, and is easy to integrate with other sensors or hardware fa-
cilities, which makes them show significant advantages in medical
detection, and can realize various detection functions that tradi-
tional instruments cannot achieve [16]. In addition, with the deep-
ening of research on artificial intelligence (Al) algorithm, analy-
sis methods based on the combination of smartphone and Al al-
gorithm are widely used in medical detection. Compared with
traditional analysis methods, the intelligent analysis of Al algo-
rithm models can greatly improve the speed and accuracy of de-
tection, and does not need to rely on additional huge detection
tools, and has good adaptability to the detection environment. Ad-
ditionally, Al-based modeling also holds the superiorities of pre-
diction [17], automation self-monitoring, analyzing, reporting and
problem-solving [18]. In the rapid spread period of the SARS-CoV-
2, fast and simple data processing, feature learning, classification,
association analysis, real-time and on-site detection are the actual
demands and challenging tasks of COVID-19 detection, which Al-
based smartphones just meet and solve real-world issues. There-
fore, detection methods based on Al algorithm-assisted smart-
phones have gradually become effective tools for detecting SARS-
CoV-2 worldwide.

The detection of COVID-19 has been a heavily researched topic
in recent years and many studies have been reported to date. Cui
et al. reviewed traditional methods for the detection of COVID-19,
including PCR, colorimetry, chest CT scans, and fluorescence meth-
ods [6]. Moulahoum et al. discussed several potential techniques
for diagnosing COVID-19, including portable PCR devices, on-site
diagnostic platforms, and lateral flow [19]. However, these tradi-
tional detection methods need to rely on complex detection in-
struments and processes, which take a long time and require high
operational technology. In contrast, the virus detection platform
combined with Al algorithms and smartphone has faster diagno-
sis speed and higher accuracy, and can be diagnosed and analyzed
anytime and anywhere. Therefore, this method has attracted the
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favor of many researchers. As an instance, in a recent review, Li
et al. reported some common nucleic acid testing and non-nucleic
acid testing methods in combination with smartphone to detect
SARS-CoV-2, and the cost of different methods was assessed [20].
Very recent, we reviewed methods based on smartphone and Al al-
gorithm to detect various diseases (both Al-based data processing
and Al algorithm itself), including eye disease, skin disease, respi-
ratory disease, and more [21]. With in-depth research in the field
of Al, more Al algorithms have been developed. Therefore, it makes
sense to have a deep and extensive discussion of emerging Al al-
gorithms combined with smartphone to detect the SARS-CoV-2.
This review discusses the detection of SARS-CoV-2 using Al al-
gorithms and smartphones, as well as different sample types such
as saliva, blood and nasopharyngeal swabs. In addition, the de-
tection of SARS-CoV-2 by combining smartphone with conven-
tional methods, such as electrochemical analysis, fluorescence de-
tection, colorimetry were introduced. Finally, the limitations of the
prospects for SARS-CoV-2 detection were briefly discussed.

2. Classification of Al algorithms

The rapid development and popularization of Internet of Things
technology has further promoted the development of Al tech-
nology. Among them, machine learning, as the core of Al [22],
stands out in data computation and analysis. It mainly provides
autonomous learning ability for application systems and improves
the intelligence degree of application [23]. These algorithms can be
divided into support vector machine (SVM), artificial neural net-
work (ANN), deep neural network (DNN), decision tree, etc. To ac-
curately distinguish and understand these terms, this section pro-
vides an overview of algorithms related to smartphone detection,
and summarizes the application of some algorithms in actual de-
tection (Table 1).

Among these algorithms, the well-known ANN is the construc-
tion basis of DNN, through the simulation of human brain neural
network to achieve Al machine learning technology, ANN is used
to estimate or approximate the function. The network is composed
of an input neurons layer and an output neurons layer, where the
input layer receives external source data, such as sensor data, im-
ages, etc., and the data is processed through hidden layers, and the
network provides data output points from the output layer. On the
basis of ANN, the number of network layers can be increased to
form a DNN, which is widely applied in natural language process-
ing, speech recognition, image processing and other aspects [24].

The most common machine learning algorithms are convolu-
tional neural network (CNN), multi-layer perceptron (MLP), etc.
MLP is composed of an input layer, one or more hidden layers, and
an output layer. The nodes of neighboring layers are linked based
on varying weights. Hidden layers, neurons and numbers of itera-
tions can be adjusted as hyperparameters. For example, Yang et al.
constructed a three-layer MLP based on three multi-step strategies
(pair iteration strategy, direct strategy, multiple input and output)
respectively for influenza prediction [25]. The prediction perfor-
mance of the model was measured by statistical indicators mean
absolute percentage error, root mean squared error two influenza
outbreak indicators peak week error and outbreak mean absolute
error. The results showed that the multiple-input multiple-output
strategy has the best advanced prediction effect and strong self-
adaptation ability [25]. The CNN is comprised of three layers: a
convolutional layer, a pooled layer, and a fully connected layer,
which is commonly used in natural language processing, image
recognition, processing and classification. For example, Wang et al.
proposed a knowledge-driven machine learning model for cow dis-
ease diagnosis that combines bidirectional long short-term mem-
ory and CNN [26], which extracted recessive features from domi-
nant features and further diagnosed them through the model. The
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Table 1
Performance comparison of Al algorithms based on smartphone.

Operating Al algorithm Detection object Sample number Accuracy Sensitivity Specificity Refs.

system range

- DNN Coughing, 1200 98% - - [33]
breathing, and
speaking

10S ANN Image of the 1000 99.3% 99.5% 99.9% [34]
RDT

Android 10S DL SARS-CoV-2 62 100% 100% 100% [36]
antigens

10S CNN Sample images 5000 98% 96.05% 93.59% [37]

Android CNN-+MLP Breathing 10 99.66% - - [38]
sounds,
chest X-ray
images, and
RANT

- Novel image Thermal images 101 - 92% - [39]

processing of the backs
algorithms

Abbreviations: DNN, Deep neural network; 10S, iPhone operating system; ANN, Artificial neural network; RDT, Serological rapid diagnostic tests; DL, Deep-learning; MLP,
Multi-layered perceptron; CNN, Convolutional neural network. All the relevant Al algorithms were summarized in Section 2.

model performance evaluation index, the average of accuracy rate
and recall rate, reached 94.89%, indicating that the model can ac-
curately diagnose the disease of dairy cows [26].

Other commonly used machine learning algorithms include
SVM, decision trees, etc. SVM is often used for classification and
regression [27]. For example, Elkorany et al. combined the opti-
mal breast cancer automatic classification method of whale opti-
mization algorithm and dragonfly algorithm with radial basis func-
tion kernel SVM was selected to classify breast cancer diagnosis
[28]. The accuracy of these two methods is more than 95%, which
proved that the model has a good classification prediction effect
[28]. The decision tree serves as a non-parametric classification al-
gorithm. Yadav et al. divided the attributes of thyroid diseases into
child nodes and used them as decision nodes. Their data sets are
detected by decision trees with an accuracy of 98%, which proved
that the method can use different data sets to diagnose and clas-
sify different diseases [29].

3. Detection of COVID-19 disease based on Al data processing

Al algorithms have played a significant role in disease detection.
In addition to the diagnosis of different kinds of diseases men-
tioned above, it has been widely used in the detection and analysis
of SARS-CoV-2. This chapter summarized the practical application
of Al algorithms in COVID-19 detection.

3.1. COVID-19 disease detection based on non-image recognition

COVID-19 is spread by aerosols or droplets that come into con-
tact with the mouth, eyes or nose. As a result, the chance of the
virus spreading is greatly increased during person-to-person con-
tact [30]. To deal with this situation, it is crucial to take measures
to prevent and anticipate the transmission of the virus, which can
avoid the rapid spread of the SARS-CoV-2 to a certain extent. With
the rapid development of Al in recent years, disease analysis and
detection combined with smartphone, has become a new way of
disease detection [21]. As Al's core, machine learning specializes
in simulating human learning, and provides CNN, DNN for the de-
tection, classification of the new coronary pneumonia virus and
the distribution map of abnormal symptoms clustering and other
methods [31].

For the detection of the new coronavirus, Kumbhar et al. pro-
posed a method combining CNN with the medical Internet of
Things to detect social distance and use smart wearable devices

to track infected people [32]. In their study, a Python-based track-
ing system was then used to simulate the spread of the virus and
the distribution of different users (healthy and confirmed patients)
within a specified region. Specifically, each user moves randomly
in the area at a speed of 0-20 m/min, and users will be exposed
to the disease if they are within 3 m of a confirmed patient. Based
on the threshold of confirmed symptoms and the time of expo-
sure, a probable patient is ultimately identified. With up to 90%
accuracy, the CNN model successfully tracked exposed populations
with or without infection protection. This method provides an ef-
fective way to predict the environment in advance [32]. In ad-
dition, researchers utilized real-time cameras to capture people’s
body temperature and smartphone microphones to obtain infor-
mation about people’s coughing, breathing, and speaking, which
informs the Al server edge to rate COVID-19 automatically. Next,
the classifier’s sensitivity and specificity were put to the test, and
the results showed that the model was usable for judging COVID-
19 [33].

Serological rapid diagnostic test (RDT), which can provide users
with diagnostic results in a short period, has also been used for
SARS-CoV-2 serological testing. However, conventional RDT results
are judged by eyes, which has certain limitations in time. There-
fore, researchers proposed to use machine learning to automati-
cally classify RDT results. Compared with manual classification re-
sults, the classification results have a high accuracy rate of 99.3%,
which provided opportunities and guarantees for patients to detect
by themselves [34].

COVID-19 spreads over time, and the real-time distribution map
of COVID-19 patients provided a visualization for grasping the
global infection situation. Researchers used spatiotemporal cluster-
ing techniques and cross-correlation analysis to create a map of
symptom incidence based on body temperature and symptoms of
COVID-19, and conducted experiments in Maryland to show that
the system could serve as disease prevention and control early
warning systems [35].

3.2. COVID-19 detection based on image recognition

Image recognition, as an application of machine learning algo-
rithms, can use computers to process and analyze images. In the
diagnosis of patients with new coronary pneumonia, the advan-
tages of image recognition can be used to quickly generate im-
age classifiers of different target pathogens from the data set on
demand. Several studies have proposed a virus diagnosis platform
combined with the Admissible Network (SPyDERMAN) [36], which
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research.

utilizes a data set of microfluidic chip photos taken by smartphone
to explore targeted viral nucleic acids, and the ability to precisely
detect various intact viruses in clinical samples is present. In this
process, first capture the intact virus or nucleic acid of the target,
prepare a nanoprobe targeting CRISPR/dCas9 protein 19 by combin-
ing an anti-Cas9 monoclonal antibody with platinum nanoparticles,
use the probe to generate an on-chip signal, and use a smartphone
to image. Finally, SPyDERMAN is applied for image analysis, which
enables the diagnosis of viruses or nucleic acids. Compared with
the nasal swab sample detection method, the system can complete
the detection by using the built-in camera of a smartphone, does
not rely on additional hardware and external environment. The op-
eration is simple and does not require special training for users
without experience, which confirms the versatility of the system
[36]. Other studies described a portable device that combined a
built-in camera and a small onboard computer with automated im-
age acquisition and processing algorithms to perform image anal-
ysis of synthetic RNA and a small set of samples from patients
positive and negative for the novel coronavirus, which reduced the
testing time and avoided the subjectivity of the staff to the results
[37].

The new coronavirus can cause pathological changes in the res-
piratory system, which can be used as an auxiliary method to di-
agnose patients. A framework for the detection of COVID-19 us-
ing chest X-ray (CXR) images, breath sounds, and rapid antigen
test (RANT) has been proposed, which was based on a CNN trans-
fer learning approach and a multilayer perceptron (MLP) to detect
the CXR image dataset, thus reducing the workload of the staff
[38]. With the development of thermal imaging technology, a non-
contact thermal imaging method has emerged for the detection
of new coronary pneumonia (Fig. 1). This method was combined
with the thermal camera of the smartphone to extract the shape
features and texture of skin temperature distribution by thermal
imaging algorithm. Two key parameters, the fractal dimension of
the image’s gradient and the sum of its extrema, are selected for
analysis. Based on the results of back thermal image analysis of
101 experimental participants, this method is proved to be highly

sensitive and convenient for out-of-hospital screening for COVID-
19 [39].

In summary, there have been many cases of detection of SARS-
CoV-2 based on Al algorithms, and good simulation results have
been achieved. However, some algorithms still require a large pro-
portion of actual samples to be tested, and their practical effective-
ness needs to be further demonstrated in a clinical setting.

4. Classification of COVID-19 disease detection methods by
smartphone

Smartphone-based detection does not need additional auxiliary
equipments, lightweight and portable advantages make it favored
by most people. Therefore, many researchers have combined ex-
isting analytical strategies, such as electrochemistry, fluorescence,
colorimetry, and other methods, with the detection platform (Ta-
ble S1 in Supporting information). However, this type of detection
platform has certain requirements for smartphone performance,
consumes power quickly, and needs to be tested in an unblocked
network environment. Meanwhile, due to the dynamics and vari-
ability of practical problems, it is challenging to develop an effec-
tive Al model for performing a specific task, and needs high com-
puting and data storage performing of smartphones, it should be
radical considerations and improvements for conducting future Al-
based smartphone research.

4.1. Detection of COVID-19 disease based on electrochemistry

The affinity-based electrochemical sensor can convert the spe-
cific molecular binding behavior into electrical signal output. After
connecting with the smartphone, the detection data can be read
through the smartphone, and combined with Al algorithm, fur-
ther improving the efficiency of disease detection, which is very
effective for medical underdeveloped areas and users’ home detec-
tion. Gecgel et al. proposed the application of Al algorithm to the
processing of detection data of the SARS-CoV-2 diagnostic sensor
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(UFC-19) [40]. UFC-19 is an electrochemical sensor that can ana-
lyze the electrochemical interaction of the SARS-CoV-2 spike pro-
tein contained in the sample and the sensor probe in one second.
Based on the data set obtained by the sensor, different Al algo-
rithms (such as CNN, SVM, and decision tree) can be used to di-
agnose SARS-CoV-2, and the existence of SARS-CoV-2 can be se-
lectively identified in a short time. The excellent predictive per-
formance of the model further improves the detection efficiency
of the electrochemical sensor. It can be seen that electrochemical
sensing detection is a very promising low-cost medical diagnosis
method with high sensitivity and simple operation [41-43].

In general, electrochemical detection is achieved by generat-
ing signal changes caused by antigen-antibody complex. The de-
tection method can expand due to its small size, low cost and
low power consumption, based on smartphones for COVID-19 and
greatly improve the detection efficiency [44]. Beduk et al. described
a sensor that combines miniaturized laser-scribed graphene (LSG)
with three-dimensional gold nanostructures for electrochemical
purposes [45]. The electrode was modified with novel coronavirus
spike protein antibodies and integrated into a point-of-care (POC)
device that can be operated applying a smartphone for the detec-
tion of COVID-19 (Fig. 2a). The system was a user-friendly diagnos-
tic platform with simple operation and high data readability [45].
Similarly, Hu et al. developed a unique sensing platform with viral
antigens based on reduced graphene oxide (RGO), which signifi-
cantly enhanced the transport of diffused species in electrochemi-
cal cells, and 3D printing using Aerosol Jet nanoparticles to create
3D electrode geometry, using electrochemical transduction to de-
tect novel coronary pneumonia antibodies in a short time. The sen-
sor platform supported smartphone-based readings with repeata-
bility, selectivity and reproducibility [46].

The low-cost and innovative electrochemical capillary flow de-
vice that does not require sample preparation has been reported

to quantify novel coronavirus nucleocapsid protein IgG antibodies
(anti-N antibodies) as low as 5ng/mL in human blood samples in
20 min by Samper et al. [47]. Since the device can quantify elec-
trochemical readings, coupling the device to a smartphone using
a near-field communication technology improved the efficiency of
diagnostics, confirming its true POC potential (Fig. 2b).

To improve detection sensitivity, Zhao et al. designed a
sandwich-type biosensor for ultrasensitive electrochemical detec-
tion of RNA targeting SARS-CoV-2 using cupro aromatic functional-
ized graphene oxide (Fig. 2c). Based on the super sandwich recog-
nition strategy, the technology has been proven to be able to effec-
tively detect SARS-CoV-2 RNA through a portable electrochemical
smartphone without amplification or reverse transcription of nu-
cleic acid. The biosensor is fixed on the Au@Fe;0,4. On the surface
of nanoparticles, the biological conjugate was formed by fixing the
host-guest complex on RGO, resulting in a sandwich structure of
capture probe, target, and label probe. The detection limit was 200
copies/mL [48].

The portable electrochemical detection system is a novel plug-
and-play diagnostic system that provides detection results imme-
diately in a short time (Fig. 2d). This kind of sensor device is sim-
ple and easy to use, and the manufacturing cost is low. The quan-
titative output provided by detection minimizes user intervention
and eliminates the multi-step detection of traditional instruments,
making it very suitable for POC applications. By combining with
a portable potentiostat and smartphone, this kind of potentiostat
can be integrated with all kinds of equipment in the future, so
that the whole system is a one-stop detection, which can elim-
inate the dependence on any special detection instrument. POC-
based tagless sensing technology is integrated with smartphone,
which can not only track global diseases but also provide the
data and fact base needed to prepare for such epidemics in the
future [49].
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on-site molecular diagnostics. Reprinted with permission [62]. Copyright 2021, Elsevier.

4.2. Detection of COVID-19 disease based on fluorescence

Fluorescence analysis is a widely used method in analysis and
research of biomedicine and other fields, and it has the advan-
tages of high sensitivity/specificity and simple operation [44,50].
With the deepening of the application of smartphone in various
fields, many scholars combined fluorescence analysis with smart-
phone. For example, some scholars have demonstrated a system
combined with a smartphone that can detect SARS-CoV-2 (Figs. 3a
and b), the nucleic acid sequence of the system was amplified, and
the fluorescent signal was captured by the smartphone’s camera
after the reaction was completed. The entire process can be com-
pleted in a relatively brief period, and the sensitivity and detection
limit were comparable to traditional fluorescence detection meth-
ods [51-57]. To further improve detection efficiency and give full
play to the advantages of smartphone in disease detection, Lee et
al. created a model utilizing machine learning that can be used for
the diagnosis of SARS-CoV-2 by combining Al algorithm with tradi-
tional fluorescence detection methods using long-term and short-
term memory method. The model was utilized to test the fluores-
cence data set measured by real time (RT)-PCR at each cycle, to
obtain accurate diagnosis results [58].

In addition, some other scholars have developed smartphone
application systems, using the developed applications to record
and analyze the SARS-CoV-2 detection data (Figs. 3c-f). These ap-
plications enabled visualization of fluorescence output via smart-
phone [59], automatic interpretation of output and remote result
reporting. Families and patients have the option to remotely docu-
ment their medical information and daily status, thereby reducing
the burden of going to the centralized hospital [60,61]. The sys-
tem could also be controlled by a smartphone to operate the POC
device, which can realize real-time detection [62].

4.3. Detection of COVID-19 disease based on colorimetry

Colorimetry is a method of biochemical detection that evaluates
changes in the absorbance or reflectance of analytical reagents. It

requires that the color reaction has selectivity and high sensitiv-
ity, and the state of the colored compounds generated by the reac-
tion should be relatively stable [44,63]. In recent years, researchers
have combined the advantages of smartphone to develop a col-
orimetric real-time analysis device for sample analysis quantita-
tively (Fig. 4a) [64-66]. The device could detect the novel coro-
navirus in samples such as saliva (Fig. 4b), wastewater (Fig. 4c),
and mouthwash [67-69]. For example, when detecting the new
coronavirus in wastewater, two-stage isothermal amplification, nu-
cleic acid extraction and colorimetric detection are first performed
on the microfluidic chip printed in 3D, and then the colorimet-
ric signal was analyzed by the smartphone. Signals were recorded
and quantitatively analyzed in real-time. The combination of the
two improved the analysis speed of traditional colorimetric tech-
niques, had high sensitivity, and also performed well in selectivity
and specificity.

For other studies to detect SARS-CoV-2, researchers have de-
vised and innovated sensors combined with a smartphone to per-
form readings of the detection results (Figs. 4d and e). The plat-
form could detect samples at ultra-low concentrations, resulting
in a strong colorimetric signal, and it has been successfully uti-
lized for detecting of novel coronavirus genes in synthetic vectors,
transcribed RNA and novel coronavirus pseudoviruses. This design
enabled semi-quantitative detection with low detection limit and
high dynamic range with fast detection speed and low detection
limit [70,71]. In addition, Rohaim et al. designed a new handheld
intelligent diagnostic device that combined colorimetric methods
with automatic image acquisition and Al processing algorithms to
achieve loop-mediated isothermal amplification (LAMP) detection
of RNA-dependent RNA polymerase genes, further reducing the
time required for data analysis using traditional colorimetric meth-
ods [72].

Researchers have also developed an automated on-chip
enzyme-linked immunosorbent assay (ELISA) to detect antibodies
against SARS-CoV-2 in serum samples from vaccinated individuals
and patients with COVID-19. Two different methods of analyzing
the colorimetric reaction and taking photos with a smartphone by
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Fig. 4. (a) Overview of the real-time quantitative colorimetric LAMP. Reprinted with permission [66]. Copyright 2022, Nature research. (b) The Cap-iLAMP workflow includes
collecting up to 26 gargle lavage samples, followed by combined target RNA enrichment, lysis, and improved LAMP. Color hue values can be obtained using any freely available
“camera color picker” application on a smartphone. Reprinted with permission [68]. Copyright 2021, Nature Publishing Group. (c) Procedure of multiplexed colorimetric
detection. Reprinted with permission [67]. Copyright 2021, Elsevier. (d) The principle of the visual biosensor powered by CRISPR-Cas12a with a smartphone readout. Reprinted
with permission [71]. Copyright 2021, Elsevier. (e) The diagnostic device that uses a smartphone to measure the electrochemical signals of the SARS-CoV-2N protein. Reprinted

with permission [30]. Copyright 2021, the American Chemical Society.

a microplate reader were compared to the results obtained by tra-
ditional ELISA, and no significant differences were found [73].

4.4. Other methods to detect COVID-19 disease

Baiyin et al. developed a lateral flow immunoassay strategy that
utilizes giant magnetoresistance and superparamagnetic nanopar-
ticles for sensing (Fig. S1a in Supporting information), which can
be used to detect the anti-SARS-CoV-2 immunoglobulin M in a
quantitative manner, followed by the giant magnetoresistance can
transmit inspection data to a smartphone via bluetooth [74].

Antigen detection of novel coronavirus saliva using low-cost
reagents and blood glucose meters, combined with the advantages
of oximeters (Fig. S1b in Supporting information), have become the
most popular diagnostic equipment in the world [75]. Liu et al. de-
veloped a nano-enzyme-linked immunosorbent assay (SP-NLISA), a
smartphone-based assay that detects SARS-CoV-2-specific nucleo-
capsid phosphoprotein in patient serum samples (Fig. S1d in Sup-
porting information). Its detection results are better than conven-
tional ELISA [76]. Mohd et al. reported a FnCas9 Editor Linkage
Unified Detection Assay (FELUDA), which does not require trans-
cleavage of the reporter molecule and utilizes direct Cas9-based
enzymatic reads to detect nucleobases and nucleotides sequence
(Fig. S1c in Supporting information). FELUDA was semi-quantitative
and enabled molecular diagnostics during outbreaks of infectious
diseases such as COVID-19 [77].

Everardo et al. developed an automatic ELISA on a chip to analy-
sis of serum samples from COVID-19 patients and inoculated indi-
viduals for anti-SARS-CoV-2 antibodies using the enzyme-labeled
instrument. There was no statistically significant difference ob-
tained between the results of on-chip automated ELISA and the
conventional ELISA. In addition, they used smartphone photos for
basic image analysis instead of laboratory equipment, reducing the
testing burden of traditional methods [73].

In addition, it can also be judged according to some clini-
cal symptoms of patients with new coronary pneumonia, such as

fever, cough, etc. The detection of these symptoms is often inter-
mittent. Based on this, some real-time monitoring systems have
been proposed by scholars. Using biosensor technology, a remote
monitoring platform for asymptomatic infections of the novel coro-
navirus has been developed by Wong et al. [78]. The subjects wore
wearable biosensors on their arms to continuously monitor phys-
iological parameters such as pulse rate, skin temperature, blood
pressure, blood oxygen saturation, and respiratory rate and then
transmitted these parameters to the mobile app Biovitals Sentinel
in real time and carried out processes to detect subtle changes in
physiological parameters. Finally, the results were displayed on a
web-based dashboard, which can be used as a basis for clinicians
to judge. The method provided a basis for further diagnosis of new
coronary pneumonia and improved the detection efficiency.

5. SARS-CoV-2 sample classification
5.1. Blood

Blood is an opaque liquid that contains many biomarkers of dis-
ease, so blood as a bioanalytical fluid is helpful in the diagnosis of
clinical diseases. Similarly, proteins, ions, etc. in the blood can also
be used as biochemical indicators of the new coronary pneumonia
disease. This section described blood and smartphone-based tests
for SARS-CoV-2 [79,80].

In recent years, immunosensing has attracted much attention
due to its advantages such as high sensitivity, low consumption of
samples and reagents, and simple sample handling. For example,
Wrapp et al. developed an immune sensing to measure biomark-
ers in blood samples that can detect SARS-CoV-2 by measuring
changes in the color signal from a smartphone camera [81]. In
addition, Wu et al. developed a smartphone-based immune sens-
ing system that can rapidly detect SARS-CoV-2 in serum samples,
and proved through experiments that the system can be used as a
portable device for field detection of SARS-CoV-2 in blood samples
[82].
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During the COVID-19 pandemic, home test strips or kits are a
necessity in almost every home. This not only improves the porta-
bility of testing for the SARS-CoV-2, but also greatly reduces the
testing time. Li et al. reported the use of this method in combina-
tion with smartphone to detect specific IgG or neutralizing anti-
bodies in human serum or whole blood samples. According to the
analysis of experimental results, the established platform can ac-
curately and quickly detect SARS-CoV-2 [83]. In addition, Moakhar
et al. proposed a home test kit that can quantitatively analyze vi-
ral infections in blood and other body fluids in a short period, the
Multiple Injection Device (NFluidEX), with data results collected
and interpreted by smartphone-supported data. In a clinical set-
ting, this approach has high sensitivity and specificity [84].

5.2. Saliva

Bacteria and viruses in saliva can be used to diagnose many dis-
eases. Saliva sampling is easier and non-invasive than blood sam-
pling [79]. This method provides a strategic basis for screening and
prediction of some diseases.

Sensors built into smartphone, combined with other technolo-
gies, could serve as new disease detection methods. At present,
in order to detect spike protein of SARS-CoV-2 in artificial saliva,
Kawasaki et al. developed an optical sensor (Fig. 5a) [85], Lee
et al. designed a compact fluorometer [86], which was combined
with the built-in camera of smartphone for diagnosing of var-
ious infectious diseases on-site. Through wireless transmission,
the data was securely transmitted to the smartphone application,
which achieved the purpose of fast detection speed, simple op-
eration and economical price. In addition, analytical data can be
obtained directly using relevant smartphone applications and im-
age processing techniques or combined with Al algorithms for an-
alytical processing (Fig. 5b). By using Image] validation, Weera-
suriya et al. found an excellent correlation with traditional meth-
ods (p=0.0003, r=0.99) [87]. which improved the efficiency of
detection SARS-CoV-2 in saliva and helped patients to understand

their infection status more quickly, which prevents further spread
of infection [40].

Martin-Sierra et al. used this method to conduct nucleic acid
analysis and interpretation of the detected SARS-CoV-2 using saliva
samples, combined with dynamic chemical labeling (DCL) technol-
ogy and rotating tube equipment (Fig. 5c). It greatly simplified the
steps before detection, has low cost and is easy to operate [88].

In addition to the method described above, Fabiani et al. de-
veloped an immunoassay that combines magnetic beads, 96-well
wax-printed cardboard, and a smartphone app to detect SARS-CoV-
2 in saliva through color visualization (Fig. 5d). This method fur-
ther proved the reliability of saliva detection for novel coronavirus
[89].

5.3. Other biofluids

In addition to the diagnosis of COVID-19 through biological flu-
ids such as blood and saliva, nasopharyngeal swabs are also one
of the most commonly used detection methods (Fig. S2a in Sup-
porting information). By optimizing to accelerate the viral inac-
tivation of nasopharyngeal swabs, the results could be visualized
by in-tube fluorescence and interpreted through the correspond-
ing smartphone app [90]. For example, Ganguli et al. reported an
RT-LAMP isothermal test for the detection of SARS-CoV-2 (Fig. S2c
in Supporting information). Swabs were immersed in a synthetic
nasal fluid doped with virus. The synthetic nasal fluid swabs were
transferred to a viral transport medium for sampling analysis [91].
Going a step further, a disposable paper-based device was devel-
oped and integrated with smartphone-assisted Sensit smart volt-
age regulator (PalmSens) to detect SARS-CoV-2 using nasopharyn-
geal swab samples by Lomae et al. (Fig. S2b in Supporting informa-
tion). Experimental results of 10 samples showed that the results
of the system were 100% consistent with the results of RT-PCR [92].

Machine learning-driven software is a new method to evalu-
ate the fluorescence signal of SARS-CoV-2 in nasopharyngeal swab
samples. Samacoits et al. used a detection method combined with
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this method to detect SARS-CoV-2 in nasopharyngeal swabs (Fig.
S2d in Supporting information). Experimental results showed that
this method had low detection limit, high sensitivity and high ac-
curacy. This provides an effective way for the detection of SARS-
CoV-2 [93]. In addition, some researchers have also combined the
Al algorithms with colorimetric methods. The machine learning
model developed by Rohaim et al. was combined with colorimetric
analysis to analyze RNA samples of SARS-CoV-2 extracted from na-
sopharyngeal swabs for clinical testing. The test results of about
200 patients with SARS-CoV-2 have proved that the method is
highly specific and reliable [72].

6. Conclusion and prospect

Driven by the rapid development of electronic technology, the
size of smartphone is getting smaller and smaller, and it installs
various sensors, increasingly perfect functions. Its portability and
popularity are gradually enhanced. In addition, with the increas-
ingly hot and in-depth research of Al, it is utilized extensively
in various fields, such as disease detection, indoor positioning
[21] and biological analysis [80,94-97], which greatly improves its
popularity and applicability. These advantages have been used by
researchers in many fields of analysis. Meanwhile, detection tech-
nologies based on smartphone and Al have been developed and
improved successively, and have been widely applied from labora-
tory to practical applications. Based on this, this paper reviewed
the detection methods of SARS-CoV-2 based on smartphones. In
addition, the limitations and prospects of smartphone-based virus
detection were discussed.

Based on the above description, the biological analysis method
combined with the smartphone has been greatly improved in the
operation steps and detection time of the new coronavirus de-
tection. Despite its incomparable advantages, there are still some
challenges that need to be addressed:

(1) Some detection methods rely on the internal hardware of the
smartphone, which limits the range of devices for data ac-
cess. While connecting external attachments to the smartphone
can solve this problem, it also increases the complexity of the
portable detection platform. Therefore, how to combine the two
is one of the problems that need to be considered to realize
portable detection.

(2) Using Al technology requires a lot of data to build models. Too
little data may reduce the accuracy of detection results, and too
much data may increase the processing and analysis time of the
model. In addition, data information involves personal privacy,
and its information security is also a problem to be considered.

In conclusion, the development and application of the technol-
ogy have been proven, but it is also critical to summarize existing
developments and look to future developments. From the perspec-
tive of biosensors, it is expected to expand the application of SARS-
CoV-2 detection combined with smartphone and develop into a
large-scale screening technology. From an Al perspective, acquiring
the data required for Al is an important and challenging problem.
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