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Abstract 

In this study, a novel contact tracing model that leverages smartphone technology to enhance efficiency, reduce costs, and 

extend the duration of contact tracing efforts is developed. This model utilizes smartphones as identification systems, 

collecting data on the proximity of other smartphone users through integrated Bluetooth and GPS technology. The study 

examines the frequency, duration, and proximity of interactions between smartphone devices in a clinical setting, highlighting 

potential implications for infectious disease transmission to pilot the mobile application developed. Contact data from six pairs 

of devices were analyzed, focusing on metrics such as total contacts, total contact time, average contact time, average distance, 

and the percentage of contacts occurring within 1.5 meters. The results showed varying levels of interaction across device 

pairs, with Devices 1 & 3 showing the highest number of contacts (175), and Devices 3 & 4 displaying the longest average 

contact time (20,133,193.01 seconds). Correlation analysis revealed weak and statistically insignificant relationships between 

total contacts and average distance (r = 0.13, p = 0.81), contact time and the percentage of close contacts (r = -0.15, p = 0.78). 

These findings suggest that while there are observable trends in contact patterns, the statistical insignificance highlights the 

need for further investigation to establish stronger associations that could inform infection control practices in healthcare 

settings. 
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1. Background 

The coronavirus disease 2019 (COVID-19) is caused by 

severe acute respiratory syndrome coronavirus 2 

(SARS-CoV-2) [1]. This infectious respiratory disease was 

first detected in Wuhan City, China, in December 2019. It was 

declared a global pandemic by the World Health Organization 

(WHO) on 11 March, 2020 and has infected over two million 
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people worldwide and over 150,000 people have lost their 

lives to this respiratory disease [2]. The first case of 

COVID-19 was reported in Nigeria on 27 February 2020 in an 

Italian man who returned to Ogun state and transferred to a 

hospital in Lagos [3]. By 10 July, 2020, 30,748 cases of 

COVID-19 had been reported across 35 of 36 states in Nigeria 

and the Federal Capital Territory [4]. This was a drastic in-

crease since the index case was reported on 27 February, 2020. 

To better manage the spread, Nigeria’s Federal Government 

declared a lockdown in key affected states including Lagos, 

Ogun, and the Federal Capital Territory. The lockdown was in 

addition to several mitigating actions taken by state govern-

ments such as the ban on social gatherings and dusk-to-dawn 

curfews. Nigeria, the most populous country in Africa, had 

also been impacted by the outbreak, with over 266,000 con-

firmed cases and more than 3,000 deaths as of 19 July 2023 

[5]. 

COVID-19 ravaged the Nigerian economy and disrupted 

the lives of its citizens, and as such intensive efforts were put 

in place by the Federal Government to stem the rise of the 

pandemic. The efforts involved utilizing contact tracing to 

find individuals who might have come in contact with an 

identified symptomatic patient, through information provided 

by the symptomatic individual, which may be biased and 

provide a stemmed contact tracing model which may not 

capture possible infected persons. Different strategies were 

adopted by governments around the world to track and isolate 

COVID-19 patients and their contacts and/ or for lockdown or 

lock-in enforcement. The state of Massachusetts in the United 

States announced the launch of its first contact tracing call 

center to be manned by 1000 virtual assistants [6] while China 

used a mandatory smartphone app ―Health code‖ that lever-

ages a mesh network for infected persons contact tracing and 

notification [7, 8]. Italy, Germany, and Austria [9] adopted 

strategies in which telecommunications providers allowed for 

the sharing of location data with health authorities to check 

whether people stayed at home. The data was aggregated and 

anonymous, mapping concentrations rather than individuals 

to respect Europe’s privacy laws. Singapore used a mobile app 

that uses a Bluetooth-based mesh network to detect people's 

proximity to those who had been exposed to COVID-19 and 

warned them to get tested if they come in close contact with 

the infected [10, 11]. The Nigeria Centre for Disease Control 

(NCDC) has been reported to conduct contact tracing of over 

9000 contacts of confirmed cases to effectively contain the 

spread of COVID-19, in line with the recommended measures 

for pandemic response [12, 13]. These measures included 

antiviral, vaccine, and nonpharmaceutical measures such as 

case isolation, household quarantine, school or workplace 

closure, and travel restrictions among others. Although, the 

nonpharmaceutical measures had been the only practical 

option in the absence of any known antiviral drug, these 

measures require enormous resources considering the expe-

rience of the countries (Italy, United Kingdom, China and the 

United States) despite their advanced health care systems. It 

was certain at that time that the number of confirmed cases 

were under reported in Nigeria and most African countries [2] 

and this was a bad omen for Africa if isolation, containment, 

quarantine, and contact-tracing mechanisms were not 

properly implemented then as the pandemic had exposed the 

weak health care systems in Nigeria. One effective and com-

plementary strategy to mitigate the spread and reduce the 

impact of infectious disease like COVID-19 is to trace the 

primary and secondary contacts of confirmed cases using a 

cost-effective digital contact tracing model. 

Therefore, a more robust contact tracing model that em-

braces technology, minimizes contact tracing cost and max-

imizes contact tracing time is proposed in this study. The 

model uses a smartphone that acts as an identification system, 

gathering information concerning smartphone owner and the 

other smartphone owners within proximity via GPS. This 

solution is built around Bluetooth and GPS technology. The 

diagram in Figure 1 illustrates the proposed method in this 

study. The coronavirus disease (COVID-19) pandemic ad-

versely affected the global economy and the health of the 

people. Its adverse effects are still evolving, with deaths es-

timated to reach over 40 million globally [15]. The funda-

mental reason behind this study is that the digital contact 

tracing model utilizes mobile technology which is a brilliant 

idea since mobile phone ownership has grown rapidly over 

the years. O’Dea
 
affirmed there is an active mobile phone 

subscription of around 140 million against about 200 million 

Nigerians, (about 75%) [16]. This therefore serves as the basis 

for building a novel model that utilizes mobile technology as 

an effective contact-tracing solution. Smartphones could 

generate complex strings of characters and exchange them, 

providing a way to know whether people have been near each 

other without the need for personal information. 

The adoption of digital solutions in Nigeria has been fo-

cused on electronic forms for contact data collection and 

visualization for follow-up [17, 18]. Digital technologies can 

do more than a tool for field data collection or serve as an 

outbreak investigation platform [19]. This contact tracing 

modelling approach is novel and innovative in Nigeria and 

Africa at large as each installation of the app would have a 

single universally unique identifier (UUID) and no personal 

information (Name, Date of birth, Email address) would be 

harvested and the privacy of all the participants will be pro-

tected. The app would also require high-level access to 

Bluetooth information from the device, specifically the de-

vice’s Media Access Control (MAC) address and the MAC 

address of nearby devices (the device in question would be 

forced to broadcast its MAC). Another innovation is that the 

application would provide the participant with a key code in 

order to seed the UUID upon installation. The participants can 

supply a private key/password/biometric so that the UUID can 

be revoked at any time by the participants and the respective 

UUID acts as the public key. This model may require addi-

tional datasets such as location-aware call descriptor records 

with suitably hashed subscriber attributes subject to regula-



Science Journal of Public Health http://www.sciencepg.com/journal/sjph 

 

171 

tory approval. This contact tracing method can also be used in 

monitoring and controlling the spread of other infectious 

diseases such as Tuberculosis (TB), Multi-Drug Resistant TB 

(MDRTB) and Ebola among other infectious diseases. Our 

healthcare system suffered a setback due to the effects of 

COVID-19 and as a result conditions of patients with TB and 

MDRTB were worse and transmission of such infectious 

diseases was high at that period [20-22]. The goal of this study 

is to develop a robust digital contact tracing model application 

and present its use on smartphones to improve testing capacity 

and control the spread of COVID-19 and other infectious 

diseases. The aim was achieved by generating a universally 

unique identifier (UUID) for each of the participants using the 

mobile application developed. The UUID information from 

other participants will then be collected at proximity and 

forwarded to the server (local server developed for a pilot 

study) for system wide-analysis. Due to the fact that by the 

time the App was developed the number of persons testing for 

COVID-19 had decreased drastically, the App was piloted 

among six TB patients attending the DOTS centre at the Ni-

gerian Institute of Medical Research. Hence the app has the 

advantage of being used for other infectious diseases and not 

restricted to Coronavirus 2019 disease. 

 
Figure 1. A schematic of app-based COVID-19 contact tracing [14]. 

2. Methodology 

2.1. Study Setting 

This study was conducted at the Nigerian Institute of 

Medical Research (NIMR). Nigerian Institute of Medical 

Research is the foremost medical research institute in the 

country, an agency of the Federal Ministry of Health and one 

of the designated centres for SARS-COV-2 testing. The in-

stitute is located in Lagos Mainland and easily accessible 

from all parts of the state. This centre tests not less than 400 

(80 participants per day) patients weekly. The modified 

drive-through centre for SARS-COV-2 testing was initially 

proposed to be used for the pilot study since it caters for 

people who reside in Lagos and across the country and as one 

of the key affected states in Nigeria. However, due to the fact 

that by the time the App was developed, the number of indi-

viduals for COVID-19 test had reduced drastically hence the 

App was piloted among patients attending the DOTS centre of 

NIMR. 

2.2. Study Design 

The study adopted a prospective cohort study design that 

employs a digital-based technology. The GPS tracked a 

nearby participant when the mobile app was turned on, the 

participant’s phone used radio waves to figure out which other 

devices were nearby. In this case, it would blast out an opaque 

string of characters called an identifier beacon and other 
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nearby phones would make a time-stamped log of that iden-

tifier. The beacon would change every few minutes to prevent 

location tracking and because it would be a random string of 

characters, the beacon would mean nothing to anyone even if 

they could see it. The result is that, on each phone with the app, 

there would be an anonymous record going back 14 days of 

which other phones have been in close proximity. Each par-

ticipant will be followed up daily for 14 days from the last 

point of exposure. The study linked the contact as well as 

followed them up through the incubation period. 

2.3. Study Population 

This included participant aged 18 years and above attend-

ing DOTS Centre in NIMR and who had previously tested 

positive for Tuberculosis (TB) and on DOTS. 

2.4. Inclusion and Exclusion Criteria 

Participants between 18 years and above who have previ-

ously tested positive for TB and are willing to participate in 

the study. Participants with a smart phone were included in the 

study. Participants without a smartphone were not included in 

the study. 

2.5. Sample Size Determination 

The minimum number of the sample size for the study was 

calculated using a single proportion formula [23]: 

n =
𝑧2𝑝(1−𝑝)

𝑑2
  

where n is the sample size, z is the selected critical value of 

desired confidence level for a two-tailed test and it is equal to 

1.96, p is the estimated prevalence set at 2% [24] and d is the 

desired level of precision given by 5%. The required minimum 

sample size for this study was initially estimated to 50 partici-

pants, who have not been previously tested for SARS-COV-2 

with the assumption that participants would be readily available 

for SARS-COV-2 testing. Though, it has been documented that 

projection of at least three cases can lead to thousands of contacts. 

However, this study used six TB patients attending the DOTS 

centre at the Nigerian Institute of Medical Research for piloting 

the use of the app. The TB patients were used since COVID-19 

pandemic has drastically reduced and people coming for 

SARS-Cov-2 testing were not easily found at the time of con-

cluding the contact tracing mobile app development. 

2.6. Sampling Method 

The selection of the participants was based on systematic 

random sampling method. Participants coming into DOTS 

centre at the Nigerian Institute of Medical Research were 

systematically selected. 

2.7. Study Procedure 

2.7.1. Architecture 

The mobile app solution developed was based on Bluetooth 

and GPS technology to detect participant's proximity to those 

who have been exposed to TB and warn them to get tested if 

they come in close contact via text messages. The app was 

developed following the scenario shown in Figure 2. 

 
Figure 2. Disease spread scenario modelled as a transmission graph. 

The A is the graphical representation of a disease spread scenario across time. Contact points with infected individuals 
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are denoted as exposures. Uninfected individuals may become 

infected at exposure points according to some probability (the 

transmission rate); hence, b does not become infected at n6. 

The B is the transmission graph corresponding to the scenario 

in A, depicting the information that is available to the server 

and each individual's smartphone app. Only one node, n3, is 

associated with a reported diagnosis. The infection risk level 

at the other contact points can be inferred by checking for 

possible transmission paths, n: node and t: time point [25]. 

The proposed contact tracing technique for infectious diseases 

is the first of its kind in Nigeria and Africa to the best of our 

knowledge. 

2.7.2. How the Smartphones use Bluetooth and GPS 

Technology for Contact Tracing 

The smartphone generated complex strings of characters 

and exchange them, providing a way to know those partici-

pants have been near each other without the need for personal 

information (Figure 3). 

 
Figure 3. Utilizing Bluetooth and GPS technology in contact tracing. 

The developed application was tested for one week, 

looking at the different steps of data collection before the 

actual study. Feedbacks and trouble-shooting were utilized 

to help improve and smoothen the process of the pilot 

study. 

2.8. Alpha and Beta Versions of the Novel 

Contact Tracing Mobile Application 

The proposed contact tracing mobile app was designed in 

two different versions to ensure that it reaches its highest 
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potential and is perfect for the purpose it is meant for. The 

Alpha and Beta models determined the right mobile app to use 

at the end of the design. The mobile app was therefore de-

veloped and tested in Alpha and Beta versions before the 

pilot phase. The errors detected in the Alpha version of 

the app were fixed and improved upon to have the Beta 

version.  

 
Figure 4. Final version of the Contact Tracing Mobile Application 

Developed. 

2.9. Data Collection 

A questionnaire was designed to collect social demo-

graphic data and confirm use and acceptability of the app and 

information on contact details was collected via a Bluetooth 

and GPS-based mobile app developed. Data collectors were 

adequately trained for a period of five days on the study in-

strument in order to effectively installed the app and collect 

data from the participants. 

2.10. Data Management and Analysis 

Data obtained from the study were stored on a laptop used 

as a local server or data centre. Only the mobile phone num-

bers of participants served as the identifier needed to run the 

application which were kept confidential and only known to 

the research team and strictly used for the purpose of the study. 

The phone numbers became necessary for follow – up of the 

infective. 

The Haversine formula calculates the distance between two 

points on the surface of a sphere given their longitudes and 

latitudes. 

The Haversine formula is given as: 

d = 2r. arcsin√(𝑠𝑖𝑛2 (
∆𝜑

2
) + cos(𝜑1) . cos(𝜑2). 𝑠𝑖𝑛

2 (
∆λ

2
))  

Where: 

𝜑1 and 𝜑2 are the latitudes of device 1 and device 2 in 

radians. 

∆𝜑 is the difference between the latitudes of device 1 and 

device 2 in radians. 

∆λ is the difference between the longitudes of device 1 and 

device 2 in radians. 

r is the radius of the Earth (mean radius = 6,371 km) 

Python was used to develop the contact tracing mobile ap-

plication and analyses that generated data points, including 

the device ID, latitude, longitude, date, and time for multiple 

devices as shown in the results section were generated using 

the same software. 

3. Ethical Consideration 

Ethical approval was obtained from the Nigerian Institute of 

Medical Research (NIMR) Institutional Review Board (IRB) 

with ethical code IRB/20/093. The prospective participants 

were duly informed of their rights to either participate or not 

and to withdraw at any time. All the participants were required 

to sign a consent form of participation in the research. 

4. Results 

The distance between two locations given the latitude and 

longitude obtained from the app for the two devices in meters 

was calculated using the Haversine formula. 

Table 1. Summary of Device Contacts and Distances for Infectious Disease Safety Considerations. 

Pair Total Contacts Total Contact Time (s) Avg Contact Time (s) Avg Distance (m) % Contacts < 1.5 m 

Device 1 & 2 127 523447454 4121633.50 5170.60 2.36 

Device 1 & 3 175 545934942 3119628.24 5984.75 2.29 

Device 1 & 4 104 451251074 4338952.63 4079.92 0.96 

Device 2 & 3 175 546387533 3122214.47 7317.69 0.57 

Device 2 & 4 80 333785525 4172319.06 4529.87 3.75 

Device 3 & 4 113 2275050810 20133193.01 12489.87 1.77 
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The total number of contacts shown in Table 1 represented 

the frequency of interactions between the devices which also 

showed the frequency of close interactions between the two 

participants involved. High contact frequencies indicated 

increased opportunities for transmission of infectious diseas-

es. 

For instance, the interaction between Device 1 and Device 

3 (175 total contacts) suggested a higher risk of potential 

exposure compared to Device 2 and Device 4 (80 total con-

tacts). This finding could inform guidelines on limiting the 

frequency of close interactions to reduce transmission risks, 

especially in high-contact areas like emergency rooms or TB 

clinics. 

Total Contact Time measures the cumulative duration of all 

contacts in seconds. Extended contact times could heighten 

the risk of disease transmission, as longer interactions might 

facilitate the spread of infectious diseases, especially those 

transmitted via respiratory droplets or surface contact. 

For instance, Device 3 and Device 4 recorded the highest 

total contact time (2,275,050,810 seconds), which might in-

dicate a prolonged exposure period. This could be relevant for 

procedures requiring prolonged patient contact, such as dur-

ing surgeries or intensive care monitoring, where enhanced 

protective measures should be considered. The average con-

tact time also provided details into the typical duration of each 

interaction. Longer average contact times could suggest sce-

narios where participants remain for extended period of time, 

increasing the risk of transmission. 

The average contact time for Device 3 and Device 4 

(20,133,193.01 seconds) was significantly higher than the 

others. This suggests the need for careful monitoring and 

possibly stricter infection control protocols during prolonged 

interactions, such as during procedures that involve close 

patient monitoring or extended care. 

Average Distance indicated the typical distance between 

devices during contacts. Larger distances generally correlate 

with lower transmission risks, while shorter distances (e.g., 

<1.5 m) are associated with higher transmission potential, 

particularly for airborne pathogens. The relatively small av-

erage distance between Device 1 and Device 4 (4,079.92 

meters) suggests a closer interaction compared to Device 3 

and Device 4 (12,489.87 meters). A close proximity could 

necessitate the use of personal protective equipment (PPE) or 

physical barriers to mitigate transmission risks. 

The percentage of contacts within 1.5 meters is a critical 

measure for assessing the risk of transmission, as this distance 

is often considered a threshold for close contact transmission 

of infectious diseases like COVID-19. For Device 2 and De-

vice 4, 3.75% of contacts were within 1.5 meters, which is the 

highest among the pairs. This might indicate a need for stricter 

controls in environments where close interactions were more 

frequent, such as ensuring adequate distancing measures, 

enhancing ventilation, or implementing regular disinfection 

protocols. 

Table 2. Correlation Analysis of Contact Metrics and Proximity Indicators for Infectious Disease Safety. 

 Correlation Coefficient (r) P-value 

Total Contacts vs. Average Distance 0.13 0.81 

Contact Time vs. % Contacts < 1.5 m -0.15 0.78 

 

The correlation analysis revealed a weak positive rela-

tionship between total contacts and average distance, with a 

correlation coefficient (r) of 0.13. This shows that as the 

number of contacts increases, the average distance between 

contacts slightly increases. However, the p-value of 0.81 

indicates that this relationship is not statistically significant, 

meaning the observed correlation could likely be due to 

chance. Similarly, the correlation between contact time and 

the percentage of contacts occurring at distances less than 1.5 

meters was weakly negative, with r-value of -0.15. This in-

dicates that as contact time increases, the percentage of close 

contacts (less than 1.5 meters) tends to decrease slightly. 

However, the p-value of 0.78 suggests that this relationship is 

also not statistically significant, indicating that the data do not 

provide strong evidence of a meaningful association between 

these variables. 

5. Discussion of Findings 

The results obtained through the pilot study of the contact 

tracing mobile application developed provide insights into the 

potential risks of infectious disease transmission based on 

device interactions in clinical settings [26-28]. The high fre-

quency of contacts between certain devices, such as Device 1 

and Device 3 (175 contacts), underscores the increased like-

lihood of transmission opportunities in scenarios where de-

vices or individuals frequently interact. This is particularly 

relevant in high-contact areas like emergency rooms or clinics 

specializing in infectious diseases, where limiting the fre-

quency of close interactions may be necessary to reduce 

transmission risks [29, 30]. 

Moreover, the total contact time is a critical factor in as-
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sessing exposure risks. For instance, the extended contact 

time observed between Device 3 and Device 4 (2,275,050,810 

seconds) indicates prolonged exposure periods that could 

significantly increase the likelihood of disease transmission, 

particularly for pathogens spread via respiratory droplets or 

through direct contact. This finding is particularly important 

for clinical procedures that require prolonged patient interac-

tion, such as surgeries or intensive care, where enhanced 

protective measures, such as the use of personal protective 

equipment (PPE), are essential [31, 32]. 

The average distance between interacting devices further 

informs transmission risk, with shorter distances generally 

correlating with higher transmission potential. The relatively 

small average distance between Device 1 and Device 4 

(4,079.92 meters) suggests closer interactions, which may 

necessitate the implementation of physical barriers or stricter 

PPE usage to mitigate transmission risks. The percentage of 

contacts occurring within 1.5 meters is particularly of concern, 

given the established risk of airborne transmission within this 

range. The finding that 3.75% of interactions between Device 

2 and Device 4 occurred within this proximity stresses the 

need for stringent infection control measures, especially in 

environments where close contact is unavoidable. This could 

include enforcing physical distancing, improving ventilation, 

and regular disinfection of surfaces, particularly in high-risk 

areas. 

6. Conclusion 

A contact tracing mobile application has been developed in 

this study to generate a universally unique identifier (UUID) 

for each of the participants and collect a UUID information 

from other participants via their smartphones. The use of this 

app will help track individuals who are in close contact with 

people who tested positive, for immediate isolation, testing 

and control the spread of infectious diseases. 

The findings through the pilot study conducted using the 

contact tracing mobile application emphasize the im-

portance of monitoring and controlling interactions be-

tween the participants to mitigate the risk of infectious 

disease transmission in clinical and healthcare settings. 

Although the observed correlations between contact met-

rics and proximity indicators were weak and statistically 

insignificant, the data still suggest areas where infection 

control practices could be improved, particularly in 

high-contact and prolonged interaction scenarios. Further 

research with a larger sample size and more comprehensive 

data collection is necessary to strengthen the evidence base 

and refine guidelines for minimizing transmission risks in 

healthcare environments. 

Abbreviations 

COVID-19 Coronavirus Disease 2019 

App Application 

NCDC Nigeria Centre for Disease Control 

UUID Universally Unique Identifier 

MAC Media Access Control 

TB Tuberculosis 

MDRTB Multi-Drug Resistant Tuberculosis 
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