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Abstract

Background: In the modern world, mobile apps are essential for human advancement, and pandemic control is no exception.
The use of mobile apps and technology for the detection and diagnosis of COVID-19 has been the subject of numerous
investigations, although no thorough analysis of COVID-19 pandemic prevention has been conducted using mobile apps, creating
a gap.

Objective: With the intention of helping software companies and clinical researchers, this study provides comprehensive
information regarding the different fields in which mobile apps were used to diagnose COVID-19 during the pandemic.

Methods: In this systematic review, 535 studies were found after searching 5 major research databases (ScienceDirect, Scopus,
PubMed, Web of Science, and IEEE). Of these, only 42 (7.9%) studies concerned with diagnosing and detecting COVID-19 were
chosen after applying inclusion and exclusion criteria using the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) protocol.

Results: Mobile apps were categorized into 6 areas based on the content of these 42 studies: contact tracing, data gathering,
data visualization, artificial intelligence (AI)–based diagnosis, rule- and guideline-based diagnosis, and data transformation.
Patients with COVID-19 were identified via mobile apps using a variety of clinical, geographic, demographic, radiological,
serological, and laboratory data. Most studies concentrated on using AI methods to identify people who might have COVID-19.
Additionally, symptoms, cough sounds, and radiological images were used more frequently compared to other data types. Deep
learning techniques, such as convolutional neural networks, performed comparatively better in the processing of health care data
than other types of AI techniques, which improved the diagnosis of COVID-19.

Conclusions: Mobile apps could soon play a significant role as a powerful tool for data collection, epidemic health data analysis,
and the early identification of suspected cases. These technologies can work with the internet of things, cloud storage, 5th-generation
technology, and cloud computing. Processing pipelines can be moved to mobile device processing cores using new deep learning
methods, such as lightweight neural networks. In the event of future pandemics, mobile apps will play a critical role in rapid
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diagnosis using various image data and clinical symptoms. Consequently, the rapid diagnosis of these diseases can improve the
management of their effects and obtain excellent results in treating patients.

(JMIR Mhealth Uhealth 2024;12:e44406) doi: 10.2196/44406
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COVID-19; detection; diagnosis; internet of things; cloud computing; mobile applications; mobile app; mobile apps; artificial
intelligence: AI; mobile phone; smartphone

Introduction

Following the widespread and rapid outbreak of COVID-19,
the disease crossed geographical borders and had a devastating
impact on the health, economy, and well-being of the worldwide
population. According to the World Health Organization
(WHO), high-severity COVID-19 was reported in 16%-21% of
patients and almost 3% died. In the case of other variants,
however, local statistics in many countries indicated a high
mortality rate, with some studies estimating a mortality rate of
4% or higher. Due to the novelty of the disease, ways to deal
with it were not known early on; still, researchers considered
the screening and rapid diagnosis of patients and their separation
from healthy people to be significant steps in fighting the disease
[1,2].

Early and low-cost diagnosis of infections in any pandemic is
essential for pandemic control. Therefore, if it is possible to
diagnose and quarantine infected cases in the earliest phases of
an outbreak, the outbreak can be managed in the epidemic phase
and will not become a pandemic. In the COVID-19 pandemic,
various diagnostic methods have been used, with the polymerase
chain reaction (PCR) test being the primary diagnostic tool.
Nevertheless, PCR is a time-consuming and costly method;
until being diagnosed with this diagnostic test, patients might
freely transmit COVID-19 and accelerate its conversion into a
pandemic by increasing the transmission rate [3,4].

In the COVID-19 pandemic, a wide range of technologies came
to aid in the faster diagnosis and screening of people with
infection, many of which proved successful. Meanwhile, mobile
phones, as highly abundant tools and an information gateway,
helped people update their information and make more accurate
decisions. In addition to being a platform for installing essential
and valuable apps to detect people with infection, smartphones
help track people and examine the keywords used by them for
making a diagnosis [5-7].

Numerous technical and review studies have addressed
smartphone apps for COVID-19 management. Many of these
studies have dealt with various mobile apps used to estimate
the prevalence, lessons, opportunities, and challenges of these
devices and disease management. Still, none of them has
adequately focused on detection and diagnosis. This study is
the first to systematically review all the studies that have used
smartphone technology to detect and diagnose COVID-19.
Previous reviews have examined a limited number of studies.
Herein, by covering the maximum number of databases, an

effort was made to explore all published papers that used
smartphones to diagnose COVID-19. In the area of mobile apps
for the diagnosis of COVID-19, a thorough and complete study
has not been conducted. Alnazi [8] examined apps related to
COVID-19 released on Google Play. The 12 studies reviewed
included mobile-based software for contact tracing, awareness
building, appointment booking, and online consultation. The
author only reviewed free apps, however, and although this
study was conducted in 2021, it did not include many scientific
or commercial apps [8].

Asadzadeh et al [9] determined the scope of mobile solutions
in the COVID-19 pandemic and reviewed 16 mobile app studies
on COVID-19–related data processing. The reviewed studies
were classified into 4 categories: prevention, diagnosis,
treatment, and protection. Despite noting a different range of
mobile apps, this study did not mention the details and
algorithms of these studies [9].

Aslani et al [10] studied mobile health apps in pandemics and
epidemics. They examined 17 studies and explored common
respiratory diseases and lung infections. Although this study
was published during the COVID-19 pandemic, it did not
mention mobile apps related to COVID-19 [10].

Kondylakis et al [11] examined 12 studies on mobile apps for
COVID-19 data analysis in a more comprehensive investigation.
These 12 studies covered the following domains: training,
information sharing, risk assessment, self-management of
symptoms, contact tracing, home monitoring, and
decision-making. Still, this study did not include studies using
machine learning (ML) methods to predict and diagnose
COVID-19. It also did not deal with mobile apps for COVID-19
diagnosis and primarily focused on studies on COVID-19
education, care, and management using mobile apps [11].

Almalki et al [12] analyzed and discussed all the apps available
on Google Play and the Apple Store and provided a brief
explanation. Among its flaws, this study did not review scientific
or academic studies and only examined mobile apps available
in the market, many of which were developed without scientific
or clinical supervision. Therefore, it is difficult to rely on these
apps, as they lack scientific support and cannot be introduced
to or proposed by the communities [12].

Table 1 lists some studies that have addressed mobile apps for
COVID-19 data management, including the first author’s name,
the country, the main topic, and the number of studies covered.
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Table 1. Related studies on mobile apps for detecting and diagnosing COVID-19.

Studies covered, nMain topicAuthor and country

12Mobile app used during COVID-19Alanzi [8], Saudi Arabia

16Mobile health solutionsAsadzadeh et al [9], Iran

17Mobile health apps for epidemic and pandemic
outbreaks

Aslani et al [10], Iran

12Mobile app for COVID-19Kondylakis et al [11], Greece

115Implemented an app to combat COVID-19Almalki et al [12], Saudi Arabia

This study aimed to fill the gap left by previous reviews by
conducting a comprehensive review of studies on smartphone
apps for the diagnosis of COVID-19, providing solutions based
on technological models, and answering research questions so
that researchers and health systems can envision devices and
their apps in preventing future pandemics.

Methods

Search Criteria
This systematic review, which was conducted for the first time
using this method, aimed to identify relevant studies related to
detecting and diagnosing COVID-19 using a variety of
smartphone apps. The systematic search strategy was developed
based on previous studies and the authors’knowledge. The main
objective was to address the following analytical questions
(AQs):

• AQ1: What are the uses of smartphones for COVID-19
detection and diagnosis?

• AQ2: What data do smartphones use to detect and diagnose
COVID-19?

• AQ3: Which artificial intelligence (AI) methods and
algorithms are used to process smartphone data?

• AQ4: How successful have smartphone apps been in
COVID-19 detection and classification?

• AQ5: What suggestions can be made to improve the quality
of mobile apps in disease diagnosis and pandemic control?

We reviewed electronic databases publishing papers on medicine
and computer science. We concluded that PubMed, Web of
Science (WoS), Scopus, IEEE, and ScienceDirect contain the
most relevant papers. The search used the following keywords
and logical expressions: ((“COVID-19”) AND (Detection OR
Diagnosis) AND (Smartphone OR Mobile Application OR
Mobile App)). The investigation was conducted from November
1, 2019, to late April 2022, and relevant published papers were
extracted. The Embase database was eliminated from the
examination due to the proximity of the publications.

Data Extraction
Relevant studies and the main elements of their methodology
and results were recorded in data extraction forms in order to
identify AI algorithms and techniques. Two researchers (authors
AMR and MG) performed data extraction, and discrepancies
between the researchers were resolved by discussion with an
independent researcher (author AH). The extracted data elements
included the first author’s name, country of origin, research
population, data used, purpose, method, the role of the mobile
app, and the evaluation method. The search in reputable
databases was performed based on the search strategy, and 535
papers were extracted. After reviewing the papers’ abstracts
and full texts, applying the inclusion and exclusion criteria, and
selecting papers relevant to the title of this study, 42 (7.9%)
full-text papers were finally selected. This process was
performed based on the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) flowchart, as shown
in Figure 1.
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Figure 1. The review process and how to exclude papers according to the PRISMA flow diagram. PRISMA: Preferred Reporting Items for Systematic
Reviews and Meta-Analyses.

Results

Study Details
Due to the newly emergent status of COVID-19, the titles,
abstracts, and keywords of all the papers published between
2020 and 2022 were reviewed, and 42 (7.9%) of 535 papers
were ultimately selected as eligible. By comprehensively
examining the mobile apps, we found that the role of

smartphones was described in 6 areas with different types of
COVID-19 data sets, including “Smartphones play the role of
a platform for data collection,” “visualizing the input data,”
“installing AI-based processing software,” “determining contact
tracing,” and “COVID-19 data processing based on role-based
and guideline-based methods,” to detect and diagnose
COVID-19. A taxonomy was developed to better organize the
content and concepts related to mobile apps for COVID-19
diagnosis and detection, as shown in Figure 2.
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Figure 2. Taxonomy of mobile applications for the COVID-19 pandemic. API: application programming interface; CNN: convolutional neural network;
IoT: internet of things.

The taxonomy presented in this research classified the studies
conducted in line with the investigation into 2 branches:
detection and diagnosis. In the field of detection, the AI method
was used more, which included traditional ML algorithms, such
as supervised, unsupervised, semisupervised, and reinforcement
learning; however, deep learning (DL) dealt with images and
sounds. In the field of diagnosis, rule- and guideline-based
techniques were mainly used to diagnose COVID-19 with
mobile apps.

Detection vs Diagnosis of COVID-19 Using Mobile
Apps
The terms “detection” and “diagnosis” were used
interchangeably in many of the studies, but they differed in
meaning and usage. These 2 terms are used differently in
different settings. In clinical settings and diagnostic laboratories,
the term “diagnosis” is used, while in computer vision and
pattern recognition, observing the first definite signs in
determining the status of a disease is called “detection.” By
examining the differences between these 2 terms in the
dictionary and by inquiring from clinicians, a 2021 study found
that detection identifies diseases in a set of patient and

nonpatient cases. In detection, the disease is distinguished from
other conditions, such that other cases may or may not have a
disease-free status. However, the precise level and type of
disease are completely specified during diagnosis. In the
diagnosis concept, different cases might have a disease status
or belong to other classes of abnormality or nonhealth, which
can be determined [4,13-17].

Accordingly, detection was used for studies that distinguished
cases of COVID-19 from healthy and normal cases. In contrast,
diagnosis was used for studies that distinguished COVID-19
from other infectious pulmonary diseases (eg, different types
of pneumonia). Detection makes sense in sets where other
conditions (not infected with COVID-19) are specified, and
COVID-19 can be distinguished with certainty from types of
pneumonia or other coronaviruses [4,13,14]. By reviewing the
42 extracted papers, we found that 25 (59.5%) papers used DL
to detect (identify) COVID-19, whereas 12 (28.6%) studies used
it to diagnose and distinguish COVID-19 from other diseases.
In addition, 3 (7.1%) studies did not precisely mention that
diagnosis was their objective, while in 2 (4.8%) studies, the
goal was to diagnose and detect. Figure 3 shows the amount of
research performed to detect and diagnose COVID-19.
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Figure 3. Aim of studies on the analysis of COVID-19 data in mobile applications.

Overview of the Role of Smartphone Apps in the
Diagnosis of COVID-19
The apps were classified into the following 6 categories by
reviewing all the studies conducted on mobile technologies and
apps in line with our research objectives: contact tracing, data
gathering, data visualization, AI-based diagnosis, rule- and
guideline-based diagnosis, and data transformation.

Mobile Apps for Contact-Tracing Analysis
One of the main uses of apps during the COVID-19 pandemic
was for contact tracing to diagnose and classify COVID-19.
Thus, smartphones were used to diagnose patients with
COVID-19 who had been in contact with people with infection.
Many of the studies used mobile apps to trace people via
trackers, geofencing, and GPS.

Mobile Apps for Gathering Data From Users
The sole purpose of some mobile apps was to collect data for
processing. These apps received data through a standard
smartphone from mobile devices as input devices in perception
layers and sent them to the edge and cloud layers, where
processing took place. In this case, the mobile apps sent data
from the output of biosensors to higher-level systems for
processing.

Mobile Apps for Data Visualization
Mobile apps were used to visualize the data received from
biosensors or other data collection tools in many of the studies.
After data were received, they were displayed to users via
statistical charts. Smartphones carried out this task as the first
step in data processing, which means gathering data and
visualizing these data for COVID-19 diagnosis. In the next
stage, these data were transferred to higher levels of processing,
such as cloud and fog spaces.

Mobile Apps Used to Analyze COVID-19 Data Based on
AI Algorithms
One of the most frequently used mobile apps for COVID-19
diagnosis was an AI-based application in which learning
occurred. Studies used different clinical data, sounds, and
radiology images. Data were collected in 2 ways: by mobile
app designers and developers and by clinical app users using
mobile apps.

Since most mobile apps processed and predicted COVID-19
infection, they incorporated different AI algorithms that involved
2 types of methods: methods based on traditional ML algorithms
and those based on DL algorithms.

Mobile Apps Used to Analyze COVID-19 Data Based on
Guidelines and Rules
A notable study on COVID-19 diagnosis using mobile phones
involved ontologies, clinical guidelines, and rules. Due to
COVID-19 diagnostic guidelines in health care centers,
guideline- and rule-based methods for COVID-19 diagnosis are
expected to be popular among clinicians and physicians. By
incorporating these guidelines and rules into mobile apps,
clinicians and stakeholders can see the process as more tangible
and acceptable.

Mobile Apps as a Platform to Transform Messages and
Data
Another application of mobile phones for COVID-19 diagnosis
was processing keywords related to COVID-19 in social media
using smartphones or analog messaging methods. In this method
of COVID-19 diagnosis, the main terms representing COVID-19
diagnosis were counted and the COVID-19 diagnosis was made
based on the number of uses of these words and their
relationship with pronouns and sentence components.
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Data Used in Mobile Apps for COVID-19 Detection
and Diagnosis
A wide range of data were used in mobile apps, and according
to specialty domains, different scientific disciplines made the
initial diagnosis of COVID-19 differently. Mobile apps used a
range of data for collection, classification, analysis, transfer,
and visualization. These apps dealt with various data, including
nasal swap samples, personal clinical data, signs and symptoms,

voice and sounds, radiology images, and words and terms in
media.

Several of the studies used a combination of data types. Some
others used subjective clinical data and symptoms. Moreover,
some apps used a variety of radiology images and patients’
voices (cough).

Table 2 lists 11 (26.2%) studies on mobile apps for diagnosing
COVID-19. This table includes the study, data, the application
method, the mobile role, and the evaluation output.

Table 2. Studies (n=11) evaluating mobile apps used for COVID-19 diagnosis (or a goal similar to diagnosis).

Evaluation outputMobile roleMethodGoalDataStudy

N/AbPlatform for the applied model to calculate
risk prediction

MLaCOVID-19 risk
prediction

Symptoms, clinical
and bibliography
data

Bindra et al [18]

N/APlatform for analysis; speech and sound
analysis

MLDiagnosisSoundSharma et al [19]

N/AGathering symptoms and receiving alerts
(SMS)

Rule-based reason-
ing

DiagnosisSymptomsNema et al [20]

Accuracy=83.3%Data collectionSingle decision
threshold

Differentiating
COVID-19–posi-
tive status

Smartwatch, activi-
ty tracker data,
symptoms, testing
results

Quer et al [21]

N/AEstimating the heart rate, receiving data
from wireless sensors used to measure white
blood cells (WBCs) and red blood cells
(RBCs), and estimating air temperature

Sending patient da-
ta to a physician
and receiving out-
put from the physi-
cian

DiagnosisHeart rate, blood
cell counts, temper-
ature

Elagan et al [22]

N/AReceiving cough sounds and analyzing them
using a designed app

DLcDiagnosisCough soundsImran et al [23]

N/ACollecting data, sending data, showing the
assessment

Rule-based reason-
ing

DiagnosisCough, SpO2
d,

temperature

Mukhtar et al [24]

Accuracy=99%App platformMLDiagnosisSymptomsKoshti et al [25]

N/AApp platformOntology and rulesPredictionPersonal data, ob-
served symptoms
(images, sounds)

Ertuğrul et al [26]

N/AApp platformDLDiagnosisCTe scan, cough,
voice, breath
sounds, fatigue

Maghded et al [27]

N/AApp platformDLDiagnosisCT imagesRangarajan and
Ramachandran
[28]

aML: machine learning.
bN/A: not applicable.
cDL: deep learning.
dSpO2: saturation of peripheral oxygen.
eCT: computed tomography.

There are several mobile apps available to detect COVID-19,
as shown in Table 3. An overview of 31 (73.8%) studies is

provided in the table, which includes the study, data, the
application method, the mobile role, and evaluation results.
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Table 3. Studies (n=31) that used mobile technologies to detect COVID-19.

Evaluation outputMobile roleMethodGoalDataStudy

Accuracy=79%;
F1-score=80

Platform for applying a COVID-19
detector via cough sounds

DLaDetectionCoughGökcen et al [29]

N/AbInterface to send dataBiosensor analysisDetectionWastewater sampleMao et al [30]

Accuracy>82%-86%App platformMLcDetectionSpeech voiceStasak et al [31]

Accuracy=94.5% and
92.1%

App platformDLDetectionBreath, cough,
voice

Alkhodari and
Khandoker [32]

Accuracy=89%App platformMLDetectionBlood indexAl-zubidi et al [33]

N/AAPId to calculate and send dataThermometer and
Send location

DetectionThermal images
and location

Abdulrazaq Al-
shekhly et al [34]

N/AApp platform to prescribe drugs and
send an alarm

Guideline basedDetection and
Management

Contact tracingBerquedich et al
[35]

Accuracy=96.5%App platformMLDetectionCough, voiceKarataş et al [36]

Accuracy=83%App platformDLDetectionUltrasound imagesAwasthi et al [37]

Accuracy=98%App platformML and DLDetectionCough soundsTawfik et al [38]

N/AApp platformRule-based reason-
ing

DetectionSymptomsKrisnanik et al [39]

N/AApp platformDLDetectionBreath and cough
sounds

Ponomarchuk et al
[40]

Accuracy=98.4%App platformDLDetectionX-ray imagesShreyas et al [41]

N/AApp platformRule-based reason-
ing

DetectionSymptomsMohsin et al [42]

Accuracy=85%App platformMLDetectionCough and clinical

data (SpO2
e level,

Sanjeev et al [43]

body temperature,
heart rate, symp-
toms)

N/AApp platformDLDetectionBreath and cough
sounds

Ponomarchuk [40]

Accuracy=98.6%Platform to trace and analyze keywordsDLDetectionX-ray imagesBushra et al [44]

Accuracy=82%Platform to analyze cough soundsMLDetectionCoughVerde et al [45]

N/AContact tracingContact manage-
ment

Virus DetectionBluetooth dataStanciu et al [46]

N/AData visualizationFluorescent ap-
tasensors

Virus DetectionNasal swab sampleHan et al [47]

Sensitivity in less than
30 minutes

Data visualizationRNA analysisDetectionNasal swab sampleFozouni et al [48]

N/APlatform to install an appMLDetectionAudio and soundCoppock et al [49]

N/AReceiving data and analysis using a
designed app

Medical protocolDetectionSymptomsWong et al [50]

Mean accuracy=
83.3% (SD 1.6%)

Collecting data from usersMLDetectionHeart rate, feeling
features, blood
pressure

Hijazi et al [51]

N/AGathering signs and symptomsGuidelinesEarly detection,
management of
close contacts

Sounds, symptomsEcheverría et al [52]

Accuracy=99.6%;
F1-score=99.6

Process unit and platform for applied
model

DLDetectionCTf scanVerma et al [53]

N/AReceiving, gathering, and transmitting
data in edge layers

Data transferDetectionSpike protein, nu-
cleocapsid protein

Chen et al [54]
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Evaluation outputMobile roleMethodGoalDataStudy

N/AReceiving data from a sensor and
sending it to the database

Comparing re-
ceived data with
normal data

DetectionTemperature,
heartbeat

Chen et al [55]

N/APlatform to install WeChat to trace and
analyze keywords

Analysis of
emerged keywords

Detecting the
SARS-CoV-2 out-
break

Keywords on so-
cial media

Wang et al [56]

N/AData collectionComputational au-
dit techniques

DetectionSpeech, voiceUdhaya Sankar et al
[57]

Results achieved in
approx. 30 minutes

Smartphone-based collection and visu-
alization of data

MLDetectionHorse nasal swab
samples

Sun et al [58]

aDL: deep learning.
bN/A: not applicable.
cML: machine learning.
dAPI: application programming interface.
eSpO2: saturation of peripheral oxygen.
fCT: computed tomography.

Having thoroughly scrutinized the particulars of the
investigations delineated in Tables 2 and 3, the methodologies
implemented therein, the scholarly community involved, and
the significance of mobile apps in the detection of COVID-19,
we were equipped to provide answers to the AQs.

To answer AQ1, although different apps were used, the main
apps belonged to 6 functional domains: contact tracing, data
gathering, data visualization, AI-based platform to analyze data
and signals, rule- and guideline-based methods for
decision-making, and data transformation. Contact tracing is a
critical application and a strength of this technology for the

timely diagnosis of COVID-19 due to its high availability,
serving as a module for accessing GPS satellites, determining
people’s positions, and accessing higher data transaction layers,
such as cloud and fog spaces. Berquedich et al [35] adopted a
model for contact tracing and designed technology to reduce
hospital visits and alert people who were in contact with patients
to seek health care. Some domains, such as the processing of
patients’voice and audio data for COVID-19 detection, received
more attention, whereas biosensor data visualization apps were
less frequently designed and presented. Figure 4 depicts the 6
functional dimensions of smartphones for COVID-19 diagnosis.

Figure 4. Areas of application of mobile technology for the diagnosis of COVID-19. AI: artificial intelligence.

As can be seen in Figure 4, AI-based methods formed a large
part (about 54.7% of the methodologies at the core of
smartphones to diagnose COVID-19). It is believed that the
researchers’ focus was on mobile phones as on-site processing
tools for faster detection of COVID-19. However, the mobile
apps that embedded guideline- and rule-based techniques in
their processing core to analyze biomarkers are powerful tools
for processing all kinds of numerical data and present them to
users as a piece of point-of-care equipment. These aspects of
mobile apps have been of great importance for researchers due
to the ease of faster analysis of input data and the data input

gates of mobile phones for more immediate identification of
patients. More than 14% of the mobile apps analyzed all kinds
of biomarkers using guidelines and rules to access a model in
the field of COVID-19 diagnosis by classifying input data. A
large number of mobile apps also focused on visualizing (11.9%)
and transferring (9.5%) data.

One of the strengths of mobile technology in identifying and
diagnosing diseases, especially infectious diseases, is the
visualization of the data received from internet of things (IoT)
technologies and biosensors. After analyzing the data with
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hardware chips and equipment or nucleic acid analysis, the
signals are transferred to the mobile app for visualization
through various means, such as IoT and Bluetooth. In these
studies, blood, serology, and saliva data analysis results, after
DNA and amino acid analysis, were sent by biosensors to mobile
apps for visualization [27,28,47,52].

In some other studies, one of the most influential features of
smartphone technology that had a significant impact on
COVID-19 diagnosis and detection was the receiving and
collection of data from people suspected of having COVID-19.
These data included saliva samples, clinical signs and symptoms,
vital signs, demographic information, cough sounds, and medical
history. The data were obtained with mobile phones, the
equipment connected to and embedded in them (eg, chemical

sensors), and the recording of vital and clinical signs was stored
in the mobile phones or moved to the cloud, allowing other
computing devices to access this information. Some studies
dealt with using smartphones for collecting patient data; for
computation, they provided the data in a centralized space to
specialists or decision support systems [21,22,25,26,32,53].

We observed many features to answer AQ2. The design and
development of mobile apps for COVID-19 detection and
diagnosis were commensurate with the frequency of COVID-19
diagnosis data. In other words, for frequent data, such as coughs,
apps that used this type of data to diagnose COVID-19 were
the most frequent. Figure 5 presents the usage of data types in
mobile apps.

Figure 5. Data used in the detection and diagnosis of COVID-19.

Several laboratory biomarkers, diagnostic tests, biographical
data, histories of diseases, and the voices and cough sounds of

patients were used as input features for mobile apps based on
methodology. According to Figure 5, it seems that the amount
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of research using these features has a linear relationship with
the diagnostic methods of COVID-19, as most mobile apps used
the features of signs and symptoms as well as the patients’
voices and cough sounds. In many apps designed to increase
the accuracy of disease diagnosis, a combination of these
features was used. Since mobile devices can receive and save
sounds, these apps used this feature significantly.

For the analysis of nasal swab samples, apps that used biosensor
technology incorporated multidisciplinary knowledge and used
additional hardware. Following the sample analysis, the resulting
data were transferred to the mobile apps via Wi-Fi or Bluetooth
and were then used to automatically diagnose COVID-19. As
a notable study, one can mention aptamers as a robust molecular
tool for COVID-19 diagnosis [12]. The findings revealed that
mobile technologies in pandemic control and prevention were
a hot research topic and an exciting and trendy approach.

To answer AQ3, the notable use of smartphone apps in
COVID-19 prevention assisted clinicians with the timely
diagnosis of COVID-19. AI methods, such as ML and DL
algorithms, achieved remarkable results in COVID-19 diagnosis.
Many researchers [8,10,13,27,35] who used clinical data, such
as serology data, vital signs, and symptoms, adopted ML
algorithms. These features were received from users and applied
to the ML model to diagnose COVID-19. Different ML
algorithms were used for this purpose.

Since the main symptoms of COVID-19 diagnosis are cough
sounds, the type of coughs, and respiratory sounds, many
researchers adopted ML methods and algorithms, such as
support vector machines, to identify patients’ sound patterns
[10,20,40,48]. Sound feature extraction was carried out based
on mathematical algorithms. Using mobile apps to classify these
features led to the automatic diagnosis of COVID-19.

Due to the complexity of detecting the pattern of cough sounds,
several of the studies required more efficient and voluminous
methods, so they used DL algorithms. After training with more
significant data and obtaining a more efficient model on systems
with more powerful processing units, such as graphics
processing units (GPUs), these algorithms were applied to
smartphone operating systems with the cough sounds of people
suspected of having COVID-19. The methods in this category
differentiated infected from noninfected cases by receiving
patients’ sounds with higher accuracy and precision [9,30].
Tawfik et al [38] used ML and DL methods simultaneously and
achieved 98% accuracy.

Radiographic images offered another facility for rapid diagnosis
of COVID-19 and, thus, pandemic control. DL methods and
the convolutional neural network (CNN) algorithm were also
used in studies using these images in mobile technologies. These
models were optimally designed by training on radiology images
using concepts such as transfer learning. At the point of care
(PoC), they helped clinicians diagnose and detect new cases.

These mobile apps demonstrated optimal performance and
achieved an accuracy of >92%. By automatically extracting the
features using manual feature selection, the bias in the results
of diagnostic models was eliminated [18,29,45,46].

AI algorithms were used in various techniques in mobile phones,
and the developers attempted to enhance their efficiency by
adjusting the parameters of these algorithms [59-62]. Some of
the studies used no performance evaluation index to determine
the success rate of these apps (to answer AQ4). Regarding apps
that used AI methods, the studies used the metrics in the
confusion matrix. For different AI methods, different levels of
accuracy were obtained. Upon evaluating the efficacy of ML
and DL approaches in the identification and diagnosis of
COVID-19, our analysis revealed that the accuracy of ML
methods ranged from 83% to 99.5%, while DL algorithms
exhibited accuracy rates within the range of 91% to 99.6%.

Studies that used all kinds of numerical variables as features,
such as signs and symptoms, selected ML methods, while studies
that used features such as sounds and images as recognition
features, selected DL methods due to their high efficiency.

By calculating the approximate average accuracy of AI-based
models in the detection and diagnosis of COVID-19, we
concluded that ML algorithms used in mining
COVID-19–related data achieved good results. In addition, in
analyzing sound data, radiology, or their combination, DL
methods achieved high accuracy; in many cases, this accuracy
was reported to be >95%. As shown by the accuracy rates
presented above, the findings demonstrate the acceptable results
of AI methods. In addition, studies using apps to visualize RNA
and DNA analysis tests detected cases of COVID-19 in a shorter
time due to their sensitivity.

Discussion

Principal Findings
In this study, after reviewing all the research conducted on
mobile apps for the diagnosis of COVID-19, several research
questions that may have arisen for researchers and health care
app development companies were answered. This section
provides an answer to the remaining AQ by analyzing and
evaluating the data entrance, technological method, and
performance metrics of the methodologies outlined in the main
tables.

To address AQ5, we recommend using mobile apps for
gathering data from PoCs obtained from individuals, monitoring
devices, or clinical data generators. In modern techniques, edge
layer devices are used in the health care devices layer. Therefore,
it is strongly advised to incorporate higher-level technologies,
such as fog and cloud spaces, for computing processes or
computational units in distributed data clusters. Figure 6
illustrates a model of this mobile app for diagnosis.
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Figure 6. Suggested model for mobile applications for gathering data from smartphones.

In the case of mobile apps that are used as data transmitters at
the perception level, we suggest using 5th-generation (5G)
instead of 4th-generation (4G) technology in centers and
geographical areas that have access to this technology to transfer
structured and unstructured data to a higher layer. Using this

technology, and transferring health care data to the fog and
cloud spaces, distributes computing and data processing. The
model in Figure 7 is proposed for mobile apps with the purpose
of data collection from sensors, biosensors, and monitoring
equipment.
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Figure 7. Suggested model for mobile applications for transmitting data from health sensors, biosensors, and monitoring devices. 5G: 5th generation.

We compared the 42 studies in terms of the requirements for
AI methods. In using AI algorithms, the volume of the data set,
overfitting prevention methods, and method lightness (for use
in mobile phones) are the parameters for analyzing the quality
of studies incorporating AI methodology in mobile phones.
Since the included studies did not mention these cases, future
studies should adopt methods to prevent overfitting when using
ML methods. In ML algorithms, it is advised to use 3 methods:
early stopping, dropout, and cross-validation. In addition to the
mentioned methods, data augmentation techniques should be
used in DL methods so that the resulting model is free of any
overfitting.

Studies using DL algorithms in smartphones should carefully
consider the following points:

• Data preprocessing plays a vital role in model convergence
and speed [54]. It is recommended that future studies use
data preprocessing techniques, especially for images.

• Model parameters must be optimized to develop a robust
and valid model. Future research should adopt the concept
of transfer learning and pretrained networks, and these
networks should be customized to the investigation.

• Mobile phones have a limited processing unit. As a result,
it is suggested that the models be designed using
cutting-edge techniques. It is preferred to use lightweight
pretrained CNN networks, such as MobileNet,

MobileNetV2, and Efficient, to obtain lightweight models
that efficiently run on smartphones.

• In studies using mobile phones for data collection and
visualization, we recommend using cloud storage and 5G
technologies that significantly contribute to the
comprehensiveness of the data and image visualization.

Conclusion
Mobile technology, including various apps, can help with
COVID-19 diagnosis and detection and play a vital role in
controlling COVID-19 outbreak. Contact tracing can prevent
additional contacts during an epidemic or pandemic outbreak
of any disease. Thus, on the front lines of outbreak control,
healthy people can be separated from people with infection and
be alerted through their mobile phones. In the second step,
mobile app technology, biosensors (for rapid diagnosis), and
AI methods (for diagnosis in the early and acute stages of the
disease) can reduce high mortality rates and minimize the
consumption of hospital resources. In the third step, mobile
technology as a powerful tool can help clinicians form
repositories of clinical data and signs and symptoms and collect
data from individual smartphones to create such repositories
and big data. This can shed more light on COVID-19, its
symptoms, the prognosis, and treatment outcomes. In this and
future pandemics, smartphones and their apps can be an integral
part of controlling the disease and improving patients’ survival.

Acknowledgments
We thank the anonymous reviewers.

JMIR Mhealth Uhealth 2024 | vol. 12 | e44406 | p. 13https://mhealth.jmir.org/2024/1/e44406
(page number not for citation purposes)

Gheisari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Authors' Contributions
M Ghaderzadeh was responsible for the search methodology, search strategy, and database search; M Gheisari and CFC, data
visualization and data gathering; TT, AAA, and HS, data gathering and data organization; HS and M Ghaderzadeh, main table
preparation, writing, and review; and MGZ, writing (review and editing), investigation, and supervision.

Conflicts of Interest
None declared.

Multimedia Appendix 1
PRISMA Checklist.
[DOCX File , 36 KB-Multimedia Appendix 1]

References

1. Sun J, He W, Wang L, Lai A, Ji X, Zhai X, et al. COVID-19: epidemiology, evolution, and cross-disciplinary perspectives.
Trends Mol Med. May 2020;26(5):483-495. [FREE Full text] [doi: 10.1016/j.molmed.2020.02.008] [Medline: 32359479]

2. Baud D, Qi X, Nielsen-Saines K, Musso D, Pomar L, Favre G. Real estimates of mortality following COVID-19 infection.
Lancet Infect Diseases. Jul 2020;20(7):773. [doi: 10.1016/s1473-3099(20)30195-x]

3. Tahamtan A, Ardebili A. Real-time RT-PCR in COVID-19 detection: issues affecting the results. Expert Rev Mol Diagn.
May 22, 2020;20(5):453-454. [FREE Full text] [doi: 10.1080/14737159.2020.1757437] [Medline: 32297805]

4. Ghaderzadeh M, Asadi F. Deep learning in the detection and diagnosis of COVID-19 using radiology modalities: a systematic
review. J Healthc Eng. 2021;2021:6677314. [FREE Full text] [doi: 10.1155/2021/6677314] [Medline: 33747419]

5. Ghaderzadeh M, Aria M, Asadi F. X-ray equipped with artificial intelligence: changing the COVID-19 diagnostic paradigm
during the pandemic. Biomed Res Int. 2021;2021:9942873. [FREE Full text] [doi: 10.1155/2021/9942873] [Medline:
34458373]

6. Kumar A, Gupta PK, Srivastava A. A review of modern technologies for tackling COVID-19 pandemic. Diabetes Metab
Syndr. Jul 2020;14(4):569-573. [FREE Full text] [doi: 10.1016/j.dsx.2020.05.008] [Medline: 32413821]

7. Ghaderzadeh M, Eshraghi M, Asadi F, Hosseini A, Jafari R, Bashash D, et al. Efficient framework for detection of COVID-19
omicron and delta variants based on two intelligent phases of CNN models. Comput Math Methods Med. 2022;2022:4838009.
[FREE Full text] [doi: 10.1155/2022/4838009] [Medline: 35495884]

8. Alanzi TA. A review of mobile applications available in the app and Google Play stores used during the COVID-19 outbreak.
J Multidiscip Healthc. Jan 2021;14:45-57. [doi: 10.2147/jmdh.s285014]

9. Asadzadeh A, Kalankesh L. A scope of mobile health solutions in COVID-19 pandemics. Inform Med Unlocked.
2021;23:100558. [FREE Full text] [doi: 10.1016/j.imu.2021.100558] [Medline: 33842688]

10. Aslani N, Lazem M, Mahdavi S, Garavand A. A review of mobile health applications in epidemic and pandemic outbreaks:
lessons learned for COVID-19. Arch Clin Infect Dis. Jun 02, 2020;15(4):1-7. [FREE Full text] [doi: 10.5812/archcid.103649]

11. Kondylakis H, Katehakis DG, Kouroubali A, Logothetidis F, Triantafyllidis A, Kalamaras I, et al. COVID-19 mobile apps:
a systematic review of the literature. J Med Internet Res. Dec 09, 2020;22(12):e23170. [FREE Full text] [doi: 10.2196/23170]
[Medline: 33197234]

12. Almalki M, Giannicchi A. Health apps for combating COVID-19: descriptive review and taxonomy. JMIR Mhealth Uhealth.
Mar 02, 2021;9(3):e24322. [FREE Full text] [doi: 10.2196/24322] [Medline: 33626017]

13. Rasekh Eslami Z, Zohoor S. Second language (L2) pragmatics and computer assisted language learning (CALL). Technol
Assist Lang Educ. 2023;1(2):1-17.

14. Kiaghadi M, Hoseinpour P. University admission process: a prescriptive analytics approach. Artif Intell Rev. Aug 19,
2022;56(1):233-256. [doi: 10.1007/s10462-022-10171-y]

15. Borji A, Seifi A, Hejazi TH. An efficient method for detection of Alzheimer’s disease using high-dimensional PET scan
images. Intell Decis Technol. 2023;17:729-749. [doi: 10.3233/IDT-22031]

16. Karimzadeh M, Vakanski A, Xian M, Zhang B. Post-Hoc Explainability of BI-RADS Descriptors in a Multi-Task Framework
for Breast Cancer Detection and Segmentation. 2023. Presented at: 2023 IEEE 33rd Int Work Mach Learn Signal Process
IEEE;1-6. URL: https://ieeexplore.ieee.org/document/10286006 [doi: 10.1109/MLSP55844.2023.10286006]

17. Mousavi A, Arefanjazi H, Sadeghi M, Ghahfarokhi AM, Beheshtinejad F, Masouleh M. Comparison of Feature Extraction
with PCA and LTP Methods and Investigating the Effect of Dimensionality Reduction in the Bat Algorithm for Face
Recognition. Int J Robot Control Syst. 2023;3:501-509. [doi: 10.31763/ijrcs.v3i3.1057]

18. Bindra J, Ahlawat S, Javed M. Modified COVID-19 Indian and international dataset for automatic prediction of risk in an
individual using machine learning models using a mobile APP. IJIEI. 2021;9(2):142-749. [doi: 10.1504/IJIEI.2021.117057]

19. Sharma A, Baldi A, Kumar Sharma D. Int J Clin Pract. Jun 2021;75(6):e14134. [FREE Full text] [doi: 10.1111/ijcp.14134]
[Medline: 33683774]

20. Nema BM, Makki Mohialden Y, Mahmood Hussien N, Ali Hussein N. COVID-19 knowledge-based system for diagnosis
in Iraq using IoT environment. IJEECS. Jan 01, 2021;21(1):328. [FREE Full text] [doi: 10.11591/ijeecs.v21.i1.pp328-337]

JMIR Mhealth Uhealth 2024 | vol. 12 | e44406 | p. 14https://mhealth.jmir.org/2024/1/e44406
(page number not for citation purposes)

Gheisari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mhealth_v12i1e44406_app1.docx&filename=8bd887938d8032a406754b874cb58822.docx
https://jmir.org/api/download?alt_name=mhealth_v12i1e44406_app1.docx&filename=8bd887938d8032a406754b874cb58822.docx
https://europepmc.org/abstract/MED/32359479
http://dx.doi.org/10.1016/j.molmed.2020.02.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32359479&dopt=Abstract
http://dx.doi.org/10.1016/s1473-3099(20)30195-x
https://europepmc.org/abstract/MED/32297805
http://dx.doi.org/10.1080/14737159.2020.1757437
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32297805&dopt=Abstract
https://doi.org/10.1155/2021/6677314
http://dx.doi.org/10.1155/2021/6677314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33747419&dopt=Abstract
https://doi.org/10.1155/2021/9942873
http://dx.doi.org/10.1155/2021/9942873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34458373&dopt=Abstract
https://europepmc.org/abstract/MED/32413821
http://dx.doi.org/10.1016/j.dsx.2020.05.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32413821&dopt=Abstract
https://doi.org/10.1155/2022/4838009
http://dx.doi.org/10.1155/2022/4838009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35495884&dopt=Abstract
http://dx.doi.org/10.2147/jmdh.s285014
https://linkinghub.elsevier.com/retrieve/pii/S2352-9148(21)00048-4
http://dx.doi.org/10.1016/j.imu.2021.100558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33842688&dopt=Abstract
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85097487315&doi=10.5812%2Farchcid.103649&partnerID=40&md5=93fab51332794d81f9bfd02e93ff0837
http://dx.doi.org/10.5812/archcid.103649
https://www.jmir.org/2020/12/e23170/
http://dx.doi.org/10.2196/23170
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33197234&dopt=Abstract
https://mhealth.jmir.org/2021/3/e24322/
http://dx.doi.org/10.2196/24322
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33626017&dopt=Abstract
http://dx.doi.org/10.1007/s10462-022-10171-y
http://dx.doi.org/10.3233/IDT-22031
https://ieeexplore.ieee.org/document/10286006
http://dx.doi.org/10.1109/MLSP55844.2023.10286006
http://dx.doi.org/10.31763/ijrcs.v3i3.1057
http://dx.doi.org/10.1504/IJIEI.2021.117057
https://europepmc.org/abstract/MED/33683774
http://dx.doi.org/10.1111/ijcp.14134
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33683774&dopt=Abstract
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85092639819&doi=10.11591%2Fijeecs.v21.i1.pp328-337&partnerID=40&md5=73f8361267735c012931a37667d24a5d
http://dx.doi.org/10.11591/ijeecs.v21.i1.pp328-337
http://www.w3.org/Style/XSL
http://www.renderx.com/


21. Quer G, Radin J, Gadaleta M, Baca-Motes K, Ariniello L, Ramos E, et al. Wearable sensor data and self-reported symptoms
for COVID-19 detection. Nat Med. Jan 2021;27(1):73-77. [FREE Full text] [doi: 10.1038/s41591-020-1123-x] [Medline:
33122860]

22. Elagan S, Abdelwahab S, Zanaty E, Alkinani M, Alotaibi H, Zanaty M. Remote diagnostic and detection of coronavirus
disease (COVID-19) system based on intelligent healthcare and internet of things. Results Phys. Mar 2021;22:103910.
[FREE Full text] [doi: 10.1016/j.rinp.2021.103910] [Medline: 33614401]

23. Imran A, Posokhova I, Qureshi HN, Masood U, Riaz MS, Ali K, et al. AI4COVID-19: AI enabled preliminary diagnosis
for COVID-19 from cough samples via an app. Inform Med Unlocked. 2020;20:100378. [FREE Full text] [doi:
10.1016/j.imu.2020.100378] [Medline: 32839734]

24. Mukhtar H, Rubaiee S, Krichen M, Alroobaea R. An IoT framework for screening of COVID-19 using real-time data from
wearable sensors. Int J Environ Res Public Health. Apr 12, 2021;18(8):4022. [FREE Full text] [doi: 10.3390/ijerph18084022]
[Medline: 33921223]

25. Koshti D, Kamoji S, Cheruthuruthy K, Shahi S, Mishra M. A detection, tracking and alerting system for COVID-19 using
geo-fencing and machine learning. 2021. Presented at: ICICCS 2021: 5th International Conference on Intelligent Computing
and Control Systems; May 6-8, 2021;1499-1506; Madurai, India. URL: http://tinyurl.com/mrcbep2m [doi:
10.1109/iciccs51141.2021.9432254]

26. Ertuğrul DC, Ulusoy DC. A knowledge-based self-pre-diagnosis system to predict COVID-19 in smartphone users using
personal data and observed symptoms. Expert Syst. Mar 21, 2022;39(3):e12716. [FREE Full text] [doi: 10.1111/exsy.12716]
[Medline: 34177034]

27. Maghded HS, Ghafoor KZ, Sadiq AS, Curran K, Rawat DB, Rabie K. A novel AI-enabled framework to diagnose coronavirus
COVID-19 using smartphone embedded sensors: design study. 2020. Presented at: IRI2020: IEEE 21st International
Conference on Information Reuse and Integration for Data Science; August 11-13, 2020;180-187; Las Vegas, NV. [doi:
10.1109/iri49571.2020.00033]

28. Rangarajan A, Ramachandran H. A preliminary analysis of AI based smartphone application for diagnosis of COVID-19
using chest X-ray images. Expert Syst Appl. Nov 30, 2021;183:115401. [FREE Full text] [doi: 10.1016/j.eswa.2021.115401]
[Medline: 34149202]

29. Gökcen A, Karadag B, Riva C, Boyaci A. Artificial intelligence-based COVID-19 detection using cough records. Electrica.
May 29, 2021;21(2):203-208. [FREE Full text] [doi: 10.5152/electrica.2021.21005]

30. Mao K, Zhang H, Yang Z. An integrated biosensor system with mobile health and wastewater-based epidemiology (iBMW)
for COVID-19 pandemic. Biosens Bioelectron. Dec 01, 2020;169:112617. [FREE Full text] [doi: 10.1016/j.bios.2020.112617]
[Medline: 32998066]

31. Stasak B, Huang Z, Razavi S, Joachim D, Epps J. Automatic detection of COVID-19 based on short-duration acoustic
smartphone speech analysis. J Healthc Inform Res. Mar 11, 2021;5(2):201-217. [FREE Full text] [doi:
10.1007/s41666-020-00090-4] [Medline: 33723525]

32. Alkhodari M, Khandoker A. Detection of COVID-19 in smartphone-based breathing recordings: a pre-screening deep
learning tool. PLoS One. 2022;17(1):e0262448. [FREE Full text] [doi: 10.1371/journal.pone.0262448] [Medline: 35025945]

33. Al-zubidi A, AL-Bakri NF, Hasoun RK, Hashim SH, Th.Salim Alrikabi H. Mobile application to detect COVID-19 pandemic
by using classification techniques: proposed system. Int J Interact Mob Technol. Aug 23, 2021;15(16):34. [doi:
10.3991/ijim.v15i16.24195]

34. Abdulrazaq Alshekhly MN, Zuhriyah H, Al-Zubaidi SS, Karim SA. Novel COVID-19 detection and diagnosis system using
IoT based smart helmet. Int J Psychosoc Rehabil. Mar 2020;24(7):2296-2303. [doi: 10.37200/IJPR/V24I7/PR270221]

35. Berquedich M, Berquedich A, Kamach O, Masmoudi M, Chebbak A, Deshayes L. Developing a mobile COVID-19 prototype
management application integrated with an electronic health record for effective management in hospitals. IEEE Eng Manag
Rev. Dec 1, 2020;48(4):55-64. [FREE Full text] [doi: 10.1109/emr.2020.3032943]

36. Karataş E, Adali B, Aydin, DalkiliÇ G. Mobile application that detects COVID-19 from cough and image using smartphone
recordings and machine learning. 2021. Presented at: ASYU2021: Innovations in Intelligent Systems and Applications
Conference; October 6-8, 2021;1-6; Turkey. [doi: 10.1109/asyu52992.2021.9598961]

37. Awasthi N, Dayal A, Cenkeramaddi LR, Yalavarthy PK. Mini-COVIDNet: efficient lightweight deep neural network for
ultrasound based point-of-care detection of COVID-19. IEEE Trans Ultrason Ferroelect Freq Contr. Jun
2021;68(6):2023-2037. [doi: 10.1109/tuffc.2021.3068190]

38. Tawfik M, Nimbhore S, Al-Zidi N, Ahmed Z, Almadani A. Multi-features extraction for automating COVID-19 detection
from cough sound using deep neural networks. 2022. Presented at: ICSSIT2022: 4th International Conference on Smart
Systems and Inventive Technology; January 20-22, 2022;944-950; Tirunelveli, India. [doi: 10.1109/icssit53264.2022.9716529]

39. Krisnanik E, Imawangi N, Irmanda H. SIMTEKDIN of COVID-19 using forward chaining based on android mobile. 2021.
Presented at: ICIMCIS2021: 3rd International Conference on Informatics, Multimedia, Cyber and Information System;
October 28-29, 2021;207-212; Jakarta, Indonesia. [doi: 10.1109/icimcis53775.2021.9699351]

40. Ponomarchuk A, Burenko I, Malkin E, Nazarov I, Kokh V, Avetisian M, et al. Project Achoo: a practical model and
application for COVID-19 detection from recordings of breath, voice, and cough. IEEE J Sel Top Signal Process. Feb
2022;16(2):175-187. [FREE Full text] [doi: 10.1109/jstsp.2022.3142514]

JMIR Mhealth Uhealth 2024 | vol. 12 | e44406 | p. 15https://mhealth.jmir.org/2024/1/e44406
(page number not for citation purposes)

Gheisari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.scopus.com/inward/record.uri?eid=2-s2.0-85094631632&doi=10.1038%2Fs41591-020-1123-x&partnerID=40&md5=aa36650397ec397bca396b6ac67079ba
http://dx.doi.org/10.1038/s41591-020-1123-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33122860&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2211-3797(21)00088-7
http://dx.doi.org/10.1016/j.rinp.2021.103910
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33614401&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-9148(20)30302-6
http://dx.doi.org/10.1016/j.imu.2020.100378
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32839734&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18084022
http://dx.doi.org/10.3390/ijerph18084022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33921223&dopt=Abstract
http://tinyurl.com/mrcbep2m
http://dx.doi.org/10.1109/iciccs51141.2021.9432254
https://europepmc.org/abstract/MED/34177034
http://dx.doi.org/10.1111/exsy.12716
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34177034&dopt=Abstract
http://dx.doi.org/10.1109/iri49571.2020.00033
https://europepmc.org/abstract/MED/34149202
http://dx.doi.org/10.1016/j.eswa.2021.115401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34149202&dopt=Abstract
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85108873244&doi=10.5152%2Felectrica.2021.21005&partnerID=40&md5=cb3019345e8de0dd5591d41db17b0ed1
http://dx.doi.org/10.5152/electrica.2021.21005
https://europepmc.org/abstract/MED/32998066
http://dx.doi.org/10.1016/j.bios.2020.112617
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32998066&dopt=Abstract
https://europepmc.org/abstract/MED/33723525
http://dx.doi.org/10.1007/s41666-020-00090-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33723525&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0262448
http://dx.doi.org/10.1371/journal.pone.0262448
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35025945&dopt=Abstract
http://dx.doi.org/10.3991/ijim.v15i16.24195
http://dx.doi.org/10.37200/IJPR/V24I7/PR270221
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85101043173&doi=10.1109%2FEMR.2020.3032943&partnerID=40&md5=a170be47b78201f9f354d58b444f457c
http://dx.doi.org/10.1109/emr.2020.3032943
http://dx.doi.org/10.1109/asyu52992.2021.9598961
http://dx.doi.org/10.1109/tuffc.2021.3068190
http://dx.doi.org/10.1109/icssit53264.2022.9716529
http://dx.doi.org/10.1109/icimcis53775.2021.9699351
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85123382410&doi=10.1109%2FJSTSP.2022.3142514&partnerID=40&md5=3aa5e28f00f620c028b601d7801da70b
http://dx.doi.org/10.1109/jstsp.2022.3142514
http://www.w3.org/Style/XSL
http://www.renderx.com/


41. Shreyas S, Rao J. Diagnostic decision support for medical imaging and COVID-19 image classification on ARM Mali
GPU. 2021. Presented at: 2021 IEEE Globecom Workshops (GC Wkshps); December 7-11, 2021; Madrid, Spain. URL:
http://tinyurl.com/22suu52e [doi: 10.1109/gcwkshps52748.2021.9682104]

42. Mohsin J, Saleh F, Ali AA. Real-time surveillance system to detect and analyzers the suspects of COVID-19 patients by
using IoT under edge computing techniques (RS-SYS). 2020. Presented at: NICST2020: 2nd Al-Noor International
Conference for Science and Technology; August 28-30, 2020;68; Baku, Azerbaijan. URL: http://tinyurl.com/2zuuxj6v
[doi: 10.1109/nicst50904.2020.9280305]

43. Sanjeev S, Balne C, Reddy T, Reddy G. Deep learning-based mixed data approach for COVID-19 detection. 2021. Presented
at: INDICON2021: IEEE 18th India Council International Conference; December 19-21, 2021; Guwahati, India. URL:
http://tinyurl.com/27cks7pt [doi: 10.35940/ijitee.a5063.129219]

44. Bushra K, Ahamed M, Ahmad M. Automated detection of COVID-19 from X-ray images using CNN and Android mobile.
Res Biomed Eng. Aug 12, 2021;37(3):545-552. [FREE Full text] [doi: 10.1007/s42600-021-00163-2]

45. Verde L, De Pietro G, Sannino G. Artificial intelligence techniques for the non-invasive detection of COVID-19 through
the analysis of voice signals. Arab J Sci Eng. Oct 08, 2021;48(8):1-11. [FREE Full text] [doi: 10.1007/s13369-021-06041-4]
[Medline: 34642613]

46. Stanciu S, Gurzun M, Iancu D, Gheorghita V, Lupascu C, Gugulea G, et al. Innovative solution for SARS-COV2 epidemic
management. Rom J Mil Med. Aug 01, 2021;124(3):334-338. [doi: 10.55453/rjmm.2021.124.3.10]

47. Han C, Li Q, Ji H, Xing W, Zhang L, Zhang L. Aptamers: the powerful molecular tools for virus detection. Chem Asian
J. Jun 01, 2021;16(11):1298-1306. [doi: 10.1002/asia.202100242] [Medline: 33851522]

48. Fozouni P, Son S, Díaz de León Derby M, Knott GJ, Gray CN, D'Ambrosio MV, et al. Amplification-free detection of
SARS-CoV-2 with CRISPR-Cas13a and mobile phone microscopy. Cell. Jan 21, 2021;184(2):323-333.e9. [FREE Full
text] [doi: 10.1016/j.cell.2020.12.001] [Medline: 33306959]

49. Coppock H, Jones L, Kiskin I, Schuller B. COVID-19 detection from audio: seven grains of salt. Lancet Digital Health.
Sep 2021;3(9):e537-e538. [FREE Full text] [doi: 10.1016/s2589-7500(21)00141-2]

50. Wong C, Ho D, Tam A, Zhou M, Lau Y, Tang M, et al. Artificial intelligence mobile health platform for early detection
of COVID-19 in quarantine subjects using a wearable biosensor: protocol for a randomised controlled trial. BMJ Open. Jul
22, 2020;10(7):e038555. [FREE Full text] [doi: 10.1136/bmjopen-2020-038555] [Medline: 32699167]

51. Hijazi H, Abu Talib M, Hasasneh A, Bou Nassif A, Ahmed N, Nasir Q. Wearable devices, smartphones, and interpretable
artificial intelligence in combating COVID-19. Sensors (Basel). Dec 17, 2021;21(24):8424. [FREE Full text] [doi:
10.3390/s21248424] [Medline: 34960517]

52. Echeverría P, Puig J, Ruiz J, Herms J, Sarquella M, Clotet B, et al. Remote health monitoring in the workplace for early
detection of COVID-19 cases during the COVID-19 pandemic using a mobile health application. Int J Environ Res Public
Health. Dec 24, 2021;19(1):167. [FREE Full text] [doi: 10.3390/ijerph19010167] [Medline: 35010426]

53. Verma A, Amin S, Naeem M, Saha M. Detecting COVID-19 from chest computed tomography scans using AI-driven
android application. Comput Biol Med. Apr 2022;143:105298. [FREE Full text] [doi: 10.1016/j.compbiomed.2022.105298]
[Medline: 35220076]

54. Guo J, Chen S, Tian S, Liu K, Ni J, Zhao M, et al. 5G-enabled ultra-sensitive fluorescence sensor for proactive prognosis
of COVID-19. Biosens Bioelectron. Jun 01, 2021;181:113160. [FREE Full text] [doi: 10.1016/j.bios.2021.113160] [Medline:
33740542]

55. Chen Z, Khan S, Abbas M, Nazir S, Ullah K. Enhancing healthcare through detection and prevention of COVID-19 using
internet of things and mobile application. Mob Inf Syst. Nov 16, 2021;2021:1-11. [FREE Full text] [doi:
10.1155/2021/5291685]

56. Wang W, Wang Y, Zhang X, Jia X, Li Y, Dang S. Using WeChat, a Chinese social media app, for early detection of the
COVID-19 outbreak in December 2019: retrospective study. JMIR Mhealth Uhealth. Oct 05, 2020;8(10):e19589. [FREE
Full text] [doi: 10.2196/19589] [Medline: 32931439]

57. Udhaya Sankar SM, Ganesan R, Katiravan J, Ramakrishnan M, Kouser R. Mobile application based speech and voice
analysis for COVID-19 detection using computational audit techniques. IJPCC. Oct 19, 2020;18(5):508-517. [doi:
10.1108/ijpcc-09-2020-0150]

58. Sun F, Ganguli A, Nguyen J, Brisbin R, Shanmugam K, Hirschberg D, et al. Smartphone-based multiplex 30-minute nucleic
acid test of live virus from nasal swab extract. Lab Chip. May 05, 2020;20(9):1621-1627. [FREE Full text] [doi:
10.1039/d0lc00304b] [Medline: 32334422]

59. Ghaderzadeh M, Hosseini A, Asadi F, Abolghasemi H, Bashash D, Roshanpoor A. Automated detection model in
classification of B-lymphoblast cells from normal B-lymphoid precursors in blood smear microscopic images based on the
majority voting technique. Sci Program. Jan 4, 2022;2022:1-8. [doi: 10.1155/2022/4801671]

60. Ghaderzadeh M, Asadi F, Ramezan Ghorbani N, Almasi S, Taami T. Toward artificial intelligence (AI) applications in the
determination of COVID-19 infection severity: considering AI as a disease control strategy in future pandemics. Iran J
Blood Cancer. 2023;15(3):93-111.

61. Fasihfar Z, Rokhsati H, Sadeghsalehi H, Ghaderzadeh M, Gheisari M. AI-driven malaria diagnosis: developing a robust
model for accurate detection and classification of malaria parasites. Iran J Blood Cancer. 2023;15(3):112-124.

JMIR Mhealth Uhealth 2024 | vol. 12 | e44406 | p. 16https://mhealth.jmir.org/2024/1/e44406
(page number not for citation purposes)

Gheisari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://tinyurl.com/22suu52e
http://dx.doi.org/10.1109/gcwkshps52748.2021.9682104
http://tinyurl.com/2zuuxj6v
http://dx.doi.org/10.1109/nicst50904.2020.9280305
http://tinyurl.com/27cks7pt
http://dx.doi.org/10.35940/ijitee.a5063.129219
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85112369285&doi=10.1007%2Fs42600-021-00163-2&partnerID=40&md5=237ba33adb77dad8cd0b5edeb0c540a5
http://dx.doi.org/10.1007/s42600-021-00163-2
https://europepmc.org/abstract/MED/34642613
http://dx.doi.org/10.1007/s13369-021-06041-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34642613&dopt=Abstract
http://dx.doi.org/10.55453/rjmm.2021.124.3.10
http://dx.doi.org/10.1002/asia.202100242
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33851522&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0092-8674(20)31623-8
https://linkinghub.elsevier.com/retrieve/pii/S0092-8674(20)31623-8
http://dx.doi.org/10.1016/j.cell.2020.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33306959&dopt=Abstract
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85113119021&doi=10.1016%2FS2589-7500%2821%2900141-2&partnerID=40&md5=5d151a0f65854578dec820bb3ee3e9a3
http://dx.doi.org/10.1016/s2589-7500(21)00141-2
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=32699167
http://dx.doi.org/10.1136/bmjopen-2020-038555
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32699167&dopt=Abstract
https://www.mdpi.com/resolver?pii=s21248424
http://dx.doi.org/10.3390/s21248424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34960517&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph19010167
http://dx.doi.org/10.3390/ijerph19010167
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35010426&dopt=Abstract
https://europepmc.org/abstract/MED/35220076
http://dx.doi.org/10.1016/j.compbiomed.2022.105298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35220076&dopt=Abstract
https://europepmc.org/abstract/MED/33740542
http://dx.doi.org/10.1016/j.bios.2021.113160
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33740542&dopt=Abstract
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85120534838&doi=10.1155%2F2021%2F5291685&partnerID=40&md5=897bb9861657320c72edcc047ebb819d
http://dx.doi.org/10.1155/2021/5291685
https://mhealth.jmir.org/2020/10/e19589/
https://mhealth.jmir.org/2020/10/e19589/
http://dx.doi.org/10.2196/19589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32931439&dopt=Abstract
http://dx.doi.org/10.1108/ijpcc-09-2020-0150
https://www.scopus.com/inward/record.uri?eid=2-s2.0-85084271869&doi=10.1039%2Fd0lc00304b&partnerID=40&md5=5a70c6c8332bd3d7560acfc231e6372e
http://dx.doi.org/10.1039/d0lc00304b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32334422&dopt=Abstract
http://dx.doi.org/10.1155/2022/4801671
http://www.w3.org/Style/XSL
http://www.renderx.com/


62. Arefanjazi H, Ataei M, Ekramian M, Montazeri A. A robust distributed observer design for Lipschitz nonlinear systems
with time-varying switching topology. J Franklin Inst. 2023;360(14):10728-10744.

Abbreviations
5G: 5th generation
AI: artificial intelligence
API: application programming interface
AQ: analytical question
CNN: convolutional neural network
CT: computed tomography
IoT: internet of things
DL: deep learning
ML: machine learning
PCR: polymerase chain reaction
PoC: point of care
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
SpO2: saturation of peripheral oxygen

Edited by L Buis; submitted 18.11.22; peer-reviewed by S Paydar, N Jiwani, A Hosseini; comments to author 15.12.22; revised version
received 02.01.23; accepted 18.08.23; published 22.02.24

Please cite as:
Gheisari M, Ghaderzadeh M, Li H, Taami T, Fernández-Campusano C, Sadeghsalehi H, Afzaal Abbasi A
Mobile Apps for COVID-19 Detection and Diagnosis for Future Pandemic Control: Multidimensional Systematic Review
JMIR Mhealth Uhealth 2024;12:e44406
URL: https://mhealth.jmir.org/2024/1/e44406
doi: 10.2196/44406
PMID: 38231538

©Mehdi Gheisari, Mustafa Ghaderzadeh, Huxiong Li, Tania Taami, Christian Fernández-Campusano, Hamidreza Sadeghsalehi,
Aaqif Afzaal Abbasi. Originally published in JMIR mHealth and uHealth (https://mhealth.jmir.org), 22.02.2024. This is an
open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR mHealth and uHealth, is properly cited. The complete bibliographic information,
a link to the original publication on https://mhealth.jmir.org/, as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2024 | vol. 12 | e44406 | p. 17https://mhealth.jmir.org/2024/1/e44406
(page number not for citation purposes)

Gheisari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://mhealth.jmir.org/2024/1/e44406
http://dx.doi.org/10.2196/44406
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38231538&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

