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Schoenfeld et al' have demonstrated support for the
importance of shared decisionmaking in settings in which
patients can participate in the decisionmaking process. In
summary, they performed a simulation study to examine
how 3 levels of shared decisionmaking—none, brief, and
thorough—affect the likelihood of patients’ seeking some
type of legal action for an adverse outcome resulting from
treatment in an emergency department. This unique study
used crowd-sourced simulation with nonphysician
respondents as the tool for evaluating the hypothesis that
increased shared decisionmaking, as opposed to no shared
decisionmaking, results in a lower likelihood of complaints
or litigation in the event of an adverse outcome. The
authors point out that approximately 75% of emergency
physicians will be named in a malpractice claim at some
time in their career. The study is unique for 3 reasons:
nonphysician respondents were used to evaluate actions of
physicians, respondents completed surveys according to
their assessments of clinical scenarios, and crowd sourcing
was the mechanism used for recruiting respondents and
conducting the survey.

This editorial is structured in the following manner: the
positioning of this study relative to current simulation
studies in medicine, an explanation of crowd sourcing and
its use in medical simulations, and a discussion of some
benefits, limitations, and concerns associated with crowd-
sourced simulations within the field of medicine.

Schoenfeld et al present a set of vignettes, which are
short, focused narratives. Properly designed vignettes draw
participants into the portrayed scenarios and stimulate
realistic decisions and responses. Previous studies have
shown that simulations based on vignettes yield results

nearly equivalent to those performed with standardized
patients.”” Simulations using standardized patients are
limited by the number of patients who can be recruited;
however, a vignette, once developed, has no marginal cost
and thus few constraints on its use. Internet-enabled
vignettes can be widely disseminated in written or
multimedia format.

Most simulation studies focus on the physician as the
decisionmaker. Recently, with increased emphasis on
patient-centered care, simulation studies have evaluated
patient behavior in the context of shared decisionmaking,
including examination of patients” desires in the contexts of
major surgeries and illnesses requiring inpatient care.” For
instance, McKinstry” found that patients’ preferences for
shared decisionmaking was a function of the presenting
problem, age, smoking status, and social class. Schoenfeld
et al add to this stream of research by using crowd sourcing
through an online labor market for performing a shared
decisionmaking vignette—based simulation.

Crowd sourcing is the process of outsourcing a task,
typically using Internet-enabled technology, to a
distributed group of independent workers (the crowd) for a
financial reward.® It is an efficient means for accomplishing
a human intelligence task (ie, a task that computers are
incapable of doing). Companies such as Amazon,
Clickworker, and Toluna provide platforms for crowd-
sourcing tasks. These platforms manage the recruitment of
workers, collection of completed work, and payment for
work. In the current study, the authors chose Amazon
Mechanical Turk (MTurk; https://www.mturk.com/) as
their crowd-sourcing platform for administering the survey
used in the study. Researchers perform a power calculation
to determine sample size and so establish the number of
respondents who will be accepted for crowd-sourced work.
Crowd-sourcing platforms allow researchers to specify the
amount respondents will be paid, screen candidates for
suitable characteristics for inclusion in a study, and review

Volume 74, No. 1 : July 2019

Annals of Emergency Medicine 137


mailto:gregory.ramsey@morgan.edu
https://doi.org/10.1016/j.annemergmed.2019.03.003
http://annemergmed.com/content/podcast
http://www.annemergmed.com
https://www.mturk.com/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.annemergmed.2019.03.003&domain=pdf

Simulation, Selection, and Mechanical Turk

Ramsey

responses before accepting them. The fact that responses
can be reviewed suggests that researcher-developed
procedural controls need to be put in place to prevent
biasing of results by arbitrary rejection of surveys (https://
blog.mturk.com/tutorial-reconciling-worker-responses-
280c96f1a696). MTurk provides an effective way to deliver
vignettes in a randomized manner.

Medical researchers are taking advantage of easy access
to large pools of people who complete surveys in exchange
for payment.”® T shall examine these opportunities with
respect to MTurk. MTurk provides access to a participant
pool of greater than 100,000 respondents.” The MTurk
participant pool is more diverse than the typical
undergraduate population'’ frequently used as study
participants and more diverse than samples used in
Internet-based, laboratory, or field experiments.11 Indeed,
for a study looking to survey individuals who may not be
medically oriented, the online approach provides
researchers access to a population who might otherwise be
challenging and expensive to reach. Additionally, the level
of attentiveness and multi-item scale reliabilities of study
respondents are higher for MTurk compared with that for
student samples'’; recruiting study participants is faster
than using direct recruitment methods,'” and although
compensation rates affect willingness to participate, they do
not affect data quality. Horton et al'* have shown that
behavioral experiments conducted with online labor
markets have internal and external validity comparable to
that obtained with laboratory and field experiments. Data
obtained with MTurk have been shown to be as reliable as
data captured through direct population sampling through
the Internet.'’ Finally, MTurk facilitates recruitment,
payment, and data collection, allowing researchers to
complete studies faster but with less access to respondents
to verify information.®

So how is crowd sourcing relevant to emergency
medicine? As Schoenfeld et al have demonstrated, it
provides a potent means for conducting patient-centered
research on topics of concern to the practice of emergency
medicine. Their approach can be extended by making the
vignettes richer, with animation, recorded actor
portrayals, or adaptive delivery of material based on
participants’ responses during the completion of surveys.
By shortening the research time through crowd sourcing,
this approach may speed translation of behavioral research
to practice.

Simulations like the one performed in this study also
help formulate a theory of shared decisionmaking. Such a
theory, cast as cognitive computational models, can be used
to predict actions taken by decision agents, including
physicians and patients.'®'” By explicitly defining the

cognitive processes associated with shared decisionmaking,
the effects of changing inputs, such as the amount and type
of information shared or the degree of equipping patients to
make decisions, can be used to predict how outputs of the
model will change. Ultimately, these computational models
can be executed as computer programs and experiments can
be conducted on a broad range of model inputs. Such
insights into cognitive processes can potentially influence
behavior, possibly through directed training or policies.

A hypothetical example of a shared decisionmaking
computational model is one that receives inputs of patient
condition, key words spoken by the patient and physician,
outcome of treatment, and number of related treatment
encounters. An algorithm derived from a combination of
theory and data from previous patient-physician
interactions then generates the expected probability that the
patient will seek legal action. Possible outgrowths of this
type of model include more accurate risk management
planning and mitigation of risky interactions through staff
training,

The work by Schoenfeld et al suggests that in the
conditions covered by the vignettes, shared decisionmaking
may lead to fewer complaints and lawsuits. This conclusion
may break down on account of personal dynamics and
communication. Actual narratives involve emotions that
interfere with providers and patients rationally engaging in
shared decisionmaking.'®”" In bedside discussion, trust,
rapport, and interactive dynamics play significant roles.”' **
With fixed vignettes, the use of more words to explain
options to a patient reflects increasing levels of shared
decisionmaking. This simplification essential to the
research may constrain the human dynamics found in
choice of words, timing of statements, and tonality, all of
which likely color the effectiveness of shared
decisionmaking,”’

Possible limitations to extending the conclusions include
the inability to generalize the findings to additional
scenarios in which shared decisionmaking may seem
appropriate and biases among simulation participants such
that smaller subpopulations are neither represented nor
captured. This latter limitation is worth discussing further
to highlight potential dangers in not accounting for
subpopulations. The applicability or most appropriate
approach to shared decisionmaking may be related to
socioeconomics, culture, education, or race. If groups are
not suitably represented as study participants, the ability to
generalize to these groups may be impaired. Aside from bias
in interpretation, a potentially more pernicious issue relates
to algorithms that are developed as part of translating
research findings to the clinical realm. The introduction of
algorithmic bias, based on unrecognized initial sampling
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bias, may ultimately disenfranchise subgroups and minority
populations. Identifying potential sources of bias during
study design can prevent its occurrence.”””® If a known
demographic profile needs to be achieved, it is possible on a
crowd-sourcing platform to structure recruitment to meet
the desired profile.”

In practical terms, the simulation study performed by
Schoenfeld et al further supports the importance and
potential protections and benefits of shared
decisionmaking. From this study, it appears that the risks
associated with shared decisionmaking are low and the
potential benefits great. So, too, with appropriate attention
to design, recruitment, and bias, may be the potential for
crowd-sourced behavioral research in medicine.
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