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Abstract

Background: The lack of publicly available and culturally relevant data sets on African American and bilingual/Spanish-speaking
Hispanic adults’ disease prevention and health promotion priorities presents a major challenge for researchers and developers
who want to create and test personalized tools built on and aligned with those priorities. Personalization depends on prediction
and performance data. A recommender system (RecSys) could predict the most culturally and personally relevant preventative
health information and serve it to African American and Hispanic users via a novel smartphone app. However, early in a user’s
experience, a RecSys can face the “cold start problem” of serving untailored and irrelevant content before it learns user preferences.
For underserved African American and Hispanic populations, who are consistently being served health content targeted toward
the White majority, the cold start problem can become an example of algorithmic bias. To avoid this, a RecSys needs
population-appropriate seed data aligned with the app’s purposes. Crowdsourcing provides a means to generate
population-appropriate seed data.

Objective: Our objective was to identify and test a method to address the lack of culturally specific preventative personal health
data and sidestep the type of algorithmic bias inherent in a RecSys not trained in the population of focus. We did this by collecting
a large amount of data quickly and at low cost from members of the population of focus, thereby generating a novel data set based
on prevention-focused, population-relevant health goals. We seeded our RecSys with data collected anonymously from self-identified
Hispanic and self-identified non-Hispanic African American/Black adult respondents, using Amazon Mechanical Turk (MTurk).

Methods: MTurk provided the crowdsourcing platform for a web-based survey in which respondents completed a personal
profile and a health information–seeking assessment, and provided data on family health history and personal health history.
Respondents then selected their top 3 health goals related to preventable health conditions, and for each goal, reviewed and rated
the top 3 information returns by importance, personal utility, whether the item should be added to their personal health library,
and their satisfaction with the quality of the information returned. This paper reports the article ratings because our intent was to
assess the benefits of crowdsourcing to seed a RecSys. The analysis of the data from health goals will be reported in future papers.

Results: The MTurk crowdsourcing approach generated 985 valid responses from 485 (49%) self-identified Hispanic and 500
(51%) self-identified non-Hispanic African American adults over the course of only 64 days at a cost of US $6.74 per respondent.
Respondents rated 92 unique articles to inform the RecSys.
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Conclusions: Researchers have options such as MTurk as a quick, low-cost means to avoid the cold start problem for algorithms
and to sidestep bias and low relevance for an intended population of app users. Seeding a RecSys with responses from people
like the intended users allows for the development of a digital health tool that can recommend information to users based on
similar demography, health goals, and health history. This approach minimizes the potential, initial gaps in algorithm performance;
allows for quicker algorithm refinement in use; and may deliver a better user experience to individuals seeking preventative health
information to improve health and achieve health goals.

(J Med Internet Res 2022;24(6):e30216) doi: 10.2196/30216

KEYWORDS

crowdsourcing; health information; health promotion; prevention; public health informatics; African American, Black, Latino,
and Hispanic populations; recommender system; RecSys; machine learning; Mechanical Turk; MTurk; mobile phone

Introduction

Algorithm Personalization
Algorithms are increasingly used to personalize
recommendations of items in stored databases. In simple terms,
a personalization algorithm is a computer-implemented service
that recommends items to a user based on the known
characteristics of that user and the historical preferences of other
similar users. The process of training a personalization algorithm
is a type of machine learning. The resulting personalization tool
is in effect a recommender system (RecSys)—a collaborative
information filtering system that attempts to predict a user’s
preferences for an item based on the previously recorded, similar
preferences of other users. Collaborative filtering underlies
many popular implementations of personalization algorithms
including Amazon.com’s “people who buy x also buy y”
recommendations [1]. In public health, algorithms to offer
targeted and personalized health advice based on personal risk
profile and patterns of behavior are as yet an unrealized
opportunity [2].

To avoid problems of early poor performance in a new RecSys,
algorithms are frequently trained using publicly available data
prior to being applied. However, algorithms may reproduce
racial, ethnic, and gender disparities because of the data used
to train them [3,4]. Racial bias has been detected in commercial
algorithms used to guide health decisions among providers [5],
as well as in algorithms for hiring [6], natural language
processing [7], and sentencing and parole guidelines [8,9].
Algorithms trained on large population-level data sets may
underperform when personalizing recommendations for diverse
populations [3]. When recommending preventative health
information, such underperformance may compound existing
inequities in health. The risk of bias inherent in existing publicly
available health information data sets is potentially high [3].
Previous qualitative work on barriers to African American and
Hispanic adults’ health information seeking has shown that
commonly available health information resources can be racially
or culturally insensitive or may be written implicitly for the
dominant culture and not be culturally relevant for the intended
population of users [10,11]. A RecSys trained on a data set with
very few African American or Hispanic participants may cause
these culturally inappropriate resources to be promoted rather
than demoted by that RecSys [3].

The lack of publicly available data sets for Black and
bilingual/Spanish-speaking Hispanic users of health websites

presents a major challenge to researchers who want to develop
personalized tools for the health behavior intervention space.
Our searches (conducted repeatedly on all dates between
November 2020 and November 2021) for “training data,”
“training data set,” “seed data,” “collaborative filtering,” or
“recsys,” paired with “black,” “african american,” “latino,”
“hispanic,” or “race” returned no relevant results or data sets
for health information seeking in PubMed and Google Scholar.
The time and cost required to collect sufficient new
population-specific data to seed an algorithm are additional
barriers, especially when the need is for 2 different population
groups using 2 different languages, such as English and Spanish.

A potential common means of controlling algorithmic bias is
“masking” the algorithm to race or gender in order to avoid
capturing or exacerbating any social or structural inequity
reflected in the training data. This process of excluding race or
gender might solve the algorithmic bias problem in other
domains where an algorithm is employed to assist in a
decision-making process orthogonal to the demographic
characteristic excluded. However, personalization in mobile
health (mHealth) depends specifically on race- or gender-based
predictions, as race, ethnicity, and gender are key social
determinants of health [12]. “Fair” algorithms focused on health
must account for the diversity of the groups of people the
algorithm’s performance may affect [5], and as such, algorithmic
fairness in health requires a solution other than masking. Instead
of using potentially biased training data or ignoring the impact
of race and ethnicity on health, researchers and practitioners
need to be able to generate, share, and use robust seed data
gathered from people similar to the intended users who will be
affected by the algorithm’s outputs.

Background
The RecSys seeding discussed in this paper is part of a 4-year
smartphone health app research study funded by the National
Library of Medicine (Grant 5R01LM013039-02), titled
“HealthyMe/MiSalud Smartphone Application: Identifying
Mechanisms to Engage African Americans and Hispanics in
Personal Health Libraries.” A University of Maryland Center
for Health Literacy research team is developing the RecSys to
deliver personalized health content from MyHealthfinder
website to English-speaking African Americans and
Spanish-speaking Hispanic adults. The MyHealthfinder website
is a free, no-copyright consumer health information collection
in English and Spanish maintained by the United States
Department of Health and Human Services. The team chose the
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MyHealthfinder website because the website applies health
literacy principles and extensive consumer testing rather than
limited, mechanistic reading grade formulas [13]. All articles
are written in plain language consistent with the Federal Plain
Language Guidelines [14] and health literacy criteria in the
Centers for Disease Control and Prevention (CDC) Clear
Communication Index [15] and cover a wide range of health
topics linked to evidence-based recommendations from key
federal advisory committees. The MyHealthfinder website
allows basic personalization of health articles and prevention
recommendations when users enter their age, sex, and pregnancy
status. The content is available through an application
programming interface.

Our research team planned to use the RecSys as the core of a
smartphone app with individualized recommendations, guidance
on seeking further information, and capacity for users to build
personalized libraries in the app [16]. One of the more frequent
applications of data science is to build a RecSys with the
principal capacity to predict what a user might do next with a
high degree of accuracy and to provide a small set of
recommended items that have a high likelihood of attracting
the user [17]. Health information providers have lagged behind
this trend [18].

Personalization in mHealth depends on prediction and
performance data, and algorithms that utilize collaborative
filtering either rely on existing data for training or are subject
to the cold start problem. The cold start problem happens when
insufficient data exist at the launch of a RecSys to ensure
high-quality recommendations [19]. Consequently, an
inadequately personalized algorithm limits the effectiveness of
personalization and the utility of the RecSys itself [19]. Two
associated problems with collaborative filtering algorithms are
scalability and sparsity, particularly in large data sets [20]. The
larger the data set, the more computational power is needed to
calculate recommendations and the fewer the items any
individual user will rate [20]. Scalability and sparsity also slow
the process of algorithm learning; to overcome these challenges,
developers often employ an initial seed data set for algorithm
training. Seed data are necessary to mitigate the cold start
problem. However, using data that are a poor match with the
intended user group or that have implicit or explicit biases will
undermine the user experience, as well as personalization, and
thus the utility of a RecSys [3].

To develop a RecSys to predict the most relevant preventative
health information and serve it to African American and
Hispanic users, we needed seed data describing the users’health
goals and the associated relevance of articles and topics in the
MyHealthfinder website.

Crowdsourcing
Generating a seed data set is possible with crowdsourcing and
the web-based platforms for crowdsourcing tasks used for
web-based research [21-23]. Crowdsourcing refers to a set of
potential processes through which tasks are proposed by an
initiator to solve a problem and are completed by a crowd of
individuals rather than a single individual or entity [24]. The
components of the crowd operate outside of the initiator’s direct
control as represented by traditional, hierarchical, organizational

structures [24]. The benefits to the initiator include completion
of the tasks and solutions to the problem through the expertise
of a crowd that would otherwise be cost- and time-prohibitive
under traditional models for organizing labor [24].

Amazon Mechanical Turk (MTurk) has become increasingly
popular as a crowdsourcing platform for conducting web-based
research involving surveys, as MTurk facilitates access to a
large and diverse participant population at a relatively low cost
to investigators [21-23]. MTurk functions as a web-based labor
market where registered workers complete web-based Human
Intelligence Tasks (HITs) to be paid. HITs can include a range
of tasks including responding to surveys, manually categorizing
complex data, or transcribing data. During registration, all
MTurk workers are required to electronically sign a participation
agreement confirming that they are at least 18 years of age.
Likewise, individual researchers must register as MTurk
requesters to post HITs and collect data from consenting
workers. MTurk provides a template for the construction of HIT
surveys run directly on Amazon’s developer platform [25].
Researchers post HITs on the Amazon marketplace that MTurk
workers self-select and can set both inclusion criteria and task
completion criteria. Since MTurk workers are preregistered and
come from a large pool, using MTurk may help avoid many of
the recruitment barriers that slow survey collection.

In aggregating seed data for an mHealth app, MTurk presents
a similar challenge to other population-based surveys: while
substantially gender balanced, the majority of the US MTurk
workers are White compared with the general population
[26,27]. However, researchers can account for this by setting
inclusion criteria to garner responses from the population of
focus, in our case, African American or Hispanic MTurk
workers.

Methods

Overview
We used the following inclusion criteria to identify MTurk
respondents for our study: (1) self-identify as African
American/Black or Hispanic/Latino/Latina/Latine; (2) own a
smartphone; and (3) are located in the United States. Using
MTurk we were able to balance respondents by race or ethnicity.
Tasks were completed in a single session. If a participant did
not complete the full task, the data were not returned, and there
was no cost to the project. Respondents could technically
complete the full task by entering invalid data for certain text
entry fields. To address this, we excluded from analyses any
retained responses where invalid data were entered into text
entry fields. The reliance on a single encounter and the monetary
incentive for completing the HIT are powerful retention
strategies. To characterize respondents, we collected
self-reported demographics (race or ethnicity, age, self-identified
sex, educational attainment) and 3 health behaviors (BMI,
smoking, and alcohol consumption).

Our tasks for each MTurk worker included completing the
following: (1) personal health profile; (2) family health history;
(3) a series of questions about the experience and frustrations
in finding and using health information based on the Health
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Information National Trends Survey fielded by the National
Cancer Institute; (4) choosing 3 goals from a list of 24 derived
from the Healthy People 2020 survey, part of the US 10-year
health objectives; (5) reading 3 randomly selected, topically
relevant articles from the MyHealthfinder web-based database
for each of the 3 selected goals; (6) rating each of the 9 articles
on two 5-point Likert scales on the importance of the
information and feasibility of using the information as well as
1 dichotomous scale on whether or not the respondent would
choose to retain the article in a personal library; (7) reading 6
entirely random articles from MyHealthfinder website that may
or may not be topical; (8) rating each of those 6 articles using
the same 2 Likert and 1 dichotomous scales; (9) searching
through the web-based database of the MyHealthfinder website
for information relating to each of the 3 goals; and (10) rating
each of the information returns, up to 3 from each of the 3
searches, using the same 2 Likert and 1 dichotomous scales.
For each MTurk worker who completes the full task (all 10
components), the Amazon marketplace returns an MTurk ID
and the data generated.

Among these tasks, article ratings were most important for
training an algorithm. In particular, having responses about
article relevance was helpful to secure unbiased and
population-focused seed data. The outputs of the other HITs
are also useful for informing app development but are less
directly relevant to seeding a RecSys. Because this is a
methodology paper focused on crowdsourcing data for RecSys
development, the results of the other outputs are not reported
in the next section.

In terms of data collection efficiencies to seed an algorithm, the
ability to quickly collect data at a low cost per user is an
important consideration. We recorded the time spent on data
collection in days and the total cost (including MTurk fees as
well as the cost for completed surveys excluded due to invalid
data) and calculated the cost per usable respondent.

All analyses were done in Stata/MP software (version 16;
StataCorp), SciPy (version 1.6.0; SciPy), and Google Sheets
(Google LLC).

Ethical Considerations
The University of Maryland College Park institutional review
board determined this project was exempt from institutional
review board review and approval, as no identifiable private
information was collected or retained by the research team, and
so it did not meet the definition of human subject research.

Results

Our MTurk crowdsourcing approach produced sufficient data
on participant characteristics and expressed the preferences
needed to seed the algorithm, assess the cost effectiveness of
the data collection method, and address algorithmic implicit
bias. These included (1) producing an adequate sample size of
populations traditionally with limited data, (2) reducing the data
collection period and data collection cost, and (3) collecting
specifically the data set required to seed an algorithm and
minimize the cold start problem.

MTurk Benefit 1: Producing an Adequate Sample Size
of Populations Traditionally With Limited Data
Our sampling approach produced 2578 respondents who selected
and started the survey and a total of 1015 respondents who met
the inclusion criteria and completed the full task. We collected
and retained data from 1015 respondents out of which 30
respondents (3% of the retained sample) were excluded due to
invalid data entered, for a final sample size of 985 (Table 1). A
total of 500 (51%) respondents identified as non-Hispanic Black
or African American and 485 (49%) identified as
Hispanic/Latino/Latina/Latine. There was an almost even split
between self-identified female and male respondents, and 3
respondents (less than 1%) of the sample did not identify with
the binary gender designations. Respondents tended to be
younger, with a mean age of 32 (SD 9) years, and 545 (55%)
of the sample were between the ages of 18 and 30 years.
Potentially reflective of the younger age and online recruitment
of respondents, 830 (83%) respondents reported having at least
some college education, of those 239 (24%) had completed
college or a graduate degree.
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Table 1. Self-reported participant demographics.

All participants (N=985)Characteristics

Race/Ethnicitya, n (%)

500 (50.76)Non-Hispanic Black

485 (49.24)Hispanic/Latino/Latina/Latine

32.15 (8.75)Age (years), mean (SD)

545 (54.50)18-30, n (%)

305 (30.50)31-40, n (%)

105 (10.50)41-50, n (%)

37 (3.70)51-60, n (%)

8 (0.80)61-70, n (%)

Sex, n (%)

494 (49.45)Female

502 (50.25)Male

3 (0.30)Other

26.64 (12.64)BMIb, mean (SD)

94 (9.64)Underweight, n (%)

363 (37.23)Normal, n (%)

267 (27.38)Overweight, n (%)

251 (25.76)Obese, n (%)

294 (39.30)Drink 2 × /week, mean (SD)

194 (19.62)Currently smoker, mean (SD)

Educational level, n (%)

165 (16.58)High school or lower

591 (59.40)Some college

115 (11.56)College degree

124 (12.46)Graduate degree

aNon-Hispanic Black and Latino/Latina/Latine are derived from self-reported race and Hispanic ethnicity items.
bBMI was calculated using height, weight, and sex, and using BMI English system on the Center for Disease Control and Prevention website. The
ranges were devised by the World Health Organization.

MTurk Benefit 2: Reducing the Data Collection Period
and the Data Collection Cost
It took 64 days to collect data for the training set. The total cost
including MTurk fees and the cost for 30 unusable respondents
was US $6635.20 or US $6.74 per usable respondent. An
alternative data collection method resulting in 985 unique
respondents would have likely taken considerably longer and
incurred substantially greater expenses. Alternatively, seeding

our algorithm with data from fewer unique respondents would
not have adequately minimized the cold start problem.

MTurk Benefit 3: Collecting Specifically the Data Set
Required to Seed the Algorithm and Minimize the Risk
of the Cold Start Problem
Respondents rated a total of 92 unique articles. A selection of
the top 5 articles that Black and Hispanic respondents rated by
importance and by feasibility of using the information is
presented in Table 2.
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Table 2. Comparison of Black and Hispanic participants: the top 5 rated articles on the MyHealthfinder website.

Articleb nameRatinga

Hispanic participantsBlack participants

Importance

Reduce Your Risk of StrokeReduce Your Risk of Stroke1st

Get Your Blood Pressure CheckedPrevent Infections When You Get Medical Care2nd

Talk with Your Doctor about Taking Aspirin to Prevent
Disease

Manage Stress3rd

Manage StressQuit Smoking4th

Take Care of Your Teeth and GumsGet Screened5th

Feasibility

Reduce Your Risk of StrokeReduce Your Risk of Stroke1st

Manage StressLearn First Aid2nd

Talk with Your Doctor about Taking Aspirin to Prevent
Disease

Get Screened3rd

Quit SmokingManage Stress4th

Get Your Blood Pressure CheckedPrevent Infections When You Get Medical Care5th

aRespondents rated importance and feasibility for each article on a 5-point Likert scale. Importance and feasibility are measured on a range of 1 to 5,
derived from the Health Information National Trends Survey. A total of 92 unique articles were rated. We have displayed the top 5 articles by importance
and feasibility for each demographic group.
bArticles were pulled from the MyHealthfinder website and were read and rated by the respondents.

Discussion

Principal Findings
Previous studies have shown that crowdsourcing is an effective
means of gathering data from a large number of human
participants quickly and at a low cost [21-23]. Our results show
that crowdsourcing through a technology such as Amazon
MTurk can leverage a large, low-cost sampling method to
generate seed data for a RecSys and sidestep the cold start
problem and the potential algorithmic racial bias inherent in
using general population seed data [3]. Unlike traditional survey
methods that are reliant on a response rate, the MTurk approach
ensures that required cohort sizes are met as HITs remain open
until prespecified participant thresholds are met, and the
researcher receives data only on respondents who complete all
data collection tasks.

Our approach also allows for the development of a digital health
tool to recommend more relevant information to users based
on similar demography and health history. This is particularly
important for public health purposes, where both algorithmic
bias and the common tactic of masking algorithms to
demographic data might limit the utility of a prevention-focused
mHealth tool [3-5]. Through crowdsourcing we were able to
efficiently and affordably recruit a large sample of African
American and Hispanic participants—our population of
focus—to share their health goals and for each goal, rate article
returns from a federally supported database of public health
information. In addition, the results of the HITs that are not
reported in this methodology paper also informed app design
and developments beyond the RecSys.

Along with far greater flexibility in item content and greater
timeliness, the cost per usable response was an order of
magnitude below the cost per complete response (US $40 to
US $102) compared with similarly detailed health questionnaires
such as the Behavioral Risk Factor Surveillance System
(BRFSS) survey [28]. Our data collection period of around 2
months is far more condensed than the BRFSS’s year-round
data collection. To our knowledge, we have collected the first
such publicly available seed data set for health information
seeking for non-Hispanic African American and Hispanic
populations.

Limitations
The principal limitation of this study is that despite a large
sample size and despite limiting data collection to African
American and Hispanic respondents, MTurk participants are
potentially demographically dissimilar in some ways to our app
user population. On average, MTurk workers are younger and
more educated than the general population and are likely more
technologically literate as demonstrated by their participation
as workers in a web-based marketplace. However, the majority
of our respondents did not have a 4-year or graduate degree. A
total of 756 (76%) respondents had only some college education
or less, which was similar to our intended app user group.
Studying the deployment of the HealthyMe/MiSalud RecSys
trained on these seed data will allow us to quantify to what
extent these demographic differences limited the applicability
of preventative health information provided by the personal
health app.

In our deployment, it is not imperative, however, that the seed
data perfectly match the intended app user population, since the
RecSys continues to “learn” iteratively as app users review and
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rate articles, further refining the recommendations that the
system makes. Importantly, in this way the limitation inherent
in crowdsourcing with MTurk does not pose a significant impact
on the development of a RecSys, and the benefits of
demographically similar (though not identical) seed data in
overcoming the cold start problem, scalability, and sparsity
likely exceed the limitations of training the RecSys with MTurk
data. Future evaluations and field tests of our RecSys will enable
us to quantify the utility of a crowdsourced population-specific
seeded RecSys versus a generically seeded RecSys or an
unseeded RecSys in returning user-rated relevancy of
personalized health content and improving user health
information-seeking behaviors in these populations.

Conclusion
Researchers have crowdsourcing options such as Amazon
MTurk, for quick, low-cost means to avoid the cold start
problem for algorithms and sidestep bias and low relevance for
an intended population of app users. Seeding a RecSys with
more population-relevant responses allows for the development
of a digital health tool that can recommend more relevant
information to users based on similar demography, health goals,
and health history. If made publicly available, the generation
of such seed data sets can also enable other researchers and
developers to more rapidly develop additional
population-specific solutions for health and health literacy. In
the long term, this approach may minimize potential initial gaps
in algorithm performance, allow quicker algorithm refinement,
and deliver a better user experience.

Conflicts of Interest
None declared.

References

1. Jacobi J, Benson E, Linden G. Personalized recommendations of items represented within a database. Google Patents. 2006.
URL: https://patents.google.com/patent/US7113917B2/en [accessed 2021-05-04]

2. Panch T, Pearson-Stuttard J, Greaves F, Atun R. Artificial intelligence: opportunities and risks for public health. Lancet
Digit Health 2019 May;1(1):e13-e14 [FREE Full text] [doi: 10.1016/S2589-7500(19)30002-0] [Medline: 33323236]

3. Stinson C. Algorithms are not neutral: bias in collaborative filtering. arXiv. Preprint posted online May 3, 2021 [FREE
Full text] [doi: 10.1007/s43681-022-00136-w]

4. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an algorithm used to manage the health of
populations. Science 2019 Oct 25;366(6464):447-453. [doi: 10.1126/science.aax2342] [Medline: 31649194]

5. Panch T, Mattie H, Atun R. Artificial intelligence and algorithmic bias: implications for health systems. J Glob Health 2019
Dec;9(2):020318 [FREE Full text] [doi: 10.7189/jogh.09.020318] [Medline: 31788229]

6. Lambrecht A, Tucker C. Algorithmic bias? An empirical study of apparent gender-based discrimination in the display of
stem career ads. Manage Sci 2019 Jul;65(7):2966-2981. [doi: 10.1287/mnsc.2018.3093]

7. Caliskan A, Bryson JJ, Narayanan A. Semantics derived automatically from language corpora contain human-like biases.
Science 2017 Apr 14;356(6334):183-186. [doi: 10.1126/science.aal4230] [Medline: 28408601]

8. Angwin J, Larson J, Mattu S, Kirchner L. Machine bias. ProPublica. URL: https://www.propublica.org/article/
machine-bias-risk-assessments-in-criminal-sentencing [accessed 2021-05-04]

9. Chouldechova A. Fair prediction with disparate impact: a study of bias in recidivism prediction instruments. Big Data 2017
Jun;5(2):153-163. [doi: 10.1089/big.2016.0047] [Medline: 28632438]

10. Birru M, Steinman RA. Online health information and low-literacy African Americans. J Med Internet Res 2004 Sep
03;6(3):e26 [FREE Full text] [doi: 10.2196/jmir.6.3.e26] [Medline: 15471752]

11. Kvasny L. Health portals and menu-driven identities. In: Medical Informatics: Concepts, Methodologies, Tools, and
Applications. Hershey, PA: IGI Global; 2009:1549-1557.

12. Rajkomar A, Hardt M, Howell MD, Corrado G, Chin MH. Ensuring Fairness in Machine Learning to Advance Health
Equity. Ann Intern Med 2018 Dec 18;169(12):866-872 [FREE Full text] [doi: 10.7326/M18-1990] [Medline: 30508424]

13. Baur C, Prue C. The CDC Clear Communication Index is a new evidence-based tool to prepare and review health information.
Health Promot Pract 2014 Sep 20;15(5):629-637. [doi: 10.1177/1524839914538969] [Medline: 24951489]

14. Quesenberry AC. Plain language for patient education. J Consum Health Internet 2017 Jun 12;21(2):209-215. [doi:
10.1080/15398285.2017.1311611]

15. Hou S. Health literacy online: a guide to writing and designing easy-to-use health web sites. Health Promot Pract 2012 Sep
03;13(5):577-580. [doi: 10.1177/1524839912446480] [Medline: 22763891]

16. Cheng W, Yin G, Dong Y, Dong H, Zhang W. Collaborative filtering recommendation on users' interest sequences. PLoS
One 2016 May 19;11(5):e0155739 [FREE Full text] [doi: 10.1371/journal.pone.0155739] [Medline: 27195787]

17. Lu J, Wu D, Mao M, Wang W, Zhang G. Recommender system application developments: a survey. Decis Support Syst
2015 Jun;74:12-32. [doi: 10.1016/j.dss.2015.03.008]

18. Agapito G, Simeoni M, Calabrese B, Caré I, Lamprinoudi T, Guzzi PH, et al. DIETOS: A dietary recommender system
for chronic diseases monitoring and management. Comput Methods Programs Biomed 2018 Jan;153:93-104. [doi:
10.1016/j.cmpb.2017.10.014] [Medline: 29157465]

J Med Internet Res 2022 | vol. 24 | iss. 6 | e30216 | p. 7https://www.jmir.org/2022/6/e30216
(page number not for citation purposes)

Sehgal et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://patents.google.com/patent/US7113917B2/en
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(19)30002-0
http://dx.doi.org/10.1016/S2589-7500(19)30002-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33323236&dopt=Abstract
http://arxiv.org/abs/2105.01031
http://arxiv.org/abs/2105.01031
http://dx.doi.org/10.1007/s43681-022-00136-w
http://dx.doi.org/10.1126/science.aax2342
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31649194&dopt=Abstract
https://doi.org/10.7189/jogh.09.020318
http://dx.doi.org/10.7189/jogh.09.020318
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31788229&dopt=Abstract
http://dx.doi.org/10.1287/mnsc.2018.3093
http://dx.doi.org/10.1126/science.aal4230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28408601&dopt=Abstract
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
http://dx.doi.org/10.1089/big.2016.0047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28632438&dopt=Abstract
https://www.jmir.org/2004/3/e26/
http://dx.doi.org/10.2196/jmir.6.3.e26
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15471752&dopt=Abstract
http://europepmc.org/abstract/MED/30508424
http://dx.doi.org/10.7326/M18-1990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30508424&dopt=Abstract
http://dx.doi.org/10.1177/1524839914538969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24951489&dopt=Abstract
http://dx.doi.org/10.1080/15398285.2017.1311611
http://dx.doi.org/10.1177/1524839912446480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22763891&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0155739
http://dx.doi.org/10.1371/journal.pone.0155739
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27195787&dopt=Abstract
http://dx.doi.org/10.1016/j.dss.2015.03.008
http://dx.doi.org/10.1016/j.cmpb.2017.10.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29157465&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Azadjalal MM, Moradi P, Abdollahpouri A, Jalili M. A trust-aware recommendation method based on Pareto dominance
and confidence concepts. Knowl Based Syst 2017 Jan;116:130-143. [doi: 10.1016/j.knosys.2016.10.025]

20. Massa P, Avesani P. Trust-aware recommender systems. In: Proceedings of the 2007 ACM conference on Recommender
Systems. 2007 Presented at: RecSys '07; Oct 19-20, 2007; Minneapolis, MN p. 17-24. [doi: 10.1145/1297231.1297235]

21. Buhrmester M, Kwang T, Gosling S. Amazon's Mechanical Turk: A new source of inexpensive, yet high-quality data? In:
Methodological Issues and Strategies in Clinical Research. Washington, DC: American Psychological Association;
2016:133-139.

22. Turner AM, Kirchhoff K, Capurro D. Using crowdsourcing technology for testing multilingual public health promotion
materials. J Med Internet Res 2012 Jun 04;14(3):e79 [FREE Full text] [doi: 10.2196/jmir.2063] [Medline: 22664384]

23. Fei-Fei L, Deng J, Li K. ImageNet: constructing a large-scale image database. J Vis 2009 Aug 01;9(8):1037-1037. [doi:
10.1167/9.8.1037]

24. Estellés-Arolas E, González-Ladrón-de-Guevara F. Towards an integrated crowdsourcing definition. J Inf Sci 2012 Mar
09;38(2):189-200. [doi: 10.1177/0165551512437638]

25. Mason W, Suri S. Conducting behavioral research on Amazon's Mechanical Turk. Behav Res Methods 2012 Mar;44(1):1-23.
[doi: 10.3758/s13428-011-0124-6] [Medline: 21717266]

26. Huff C, Tingley D. “Who are these people?” Evaluating the demographic characteristics and political preferences of MTurk
survey respondents. Research and Politics 2015 Sep 10;2(3) [FREE Full text] [doi: 10.1177/2053168015604648]

27. Burnham MJ, Le YK, Piedmont RL. Who is Mturk? Personal characteristics and sample consistency of these online workers.
Ment Health Relig Cult 2018 Jul 19;21(9-10):934-944. [doi: 10.1080/13674676.2018.1486394]

28. Costs to conduct BRFSS surveys. Utah Department of Health Center for Health Data and Informatics. 2018. URL: https:/
/le.utah.gov/interim/2018/pdf/00003907.pdf [accessed 2022-01-26]

Abbreviations
BRFSS: Behavioral Risk Factor Surveillance System
CDC: Centers for Disease Control and Prevention
HIT: Human Intelligence Task
mHealth: mobile health
MTurk: Amazon Mechanical Turk
RecSys: recommender system

Edited by G Eysenbach; submitted 05.05.21; peer-reviewed by S Nagavally, C Hudak; comments to author 28.09.21; revised version
received 31.01.22; accepted 07.03.22; published 21.06.22

Please cite as:
Sehgal NJ, Huang S, Johnson NM, Dickerson J, Jackson D, Baur C
The Benefits of Crowdsourcing to Seed and Align an Algorithm in an mHealth Intervention for African American and Hispanic Adults:
Survey Study
J Med Internet Res 2022;24(6):e30216
URL: https://www.jmir.org/2022/6/e30216
doi: 10.2196/30216
PMID:

©Neil Jay Sehgal, Shuo Huang, Neil Mason Johnson, John Dickerson, Devlon Jackson, Cynthia Baur. Originally published in
the Journal of Medical Internet Research (https://www.jmir.org), 21.06.2022. 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 2022 | vol. 24 | iss. 6 | e30216 | p. 8https://www.jmir.org/2022/6/e30216
(page number not for citation purposes)

Sehgal et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.knosys.2016.10.025
http://dx.doi.org/10.1145/1297231.1297235
http://www.jmir.org/2012/3/e79/
http://dx.doi.org/10.2196/jmir.2063
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22664384&dopt=Abstract
http://dx.doi.org/10.1167/9.8.1037
http://dx.doi.org/10.1177/0165551512437638
http://dx.doi.org/10.3758/s13428-011-0124-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21717266&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2053168015604648
http://dx.doi.org/10.1177/2053168015604648
http://dx.doi.org/10.1080/13674676.2018.1486394
https://le.utah.gov/interim/2018/pdf/00003907.pdf
https://le.utah.gov/interim/2018/pdf/00003907.pdf
https://www.jmir.org/2022/6/e30216
http://dx.doi.org/10.2196/30216
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/

