
Original Paper

Assessing Interventions on Crowdsourcing Platforms to Nudge
Patients for Engagement Behaviors in Primary Care Settings:
Randomized Controlled Trial

Kay-Yut Chen1*, PhD; Yan Lang2*, PhD; Yuan Zhou3*, PhD; Ludmila Kosmari4*, RN, MSN; Kathryn Daniel4*, RN,

PhD; Ayse Gurses5*, MS, MPH, PhD; Yan Xiao4*, PhD
1College of Business, University of Texas at Arlington, Arlington, TX, United States
2Department of Business, State University of New York at Oneonta, Oneonta, NY, United States
3Department of Industrial, Manufacturing, and Systems Engineering, University of Texas at Arlington, Arlington, TX, United States
4College of Nursing and Health Innovation, University of Texas at Arlington, Arlington, TX, United States
5Armstrong Institute Center for Health Care Human Factors, Anesthesiology and Critical Care, Emergency Medicine, and Health Sciences Informatics,
School of Medicine, Johns Hopkins University, Baltimore, MD, United States
*all authors contributed equally

Corresponding Author:
Yan Lang, PhD
Department of Business
State University of New York at Oneonta
108 Ravine Pkwy
Oneonta, NY, 13820
United States
Phone: 1 607 436 3251
Email: yan.lang@oneonta.edu

Abstract

Background: Engaging patients in health behaviors is critical for better outcomes, yet many patient partnership behaviors are
not widely adopted. Behavioral economics–based interventions offer potential solutions, but it is challenging to assess the time
and cost needed for different options. Crowdsourcing platforms can efficiently and rapidly assess the efficacy of such interventions,
but it is unclear if web-based participants respond to simulated incentives in the same way as they would to actual incentives.

Objective: The goals of this study were (1) to assess the feasibility of using crowdsourced surveys to evaluate behavioral
economics interventions for patient partnerships by examining whether web-based participants responded to simulated incentives
in the same way they would have responded to actual incentives, and (2) to assess the impact of 2 behavioral economics–based
intervention designs, psychological rewards and loss of framing, on simulated medication reconciliation behaviors in a simulated
primary care setting.

Methods: We conducted a randomized controlled trial using a between-subject design on a crowdsourcing platform (Amazon
Mechanical Turk) to evaluate the effectiveness of behavioral interventions designed to improve medication adherence in primary
care visits. The study included a control group that represented the participants’ baseline behavior and 3 simulated interventions,
namely monetary compensation, a status effect as a psychological reward, and a loss frame as a modification of the status effect.
Participants’ willingness to bring medicines to a primary care visit was measured on a 5-point Likert scale. A reverse-coding
question was included to ensure response intentionality.

Results: A total of 569 study participants were recruited. There were 132 in the baseline group, 187 in the monetary compensation
group, 149 in the psychological reward group, and 101 in the loss frame group. All 3 nudge interventions increased participants’
willingness to bring medicines significantly when compared to the baseline scenario. The monetary compensation intervention
caused an increase of 17.51% (P<.001), psychological rewards on status increased willingness by 11.85% (P<.001), and a loss
frame on psychological rewards increased willingness by 24.35% (P<.001). Responses to the reverse-coding question were
consistent with the willingness questions.

Conclusions: In primary care, bringing medications to office visits is a frequently advocated patient partnership behavior that
is nonetheless not widely adopted. Crowdsourcing platforms such as Amazon Mechanical Turk support efforts to efficiently and
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rapidly reach large groups of individuals to assess the efficacy of behavioral interventions. We found that crowdsourced survey-based
experiments with simulated incentives can produce valid simulated behavioral responses. The use of psychological status design,
particularly with a loss framing approach, can effectively enhance patient engagement in primary care. These results support the
use of crowdsourcing platforms to augment and complement traditional approaches to learning about behavioral economics for
patient engagement.

(J Med Internet Res 2023;25:e41431) doi: 10.2196/41431
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Introduction

Research in behavioral economics has suggested principles to
influence people’s behaviors, or “nudging” [1-3]. In community
settings, especially when compared with hospital settings, health
outcomes rely on effective partnerships [4] among health care
professionals, patients, and families and “coproduction” of
health care work [5]. The application of nudging may provide
needed support to encourage patients and families to participate
in decisions and management of chronic conditions. Real
incentives, such as money or status, are shown to have a clear
and universally understood impact. One barrier is the challenge
to assess different designs to nudge behaviors. Implementing
intervention experiments in community and primary care settings
can be exceedingly complex, time-consuming, and expensive.
Crowdsourcing could potentially be used to narrow and refine
the field of design choices in a timely and cost-efficient manner.
For example, large numbers of individuals can be asked to
respond to simulated nudging interventions in simulated health
care encounters in crowdsourcing experiments. Simulated health
care encounters and nudging interventions are akin to
role-playing scenarios where the participants are asked to put
themselves in, and respond to, simulated versus real scenarios.
Although crowdsourcing gains use in health care [6], it is unclear
whether participants would respond to simulated incentives in
role-playing scenarios. For example, if the nudging choice is
to provide financial rewards, no actual rewards are provided in
crowdsourcing experiments. Rather, the rewards are simulated
in health care scenarios.

This study’s aim was to assess the feasibility of using
crowdsourced survey experiments to assess the efficacy of
behavioral economics–based interventions in improving patient
partnership behavior in their own care, with a particular focus
on comparing simulated incentives to actual incentives.
Additionally, the study intended to assess the impact of 2
behavioral economics–based intervention designs, psychological
rewards and loss framing, on simulated patient partnership
behaviors in a simulated primary care setting. Should
crowdsourcing be proven feasible, we may use the method to
evaluate a large range of design options quickly and efficiently
and identify a small subset of candidate interventions for
subsequent detailed, multimethod evaluations and
implementation trials that can be more strategic and efficient.

We selected bringing medications to primary care visits as the
targeted partnership behavior to improve medication safety.
Inappropriate medication use in community settings is frequent,
as indicated by medication harm related visits to the emergency

department [7]. Obtaining accurate medication histories is
recommended as a best practice in medication safety, especially
in patients with multiple prescribers [8]. Although seemingly
logical and straightforward, ensuring medication history
accuracy for older adults with multiple comorbid conditions
and their related prescriptions is much more complex [9].
Bringing medications to primary care visits is advocated as a
way for patients to be involved in improving the accuracy of
medication histories [10]. In addition, care professionals may
be able to use medication bottles to engage patients in
discussions and to have a comprehensive understanding of all
of the drugs that patients take. Despite efforts, many patients
do not bring their medications to their clinic visit [11].
Behavioral economics based nudging options may be effective
in improving patient’s partnership behavior.

Methods

Overview
This study was part of a project aiming to understand how to
improve medication safety in primary care clinic settings. We
conducted a survey-based experiment on the impact of simulated
incentives on willingness to engage in a targeted behavior that
supports medication review: bringing medications to the clinic
at each visit. We used a crowdsourcing platform, Amazon
Mechanical Turk (MTurk), to conduct the experiment. The
experiment used “role-playing” methodologies in marketing
science [12,13] and neuroscience [14-16] to study the impact
of different nudging strategies in simulated scenarios. The
targeted behavior in the experiment was bringing medicines to
a primary care visit.

The study was designed to evaluate whether web-based
crowdsourcing surveys could be used to assess the effectiveness
of interventions based on behavioral economic principles.
Feasibility was measured by examining whether web-based
participants responded to simulated incentives in the same way
they would have responded to actual incentives. Specifically,
we examined whether the treatment effect for simulated
incentives was in the same direction and statistically significant
as the treatment effect for actual incentives. This approach
allowed us to determine the feasibility of using simulated
incentives as a proxy for actual incentives in behavioral
economics–based interventions. The study also aimed to provide
insights into the impact of interventions by using role-playing
scenarios, which were tested on MTurk.
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Behavioral Economics–Based Intervention Design
We designed 3 nudging scenarios to test 1 type of simulated
physical incentive and 2 types of simulated psychological
incentives based on the principles of behavioral economics
(Table 1).

1. Monetary compensation: the targeted behavior is rewarded
financially. It is well known that money is a strong
motivator [17]. We implemented an intervention that relied
on simulated incentives to assess its comparable effect to
that of actual monetary incentives.

2. Status effect: the targeted behavior is rewarded with a status
as psychological incentive, which can be impactful and is
more affordable than physical incentives as an effective
motivator [18].

3. Loss frame: the absence of the target behavior is penalized
by removing a status. In comparison with gaining a status
as an incentive, the loss frame (penalty to be paid if the
desired behavior is absent) has been shown to have a strong
effect [3].

Table 1. The baseline scenario and 3 nudging scenarios to simulate behavioral interventions.

Please envision yourself in the following situation

Baseline scenario • You are taking 8 different medicines prescribed by 3 doctors.
• On Monday you have an appointment for a follow-up visit with your

family doctor. You plan to take buses, which on a good day will take
about 45 minutes. The doctor’s office always asks you to bring all
medicines with you.

Simulated monetary compensation scenario • Baseline scenario plus
• If you bring all your medicines, you will receive $15.

Simulated status effect scenario • Baseline scenario plus
• If you bring all your medicines, you will achieve VIP (very involved

patient) status. You will receive a certificate for the VIP status.

Simulated loss frame scenario • Baseline scenario plus
• You have VIP (very involved patient) status in this clinic. If you forget

to bring all your medicines, you will lose this status.

Crowdsourcing Experimental Design
We conducted a randomized controlled trial using a
between-subject design in which each participant was given
either a baseline scenario or 1 of the 3 nudging scenarios (Table
1). The scenarios differed only in the design of the specific
behavioral intervention. Participants were asked to read the
description of the scenario and then answer survey questions
to assess the impact of simulated incentives on the targeted
behavior of bringing medicines to clinic visits. The survey
questions were carefully reviewed by our research team to
ensure that they effectively measured the intended constructs.
It is important to note that those questions were designed to
assess participants’ stated intentions rather than their actual
behavior.

Ethics Approval
This study received ethical approval from the University of
Texas at Arlington’s institutional review board prior to survey
administration (2022-0026). It involves no more than minimal
risk to the participants. Informed consent was obtained from all
participants prior to their participation in the study. Participants
were informed of the study purpose, their rights as research
participants, and the nature of the data that would be collected.
To protect the privacy and confidentiality of the study
participants, all study data were anonymized and deidentified.
The compensation for participation was set at US $0.35 on
MTurk.

Eligibility, Consent, and Recruitment
To attain a representative sample, we limited our participants’
geographic location to the United States. They were adults aged
18 years or older and had a positive reputation on MTurk (had
completed more than 100 tasks with a minimum 95% approval
rating) [19,20]. We used the SoPHIE (Software Platform for
Human Interaction Experiments) software system to administer
the surveys. Participants were screened for eligibility using
SoPHIE and were asked to read and sign a consent form before
completing the surveys. We also administered a brief
demographic survey to collect information about participants’
age, race, ethnicity, gender identity, education, income level,
and number of chronic diseases at the end of the study. The
recruitment period was completed in under 2 weeks, and we
did not encounter missing data as this study was conducted
through SoPHIE through MTurk, which strictly enforces data
completeness.

Measurement and Analysis
We measured willingness to bring medicines with 4 survey
questions on 5-point Likert scales (Table S1 in Multimedia
Appendix 1), with a higher score indicating a greater willingness
to bring medicine to the clinic. We aggregated the responses to
the 4 questions with an average (“willingness score”), following
a common practice [21]. We included an additional
reverse-coded question (Table S1 in Multimedia Appendix 1)
to assess if participants’ answers were intentional [22]. We used
Cronbach α to assess the internal consistency of the survey
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questions and to determine if any participants may have
answered randomly.

We aggregated the responses and used the Wilcoxon rank sum
test and mean score test to assess the impact of different nudging
interventions on willingness scores. We further assessed if
demographics (age, household income, education, and race)
and chronic medical conditions influenced the impact of
nudging.

We also combined several demographic variables for ease of
analysis. Age (in years) was combined into 3 groups: younger
than 35 years, between 35 and 49 years, and equal to and older
than 50 years. Education level was combined into 3 groups: less
than a bachelor’s degree, bachelor’s degree, and a graduate
degree. Race was combined into 2 groups: White and non-White.

Income (in US $) was combined into 3 groups: less than US
$40,000, US $40,000-$80,000, and greater than US $80,000.
The number of chronic diseases was combined into 2 groups:
0 and more than 0.

Results

Overview
A total of 569 study participants were recruited, with 132 in
baseline, 187 in monetary compensation, 149 in status effect,
and 101 in loss frame scenarios (self-reported demographic
information in Table 2). Table 3 summarizes the summary
statistics of the scores. We also report the Cronbach alpha [23]
of each measure that consists of more than one question (Table
S4 in Multimedia Appendix 1).

Table 2. MTurk participant demographic information (N=569).

ValuesCharacteristics

40.25 (12.92)Age (years), mean (SD)

Sex, n (%)

279 (49.03)Male

286 (50.26)Female

4 (0.70)Other

Highest education level, n (%)

151 (26.54)Less than a bachelor’s degree

282 (49.56)Bachelor’s degree

136 (23.90)Graduate degree

Ethnicity, n (%)

101 (17.75)Hispanic

468 (82.25)Non-Hispanic

Race, n (%)

99 (17.40)Non-White

470 (82.60)White

Household income (US $), n (%)

192 (33.75)Under 40,000

264 (46.40)40,000-80,000

113 (19.86)Above 80,000

Number of chronic medical conditions, n (%)

240 (42.18)0

303 (53.24)>0

26 (4.57)N/Aa

aN/A: not available.

Table 3. Summary statistics of survey questions, by scenario.

Psychological incentive with loss
frame, mean (SD)

Psychological incentive,
mean (SD)

US $15 incentive, mean
(SD)

Baseline, mean (SD)Scenarios

4.47 (0.70)4.02 (0.91)4.22 (0.83)3.59 (0.94)Willingness Score

1.94 (1.33)2.10 (1.27)2.28 (1.44)3.15 (1.33)Reverse Coded Score
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Experimental Results

Result 1
Both monetary and psychological incentives increased
willingness scores.

All 3 interventions increased participants’ willingness to bring
medicines significantly when compared to the baseline scenario.
The monetary incentive caused an increase of 17.51% (P<.001),
psychological rewards on status effect increased willingness by
11.85% (P<.001), and a loss frame on the psychological rewards
increased willingness by 24.35% (P<.001).

Result 2
Psychological incentive with or without a loss frame has a
different impact on willingness scores compared to monetary
incentive.

The willingness score for the psychological incentive was 4.82%
lower (P=.047) than the monetary compensation. Conversely,
the willingness score for the psychological incentive in the loss
frame was 5.82% higher (P=.008) than the monetary
compensation.

Result 3
Responses to the reverse-coding question were consistent with
the willingness questions.

In the reverse-coding questions, all 3 interventions decreased
participants’ willingness to bring medicines significantly when
compared to the baseline scenario. The monetary compensation
intervention caused a decrease of 27.71% (P<.001),
psychological rewards on status effect decreased willingness
by 33.34% (P<.001), and a loss frame on the psychological
rewards decreased willingness by 38.42% (P<.001).

Result 4
Our investigation examined a range of demographic factors,
including age (younger than 35 years, between 35 and 49 years,
and 50 years or older), education level (less than a bachelor’s
degree, bachelor’s degree, or a graduate degree), race (White
vs non-White), income level (less than US $40,000, between
US $40,000 and US $80,000, and over US $80,000), and the
presence of chronic conditions, to determine if they had any
impact on the effectiveness of the interventions implemented.
However, our results, as displayed in Table S2 in Multimedia
Appendix 1 did not reveal any consistent evidence of such an
impact.

We have also incorporated additional information regarding the
demographic characteristics of the MTurk participants who
were included in each scenario. Specifically, we have included
distribution graphs that provide a visual representation of these
demographic factors, which can be found in Table S5 in
Multimedia Appendix 1.

Discussion

Feasibility of Using Simulated Incentives to Nudge
Behaviors
We found that crowdsourced surveys with simulated monetary
incentives resulted in expected simulated behavioral responses
as in actual incentives with the same direction, demonstrating
the feasibility of using crowdsourced surveys to evaluate
behavioral economics–based interventions. A consistency check
showed that study participants understood the simulated nudging
options and responded in expected manners, suggesting that
this approach may be a viable and efficient method for
evaluating interventions in health care. A simulated
psychological status design, particularly with a loss framing
design, had a statistically significant (P<.001) impact on the
targeted behavior and thus should be considered as an effective
behavioral intervention design in primary care to enhance patient
engagement. These results support the use of crowdsourcing
platforms in efficiently and rapidly reaching large numbers of
individuals to assess the efficacy of behavioral interventions,
which can augment and complement traditional intervention
design and evaluation approaches.

Main Study Results
We concluded that both simulated monetary and psychological
incentives had positive impacts on participants’ willingness to
bring their medications during a simulated visit to the primary
care clinic. The simulated monetary incentive at the level of US
$15 was stronger than the psychological incentive.

We also found strong evidence that the simulated psychological
incentive could be strengthened by the inclusion of the loss
frame. In addition, results were consistent between the
willingness scores and the reverse-coded scores. Thus, we
conclude that participants understood the questions and their
answers to simulated incentives were valid and not the result
of a random process.

Crowdsourcing
Previous uses of crowdsourcing in health-related research
include soliciting research priorities and preferences in back
pain [24], image classification in ophthalmology [25], informing
the design and implementation of HIV and sexual health
interventions [26], improving the quality and speed of cancer
research [27], and effect of physician gender and race [28]. This
study provided initial evidence of using crowdsourcing in
designing behavioral economics–inspired nudging options in
engaging patients through simulated incentives.

Implementing interventions to engage patients in complex and
high-tempo clinical care settings requires significant planning
and effort. Any intervention introduced to a complex
sociotechnical work system, especially without adequate
proactive analysis, may have unintended consequences and
actually reduce the system’s overall performance rather than
improving it. For interventions that focus explicitly on “behavior
modification,” there can be numerous design options, which
make it infeasible to implement within the actual clinical work
and evaluate. In this study, we found crowdsourcing
platform–based analysis of behavioral intervention designs to
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be feasible, useful in providing valid data, and flexible enough
to be complementary to other well-known intervention design
and implementation approaches that may require significant
time and resources.

Web-based crowdsourcing platforms have become increasingly
popular for connecting workers to on-demand tasks. Literature
suggests that behavioral experiments conducted on MTurk are
as valid as those conducted with more traditional methods in
laboratories, such as in a study comparing supply chain
experiments conducted on MTurk with those in laboratories
[29]. On MTurk, there are roughly 226,000 workers available
in the United States. Of these, approximately 80,000 have been
active in recent years [30]. In addition, approximately
40,000-50,000 new workers sign up each year. Other platforms
include Survey Monkey [31] and Qualtrics [32].

Comparative Advantages of Crowdsourcing Methods
for Design
Compared to traditional methods of collecting behavioral data,
such as field studies in a clinical setting, interviews, and focus
groups, crowdsourcing is more efficient, less expensive, and
easier to implement. This efficiency is driven by 2 factors. First,
crowdsourcing platforms provide access to a large participant
pool around the clock at affordable prices. In this study, data
gathering on each scenario took only hours to accomplish, versus
typically days or weeks with traditional methods. Second, the
platform eliminates the need to plan the logistics and training
of protocol personnel, a must for methods such as field studies.

Further, we use a scenario-based framework, common in
marketing studies, to design survey experiments with simulated
incentives. That is, we use descriptive language to create the
scenarios in participants’minds and solicit their responses when
they put themselves in this “thought experiment.” This technique
sidesteps the limitations of creating interventions in a physical
environment (eg, training of clinical staff, creating testing
materials, etc). There are no limits to the scenarios we can create
with simulated incentives. This flexibility not only allows us to
test promising designs, but also enables us to gather data on
risky and impractical designs to further our understanding and
explore the design space more effectively.

Crowdsourced Data Validity
By using simulated encounters and simulated nudging options,
experiment data from crowdsourcing might not reflect the
impact of nudge options in the real world. The study participants
may not reflect the targeted patient population [24]. We used a
presurvey to filter out participants that were not in the targeted
population, but such filtering was limited and relied on
respondents’ own responses. The targeted nudging behaviors
were general and less context dependent (eg, responding to
gain-loss framing); a sample from the general participant pool
provided by the platform might suffice. Crowdsourcing also
lacks direct control and monitoring of how study participants
respond. By using surveys in scenario-based simulated
experiments, the self-reported propensity of targeted behaviors
may be biased. We used a between-subject design, so each
participant responded to only 1 scenario. We used multiple
items to measure the targeted behavior, along with a

reverse-coded item to assess internal consistency (eg, whether
the participants provide valid, as opposed to random, answers).

Limitations
This study’s participant pool on crowdsourcing did not reflect
older adults, who have the highest risk for medication harm [7].
Crowdsourcing platforms require a level of technological
familiarity that older adults tend to lack, especially those with
low socioeconomic status and cognitive declines.

Due to the novelty of our method and the lack of literature
support for this specific approach, we did not perform a power
calculation for this study. However, we acknowledge that this
is a limitation and may have impacted the precision of our
estimates and our ability to detect small effects. Instead of
conducting a power analysis, we opted to increase our sample
size as needed, considering the relatively low cost of our sample.

Crowdsourcing incentives study participants to complete the
study as quickly as possible, although the use of multiple items
and reverse-coded questions reduced this risk. The recruitment
process relied on study participant self-selection, and thus
selection bias was not assessed.

The simulated responses in the study may be different from the
actual responses in real health care encounters. MTurk users
may choose to respond as fast as possible. We instituted
measures to counter this risk, such as using reverse-coded
questions to screen for noninvestment and filtering patterned
responses.

Conclusions
This study demonstrates the feasibility of crowdsourcing to
assess the impact of 3 behavioral interventions, or nudging
options, on simulated medication safety partnership behaviors
in a simulated primary care encounter. Our experiments targeted
bringing medications to office visits. This patient partnership
behavior is often advocated but not widely adopted. We tested
and observed the expected impact from behavioral
economics–based designs to nudge this behavior through
psychological rewards and loss framing against a monetary
reward design.

Crowdsourcing platforms such as MTurk are efficient in terms
of time and cost to assess design options. Thus, they can be
useful to augment and complement traditional approaches to
designing ways to engage patients in health behaviors. Our
findings revealed that crowdsourced surveys with simulated
monetary compensation resulted in the expected simulated
behavioral responses as actual incentives. We also found that
none of the demographic factors (age, education level, race,
income level, and the presence of chronic conditions) had a
significant impact on the effectiveness of the interventions. We
believe that this information is important for health care
practitioners and policy makers, as it suggests that the
interventions may be equally effective across diverse
populations. In addition, this study suggests that a psychological
incentive, specifically the status effect, combined with loss
framing may be a good candidate for a clinical trial.

From a practice perspective, these results suggest that
psychological incentives, specifically the status effect, combined
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with loss framing may be a good candidate for a clinical trial of behavioral interventions and medication reconciliation.

Acknowledgments
This project was supported by (grant R18HS027277) from the Agency for Health care Research and Quality (AHRQ). The content
is solely the responsibility of the authors and does not necessarily represent the official views of the AHRQ. We benefited from
the contribution of the PROMIS (Partnership for Resilience in Medication Safety) Lab members, including Noah Hendrix,
Kimberly Fulda, DrPH, and Richard Young, MD.

Medical editing assistance was provided by Genevieve Walker, PhD, of Bridge Health Communications.

Data Availability
The data sets generated and analyzed during this study are available in Multimedia Appendix 1.

Conflicts of Interest
Per University of Texas at Arlington policy, the following statement is included. KYC has a potential research conflict of interest
due to a financial interest with companies Hewlett-Packard Enterprise, Boostr, and DecisionNext. A management plan has been
created to preserve objectivity in research in accordance with University of Texas at Arlington policy. All other authors had
neither competing financial interests nor other potential conflicts of interest.

Multimedia Appendix 1
Survey questions.
[DOCX File , 101 KB-Multimedia Appendix 1]

Multimedia Appendix 2
CONSORT e-HEALTH Checklist V1.6.2.
[PDF File (Adobe PDF File), 84 KB-Multimedia Appendix 2]

References

1. Lamprell K, Tran Y, Arnolda G, Braithwaite J. Nudging clinicians: a systematic scoping review of the literature. J Eval
Clin Pract 2021;27(1):175-192 [doi: 10.1111/jep.13401] [Medline: 32342613]

2. Kwan YH, Cheng TY, Yoon S, Ho LYC, Huang CW, Chew EH, et al. A systematic review of nudge theories and strategies
used to influence adult health behaviour and outcome in diabetes management. Diabetes Metab 2020;46(6):450-460 [FREE
Full text] [doi: 10.1016/j.diabet.2020.04.002] [Medline: 32387700]

3. Tversky A, Kahneman D. The framing of decisions and the psychology of choice. In: Wright G, editor. Behavioral Decision
Making. Boston, MA: Springer; 1985:25-41

4. Xiao Y, Abebe E, Gurses AP. Engineering a foundation for partnership to improve medication safety during care transitions.
J Patient Saf Risk Manag 2019;24(1):30-36 [FREE Full text] [doi: 10.1177/2516043518821497] [Medline: 30842993]

5. Khan A, Spector ND, Baird JD, Ashland M, Starmer AJ, Rosenbluth G, et al. Patient safety after implementation of a
coproduced family centered communication programme: multicenter before and after intervention study. BMJ 2018;363:k4764
[FREE Full text] [doi: 10.1136/bmj.k4764] [Medline: 30518517]

6. Mortensen K, Hughes TL. Comparing amazon's mechanical turk platform to conventional data collection methods in the
health and medical research literature. J Gen Intern Med 2018;33(4):533-538 [FREE Full text] [doi:
10.1007/s11606-017-4246-0] [Medline: 29302882]

7. Budnitz DS, Shehab N, Lovegrove MC, Geller AI, Lind JN, Pollock DA. US emergency department visits attributed to
medication harms, 2017-2019. JAMA 2021;326(13):1299-1309 [FREE Full text] [doi: 10.1001/jama.2021.13844] [Medline:
34609453]

8. Almanasreh E, Moles R, Chen TF. The medication reconciliation process and classification of discrepancies: a systematic
review. Br J Clin Pharmacol 2016;82(3):645-658 [FREE Full text] [doi: 10.1111/bcp.13017] [Medline: 27198753]

9. Dautzenberg L, Bretagne L, Koek HL, Tsokani S, Zevgiti S, Rodondi N, et al. Medication review interventions to reduce
hospital readmissions in older people. J Am Geriatr Soc 2021;69(6):1646-1658 [FREE Full text] [doi: 10.1111/jgs.17041]
[Medline: 33576506]

10. Murtha E, Elder B, Faragher M. Brown bag medication review: using ahrq's brown bag medication tool. J Nurs Care Qual
2020;35(1):58-62 [doi: 10.1097/NCQ.0000000000000399] [Medline: 30889082]

11. Weiss BD, Brega AG, LeBlanc WG, Mabachi NM, Barnard J, Albright K, et al. Improving the effectiveness of medication
review: guidance from the health literacy universal precautions toolkit. J Am Board Fam Med 2016;29(1):18-23 [FREE
Full text] [doi: 10.3122/jabfm.2016.01.150163] [Medline: 26769873]

J Med Internet Res 2023 | vol. 25 | e41431 | p. 7https://www.jmir.org/2023/1/e41431
(page number not for citation purposes)

Chen et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v25i1e41431_app1.docx&filename=2a97a0baab919dd7f10979b3d65a85b3.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e41431_app1.docx&filename=2a97a0baab919dd7f10979b3d65a85b3.docx
https://jmir.org/api/download?alt_name=jmir_v25i1e41431_app2.pdf&filename=bb3c4087776408d5fa04743db9148f8c.pdf
https://jmir.org/api/download?alt_name=jmir_v25i1e41431_app2.pdf&filename=bb3c4087776408d5fa04743db9148f8c.pdf
http://dx.doi.org/10.1111/jep.13401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32342613&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1262-3636(20)30057-4
https://linkinghub.elsevier.com/retrieve/pii/S1262-3636(20)30057-4
http://dx.doi.org/10.1016/j.diabet.2020.04.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32387700&dopt=Abstract
https://europepmc.org/abstract/MED/30842993
http://dx.doi.org/10.1177/2516043518821497
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30842993&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=30518517
http://dx.doi.org/10.1136/bmj.k4764
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30518517&dopt=Abstract
https://europepmc.org/abstract/MED/29302882
http://dx.doi.org/10.1007/s11606-017-4246-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29302882&dopt=Abstract
https://europepmc.org/abstract/MED/34609453
http://dx.doi.org/10.1001/jama.2021.13844
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34609453&dopt=Abstract
https://europepmc.org/abstract/MED/27198753
http://dx.doi.org/10.1111/bcp.13017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27198753&dopt=Abstract
https://boris.unibe.ch/id/eprint/152356
http://dx.doi.org/10.1111/jgs.17041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33576506&dopt=Abstract
http://dx.doi.org/10.1097/NCQ.0000000000000399
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30889082&dopt=Abstract
http://www.jabfm.org/cgi/pmidlookup?view=long&pmid=26769873
http://www.jabfm.org/cgi/pmidlookup?view=long&pmid=26769873
http://dx.doi.org/10.3122/jabfm.2016.01.150163
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26769873&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


12. Lang Y, Su J, Chen KY. Strategic disposal or strategic inventory? Theory and experiments. SSRN. Oneonta: State University
of New York; 2023. URL: https://ssrn.com/abstract=4374962 [accessed 2023-03-01]

13. Chen KY, Wu Y, Lang Y. Learning under the inventory problem of economic order quantity: a behavioral study. Forthcoming,
International Journal of Inventory Research 2023

14. Truong NCD, Wang X, Wanniarachchi H, Lang Y, Nerur S, Chen KY, et al. Mapping and understanding of correlated
electroencephalogram (EEG) responses to the newsvendor problem. Sci Rep 2022;12(1):13800 [FREE Full text] [doi:
10.1038/s41598-022-17970-x] [Medline: 35963934]

15. Wanniarachchi H, Lang Y, Wang X, Pruitt T, Nerur S, Chen KY, et al. Alterations of cerebral hemodynamics and network
properties induced by newsvendor problem in the human prefrontal cortex. Front Hum Neurosci 2020;14:598502 [FREE
Full text] [doi: 10.3389/fnhum.2020.598502] [Medline: 33519401]

16. Truong N, Wanniarachchi H, Lang Y, Wang X, Nerur S, Chen KY, et al. Analysis of correlation in neural responses across
multiple subjects or trials during decision-making for newsvendor problem. In: IEEE Symposium on Bioinformatics and
Bioengineering (BIBE).: IEEE; 2020 Presented at: 2020 IEEE 20th International Conference on Bioinformatics and
Bioengineering (BIBE); 26-28 October 2020; Cincinnati, OH, USA p. 530-537 URL: https://ieeexplore.ieee.org/document/
9287983 [doi: 10.1109/bibe50027.2020.00092]

17. Frey BS, Jegen R. Motivation crowding theory. J Econ Surv 2001;15(5):589-611 [doi: 10.1111/1467-6419.00150]
18. Servan-Schreiber E, Wolfers J, Pennock DM, Galebach B. Prediction markets: does money matter? Electron Mark

2004;14(3):243-251 [FREE Full text] [doi: 10.1080/1019678042000245254]
19. Chen KY, Wang J, Lang Y. Does cyber-insurance fuel ransomware attacks: an experimental study. Arlington: University

of Texas URL: https://www.zotero.org/google-docs/?SRmd4w [accessed 2023-05-01]
20. Chen KY, Wang J, Lang Y. Coping with digital extortion: an experimental study of benefit appeals and normative appeals.

Manag Sci 2022;68(7):5269-5286 [doi: 10.1287/mnsc.2021.4154]
21. Mislavsky R, Dietvorst B, Simonsohn U. Critical condition: people don‘t dislike a corporate experiment more than they

dislike its worst condition. Mark Sci 2020;39(6):1092-1104 [doi: 10.1287/mksc.2019.1166]
22. Wong N, Rindfleisch A, Burroughs JE. Do reverse-worded items confound measures in cross-cultural consumer research?

The case of the material values scale. J Consum Res 2003;30(1):72-91 [doi: 10.1086/374697]
23. Tavakol M, Dennick R. Making sense of Cronbach's alpha. Int J Med Educ 2011;2:53-55 [FREE Full text] [doi:

10.5116/ijme.4dfb.8dfd] [Medline: 28029643]
24. Bartek MA, Truitt AR, Widmer-Rodriguez S, Tuia J, Bauer ZA, Comstock BA, et al. The promise and pitfalls of using

crowdsourcing in research prioritization for back pain: cross-sectional surveys. J Med Internet Res 2017;19(10):e341 [FREE
Full text] [doi: 10.2196/jmir.8821] [Medline: 28986339]

25. Wang X, Mudie L, Brady CJ. Crowdsourcing: an overview and applications to ophthalmology. Curr Opin Ophthalmol
2016;27(3):256-261 [FREE Full text] [doi: 10.1097/ICU.0000000000000251] [Medline: 26761188]

26. Tang W, Ritchwood TD, Wu D, Ong JJ, Wei C, Iwelunmor J, et al. Crowdsourcing to improve HIV and sexual health
outcomes: a scoping review. Curr HIV/AIDS Rep 2019;16(4):270-278 [FREE Full text] [doi: 10.1007/s11904-019-00448-3]
[Medline: 31155691]

27. Lee YJ, Arida JA, Donovan HS. The application of crowdsourcing approaches to cancer research: a systematic review.
Cancer Med 2017;6(11):2595-2605 [FREE Full text] [doi: 10.1002/cam4.1165] [Medline: 28960834]

28. Solnick RE, Peyton K, Kraft-Todd G, Safdar B. Effect of physician gender and race on simulated patients' ratings and
confidence in their physicians: a randomized trial. JAMA Netw Open 2020;3(2):e1920511 [FREE Full text] [doi:
10.1001/jamanetworkopen.2019.20511] [Medline: 32083686]

29. Lee YS, Seo YW, Siemsen E. Running behavioral operations experiments using Amazon's mechanical turk. Prod Oper
Manag 2018;27(5):973-989 [doi: 10.1111/poms.12841]

30. Robinson J, Rosenzweig C, Moss AJ, Litman L. Tapped out or barely tapped? Recommendations for how to harness the
vast and largely unused potential of the mechanical turk participant pool. PLoS One 2019;14(12):e0226394 [FREE Full
text] [doi: 10.1371/journal.pone.0226394] [Medline: 31841534]

31. Survey Monkey. URL: https://www.surveymonkey.com/ [accessed 2023-06-09]
32. Qualtrics. URL: https://www.qualtrics.com/au/ [accessed 2023-06-09]

Abbreviations
MTurk: Amazon Mechanical Turk
SoPHIE: software platform for human interaction experiments

J Med Internet Res 2023 | vol. 25 | e41431 | p. 8https://www.jmir.org/2023/1/e41431
(page number not for citation purposes)

Chen et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://ssrn.com/abstract=4374962
https://doi.org/10.1038/s41598-022-17970-x
http://dx.doi.org/10.1038/s41598-022-17970-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35963934&dopt=Abstract
https://europepmc.org/abstract/MED/33519401
https://europepmc.org/abstract/MED/33519401
http://dx.doi.org/10.3389/fnhum.2020.598502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33519401&dopt=Abstract
https://ieeexplore.ieee.org/document/9287983
https://ieeexplore.ieee.org/document/9287983
http://dx.doi.org/10.1109/bibe50027.2020.00092
http://dx.doi.org/10.1111/1467-6419.00150
http://users.nber.org/~jwolfers/papers/DoesMoneyMatter.pdf
http://dx.doi.org/10.1080/1019678042000245254
https://www.zotero.org/google-docs/?SRmd4w
http://dx.doi.org/10.1287/mnsc.2021.4154
http://dx.doi.org/10.1287/mksc.2019.1166
http://dx.doi.org/10.1086/374697
https://europepmc.org/abstract/MED/28029643
http://dx.doi.org/10.5116/ijme.4dfb.8dfd
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28029643&dopt=Abstract
https://www.jmir.org/2017/10/e341/
https://www.jmir.org/2017/10/e341/
http://dx.doi.org/10.2196/jmir.8821
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28986339&dopt=Abstract
https://europepmc.org/abstract/MED/26761188
http://dx.doi.org/10.1097/ICU.0000000000000251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26761188&dopt=Abstract
https://europepmc.org/abstract/MED/31155691
http://dx.doi.org/10.1007/s11904-019-00448-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31155691&dopt=Abstract
https://europepmc.org/abstract/MED/28960834
http://dx.doi.org/10.1002/cam4.1165
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28960834&dopt=Abstract
https://europepmc.org/abstract/MED/32083686
http://dx.doi.org/10.1001/jamanetworkopen.2019.20511
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32083686&dopt=Abstract
http://dx.doi.org/10.1111/poms.12841
https://dx.plos.org/10.1371/journal.pone.0226394
https://dx.plos.org/10.1371/journal.pone.0226394
http://dx.doi.org/10.1371/journal.pone.0226394
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31841534&dopt=Abstract
https://www.surveymonkey.com/
https://www.qualtrics.com/au/
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by T Leung; submitted 26.07.22; peer-reviewed by S Sharma, D Nault; comments to author 03.02.23; revised version received
17.03.23; accepted 26.05.23; published 13.07.23

Please cite as:
Chen KY, Lang Y, Zhou Y, Kosmari L, Daniel K, Gurses A, Xiao Y
Assessing Interventions on Crowdsourcing Platforms to Nudge Patients for Engagement Behaviors in Primary Care Settings:
Randomized Controlled Trial
J Med Internet Res 2023;25:e41431
URL: https://www.jmir.org/2023/1/e41431
doi: 10.2196/41431
PMID: 37440308

©Kay-Yut Chen, Yan Lang, Yuan Zhou, Ludmila Kosmari, Kathryn Daniel, Ayse Gurses, Yan Xiao. Originally published in the
Journal of Medical Internet Research (https://www.jmir.org), 13.07.2023. 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 the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

J Med Internet Res 2023 | vol. 25 | e41431 | p. 9https://www.jmir.org/2023/1/e41431
(page number not for citation purposes)

Chen et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2023/1/e41431
http://dx.doi.org/10.2196/41431
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37440308&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

