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Abstract

Background: Infectious disease surveillance is difficult in many low- and middle-income countries. Information market
(IM)–based participatory surveillance is a crowdsourcing method that encourages individuals to actively report health symptoms
and observed trends by trading web-based virtual “stocks” with payoffs tied to a future event.

Objective: This study aims to assess the feasibility and acceptability of a tailored IM surveillance system to monitor
population-level COVID-19 outcomes in Accra, Ghana.

Methods: We designed and evaluated a prediction markets IM system from October to December 2021 using a mixed methods
study approach. Health care workers and community volunteers aged ≥18 years living in Accra participated in the pilot trading.
Participants received 10,000 virtual credits to trade on 12 questions on COVID-19–related outcomes. Payoffs were tied to the
cost estimation of new and cumulative cases in the region (Greater Accra) and nationwide (Ghana) at specified future time points.
Questions included the number of new COVID-19 cases, the number of people likely to get the COVID-19 vaccination, and the
total number of COVID-19 cases in Ghana by the end of the year. Phone credits were awarded based on the tally of virtual credits
left and the participant’s percentile ranking. Data collected included age, occupation, and trading frequency. In-depth interviews
explored the reasons and factors associated with participants’ user journey experience, barriers to system use, and willingness to
use IM systems in the future. Trading frequency was assessed using trend analysis, and ordinary least squares regression analysis
was conducted to determine the factors associated with trading at least once.

Results: Of the 105 eligible participants invited, 21 (84%) traded at least once on the platform. Questions estimating the
national-level number of COVID-19 cases received 13 to 19 trades, and obtaining COVID-19–related information mainly from
television and radio was associated with less likelihood of trading (marginal effect: −0.184). Individuals aged <30 years traded
7.5 times more and earned GH ¢134.1 (US $11.7) more in rewards than those aged >30 years (marginal effect: 0.0135).
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Implementing the IM surveillance was feasible; all 21 participants who traded found using IM for COVID-19 surveillance
acceptable. Active trading by friends with communal discussion and a strong onboarding process facilitated participation. The
lack of bidirectional communication on social media and technical difficulties were key barriers.

Conclusions: Using an IM system for disease surveillance is feasible and acceptable in Ghana. This approach shows promise
as a cost-effective source of information on disease trends in low- and middle-income countries where surveillance is
underdeveloped, but further studies are needed to optimize its use.

(JMIR Infodemiology 2024;4:e50125) doi: 10.2196/50125
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Introduction

Background
Emerging infectious diseases pose substantial and persistent
risks to human and animal health globally. Yet, our ability to
monitor these threats is limited, especially in low- and
middle-income countries (LMICs) where many infectious
disease outbreaks initially emerge [1,2]. Traditional, test-based
infectious disease surveillance is expensive and prone to
selection bias and involves significant time lags in contexts with
weak public health infrastructure. Test-based systems relying
solely on recorded case information from individuals seeking
medical care tend to underestimate the true disease burden [3].
Underestimation is likely to be exacerbated in settings common
in LMICs, where access to formal care is limited. More
affordable and reliable methods are required to deliver timely
data on disease patterns and inform the response to outbreaks
in LMICs as either a supplement or stopgap for test-based
methods.

Several low-cost supplementary surveillance approaches have
been deployed in recent years [2,4-7]. Key among these are
participatory syndromic surveillance systems, such as
Influenzanet and Flu Near You. These systems rely on
volunteers to regularly report symptoms using brief web-based
surveys, mobile apps, interactive voice response, and SMS text
messages [8-13]. Participatory disease surveillance systems can,
in theory, collect information from a more representative
population (including those who do not seek formal care) and
can provide near–real-time data on disease trends to enable
rapid health response [14,15]. Challenges in outbreak control
because of delays in timely data capturing during the COVID-19
pandemic demonstrated the need for participatory disease
surveillance systems that can be used in LMIC settings [16,17].
Key challenges documented include low and selective
participation, which introduces bias because of a lack of
population representativeness [18]. Therefore, data from
information market (IM)–based participatory surveillance could
be used to complement traditional participatory disease
surveillance systems, such as Influenzanet, and reduce the
consequential impact of the lack of population representativeness
[11].

Participatory disease surveillance systems that incorporate
features of IMs could be an approach to circumventing some
of these challenges simultaneously. IMs are a crowdsourcing

approach that relies on fundamental insights from economics
to encourage accurate reporting by participants and efficiently
aggregate community beliefs into a single interpretable
“now-cast” or forecast. In the simplest design, participants trade
(buy and sell) shares in a given outcome (eg, whether or not an
event will occur by a specified date), typically in a virtual
marketplace. The supply and demand for shares at a given time
yield a market-clearing price, which is interpretable as an
aggregate index of participants’ perceptions of the likelihood
of the event [19]. With active participation, this index fluctuates
over time, similar to a stock price, increasing and decreasing as
community perceptions evolve. Prediction markets, one form
of IMs, have been widely used in industry and government to
forecast product sales and make predictions regarding
geopolitical events as well as in various other contexts where
reliable data are scarce or difficult to collect [20-22].

IM surveillance uses this mechanism to elicit real-time
information on community participants’ perceptions of disease
trends. In contrast to prediction markets, the objective is not to
forecast disease trends into the future but to efficiently elicit
reliable perceptions from the community in real time. When
designed effectively and with sufficient engagement, IM
surveillance systems may prove more reliable than syndromic
participatory disease surveillance systems by (1) improving
scalability by motivating wide participation, (2) eliminating the
need for participants to be representative of a population, (3)
automatically encouraging more reporting from key
demographic groups or geographic areas, and (4) efficiently
aggregating participant information into indices useful for
decision makers without additional modeling or confounder
adjustment.

IM disease surveillance has not been evaluated in an LMIC
context. Two previous studies describe case studies in
higher-income countries (the United States and Taiwan) [23,24].
These studies suggest that IM surveillance is feasible and
accurate for influenza and dengue fever in these settings
[19,23-25].

Objectives
The objective of this study was to evaluate the approach’s
feasibility for a lower-income context. We deployed an
IM-based surveillance platform to monitor disease trends and
associated socioeconomic indicators in Accra, Ghana, during
the COVID-19 pandemic.
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Methods

Study Design
This pilot study assessed the use of a tailored IM system for
disease surveillance in Ghana. In IMs, participants report by
trading contracts specifying payoffs tied to a future event [26].
Each participant can buy or sell shares in these contracts based
on their expectations. For example, consider a contract that pays
US $100 if candidate X wins an election. If the market price of
an X contract is currently US $53 and the price of a Y contract
(for candidate Y) is currently US $21, we would interpret this
to mean that the market “believes” candidate X has a 53%
chance of winning and candidate Y has a 21% chance of winning
[5]. This approach functions as an information collection and
aggregation mechanism: each participant knows and is
incentivized to use it to make trades. The market for each
contract yields prices that reflect the trader’s expectations of
future events [27].

Study Setting
This pilot study was conducted among residents in Accra City,
Greater Accra Region, Ghana. Accra is Ghana’s capital and the
largest city and was one of the main COVID-19 epicenters in
2021 [28]. As Ghana’s commercial and political capital, Accra
receives visitors from other regions of Ghana and neighboring
countries [29]. There are 16.99 million internet users in Ghana
as of February 2022, of which 99.3% use smartphones [30].

Sample Size
The study included individuals aged ≥18 years who had access
to a personal desktop or computer and self-reported as frequent
internet users (>1 time/wk). Previous studies that used IMs to
forecast infectious diseases recruited 40 to 130 participants but
observed high attrition rates. Considering the potential for a
low participation rate, the study assumed that 105 participants
would be sufficient to achieve the pilot study goals of assessing
the feasibility and acceptability of the approach. Thus, total
enrollment was completed for 50 health workers and 55
community members in Accra.

Recruitment
An eligibility survey was designed based on gender; age;
occupation; device ownership; and digital experience, which
this study defined as proficiency in using modern technological
devices, especially computers. Two types of respondents were
targeted for this study: health workers and volunteer community
members. A total of 5 recruiters were trained on the recruitment
questionnaire, and participants were purposively recruited until
a point of saturation was reached on major issues in the criteria.

Health workers, including medical doctors, nurses, pharmacists,
community health workers, local health officials, and laboratory
technicians, were purposively recruited from clinics and
hospitals in Accra. Community members were purposively
recruited in different localities across Accra. Recruiters
approached potential respondents in their homes and workplaces.
This target included students, teachers, drivers, IT experts, web
developers, and computer system engineers. Eligible health
workers and community volunteers willing to participate were
encouraged to promote the study among their colleagues,
friends, peers, and family members. They could refer interested
individuals for eligibility screening.

Data Collection

Overview
A total of 105 recruits, including 50 health workers and 55
community members, were invited to participate. The study
was pretested among 4 community members and 2 health
workers over 3 weeks; learnings were used to improve the
questions and some platform features. The main pilot was
conducted over 3 months, from October 1 to December 31,
2021. The Prediki platform was used to coordinate trading and
interactions with the participants regarding expectations of
future COVID-19 cases, deaths, and COVID-19 vaccine uptake
in the Greater Accra region and nationwide. The buying and
selling of contracts was tied to the future realizations of the
outcomes based on regional statistics, as reported by the Ghana
Health Service and an independent surveillance system (FluNet).
Prices in these markets were used to track expectations of trends
over time.

Participant Engagement
Between September 15, 2021, and October 1, 2021, all eligible
participants (health care workers and community members)
willing to participate in the study were recruited until the desired
sample size was attained. Recruits completed a web-based
baseline survey collecting sociodemographic characteristics,
including age, occupation, and a major news source (such as
television, radio, and social media). Participants were enrolled
in a research group on WhatsApp Messenger (WhatsApp Inc)
administered by the study team, where instructional videos and
project-related announcements were shared to increase
engagement.

Prediction Market Implementation
Figure 1 shows the step-by-step recruitment process and the
stages of participating in the prediction markets survey.
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Figure 1. Flowchart showing the step-by-step recruitment process and participation cycle in the COVID-19 prediction markets survey in Ghana in
2021.

Preparation
We used the Prediki Prediction Markets 2.0 system (Prediki
Prediction Markets GmbH) to design a COVID-19 prediction
market for Ghana (Figure 2). Participants received individual
invite links to the Prediki platform and 3 instructional videos
on using prediction markets before the prediction markets

opened for trading (Figure 3). One video informed participants
of the need to help the Ghana Health Service monitor outbreaks
and the potential of using prediction markets in crowdsourcing
forecasts on COVID-19 (Multimedia Appendix 1). The other
videos guided participants on how to make trades on the Prediki
platform (Multimedia Appendix 2) and explained the reward
mechanism to be used in the study (Multimedia Appendix 3).

Figure 2. The Prediki prediction markets interface showing the user landing page for the COVID-19 Ghana prediction markets survey.
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Figure 3. How questions opened for trading are depicted on the user interface of the Prediki markets system. Participants can click on each question
to be directed to the trading options.

Trading
The trading on the platform began on October 1, 2021, with 2
sets of question types (Figure 3). Five questions had an end date
of December 31, 2021, and were open for trading from October
1 to December 31, 2021. The second set asked 6 questions,
which were made available periodically for a trading period of
2 weeks each. At the trading onset, each participant received

10,000 virtual credits for each question, with options to buy or
sell the contracts. Each question had 6 prediction options and
useful links to wiki articles and websites to inform trading
choices (Figure 4). Each question had a judgment rule—how
the result was determined—predetermined before trading was
opened. In addition, participants received weekly texts and
reminders to encourage participation.
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Figure 4. A picture example showing some website links to relevant wiki articles and the community discussions that helped inform participants’
trading decisions and choices based on ongoing events.

System Design
Questions on COVID-19 outcomes were judged against numbers
reported in the Ghana Health Service dashboard. Rewards were
assessed at the end of the trading period based on the virtual
credits left for each participant. The total virtual credits at the
end of the trading period were tallied, and rewards were
distributed per percentile placement, that is, those in the highest
10 percentile earned the highest rewards, and the rewards
decreased as placement in the percentile was further from the
top 10 percentile.

Rewards
Participants received rewards in phone credits ranging from GH
¢2.7 to GH ¢134.1 (US $0.23 to US $11.5) worth. Trade results
are compared to the official reports for the period after the
trading period to determine reward distributions (Figure 5).
After buying and selling, participants could post the reasons for
their trade choices in an interactive feature called “market talk.”
This ensured higher participation and allowed participants to
make a case for their trade (prices rose as more participants
made the same trade).
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Figure 5. An example of how trading results are compared to the official reports for the period after the trading period to determine reward distributions.

Data Collection

Overview
Participants completed a self-administered questionnaire before
trading onset. The survey collected data on participant age,
category of participants (health worker or community volunteer),
employment status, and main source of information (radio,
television, social media, other web-based platforms, and word
of mouth), and COVID-19 knowledge. Data on trading
frequencies were also extracted directly from the Prediki system.

A semistructured interview guide was used to explore the
concepts of feasibility, user acceptability and engagement,
changes in their health behaviors, and perceived COVID-19
risks related to the prediction markets used at the study’s exit.
The interviews followed a chronological format, with questions
centered around the participants’experience before, during, and
after participating in the activity. Participation in the in-depth
interviews was open to anyone who had traded on the platform.

Process Evaluation
A total of 3 research team members were simultaneously
interviewed to understand their perspectives on the
implementation process of the IM activity. The interview guide
was tailored to speak to the roles of these individuals. Rather
than focusing on a chronological format—before, during, and
after participation in the activity—the guide focused on stages
in the implementation process: interest in the implementation
process, planning, recruitment, execution, and reflection. The
complete interview guide for this implementation team can be
found in Multimedia Appendix 4. Key insights were added to
an existing memo of the participant interviews.

Statistical Analysis
Descriptive statistics were used to summarize the baseline
characteristics of recruited participants. We also conducted a
trend analysis to assess if there was a day-of-the-week effect
per time of the day (average by day) on trading frequency.
Ordinary least squares regression analysis was conducted to
determine the factors associated with trading at least once. All
statistical analyses were conducted using STATA (StataCorp
LLC) software.

Qualitative data were thematically analyzed. A codebook
developed for these interviews included 3 parent codes: 1 of a
topical nature, 1 focused on the participant experience, and 1
focused on a participant’s journey. The journey parent code had
5 subcodes at the following levels within a participant’s journey:
awareness, consideration, conversion, loyalty, and advocacy
(Table S1 in Multimedia Appendix 4). The codes and transcripts
were added to ATLAS.ti v3.16.1 (ATLAS.ti Scientific Software
Development GmbH) for the coding process. Journey maps are
a human-centered approach to capturing and sharing a person’s
experience of learning about something (awareness), trying a
solution (consideration or convert), and championing a solution
(loyalty or advocacy) [31]. After the initial compilation of
interview results, a high-level summary of each stage in the
participant journey map as well as an ideal platform journey
were shared with a few select participants in a focus group
setting. This web-based process was to complete a “return of
results,” explaining the results of the initial findings of the
qualitative interviews back to the participants and adding any
additional insights to these results to contribute to this iterative
process and study design.
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Measures
The primary outcome was feasibility and participant
acceptability. This was assessed using platform use metrics
(market-specific hit rates) and qualitative interviews after the
study’s conclusion. The secondary outcome was prediction
market acceptability, which was qualitatively explored based
on participants’ opinions and perceptions of the prediction
market system from experience.

Ethical Considerations
The Ghana Health Service Ethics Review Committee reviewed
and the Institutional Review Board at The University of North
Carolina at Chapel Hill approved this study (IRB 21- 3117).
An informed consent form and intake survey were administered
on the web through Qualtrics. Links were sent to all eligible
participants. Participants were rewarded with their payoffs in
the market via virtual credits on the Prediki system. These
credits were converted to phone minutes and credited to

participants’ accounts. Participants were rewarded as each
contract was resolved (determined by how closely the prediction
matched actual outcomes, as reported by the Ghana Health
Service on the target date of the prediction).

Results

User Statistics

Overview
Of the 105 participants enrolled and sent links to trade on the
IM platform (Prediki), 36 (34.3%) completed the baseline
survey. The average age of the participants recruited was 28
(SD 5.2; range 20-45) years. Half of the participants (19/36,
53%) had received at least 1 COVID-19 vaccine shot, 75%
(27/36) were sure they did not have COVID-19 at the time of
the study, and all participants (36/36, 100%) had high
COVID-19 knowledge (Table 1).
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Table 1. Descriptive summary showing the baseline characteristics and COVID-19–related knowledge of participants who completed the baseline
survey in Ghana in 2021 (n=36).

ValuesFactors

29 (5)Age (y), mean (SD)

18 (50)Health workersa, n (%)

Has a doctor or another health care professional diagnosed you with COVID-19?, n (%)

33 (92)No

1 (3)Yes

2 (6)Prefer not to answer

Do you think you have been infected with COVID-19?, n (%)

27 (75)No

7 (19)Unsure

2 (6)Yes

Have you received at least 1 dose of a COVID-19 vaccine?, n (%)

19 (53)Yes

17 (47)No

COVID-19 can spread through mosquitoes, n (%)

4 (11)True

32 (89)False

SARS-CoV-2 can live on certain surfaces for days, n (%)

29 (81)True

5 (14)False

2 (6)Unsure

Antibiotics are effective at preventing COVID-19 infection, n (%)

10 (27.8)True

18 (50.0)False

8 (22.2)Unsure

COVID-19 can spread through droplets coughed out by an infected person, n (%)

36 (100)True

—bFalse

Blisters or sores on the throat are not symptoms of COVID-19, n (%)

10 (28)True

18 (50)False

8 (22)Unsure

Washed hands with soap or used hand sanitizer several times a day, n (%)

36 (100)Yes

0 (0)No

Avoided public spaces, gatherings, or crowds, n (%)

29 (81)Yes

7 (19)No

Avoided contact with people who could be high risk, n (%)

30 (83)Yes

6 (17)No

Canceled or postponed travel for work or pleasure, n (%)
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ValuesFactors

17 (47)Yes

19 (53)No

aHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
bNot applicable.

Traders Versus Nontraders
Most trading and nontrading participants were aged ≥30 years
(13/19, 68% vs 53/86, 62%; P=.80) and health care workers
(11/19, 58% vs 44/86, 51%; P=.59). Most participants who

traded mainly obtained their COVID-19–related information
from web-based platforms and social media (12/19, 63%),
whereas most nontraders mainly obtained their information
from multiple sources (41/86, 48%; Table 2).

Table 2. Differences in characteristics between the recruited participants who traded at least once on the Prediki system during the 3-month active
trading period in 2021.

P valueTraded at least once, n (%)Factors

Yes (n=19)No (n=86)

.58Age (y)

6 (32)33 (38)<30

13 (68)53 (62)≥30

.59Occupation

11 (58)44 (51)Health workera

8 (42)42 (49)Nonhealth workerb

.09Main sources of COVID-19–related information

12 (63)33 (38)Internetc or social media

3 (16)12 (14)Television or radio

4 (21)41 (48)Multiple sourcesd

aHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
bNonhealth workers include students, unemployed persons, market traders, software engineers, bankers, drivers, and computer programmers.
cInternet includes news websites, search engines, blogs, and scientific publications.
dMultiple sources include web-based and offline sources, paper graphics, and word of mouth from others.

IM Uptake
Of the 105 participants invited to trade on the platform, 21
(20%) traded at least once. A total of 321 trades were made by
the 21 participants across 12 questions in the platform. Questions
estimating the number of COVID-19 cases at the regional level
(for the Greater Accra region) received the least number of trade
activities (range 6-13 trades). Comparatively, questions were
used to estimate the national-level number of COVID-19 cases,
and the final bonus question received the highest number of
trades (range 13-19 trades). Multimedia Appendix 5 presents a
detailed summary of trading activities for each question and the
number of rewards paid out per question.

Factors Associated With Trading
Participants who obtained their COVID-19–related information
mainly from television or radio were less likely to participate
(marginal effect: −0.184) than those who obtained information
from social media or internet. However, if they did trade, those
who got information from television or radio made more trades
and earned more rewards. Among those who traded, those aged
<30 years made 7.5 times more trades than those aged >30 years
(marginal effect: 0.0135) and earned GH ¢134.1 (approximately
US $11.7) more in rewards. There was no substantial
relationship between being a health worker and participating in
any trade or among those who traded regarding the number of
questions traded and rewards earned. Table 3 presents the details
of the ordinary least squares regression estimations with robust
SEs.
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Table 3. Ordinary least squares (linear probability model) regression results showing factors associated with COVID-19 prediction markets trading
uptake and frequency among Ghanaian participants in 2021 (n=21).

Rewards, OLSNumber of questions, OLSAny trade made, OLSaVariables

Age (y)

134.17.5480.0135<30

111≥30

Occupation

11.950.918−0.0602Health workerb

111Nonhealth workerc

The main source of COVID-19 information

81.30e3.688−0.0912Multiple sourcesd

85.54e4.671f−0.184eTelevision or radio

111Internetg or social media

aOLS: ordinary least squares.
bHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
cNonhealth workers include students, unemployed persons, market traders, software engineers, bankers, drivers, and computer programmers.
dMultiple sources include web-based and offline sources, paper graphics, and word of mouth from others.
eP<.05.
fP<.10.
gInternet includes news websites, search engines, blogs, and scientific publications.

Qualitative Results
Overall, 10 (48%) of the 21 trading participants were engaged
in our in-depth interview over Zoom (Zoom Video
Communications Inc). Many factors influencing the feasibility
of implementing a viable IM-based disease surveillance program
were identified in this study. Key facilitators identified included
having (1) a strong onboarding process through the WhatsApp
platform, (2) a genuine curiosity and motivation to experiment
with the platform, (3) interactive features within the platform,
(4) peer influence, and (5) rewards. The main barriers identified
included (1) difficulty understanding the trading process and
(2) various IT issues and considerations. We found little
evidence that participants changed their long-term COVID-19
risk mitigating behaviors.

Facilitators

Strong Onboarding Process Through WhatsApp
A project-specific WhatsApp group was an important tool that
immediately created a positive onboarding experience for
participants and facilitated communication between participants
and the research team. Participants could communicate directly
with the designated support project staff if they had any specific
questions. WhatsApp messages served as reminders for
participants to check the digital platform. In addition, the
introductory videos showing how to use the platform, trade,
and earn more rewards were shared on the WhatsApp group,
allowing participants to understand how to operate and navigate
the platform, given that the videos were short and visual.
Participants could also ask for technical support from designated
staff on WhatsApp during the trading process and receive
notifications about new open questions and trading reminders

on the group page. This helped keep participants updated on
questions open for trades and actively engaged in the IM
process:

...The toggle video is the one with the cartoon. It was
very helpful. Because I had my hands on many things,
taking time to read was difficult, so I think the videos
were helpful. You watch it in about 2 minutes and get
the whole idea. [Participant 6]

Curiosity About IMs
All participants had genuine curiosity, interest, and motivation
to participate in this pilot. Of 10 participants, 6 (60%) heard
about the activity from friends and chose to participate because
their friends participated. Half of the participants (5/10, 50%)
interviewed were curious about how IMs worked and wanted
to learn more about the platform. In total, 20% (2/10) of
participants wanted to understand the frequency of how
COVID-19 was evolving in Ghana, and others wanted to share
their ideas to give back to their community and help their
country. Participating health care workers also expressed that
this was a good way to share their voices on this topic as health
professionals.

Furthermore, seeing other participants actively engaged on the
platform motivated participants to continue trading. A total of
20% (2/10) of interviewees and some focus group discussion
participants indicated that their motivation did not mainly stem
from the novelty of platform features or the direct reminder
messages from the administrator but rather from seeing the
activeness of their peers on the platform. Moreover,
understanding one’s genuine interest in this material was a
precursor for their acceptability of the platform when assessing
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their willingness to participate in future IM surveillance in their
daily life. Moreover, participants cited that persons who are
genuinely curious about IMs and want to explore data (perhaps
a student or someone interested in research) are the ideal
participants to consider when deciding whether to share this
platform with a friend:

I just wanted to do something different from what I
used to do, to learn more and to share ideas, and as
a health professional, I was thinking that maybe this
was right for me to put out my voice concerning this
particular new disease that has come either to stay
or will go away in a short while. [Participant 3]

Interactive Features Within the Platform
Besides the trading process, the platform (Prediki) had an
interactive chat feature that participants enjoyed. Many
participants did not see the chat capabilities and initially felt
there needed to be more interaction on the platform. However,
once they discovered this feature, it allowed for an interactive
experience that encouraged sharing knowledge and diverse
opinions. Many participants valued the diversity of thoughts
shared in the community section on the platform and deemed
it a key attractor to this type of trading activity. The competitive
nature of the activity attracted some participants but deterred
others. While some enjoyed the back-and-forth in the comments
section and partly based their predictions on others’ opinions,
others wished the platform was more collaborative and had
participants working together more explicitly. The platform
also had a ranking system that ranked participants based on how
many points they had accrued from their predictions. Many
participants appreciated this feature and saw it as a motivator
to try and improve their predictions to increase their rank:

I found it interesting because, at some point, you will
have conflicting ideas, you’re your colleagues, and
at some point, you will realize that your other
colleague will come in to support your explanation
that you have given to the reason why probably you
chose a particular range...it was a nice way of sharing
knowledge. [Participant 1]

Peer Promotion and Rewards
Some participants (4/10, 40%) heard about the activity through
a friend or had a friend participate. This was a key facilitator in
getting people to sign on to the pilot and for sharing information
in the future. To scale up the platform use, all participants said
they would recommend it to friends and family as those people
would be more trusting and willing to try and iterate how they
would describe the platform to others. Other participants
proposed promoting the platform’s social and fun angle, while
some advocated promoting the educational appeal. All
participants agreed that social media should be explored to
recruit more diverse participants. However, friends and family
would be the starting recruitment point for future platform
iterations.

In addition, rewards were deemed a strong motivator for
participation in prediction markets. Several participants
appreciated the phone credits but mentioned that a monetary
reward would be more valuable than the phone credits. This is

because some participants received phone credits through work;
other participants already had beneficial phone credit bundle
subscriptions. Therefore, cash rewards allowed for more
flexibility in spending on other things they may need besides
phone credit. Moreover, nearly all participants agreed that more
active participants should receive more compensation for their
time and efforts and there should be rewards for the referral of
new participants:

...basically, I was contacted by a friend, my mate in
school, who told me about it, and I did not have to
think twice. I told him I was in, and that is where it
started. [Participant 8]

Barriers

Trading and Technical Difficulties
Although all participants cited a willingness to participate again
if offered, understanding the trading process could have helped
active engagement and enjoyment of the experience. Some
participants needed clarification on the trading process even
after repeatedly watching the tutorial videos. This difficulty
remained across every step of the trading process, from
understanding the terminology of “confirming a trade” to the
concept of “altering an existing trade.” Although the videos
were helpful, 3 (30%) out of the 10 participants interviewed
suggested having a “classroom training” session using Zoom
or another platform to answer participant questions live as they
watched the explanatory videos. Not only would this help
answer any questions that participants may have, but as 1 (10%)
participant pointed out, it would also help increase engagement
in the overall activity. In addition, receiving a successful trade
confirmation notification was recommended by both participants
and research team members to resolve some of the confusion
surrounding trading. Of 10 participants, 5 (50%) also suggested
that providing detailed education and training on trading and
how trading markets work earlier in the onboarding process
would help people overcome these difficulties (Multimedia
Appendix 4).

It was recommended that allowing for a dynamic onboarding
approach where participants may communicate via oral language
versus written in WhatsApp rather than static videos would
provide a more educational experience. In addition, highlighting
some difficulty-related questions in a frequently asked questions
section on the platform for future reference was recommended.
Some participants also mentioned the need for more visuals
(“Maybe some videos, 2 minutes, 1-minute video” [Participant
8] and “colored and boldened so that when you get to the
platform, you know that this is what you are talking about...”
[Participant 7]), short excerpts, or short voice notes with detailed
explanations on trading to offer a broad set of learning options.
The discrepancy between points and the actual monetary value
of the points earned also confused some participants as they
“had no idea what they would earn” and ended up discouraged
when their points gained largely exceeded the financial reward
received. Implementation team members also mentioned that
disseminating the rewards was cumbersome and could be
streamlined in the future.
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Unidirectional Communication
Besides the technical specifications of the onboarding process,
participants noted that it would have been nice if members were
lively and more interactive with each other from the start.
Initially, the WhatsApp platform was only set up for 1-way
communication (ie, from the administrator to the participants
as a group). Although participants could directly message the
administrator for help, many participants would have liked
2-way communication with other participants on WhatsApp.
Many participants also emphasized the need for a more
mobile-friendly platform in the future, as many participants
engaged with the website through their laptops. Only 1 (10%)
participant was technology savvy enough to interact with the
site on their mobile device by keeping a window tab open in
the web browser. However, not everyone would understand
how to do this. Therefore, creating an app would allow for a
smoother participant and referral experience (Multimedia
Appendix 4).

Low Participation
Although 105 participants were recruited, only 21 (20%) traded
on the platform. Of the 10 participants interviewed, 2 (20%)
mentioned that their busy schedules hindered greater
participation. Others may need constant reminders to remember
to trade, as many Ghanaians do not check their email regularly.
Therefore, 3 (30%) of the 10 participants suggested a
“notifications” feature to keep people engaged daily, besides
the WhatsApp reminders for a future iteration of the platform.
More specifically, 1 (10%) of the 10 participants highlighted
the need for notifications sent via a message (such as SMS text
message or push notifications), call, or app notification, instead
of directing people to their email, recognizing the effects of
limited data use, particularly in settings with poor
telecommunication services. The implementation team members
also noted that addressing password recovery as a high-return
but low-effort task would remarkably improve a participant’s
experience with the platform:

It was cool. I was very active from the beginning, but
right after the end, I was not that active because I
was doing my internship and helped my mom take
care of me in school. So, I was working two jobs at
the same time. [Participant 4]

Competition With Other Web-Based Spaces and Pilot
Delays
Although we thought participation rates would have been higher
considering COVID-19’s impact and global acceleration into
the virtual world, this acceleration also increased the competition
for people’s time in other spaces (such as social media and
dating apps). Another implementation team member also
mentioned the long delay between the initial participant
recruitment and onboarding to the platform. Therefore, the
curiosity about IMs and interest in how they work would have
withered when the platform was finally opened for trading. This
may have contributed to lower participation rates. One of the
research team members narrated that “several individuals had
forgotten why the administrator was reaching out to them as a
length of time had passed between being recruited and the actual

launch of the platform.” Although this delay is not unusual when
developing and piloting new systems, the duration between
recruitment and opening of the platform for trading can be
reduced by ensuring that recruitment and training only
commence when the platform is actively ready for use. In
addition, establishing a social media group to keep participants
engaged through demonstrations and bidirectional
communication would have kept participants actively engaged
during such waiting periods.

Discussion

Overview
Traditional infectious disease surveillance is challenging and
prohibitively costly in many LMICs, increasing the importance
of developing new infectious disease surveillance methods.
Participatory disease surveillance offers a cheap and flexible
option but is vulnerable to multiple issues that limit their ability
to inform disease response. Designing participatory disease
surveillance systems using IMs can address many of these
challenges, and IM-based participatory disease surveillance has
been successfully piloted in high-income contexts [19,24]. Our
data suggest that prediction markets were feasible for engaging
local Ghanaian communities in COVID-19 control responses.
We also found that user feedback could be used to improve the
prediction market platform. This study extends the literature by
focusing on an LMIC setting and iteratively developing the
prediction market with end users using participatory methods.

Principal Findings
Our results demonstrate that using IMs for infectious disease
surveillance is feasible in Ghana. This finding is consistent with
a small amount of literature on using IMs to enhance infectious
disease surveillance [19,23-25]. Most prediction markets for
infectious diseases have focused on the United States and other
high-income countries, neglecting resource-limited settings
[23]. This may result from more familiarity with information
or prediction markets in high-income settings or fewer digital
health resources in LMICs. Designing an IM system as an ad
hoc structure to complement disease surveillance or integrating
it into existing health monitoring structures could expand public
health surveillance in resource-limited countries. IMs could
effectively and efficiently capture real-time data to accelerate
policy and planning. Further research is needed to scale up this
approach and assess its effectiveness in tracking disease trends.

The qualitative findings from our study showed how social
innovation approaches could be used to improve prototypes
based on local feedback iteratively. Social innovation is a
community-engaged process that links social change and health
improvement [32]. Our findings corroborate this, which
suggested that prediction market systems could facilitate
community participation in public health monitoring, but the
system design is crucial to increasing community engagement.
Thus, the ability of the target population to use digital tools at
varying levels, the cost of internet services, and internet
coverage must be critically considered when determining the
design and features of a prediction market system for LMICs.
In addition, researchers should consider designing IM systems
as applications that can be supported by multiple mobile phone
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operating software (eg, Androids, iOS, and Windows) and web
browsers to cater to users of varying levels of technology
savviness.

Our data also confirm observations of other studies
demonstrating that IM surveys could effectively enable
community participation in real-time infectious disease
monitoring. IMs provide a formal mechanism to aggregate views
of diverse individuals to generate forecasts that could improve
response to infectious disease emergencies [19,33]. This
approach may allow individuals with low income, ethnic and
racial minority groups, and others to contribute to infectious
disease control efforts. However, our data also highlights the
need for further platform refinement. Many participants found
some aspects of the user interface duplicative and not intuitive,
making navigation difficult. In addition, other methods to
decrease the digital divide and ensure broad access are needed.
For example, an unstructured supplementary service data
interface could allow people to participate without a smartphone.

Low participation could hinder the successful use of IMs for
infectious disease surveillance in LMICs. The participation rate
that we observed (21/105, 20%) is similar to the findings of
another study, which reported that only 20% of their study
participants accounted for 80% of trades made during the season
under review [24]. Despite this, relatively low take-up may be
less consequential for IM-based systems than for more
traditional participatory disease surveillance systems [18].
Therefore, IM surveillance data could complement traditional
participatory disease surveillance and reduce the impact of the
lack of population representativeness. Moreover, there are
multiple ways in which participation can be increased, such as
tweaking platform design, enabling more engagement, and
offering optional notifications and trading updates.

Beyond implementation in an LMIC, our study built on the
existing literature by expanding the sample population to a
broader set of participants (including general community
members in addition to health care professionals) and included
human-centered design thinking principles in the methods to
better capture participant experience. Although this study was
not designed to evaluate the quantitative results of the IM as
they related to existing surveillance methods, which is left for
future studies, our pilot data have implications for research and
policy. From a research perspective, this study shows that IMs
for infectious disease surveillance are feasible in LMIC settings.
On the basis of the feedback from the participant and
implementation team interviews and focus group discussions,
we have compiled the ideal participant journey map for a future
version of an IM-based platform (Figure S1 in Multimedia
Appendix 4). Further research is needed to ensure broader
engagement, especially among people with limited technology

experience. In addition, randomized controlled trials are needed
to assess the effectiveness of prediction markets compared to
conventional case-based surveillance systems. From a policy
perspective, there is a need for technological and regulatory
support to create IMs, and the availability of public data on
reported infectious diseases is necessary.

Limitations
Our study has limitations. First, our sample size is small, and
therefore, the views and experiences of the study participants
are not representative of the general population. However, our
pilot study provides preliminary data and lessons to inform
subsequent research into using predictive markets for infectious
disease surveillance in LMICs. Second, specific characteristics
of the prediction market system may have limited engagement
and limited our ability to use the data to estimate COVID-19
cases. Although the pilot was implemented with a computer
default, several users accessed the platform on their
smartphones. Subsequent studies should consider adopting
smartphone-based designs for user convenience to mitigate this
limitation and encourage community engagement. Subsequent
studies should also consider having social media–based chat
groups where participants can directly interact with each other
to make their experience more enjoyable. Third, IMs are limited
in the context of capturing the syndromic profiles of reporting
individuals. Therefore, IMs should be used to complement data
from traditional surveillance and passive disease surveillance
systems but not as replacements for those systems.

Conclusions
This study contributes to the growing literature around
participatory disease surveillance approaches by demonstrating
the feasibility of tailoring existing systems for use in LMIC
settings, where they are urgently needed. Our findings showed
that using IM surveillance to supplement traditional laboratory
and syndromic monitoring systems is feasible and acceptable
in LMICs. Our qualitative findings also better explained the
barriers and facilitators of implementing an IM-based program.
Moreover, the ideal journey framework we have developed
could inform future implementation designs. However, adequate
education on trading and a more user-friendly technological
interface with offline notification systems are needed to ensure
optimum participation in future IMs. In addition, ensuring a
comprehensive onboarding process with bidirectional
communication and social media promotion platforms is
essential to keep participants continuously engaged and
interested in prediction markets. Future research should
incorporate greater equity in the sample population and explore
variations in geographic diversity to fully understand the
potential of IMs in daily national disease surveillance systems
of other LMICs.

Acknowledgments
This study was financially supported by the European & Developing Countries Clinical Trial Partnership (grant RIA2020EF-2983).
The funding body, European & Developing Countries Clinical Trial Partnership, had no role in the design, methods, subject
recruitment, data collection, analysis, and preparation of the paper. The authors wish to thank the study staff and participants
from the University of Ghana, Cognate Systems, SIHI Ghana, and community residents of Accra, who made this work possible.
The authors would also like to thank Prediki for providing access to their platform and providing guidance on market
implementation. SS is grateful for support from the National Institute of Allergy and Infectious Diseases (award K01AI59233).

JMIR Infodemiology 2024 | vol. 4 | e50125 | p. 14https://infodemiology.jmir.org/2024/1/e50125
(page number not for citation purposes)

Marley et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

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


Authors' Contributions
SS, JDT, PDG, and MM conceived the study concept; SS, KN, KO, WA, and HH designed the system; PN, RR, EC, and EK
collected the data; PN, RR, and EC analyzed the data; GM, SS, JDT, and PDG wrote the manuscript; and MM, JDT, RE, RR,
EK, and HH critically revised the manuscript. All authors contributed to the final draft for submission. The corresponding author
had full access to all the data in the study and took responsibility for the integrity of the data and the accuracy of the data analysis.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Video introduction on COVID-19 prediction markets surveillance to complement efforts of the Ghana Health Service in monitoring
COVID-19 outbreaks during the pandemic.
[MP4 File (MP4 Video), 101652 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Video showing the step-by-step process of trading participation in the COVID-19 prediction markets survey on the Prediki
platform.
[MP4 File (MP4 Video), 12459 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Video showing the trading rewarding process and how rewards are determined in the prediction markets survey.
[MP4 File (MP4 Video), 5221 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Supplementary tables, explanatory texts, participants excerpt quotes, thematic coding tree, and a figure showing the ideal user
journey.
[PDF File (Adobe PDF File), 121 KB-Multimedia Appendix 4]

Multimedia Appendix 5
The questions used in the Prediki prediction markets surveillance for Ghana on the Prediki platform and the frequency of trades
made by participants per question for 3 months in 2021.
[DOCX File , 16 KB-Multimedia Appendix 5]

References

1. Arthur RR, LeDuc JW, Hughes JM. Global surveillance for emerging infectious diseases. In: Guerrant RL, Walker DH,
Weller PF, editors. Tropical Infectious Diseases. 3rd edition. Amsterdam, the Netherlands. Elsevier Inc; Sep 2011:105-109.

2. Aiello AE, Renson A, Zivich PN. Social media- and internet-based disease surveillance for public health. Annu Rev Public
Health. Apr 02, 2020;41:101-118. [FREE Full text] [doi: 10.1146/annurev-publhealth-040119-094402] [Medline: 31905322]

3. Chunara R, Smolinski MS, Brownstein JS. Why we need crowdsourced data in infectious disease surveillance. Curr Infect
Dis Rep. Aug 2013;15(4):316-319. [FREE Full text] [doi: 10.1007/s11908-013-0341-5] [Medline: 23689991]

4. Althouse BM, Ng YY, Cummings DA. Prediction of dengue incidence using search query surveillance. PLoS Negl Trop
Dis. Aug 2011;5(8):e1258. [FREE Full text] [doi: 10.1371/journal.pntd.0001258] [Medline: 21829744]

5. Arrow KJ, Forsythe R, Gorham M, Hahn R, Hanson R, Ledyard JO, et al. Economics. The promise of prediction markets.
Science. May 16, 2008;320(5878):877-878. [doi: 10.1126/science.1157679] [Medline: 18487176]

6. Babakazo P, Kabamba-Tshilobo J, Wemakoy EO, Lubula L, Manya LK, Ilunga BK, et al. Evaluation of the influenza
sentinel surveillance system in the Democratic Republic of Congo, 2012-2015. BMC Public Health. Dec 10, 2019;19(1):1652.
[FREE Full text] [doi: 10.1186/s12889-019-8008-2] [Medline: 31823763]

7. Mtema Z, Changalucha J, Cleaveland S, Elias M, Ferguson HM, Halliday JE, et al. Mobile phones as surveillance tools:
implementing and evaluating a large-scale intersectoral surveillance system for rabies in Tanzania. PLoS Med. Apr 12,
2016;13(4):e1002002. [FREE Full text] [doi: 10.1371/journal.pmed.1002002] [Medline: 27070315]

8. Bayer C, Remschmidt C, an der Heiden M, Tolksdorf K, Herzhoff M, Kaersten S, et al. Internet-based syndromic monitoring
of acute respiratory illness in the general population of Germany, weeks 35/2011 to 34/2012. Euro Surveill. Jan 30,
2014;19(4):20684. [FREE Full text] [doi: 10.2807/1560-7917.es2014.19.4.20684] [Medline: 24507468]

9. Gupta A, Katarya R. Social media based surveillance systems for healthcare using machine learning: a systematic review.
J Biomed Inform. Aug 2020;108:103500. [FREE Full text] [doi: 10.1016/j.jbi.2020.103500] [Medline: 32622833]

JMIR Infodemiology 2024 | vol. 4 | e50125 | p. 15https://infodemiology.jmir.org/2024/1/e50125
(page number not for citation purposes)

Marley et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app1.mp4&filename=0050788314e2ddfc8fe611d222b4753b.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app1.mp4&filename=0050788314e2ddfc8fe611d222b4753b.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app2.mp4&filename=453c375f8032bd2274783f71f9a77b56.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app2.mp4&filename=453c375f8032bd2274783f71f9a77b56.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app3.mp4&filename=d56e33ae2f6bfe1b4c3ab84b86ff973a.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app3.mp4&filename=d56e33ae2f6bfe1b4c3ab84b86ff973a.mp4
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app4.pdf&filename=15b4d33b8c2125d7f68ad23fd9f15155.pdf
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app4.pdf&filename=15b4d33b8c2125d7f68ad23fd9f15155.pdf
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app5.docx&filename=a2dfeee5058f173f918a1c635ab9fc37.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e50125_app5.docx&filename=a2dfeee5058f173f918a1c635ab9fc37.docx
https://www.annualreviews.org/content/journals/10.1146/annurev-publhealth-040119-094402?crawler=true&mimetype=application/pdf
http://dx.doi.org/10.1146/annurev-publhealth-040119-094402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31905322&dopt=Abstract
https://europepmc.org/abstract/MED/23689991
http://dx.doi.org/10.1007/s11908-013-0341-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23689991&dopt=Abstract
https://dx.plos.org/10.1371/journal.pntd.0001258
http://dx.doi.org/10.1371/journal.pntd.0001258
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21829744&dopt=Abstract
http://dx.doi.org/10.1126/science.1157679
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18487176&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-019-8008-2
http://dx.doi.org/10.1186/s12889-019-8008-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31823763&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1002002
http://dx.doi.org/10.1371/journal.pmed.1002002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27070315&dopt=Abstract
http://www.eurosurveillance.org/ViewArticle.aspx?ArticleId=20684
http://dx.doi.org/10.2807/1560-7917.es2014.19.4.20684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24507468&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(20)30128-3
http://dx.doi.org/10.1016/j.jbi.2020.103500
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32622833&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


10. Charbonneau DH, James LN. FluView and FluNet: tools for influenza activity and surveillance. Med Ref Serv Q. Nov 05,
2019;38(4):358-368. [doi: 10.1080/02763869.2019.1657734] [Medline: 31687905]

11. Lee L, Desroches M, Mukhi S, Bancej C. FluWatchers: evaluation of a crowdsourced influenza-like illness surveillance
application for Canadian influenza seasons 2015-2016 to 2018-2019. Can Commun Dis Rep. Sep 10, 2021;47(9):357-363.
[FREE Full text] [doi: 10.14745/ccdr.v47i09a02] [Medline: 34650332]

12. Leal Neto O, Haenni S, Phuka J, Ozella L, Paolotti D, Cattuto C, et al. Combining wearable devices and mobile surveys
to study child and youth development in Malawi: implementation study of a multimodal approach. JMIR Public Health
Surveill. Mar 05, 2021;7(3):e23154. [FREE Full text] [doi: 10.2196/23154] [Medline: 33536159]

13. Leal-Neto O, Egger T, Schlegel M, Flury D, Sumer J, Albrich W, et al. Digital SARS-CoV-2 detection among hospital
employees: participatory surveillance study. JMIR Public Health Surveill. Nov 22, 2021;7(11):e33576. [FREE Full text]
[doi: 10.2196/33576] [Medline: 34727046]

14. Smolinski MS, Crawley AW, Olsen JM, Jayaraman T, Libel M. Participatory disease surveillance: engaging communities
directly in reporting, monitoring, and responding to health threats. JMIR Public Health Surveill. Oct 11, 2017;3(4):e62.
[FREE Full text] [doi: 10.2196/publichealth.7540] [Medline: 29021131]

15. Ruebush TK, Zeissig R, Koplan JP, Klein RE, Godoy HA. Community participation in malaria surveillance and treatment.
III. An evaluation of modifications in the Volunteer Collaborator Network of Guatemala. Am J Trop Med Hyg. Jan
1994;50(1):85-98. [doi: 10.4269/ajtmh.1994.50.85] [Medline: 8304577]

16. Worsley-Tonks KE, Bender JB, Deem SL, Ferguson AW, Fèvre EM, Martins DJ, et al. Strengthening global health security
by improving disease surveillance in remote rural areas of low-income and middle-income countries. Lancet Glob Health.
Apr 2022;10(4):e579-e584. [doi: 10.1016/s2214-109x(22)00031-6]

17. Olufadewa II, Adesina MA, Ekpo MD, Akinloye SJ, Iyanda TO, Nwachukwu P, et al. Lessons from the coronavirus disease
2019 (COVID-19) pandemic response in China, Italy, and the U.S.: a guide for Africa and low- and middle-income countries.
Glob Health J. Mar 2021;5(1):56-61. [FREE Full text] [doi: 10.1016/j.glohj.2021.02.003] [Medline: 33585052]

18. Cantarelli P, Debin M, Turbelin C, Poletto C, Blanchon T, Falchi A, et al. The representativeness of a European multi-center
network for influenza-like-illness participatory surveillance. BMC Public Health. Sep 20, 2014;14(1):984. [FREE Full text]
[doi: 10.1186/1471-2458-14-984] [Medline: 25240865]

19. Li EY, Tung CY, Chang SH. The wisdom of crowds in action: forecasting epidemic diseases with a web-based prediction
market system. Int J Med Inform. Aug 2016;92:35-43. [doi: 10.1016/j.ijmedinf.2016.04.014] [Medline: 27318069]

20. Burnham K. How Motorola uses prediction markets to choose innovations. ComputerWorld. 2009. URL: https://www.
computerworld.com/article/1598880/how-motorola-uses-prediction-markets-to-choose-innovations.html [accessed
2024-04-29]

21. Guerrisi C, Turbelin C, Souty C, Poletto C, Blanchon T, Hanslik T, et al. The potential value of crowdsourced surveillance
systems in supplementing sentinel influenza networks: the case of France. Euro Surveill. Jun 2018;23(25):1700337. [FREE
Full text] [doi: 10.2807/1560-7917.ES.2018.23.25.1700337] [Medline: 29945696]

22. Chunara R, Chhaya V, Bane S, Mekaru SR, Chan EH, Freifeld CC, et al. Online reporting for malaria surveillance using
micro-monetary incentives, in urban India 2010-2011. Malar J. Feb 13, 2012;11:43. [FREE Full text] [doi:
10.1186/1475-2875-11-43] [Medline: 22330227]

23. Tung CY, Chou TC, Lin JW. Using prediction markets of market scoring rule to forecast infectious diseases: a case study
in Taiwan. BMC Public Health. Aug 11, 2015;15:766. [FREE Full text] [doi: 10.1186/s12889-015-2121-7] [Medline:
26259612]

24. Polgreen PM, Nelson FD, Neumann GR. Use of prediction markets to forecast infectious disease activity. Clin Infect Dis.
Jan 15, 2007;44(2):272-279. [doi: 10.1086/510427] [Medline: 17173231]

25. Sell TK, Warmbrod KL, Watson C, Trotochaud M, Martin E, Ravi SJ, et al. Using prediction polling to harness collective
intelligence for disease forecasting. BMC Public Health. Nov 20, 2021;21(1):2132. [FREE Full text] [doi:
10.1186/s12889-021-12083-y] [Medline: 34801014]

26. Jennifer HW. Prediction markets as an aggregation mechanism for collective intelligence. In: Proceedings of the 2007
International Astronomical Consortium for High-Energy Calibration. 2007. Presented at: IACHEC '07; May 9-11, 2007:2007;
Lake Arrowhead, CA. URL: https://escholarship.org/uc/item/8mg0p0zc#main [doi: 10.1145/1250910.1250968]

27. Wolfers J, Zitzewitz E. Prediction Markets. J Econ Perspect. May 01, 2004;18(2):107-126. [doi: 10.1257/0895330041371321]
28. Kenu E, Odikro MA, Malm KL, Asiedu-Bekoe F, Noora CL, Frimpong JA, et al. Epidemiology of COVID-19 outbreak

in Ghana, 2020. Ghana Med J. Dec 2020;54(4 Suppl):5-15. [FREE Full text] [doi: 10.4314/gmj.v54i4s.3] [Medline:
33976436]

29. Ghana SS. Population projection for Ghana. Ghana Statistical Service. 2020. URL: https://statsghana.gov.gh/
nationalaccount_macros.php?Stats=MTA1NTY1NjgxLjUwNg==/webstats/s679n2sn87 [accessed 2023-01-10]

30. Global digital reports series: digital Ghana 2022. DataPortal. URL: https://datareportal.com/reports/digital-2022-ghana
[accessed 2023-02-04]

31. IDEO. The field guide to human-centered design: a step-by-step guide that will get you solving problems like a designer.
IDEO.org. URL: https://tinyurl.com/5x56dyry [accessed 2022-12-22]

JMIR Infodemiology 2024 | vol. 4 | e50125 | p. 16https://infodemiology.jmir.org/2024/1/e50125
(page number not for citation purposes)

Marley et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://dx.doi.org/10.1080/02763869.2019.1657734
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31687905&dopt=Abstract
https://europepmc.org/abstract/MED/34650332
http://dx.doi.org/10.14745/ccdr.v47i09a02
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34650332&dopt=Abstract
http://hdl.handle.net/2318/1789640
http://dx.doi.org/10.2196/23154
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33536159&dopt=Abstract
https://publichealth.jmir.org/2021/11/e33576/
http://dx.doi.org/10.2196/33576
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34727046&dopt=Abstract
https://publichealth.jmir.org/2017/4/e62/
http://dx.doi.org/10.2196/publichealth.7540
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29021131&dopt=Abstract
http://dx.doi.org/10.4269/ajtmh.1994.50.85
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8304577&dopt=Abstract
http://dx.doi.org/10.1016/s2214-109x(22)00031-6
https://linkinghub.elsevier.com/retrieve/pii/S2414-6447(21)00003-8
http://dx.doi.org/10.1016/j.glohj.2021.02.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33585052&dopt=Abstract
https://air.unimi.it/handle/2434/240039
http://dx.doi.org/10.1186/1471-2458-14-984
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25240865&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2016.04.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27318069&dopt=Abstract
https://www.computerworld.com/article/1598880/how-motorola-uses-prediction-markets-to-choose-innovations.html
https://www.computerworld.com/article/1598880/how-motorola-uses-prediction-markets-to-choose-innovations.html
http://www.eurosurveillance.org/content/10.2807/1560-7917.ES.2018.23.25.1700337
http://www.eurosurveillance.org/content/10.2807/1560-7917.ES.2018.23.25.1700337
http://dx.doi.org/10.2807/1560-7917.ES.2018.23.25.1700337
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29945696&dopt=Abstract
https://malariajournal.biomedcentral.com/articles/10.1186/1475-2875-11-43
http://dx.doi.org/10.1186/1475-2875-11-43
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22330227&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-015-2121-7
http://dx.doi.org/10.1186/s12889-015-2121-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26259612&dopt=Abstract
http://dx.doi.org/10.1086/510427
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17173231&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-12083-y
http://dx.doi.org/10.1186/s12889-021-12083-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34801014&dopt=Abstract
https://escholarship.org/uc/item/8mg0p0zc#main
http://dx.doi.org/10.1145/1250910.1250968
http://dx.doi.org/10.1257/0895330041371321
https://europepmc.org/abstract/MED/33976436
http://dx.doi.org/10.4314/gmj.v54i4s.3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33976436&dopt=Abstract
https://statsghana.gov.gh/nationalaccount_macros.php?Stats=MTA1NTY1NjgxLjUwNg==/webstats/s679n2sn87
https://statsghana.gov.gh/nationalaccount_macros.php?Stats=MTA1NTY1NjgxLjUwNg==/webstats/s679n2sn87
https://datareportal.com/reports/digital-2022-ghana
https://tinyurl.com/5x56dyry
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Halpaap BM, Tucker JD, Mathanga D, Juban N, Awor P, Saravia NG, et al. Social innovation in global health: sparking
location action. Lancet Glob Health. May 2020;8(5):e633-e634. [doi: 10.1016/s2214-109x(20)30070-x]

33. Pfeiffer T, Almenberg J. Prediction markets and their potential role in biomedical research--a review. Biosystems.
2010;102(2-3):71-76. [doi: 10.1016/j.biosystems.2010.09.005] [Medline: 20837097]

Abbreviations
IM: information market
LMIC: low- and middle-income country

Edited by T Purnat; submitted 20.06.23; peer-reviewed by O Leal Neto, P Washington; comments to author 08.02.24; revised version
received 11.04.24; accepted 04.05.24; published 12.08.24

Please cite as:
Marley G, Dako-Gyeke P, Nepal P, Rajgopal R, Koko E, Chen E, Nuamah K, Osei K, Hofkirchner H, Marks M, Tucker JD, Eggo R,
Ampofo W, Sylvia S
Collective Intelligence–Based Participatory COVID-19 Surveillance in Accra, Ghana: Pilot Mixed Methods Study
JMIR Infodemiology 2024;4:e50125
URL: https://infodemiology.jmir.org/2024/1/e50125
doi: 10.2196/50125
PMID:

©Gifty Marley, Phyllis Dako-Gyeke, Prajwol Nepal, Rohini Rajgopal, Evelyn Koko, Elizabeth Chen, Kwabena Nuamah, Kingsley
Osei, Hubertus Hofkirchner, Michael Marks, Joseph D Tucker, Rosalind Eggo, William Ampofo, Sean Sylvia. Originally published
in JMIR Infodemiology (https://infodemiology.jmir.org), 12.08.2024. 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 Infodemiology, is properly
cited. The complete bibliographic information, a link to the original publication on https://infodemiology.jmir.org/, as well as
this copyright and license information must be included.

JMIR Infodemiology 2024 | vol. 4 | e50125 | p. 17https://infodemiology.jmir.org/2024/1/e50125
(page number not for citation purposes)

Marley et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://dx.doi.org/10.1016/s2214-109x(20)30070-x
http://dx.doi.org/10.1016/j.biosystems.2010.09.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20837097&dopt=Abstract
https://infodemiology.jmir.org/2024/1/e50125
http://dx.doi.org/10.2196/50125
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

