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Abstract

Medical crowdsourcing offers hope to patients who suffer from complex health conditions that are
difficult to diagnose. Such crowdsourcing platforms empower patients to harness the “wisdom of the
crowd” by providing access to a vast pool of diverse medical knowledge. Greater participation in
crowdsourcing increases the likelihood of encountering a correct solution. However, more
participation also leads to increased “noise,” which makes identifying the most likely solution from
a broader pool of recommendations (i.e., diagnostic suggestions) difficult. The challenge for medical
crowdsourcing platforms is to increase participation of both patients and solution providers, while
simultaneously increasing the efficacy and accuracy of solutions. The primary objectives of this
study are: (1) to investigate means to enhance the solution pool by increasing participation of solution
providers referred to as “medical detectives” or “detectives,” and (2) to explore ways of selecting the
most likely diagnosis from a set of alternative possibilities recommended by medical detectives. Our
results suggest that our strategy of using multiple methods for evaluating recommendations by
detectives leads to better predictions. Furthermore, cases with higher perceived quality and more
negative emotional tones (e.g., sadness, fear, and anger) attract more detectives. Our findings have
strong implications for research and practice.
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issues (Fox & Duggan, 2013b). Prior studies have

1 Introduction

The use of the Internet as a healthcare information
resource has dramatically increased in recent years
(Goonawardene & Tan, 2013; Kordzadeh & Warren,
2017). A survey by the Pew Research Center (2012)
found that 72% percent of US adult internet users
sought health information online (Fox & Duggan,
2013a). Furthermore, one in four adults reported
appealing to others who had experienced similar health

identified two primary types of online health
communities, namely, peer-to-peer (P2P) and patient-
to-doctor (P2D) (Peng, Sun, Zhao, & Xu, 2015). P2P
health communities (e.g., PatientsLikeMe) are peer
support groups that facilitate interaction among
patients so that they can share their experiences and
provide emotional support to one another (Peng et al.,
2015), while P2D communities allow patients to access
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medical advice from healthcare professionals (e.g.,
Healthtap).

Interestingly, medical crowdsourcing platforms are
another type of health community whereby
information  technology (IT) enables socially
connected “crowds” to offer diagnostic suggestions to
patients who suffer from chronic and perplexing
ailments that are difficult to diagnose. In such
platforms, the “wisdom of crowds” effect is facilitated
by collaboration among patients and physicians who
share similar health interests. Medical crowdsourcing
communities, such as CrowdMed, provide emergent
solutions?! to health problems that have long defied
diagnosis. Therefore, patients with chronic illnesses
turn to such platforms in the hopes that the collective
expertise and experience offered will provide an
explanation and/or prognosis for medical conditions
that have caused them prolonged pain and suffering
(Sen & Ghosh, 2017). On these platforms, interactions
occur between “detectives,” who are typically medical
practitioners or experienced patients, and “seekers,”
who are patients with chronic and puzzling medical
conditions. While the body of literature on medical
crowdsourcing (Prpi¢, 2015) is increasing, there is
little empirical research on factors that influence
detective participation or on the methods used to
identify the most likely diagnosis from multiple user
suggestions.

Crowdsourcing has been successfully used in clinical
and epidemiology research for a variety of purposes,
such as finding the structure of a protein molecule
(Savage, 2012), examining disease through image
analysis (e.qg., identifying signs of diabetic retinopathy
in eye images), estimating flu prevalence and
propagation (Meyer, Longhurst, & Singh, 2016),
identifying populations at risk for cancer, and
predicting West Nile virus in mosquitos (Kaggle.com).
An example is the overnight diagnosis by CrowdMed
medical detectives of a young boy’s extremely rare
medical condition (PANDAS) 2 that had puzzled
physicians for months (Arnold, 2014). With a few
notable exceptions (e.g., Sen & Ghosh, 2017), there is
a dearth of empirical studies on crowdsourced medical
platforms in the IS literature.

It has been demonstrated in the crowdsourcing
literature that the likelihood of at least one of the
solvers finding an extreme value solution increases as
the number of solvers grows (Boudreau, Lacetera, &
Lakhani, 2011). These extreme values are particularly
important when the problem is highly uncertain
(Boudreau et al., 2011), as is often the case with rare
medical conditions. While a larger pool of solvers
(detectives) can yield more potential solutions

1In the context of this paper, we refer to solutions as
diagnostic suggestions provided by detectives
2See rare diseases list (https://globalgenes.org/rarelist/)
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(diagnoses), it also makes the process of eliminating
poor solutions and selecting the correct diagnosis more
challenging for both patients and platform providers.
Therefore, medical crowdsourcing platform providers
are challenged to identify ways to increase
participation of solvers and seekers, while at the same
time improving the quality of the potential solutions
identified by the solvers. Our study addresses this
important challenge by answering the following
research questions:

RQ1: What factors influence the number of medical
detectives who engage with a patient’s case?

Specifically, we show that in addition to key factors
identified in the crowdsourcing literature such as
monetary compensation and duration of case, the
detectives’ perceptions of the quality and emotional
tones (e.g., fear, sadness and anger) of the case also
affect the number of potential diagnostic suggestions.

RQ2: How can we improve the process of selecting the
correct diagnosis from a list of alternative
medical recommendations made by the crowd?

Specifically, we utilize data analytics and clustering
techniques to improve upon the existing algorithm for
ranking the recommendations of the detectives.

We use data from CrowdMed, an online medical
crowdsourcing platform on which patients with rare
chronic conditions seek advice from both experienced
patients and trained clinicians. Not surprisingly, our
findings indicate that monetary “rewards” offered by
patients on this site as well as duration of the illness
increase participation. Interestingly, we also found that
the sentimentality of the case in terms of its emotional
tone and the perceived quality of the case has a
significant impact on drawing solvers to the case. For
example, high-quality cases with negative emotional
tones (e.g., anger, fear, and sadness) induce more
detectives to participate in solving the case. However,
as noted earlier, the efficacy of finding the right
diagnosis is negatively impacted by the number of
potential solutions, as there is a greater likelihood of
noise and/or false positives in the pool of proposed
solutions. Currently, the platform uses a prediction
market algorithm? to rank potential solutions using
input from the community. Our results suggest that the
accuracy of a diagnosis can be further improved by
integrating the current prediction market algorithm
with insights from textual analysis of symptoms
obtained from both solvers’ interactions with the
patient (i.e., from discussion forums) and an external
crowd such as Wikipedia.

3 This is a point system where “medical detectives assign
points to indicate their confidence in the suggestions offered
to a case” (https://www.crowdmed.com/fags)
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Our study makes important contributions to the scarce
body of empirical research in medical crowdsourcing.
First, it uses a unique dataset to provide an
understanding of the various factors that impact the
number of medical detectives who participate in a case.
Second, our findings offer medical crowdsourcing
platform providers insights into how they can improve
the process of selecting the correct diagnosis. Thus, our
study furthers the understanding of emerging
phenomena such as crowdsourcing in the healthcare
domain.

The remainder of this paper is organized as follows.
The next section reviews the literature related to this
study, which is followed by a description of our
research model and justification for the hypotheses that
emerge from it. Subsequently, we describe our
methodology, and then present the findings of our
analysis. Finally, the concluding section discusses the
theoretical and managerial implications as well as the
limitations of our study, followed by directions for
future research.

2 Background and Literature
Review

In any crowdsourcing model, the crowd plays an
important role in the decision-making process by
helping to solve problems that are difficult for decision
makers. Chiu, Liang, & Turban (2014) adopted
Herbert Simon’s decision process model to explain
how crowds can be involved in different phases of the
decision making process, such as intelligence (e.g.,
information  gathering/sharing),  design  (e.g.,
generation of alternative solutions), and choice (e.g.,
evaluation through crowd voting). On the CrowdMed
platform we investigated, patients provide much of the
information (e.g., the symptoms) pertinent to the
medical problem, and the detectives’ (i.e., crowd’s)
involvement in the intelligence phase was limited to
possibly gathering additional information or seeking
clarifications through the discussion forum. However,
the crowd was involved to a greater degree in the
design and choice phases of the decision-making
process.

As in many crowdsourcing models, three parties are
involved in online medical crowdsourcing
communities such as CrowdMed: (1) the patient (also
referred to as a seeker) who is looking for a solution to
a medical problem, (2) medical detectives or solvers
who provide plausible solutions to seekers’ medical
problems, and (3) the platform that facilitates the
interaction between seekers and solvers. Seekers may
be willing to offer financial compensation to
incentivize the detectives to find a solution to their
health-related problems. With the recent rise in online
medical crowdsourcing communities, the number of
patients using these platforms to seek medical

information and emotional support has steadily
increased. For instance, Yan, Tan, Yan, and Sun
(2012) showed that patients are more likely to turn to
other patients with similar health issues to learn and
understand their problems and to identify effective
coping mechanisms.

Crowds in these communities include experts (e.g.,
physicians, nurses, medical researchers) in the field as
well as novices (e.g., patients, regular people). While
the “wisdom of the crowd” phenomenon has the
potential to expeditiously resolve longstanding
medical conditions that have defied explanation, it
presents some serious challenges in terms of filtering
and evaluating multiple recommendations in order to
identify the correct diagnosis. Sen & Ghosh (2017, p.
3294) note that ‘“crowdsourcing systems should
embrace tools that provide filtering mechanisms to
identify high-quality inputs from the crowd, aggregate
them for evaluation, and ‘purge’ erroneous
contributions.” This implies that the role of platform
providers should extend beyond simple facilitation of
interactions among participants and include evaluation
and identification of high-quality inputs. In this regard,
information technology has the potential to aid
platform providers in developing and implementing
mechanisms to help seekers find better solutions.

The following subsection provides background
information for an algorithm that was developed to
assess the quality of detectives’ recommendations.
This is followed by a review of the literature on
emotions that will serve as the conceptual foundation
for our research model and hypotheses.

2.1 Solution Evaluation Process

Several crowdsourcing platforms, such as Threadless,
use the same crowd to both generate and evaluate
solutions (Bao, Sakamoto, & Nickerson, 2011;
Malone, Laubacher, & Dellarocas, 2009; O’Leary,
2016). On such platforms, voting is the primary
mechanism of evaluation and the crowd votes up high-
value solutions and/or votes down low-value solutions
(Buettner, 2015). Some platforms have sophisticated
algorithms (e.g., CrowdMed’s prediction market
algorithm) that consider the expertise and
qualifications of evaluators in order to identify the
potential value of solutions. Bao et al. (2011) compare
the effectiveness of two different evaluation
mechanisms: prediction voting and Likert-type scale
rating. They showed that prediction voting helps to
eliminate low-fit solutions in the early stages, while
Likert-type scale is more appropriate at later stages
when the system is more mature. Some crowdsourcing
platforms that specialize in data science projects (e.g.,
Kaggle) use validation data sets to test the prediction
accuracy of solutions provided by the crowd. Walter &
Back (2013) presented a text-mining-based approach
to identify clusters that help segment and filter out low-
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value ideas received from the crowd. They argued that
smaller clusters that contain fewer submissions (up to
three) represent the most innovative ideas. Blohm,
Riedl, Fuller, and Leimeister (2016) developed an
experimental method using rating-scale and
preference-markets mechanisms to compare the value
of ideas evaluated. The rating scale mechanism of idea
evaluation led to higher accuracy when compared with
the preference-market mechanism (Blohm, Riedl,
Leimeister, & Krcmar, 2011). Graph theoretic,
semantic deferential, bootstrapping, and probability
are some of the other approaches that have been used
to evaluate outcomes of crowd-workers (Buettner,
2015). In this paper, we employ a relatively novel
approach to assess the quality of recommendations
made by detectives. Specifically, we investigate
whether the combination of multiple evaluation
methods involving text clustering and prediction
market algorithms, as well as the pooling of knowledge
from internal and external crowds (i.e., Wikipedia),
can improve the effectiveness of the evaluation
mechanism.

2.2 Message Characteristics (Emotional
Tone and Quality)

The findings of prior studies in crowdsourcing suggest
that platform or project design characteristics, such as
compensation structure, contest duration, and project
complexity, impact the number of solvers who
participate in a contest (Yang, Chen, & Pavlou, 2009;
Zheng, Li, & Hou, 2011) as well as the quality of the
solution (Archak, 2010). However, to the best of our
knowledge, none of these studies have paid much
attention to the effect of tone or sentiments in problem
specifications. In contrast to crowdsourcing platforms
in other areas, medical crowdsourcing communities
have a distinct sentimental element, since the health
and often the lives of patients are at stake. Patients with
serious medical conditions (e.g., cancer patients) often
experience strong negative emotions such as fear,
sadness, and anxiety (Kennifer et al., 2009). Such
patients feel a sense of relief in expressing their
emotional distress to their healthcare providers, often
eliciting an empathic response from them (Alexander
etal., 2014).

Emotion refers to “a mental state of readiness that
arises from cognitive appraisals of events or thoughts”
(Bagozzi, Gopinath, & Nyer, 1999 p. 184). It can be
either negative or positive. Researchers have argued
that negative information is processed more
thoroughly than positive information and that negative
emotions have a stronger impact than positive ones
(Baumeister et al., 2001). Indeed, (Lazarus, Kanner, &
Folkman, 1980, p. 190) note that “negatively toned

4This is reminiscent of the phrase, “bad is stronger than
good,” which appears to be a recurring theme in the
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emotions such as fear, anxiety, anger, guilt, and
sadness-depression” overwhelmingly dominate the
research on emotions in the psychology literature.* In
medical crowdsourcing communities, patients’
emotions are expressed through the tone of their online
messages. Therefore, the way a case is framed (e.g., the
quality and tone of the case description) could impact
the number of detectives who choose to engage in
providing viable solutions to a patient’s problems.
Beyond the general positive or negative tone of a
message, specific affective content can play a role in
how medical detectives select cases to engage with. A
survey of the extant literature in medical
crowdsourcing suggests that the role of emotion in
attracting participants is underresearched. In the
attempt to fill this gap, our study draws on the
longstanding research on emotions to explore the
effect of distinct negative emotions on detectives’
choice of cases in medical crowdsourcing.

Batson et al. (1989) addressed an important question
that is not only pertinent but also central to our
hypotheses related to prosocial behaviors associated
with negative emotions such as sadness and anger.
Specifically, they posed the following question: “Does
feeling empathy for a suffering person evoke altruistic
motivation?” (Baston et al., 1989, p. 922). Their study
as well as several others have affirmed the empathy-
altruism hypothesis, which suggests that the altruistic
desire to alleviate the suffering of others motivates
empathic individuals to render help (e.g., Batson,
Duncan, Ackerman, Buckley, & Birch, 1981; Batson,
O’Quin, Fultz, Vanderplas, & Isen, 1983; Batson et al.,
1988; Toi & Batson, 1982). However, Cialdini et al.
(1987) have argued that the willingness to help stems
not from altruism but from an egoistic motive to dispel
the depressed mood (i.e., negative state) brought about
by someone else’s emotional distress. This is referred
to as negative-state relief hypothesis. Despite their
differing views on why empathy elicits helping
behavior, both these perspectives are pertinent to our
discussions because they support our proposition that
negatively toned emotions are likely to be associated
with prosocial behaviors.

2.2.1 Theoretical Perspectives on Emotions

Broadly speaking, emotions have been examined using
either a dimensional framework or a discrete emotions
model (Barrett, 1998). Typically, the former attempts
to map all emotions on to a two-dimensional space
depending on the extent to which they vary on two
qualities that are widely acknowledged to be
associated with affect, namely, valence and arousal
(Yin, Bond, & Zhang, 2014). According to Barrett
(1998, p.580), “Valence is a subjective feeling of

psychology literature (Baumeister, Bratslavsky, Finkenauer,
& Vohs, 2001)
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pleasantness or unpleasantness; arousal is a subjective
state of feeling activated or deactivated.” The discrete
emotions model, on the other hand, views emotions
(e.g., anger, sadness, happiness) as ‘“unique
experiential states that stem from distinct causes (e.g.
lzard, 1977)” (Barrett, 1998, p. 581). One of the
shortcomings of the dimensional model is that
emotions that exhibit similar valence and arousal may
nevertheless elicit different behaviors, as they may
“involve distinct phenomenology” (Yin et al., 2014, p.
542).

The cognitive appraisal theory of emotions (see
Lazarus et al., 1980) argues that affect and cognition
are intertwined, with a cognitive appraisal or
evaluation of the stimulus event and the environment
in which it occurs being a precursor of the evoked
emotion. Thus, an individual’s reactions to a stimulus
(i.e., the behavior and the effect arising therefrom) are
a consequence of the interdependence between affect
and underlying cognitive processes. According to
(Lazarus et al., 1980, p.189), “cognitive processes
shape the quality and intensity of a given emotional
response.” Plutchik (1980) articulates a framework
that attempts to capture the interplay among the
stimulus event in the environment, the cognitive
processes at work, and the emotion that manifests. In
this framework, the emotion that guides individual
adaptation and behavior in response to a stimulus is
represented as a “complex chain of reactions”
(Plutchik, 1980, p. 12). The feeling (e.qg., fear, sadness)

—what is normally referred to as an emotion—induced
in an individual by a stimulus in the environment is
mediated by a cognitive evaluation that determines
whether the situation is likely to be advantageous or
disadvantageous (e.g., perilous or safe, harmful, or
beneficial). As a consequence of this feeling, the
individual exhibits a suitable behavior (e.g., runs to
avoid danger or cries because of bereavement) that
presumably has a desired effect (e.g., avoidance of the
threat or receiving social support/help to overcome
grief). Smith and Pope (1992) have expressed similar
views in their review of the appraisal theory of
emotions. Table 1 summarizes this sequence of steps.

On CrowdMed, the platform of interest in our study,
medical detectives are presented with descriptions of
symptoms written by patients who have been suffering
from a chronic illness, often for a protracted period.
Based on our preceding discussions, it is reasonable to
expect the emotional tones derived from linguistics
features of the textual account of the symptoms to
affect the detective. The stimulus event, in this case, is
the written description of symptoms. This may be
cognitively interpreted by a detective as “suffering,”
leading to a feeling (i.e., emotion) of sadness. This
feeling of sadness elicits an appropriate response (e.g.,
attempting to diagnose the ailment) that may
eventually result in the desired effect of alleviating or
eliminating the pain and suffering that the patient has
long endured. The preceding discussions provide the
conceptual backdrop for our research model.

Table 1. The Sequence of Events Related to the Development of an Emotion (Plutchik, 1980, p. 11)

Stimulus Event | =2 Cognition =2

Feeling - Behavior = Effect

Threat by enemy | 2 Danger -

Fear - Run - Protection

Loss of parent = Isolation =2

Sadness = Cry for help | = Assistance

3 Research Model

The success of our model is predicated on the
assumption that a larger and perhaps more diverse pool
of knowledge leads to more solutions that have high
value for a seeker. This is suggested by previous
literature (for example, Boudreau et al., 2011).
Inevitably, a larger pool of knowledge implies greater
noise in the data because of a larger number of low-
value solutions. Therefore, it is useful for medical
crowdsourcing platforms (e.g., CrowdMed) to search
for ways to improve the filtering and evaluating
mechanisms employed, so that they can provide high-
value solutions. Our study explores ways to both (1)
attract more medical detectives to participate in a case,
and (2) evolve an approach to quickly sift through
alternatives and identify high-value solutions.

Our research model has two parts. First, we investigate
factors that might influence medical detectives’
decisions to participate in a patient’s case. Second, we
explore how to improve the process of evaluating and
selecting high-quality diagnostic suggestions provided
by medical detectives.

3.1 Number of Detectives

The ability to attract more detectives is paramount for
medical crowdsourcing platforms that exist for the
express purpose of providing correct diagnoses of rare
medical conditions. It is important to note that on
CrowdMed, the medical crowdsourcing platform that
we analyze, patients do not engage in face-to-face
conversations with potential detectives. Instead, their
primary communication is posting a description of
their symptoms on the platform. Thus, patients’ ability
to lucidly describe their medical condition, as well as
the tone that they use to frame their case, can impact
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the number of detectives who endeavor to solve the
case. Therefore, framing a case in a way that attracts
the attention of many detectives is crucial.

According to the limited capacity theory, attention is
mainly controlled by two factors: the member (i.e.,
detective) and the characteristics of the message (i.e.,
case description) (Bolls et al., 2001; Lang, 2000). In
this study, we focus on the characteristics of the
message since information about the detectives is not
directly available. Specifically, detectives can
purposefully select cases based on their interests (e.g.,
background and “rewards”), or can be persuaded to
participate by an affective state evoked by emotional
tones latent in a particular case description (Bolls et al.,
2001; Lang, 2000). Prior studies have provided
overwhelming evidence that negative emotional tones
get more attention than positive ones (Bolls et al.,
2001; Lang, 1995). This also conforms to the argument
that “humans are...hardwired to allocate more
attention to negative stimuli” (Bolls et al., 2001, p.
635). Recent literature supports the view that tone is
more than simple positivity or negativity; each distinct
emotion with the same valence plays a different role
(Yin et al., 2014). For example, an experiment
conducted in a cancer care setting showed that
oncologists are more responsive when patients express
intense negative emotions such as sadness (Kennifer et
al., 2009). The study also found that oncologists
respond with greater empathy to sadness than to fear
(Kennifer et al., 2009).

Yin et al. (2014) support the view that emotional tones
(e.g., sadness, anger, and fear) are more nuanced than
just valence (positivity or negativity) and that
assessing their effects independently may be
appropriate. The three discrete emotions used in this
study—namely, sadness, anger, and fear—belong to a
set of basic negative emotions that people experience
in everyday life (Shaver, Schwartz, Kirson, &
O’connor, 1987). In the context of our study, it is
perhaps then reasonable to assume that symptoms
described by patients with chronic health problems are
laden with these negatively toned emotions

The marketing literature is replete with studies that
have examined the role of emotions in predicting
consumer behavior (de Hooge, 2014). For example,
Bagozzi and Moore (1994) demonstrated that negative
emotions such as anger, sadness, fear, and tension
elicited by child abuse advertisements are all positively
associated with the desire to help abused children. In a
similar vein, Burt and Strongman (2005) found that
negative emotions embedded in images used in charity
advertising were positively associated with greater
contributions in terms of money, the number of items,
and time. A brain imaging study by FeldmanHall,
Dalgleish, Evans, and Mobbs (2015) also suggests that
altruistic prosocial behavior is motivated by empathic
concern for others rather than by an egoistic desire to
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alleviate one’s own distress or negative state caused by
the suffering experienced by others. As mentioned in
the literature review section, there are a number of
studies that use either the empathy-altruism hypothesis
(e.g., Batson et al., 1981; Batson et al., 1983; Batson et
al., 1988; Toi & Batson, 1982) or the negative-state
relief hypothesis (Cialdini et al., 1987; Schaller &
Cialdini, 1988) to provide a rationale for the positive
influence that negative emotions have on prosocial
behaviors.

Based on the preceding discussions, we hypothesize:

H1: The negative emotional tone expressed in a
patient’s case is positively associated with the
number of medical detectives who participate
in the case.

Hla: The sadness expressed in a patient’s case is
positively associated with the number of
medical detectives who participate in the case.

H1lb: The anger expressed in a patient’s case is
positively associated with the number of
medical detectives who participate in the case.

Hlc: The fear expressed in a patient’s case is
positively associated with the number of
medical detectives who participate in the case.

Based on their interest in solving strangers’ rare
medical cases, it may be assumed that detectives are
likely to engage in critical thinking and have high
needs for cognition. Such people may be significantly
influenced by the quality of the message presented
(Wilson, 2007). In the healthcare domain, effective
case presentation plays an important role, and is
identified as an essential skill for healthcare
practitioners. A case presentation typically includes
the history of the relevant illness as well as an
explanation of the various diagnostic results. In
CrowdMed, patients present their cases to medical
detectives by themselves. The platform allows them to
populate fields providing relevant information, such as
their demographics, symptom details, current
medications, problems categorized by specific body
systems, personal medical history, family medical
history, personal lifestyle, and any available secondary
or partial diagnoses. A detective’s perception
regarding the quality of a case will be affected by how
effectively patients present this information. The
perceived quality of the case, in turn, is likely to
influence whether or not a detective will choose to
participate in the case. Thus, we hypothesize:

H2: Perceived quality of a case is positively related to
the number of detectives who participate in the
case.

In addition to the preceding factors, monetary
compensation and duration (i.e., the length of time the
case has been on CrowdMed) could also influence how



Journal of the Association for Information Systems

many detectives choose to participate in a case. Yang
et al. (2009) found duration and compensation to have
a positive relationship with the number of detectives
participating in a case in the context of online
competitions; however, these relationships have not
been investigated in the context of medical
crowdsourcing (Meyer et al., 2016). According to
Ariely et al. (2009), the propensity to engage in
prosocial behavior (e.g., contributing money or
donating blood) may be due to intrinsic, extrinsic, or
image motivation. For example, Zheng et al. (2011)
found extrinsic motivation in the form of monetary
compensation to be positively related to solvers’
participation intentions. Higher “rewards” not only
provide extrinsic motivation but they also compensate
detectives for their time. Thus, cases offering
substantial rewards are likely to attract more
detectives. Similarly, just as long duration auctions
attract more bids, prolonged medical cases that remain
open and unsolved for longer periods of time are also
likely to attract more detectives. (Yang et al., 2009).
Thus, we hypothesize:

H3: The monetary compensation offered by a case is
positively associated with the number of
detectives who participate in the case.

H4: The duration of a case is positively associated with
the number of detectives who participate in the
case.

Number of Detectives;

= ay+ ay Anger; + a, Fear; + a; Sadness;
+ a, Quality; + as Reward; + a4 Duration;
+ a, Description_Length;

+ ag Symptoms_Began; + §; + ¢; @8]

where: i denotes cases; ax (k=0...8) represents the
coefficients of the variables; and ¢; denotes the
package dummies, which are included to control for
the effect of the package purchased. Details of
available packages and other control variables (e.g.,
Description_Length, Symptoms_Began) are discussed
in the variable definitions section.

3.2 Evaluation Process (Selecting the
Correct Diagnosis)

Detectives on CrowdMed select cases of interest to
them among the cases posted by chronically ill patients
and offer their recommendations or potential solutions.
CrowdMed uses a patented prediction market
algorithm that relies on a weighted voting system to
find the most probable solution among detectives’
suggestions (Crocker, 2015). This algorithm ranks
solutions by assigning points to them based on
“relative popularity.” Weighted voting by a large pool
of experts helps eliminate noisy solutions and makes
this prediction market algorithm stable (Mozolyako &
Osipov, 2015). As per CrowdMed, detective expertise

and information about past performance are taken into
account when determining rankings for solutions
provided. CrowdMed’s prediction market algorithm is
proprietary and is not available to the public.

In crowdsourcing, it has been shown that pooling
knowledge from multiple individuals enhances the
likelihood of finding an unusual solution (Boudreau et
al.,, 2011). Likewise, it may be argued that the
integration of diverse knowledge from multiple
sources (i.e., wisdom of crowds) increases the
likelihood of finding solutions to complex problems.
Furthermore, integrating multiple recommendations
made by crowds enhances the creativity of solutions,
as the pool of knowledge is more diverse and is likely
to cover the solution space to a greater degree.
Therefore, in this study we combine multiple methods
in order to improve outcomes. Specifically, we use a
clustering method to identify a group of solutions that
are closer to the problem at hand. This helps to identify
and filter out low-fit solutions. The prediction market
algorithm is then used to re-rank the solutions within
the clusters, thus enhancing the effectiveness of the
evaluation method (see Figure 1). Thus, we argue that
integration of knowledge from multiple crowds and the
use of multiple evaluation techniques (text clustering
along with CrowdMed’s prediction market algorithm)
will yield more accurate outcomes than CrowdMed’s
ranking algorithm alone.

Figure 1 explains the process using a sample case.
Column 1 shows the original rankings of potential
diagnoses recommended by the crowd. These rankings
were based on CrowdMed’s prediction market
algorithm. As per Column 1 rankings, the best
diagnosis (i.e., the one eventually selected by the
patient) is ranked sixteenth. Columns 2 and 3 explain
the two-step process we used in our study to improve
on the rankings.

For each recommended diagnosis, we gathered
symptom information (in the form of text) from an
external source (i.e., Wikipedia) provided by the
solver. This text was then combined with discussions
about the diagnosis, if there were any. Thus, there were
as many textual descriptions of symptoms as there
were detective recommendations (a total of 19 in the
example shown in Figure 1). These texts, along with
the original description of symptoms provided by the
patient, were then subjected to agglomerative
hierarchical clustering using cosine distances.

The cluster analysis program yielded two broad
clusters, one of which contained the original symptoms
submitted by the patient. In our example, Cluster 1
contains the original case. The recommended
diagnoses in Cluster 1 are likely to be more accurate
than those that appear in Cluster 2 because the
symptoms associated with them (i.e., diagnoses in
Cluster 1) better mirror the original symptoms
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provided by the patient. We then used the prediction
market algorithm rankings shown in Column 1 to re-
rank the recommended diagnoses within each cluster,
ensuring that the ones within the same cluster as the
original case (i.e., Cluster 1 in our example) were
ranked higher than those appearing in the other cluster.

In our example, among all the recommended diagnoses
in Cluster 1, Diagnosis 4 was ranked the highest by
CrowdMed’s prediction market algorithm (see
Column 1) and was therefore deemed to be the most
likely solution (i.e., ranked first) by our pooled

1. Original ranking based
on Prediction Market

2. Hierarchical Clustering
based on cosine distance to

Solving Medical Mysteries Through Crowdsourcing

procedure. In addition, the diagnosis that was
eventually determined to be the best one (by the
patient) moved up from its original rank of sixteen (as
per the prediction market algorithm) to ninth when our
technique was used. We, therefore, argue that the
clustering procedure helps to not only eliminate low-
fit recommendations but also identify the most
probable solutions. This is similar to the clustering
process that Walter and Back (2013) used to identify
the most innovative submissions to crowdsourcing
contests.

3. New ranking based on
Prediction Market &

the original case Clustering
—_————_——
1. Diagnosis 1 | Diagnosis 4 I 1. Diagnosis 4
I Diagnosis 16* 2. Diagnosis 7
4. Diagnosis 4 ol  Diagnosis 7
| | 4. Diagnosis 10
L"I Diagnosis 10 |
7. Diagnosis 7 |::> L Diagnosis 19 | |:>
el 9. Diagnosis 16%*
9. Diagnosis 9 | Diagnosis 1 I
10. Diagnosis 10 ~|  Diagnosis 9 I
5o | 12. Diagnosis 19
8| . | 13. Diagnosis 1
15. Diagnosis 15 | Diagnosis 15 I
16. Diagnosis 16 ** L I 18. Diagnosis 9

19. Diagnosis 19

** Correct Diagnosis

- 19. Diagnosis 15

Figure 1. Graphical Representation of Algorithm for Deriving New Rankings of Diagnoses

4 Data Collection and Variable
Definitions

4.1 Data Collection

Data for our study was obtained from crowdmed.com,
a specialized crowdsourcing platform that focuses on
medical cases. As in many crowdsourcing models,
there are three parties involved in this business model:
seekers (patients), solvers (medical detectives), and the
platform  provider  (crowdmed.com). Medical
detectives who participate in this platform come from
different backgrounds and geographical locations, and
may include credentialed physicians, medical students,
nurses, pharmacists, physician assistants,
chiropractors, medical researchers, scientists, and
patients who have experience with and/or knowledge
about similar medical conditions (crowdmed.com).
CrowdMed claims that 63% of their medical detectives
either work in or study medicine. Patients with a
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history of chronic health problems can post their
medical cases along with clinical information on
crowdmed.com (see Figure 2).

Unlike other online patient communities, typical
patients on CrowdMed are at their wit’s end, having
failed to find a solution to their problems over a
prolonged period. For example, a survey of patients on
CrowdMed indicated that they had visited a median of
five physicians, incurred a median of $10,000 in
medical expenses, and spent a median of 50 hours
researching their illness online (Meyer et al., 2016). In
our patient sample, the average number of years since
the symptoms first appeared was eight, while the
minimum was three months. Thus, all these cases fall
within the realm of “chronic disease,” as defined by the
US National Center for Health Statistics (see
http://www.medicinenet.com/script/main/art.asp?artic
lekey=33490).

As mentioned before, medical detectives can choose
the cases they wish to solve. They can suggest
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diagnoses and/or solutions, or can vote (by allocating
points) for diagnoses and/or solutions recommended
by other solvers. The platform also features a peer-
flagging mechanism that helps eliminate poor
recommendations.  Furthermore, a credentialed
physician moderates every case. CrowdMed also
provides an open discussion forum that facilitates the
sharing of knowledge and information between the
patient and the solvers engaged in the case, while also
enabling interactions among medical detectives.

Elite @

|

Mental Fogginess w/Fatigue

CrowdMed rates medical detectives based on their
professional qualifications, as well as on their
performance on the CrowdMed platform. Medical
detectives can improve their rankings by suggesting a
correct diagnosis and/or allocating points to an
acceptable recommendation suggested by others.
Higher ratings allow them to participate in more
complex and high-reward medical cases.

In Free Trial@®

Ankle pain

Avp. Difficu AUQ v
oo

Avg. Quality Avp. Difficulty

mm— m— mm—

heart, pain, numbness

Chionic¥oice loss

Stomach Pain Fever

AwG lity

Avg. Quality Avo. Difficulty

A‘q Difficul
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LITY]

e e 0 | m—— I

Figure 2. Sample Cases (CrowdMed®)

4.2 Dependent and Independent
Variables

A brief description of the variables used in our study is
given below.

Number of detectives: This is the total number of
detectives who participated in each case.

Reward: Refers to the monetary compensation that a
patient offers for a correct diagnosis.

Duration: Number of days that a case is open to
detectives.

Quality: This is the average quality of a case.
Detectives (irrespective of whether they participate in
the case or not) can rank cases in terms of their

perceived quality. For the quality measure, the
platform uses a Likert-type scale from 1 to 5, where 1
indicates poor quality and 5 indicates the best quality.
The average quality is calculated by taking the average
of individuals’ rankings for the quality of the case.

Emotional tone: We used IBM’s Tone Analyzer API
(application programming interface) to perform a
linguistics analysis using text information related to
patient symptoms, lifestyle, and family background to
identify emotional tones (e.g., anger, sadness, fear)
associated with the case. Drawing on theoretical and
empirical insights from psycholinguistics, the IBM
Tone Analyzer uses machine learning to assess
emotional tones latent in any written text.® According
to IBM’s benchmarking studies, their ensemble model
performs better than other popular models used for

5See https://www.crowdmed.com/case-selection/, patients’ names are fictitious
®https://console.bluemix.net/docs/services/tone-analyzer/science.html#the-science-behind-the-service
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deriving emotional tone categories from text. A brief
description of the emotional tones is presented in Table
2 below.

4.3 Control Variables
The following control variables were used in our study:

Package Purchased:’ CrowdMed offers different
packages to patients. In our dataset, we had cases with
four different types of packages (Elite, Premium,
Standard, and Priority), each of which offered different
monetary “rewards” to detectives. Thus, the package
purchased is likely to impact the number of medical
detectives who participate in a case. We considered
cases without any package as our base and added

Solving Medical Mysteries Through Crowdsourcing

dummy variables to control for the effect of package
purchased.

Description Length: This is the number of words used
to describe symptoms. Studies in crowdsourcing have
shown that the description length of a project impacts
solvers’ decision as to whether to participate in a
project or not (Yang et al., 2009). This is used to
control for the complexity of the case.

Symptoms Began: This shows when the symptoms
began for the first time. This is also used to control for
the complexity of the case.

In this study, we collected data related to all 328
completed medical cases that were available online in
March 2016. Tables 3 and 4 show the descriptive
statistics and correlation matrix, respectively.

Table 2. Emotional Tone (IBM Tone Analyzer?®)

Description

A response to impending danger. It is a survival mechanism that is a reaction to some negative
stimulus. It may be a mild caution or an extreme phobia.

Indicates a feeling of loss and disadvantage. When a person can be observed to be quiet, less energetic
and withdrawn, it may be inferred that sadness exists.

Evoked due to injustice, conflict, humiliation, negligence or betrayal. If anger is active, the individual
attacks the target, verbally or physically. If anger is passive, the person silently sulks and feels tension

and hostility.
Table 3. Descriptive Statistics

Variable Mean Std. Dev. Min. Max.
Number of Detectives 18.81 14.80 1.00 135.00
Anger 0.21 0.14 0.01 0.83
Fear 0.38 0.17 0.04 0.72
Sadness 0.59 0.10 0.09 0.86
Quality 3.99 0.83 1.00 5.00
Reward 159.82 181.06 0.00 1100.00
Case Duration (days) 441.52 186.27 62.00 971.00
Symptoms Began (months) 99.55 116.28 3.00 868.00
Description Length (Symptoms) 278.47 331.30 4 3392

7 https://www.crowdmed.com/select-package
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Table 4. Correlation Matrix

1 2 3 4 5 6 7 8 9
1| No. of 1.00
detectives
2 | Anger 0.06 1.00
3| Fear 0.07 -0.27***| 1.00
4 | Sadness 0.08 -0.42***| 0.00 1.00
5 | Quality 0.22*** | -0.05 0.08 0.05 1.00
6 | Reward 0.65*** | 0.01 0.04 0.08 0.25***| 1.00
7 | Case 0.19*** | 0.01 -0.05 0.02 -0.03 -0.16***| 1.00
duration
8 | Symptoms 0.08 0.06 -0.06 0.02 0.00 0.08 0.03 1.00
began
9 | Description | 0.13** |-0.07 0.15*%**|0.12** | 0.23***| 0.22***|-0.17***|0.04 |1.00
length
***p<0.01’ **p<0.05’*p<0.1

5 Results

5.1 Number of Detectives

We used a negative binomial regression (NBR) model
for our analysis, because it fits well with our data
characteristics. Our main dependent variable—number
of detectives—is count data, and ordinary least squares
(OLS) regression is not appropriate because of the
skewness of the data. Poisson and negative binomial
models are commonly used for count data. However,
our data present overdispersion relative to the poisson
distribution. Furthermore, the log likelihood ratio test of
alpha suggested that negative binomial distribution is

superior to poisson in this case (Cameron & Trivedi,
1998; Martinez-Espineira, 2007). Stata 14.2 was used to
test our models.

To test for multicollinearity, we used a linear model to
examine the variance inflation factor (VIF). VIF was
found to be less than 2, indicating that multicollinearity
was not an issue. The quality variable had values for
only 167 cases. Four approaches were used to deal with
the missing values in the quality measure. First, we
dropped all the missing cases and ran the model with
only 167 complete cases. However, this reduced the
sample size significantly. Furthermore, the 167 cases
may not be an accurate representation of the population.

Table 5. NBR Results for Number of Detectives

Model 1 Model 2 Model 3 Model 4
Anger 0.5655 ** 0.7707 *** 0.7712 *** 0.7688 ***
Fear 0.3481 * 0.4230 *** 0.4231 *** 0.4186 ***
Sadness 0.9142 *** 0.5660 ** 0.5668 ** 0.5564 **
Quality 0.1146 *** 0.0992 ** 0.0992 ** 0.1136 ***
Reward 0.0016 *** 0.0021 *** 0.0021 *** 0.0020 ***
Case Duration 0.0020 *** 0.0024 *** 0.0024 *** 0.0024 ***
Quality Missing -0.0020
Symptoms Began 0.0002 0.0002 0.0002 0.0002
Description Length 0.0000 0.0001 0.0001 0.0000
Sample Size 167 328 328 328
Log likelihood -551.10 -1099.36 -1099.36 -1098.57
Pseudo R2 0.1564 0.1237 0.1237 0.1243
Notes: *** p <0.01, ** p<0.05, *p<0.1
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Second, we replaced missing quality values with the
average and ran the model. Third, we included a dummy
variable in the model to indicate whether the quality
values were missing or not. Fourth, we estimated
missing values regressing the quality variable on gender,
reward, and complexity. The results of these four
approaches are shown in Table 5 as Models 1, 2, 3, and
4, respectively.

The coefficients of anger, fear, and sadness are positive
and significant in all four models. Thus, Hypotheses 1a,
1b, and 1c are supported. The results suggest that cases
with negative emotional tones such as anger, sadness,
and fear are more likely to attract detectives. The
coefficient of perceived quality is positive and
significant in all models, thus supporting Hypothesis 2.
This implies that detectives are more likely to select
cases with clear descriptions. Consistent with the
findings of prior research, both reward and duration
showed positive and significant relationships with the
number of detectives in all models, thus supporting
Hypotheses 3 and 4. In summary, results of all four
methods support all the hypotheses, thus confirming
the robustness of our model. Table Al in Appendix A
shows standardized coefficients of variables of all four
models. Furthermore, Table A2 shows a comparison of
model fit results for restricted (controls only) and
unrestricted models based on Model 4. The
unrestricted model shows lower values for AIC
(Akaike’s information criterion) and BIC (Bayesian
information criterion) statistics compared to the
restricted model, suggesting that the unrestricted
model has a better overall fit.

We re-ran Model 4 after controlling for the types of
problems in the cases (e.g., Neurological, head or
cardiovascular, breathing) to see whether they had an
impact on the number of detectives who participated.
Only 158 cases had specified the main problem area.
Owing to the low sample size, this analysis was
performed without control variables. As can be seen
from the results shown in Table A3 in Appendix A, all
the hypotheses are supported.

5.2 Evaluation Process

In order to evaluate our pooled approach, we randomly
selected a sample comprising 10% of the archived
cases from the data we had collected from CrowdMed,
ensuring that the correct diagnosis was among the list
of recommendations made by the detectives.
Wikipedia was used as the main source of external
crowd knowledge. For each case, we extracted
symptom information from Wikipedia for all the
diagnostic suggestions. The text that was extracted
from Wikipedia was restricted to the details of the
symptoms. Many of the Wikipedia pages had a
separate section for “sign and symptoms” from which
we obtained symptom information for the
recommendations in our sample cases (see Figure A4).
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Subsequently, we combined the description of the
symptoms for each diagnosis (i.e., the text from
Wikipedia) with relevant text from the discussion
forums in which the detectives(s) interacted with the
patient (see Figure 3).

We used standard text-mining procedures to process
the data. First, we converted the text to lowercase and
then preprocessed it to eliminate white spaces,
numbers, punctuations, and stop-words. In addition to
common stop-words, we also eliminated frequently
occurring context-specific words that are not really
helpful for understanding symptoms (e.g., patient,
symptom). Words that had more than one form were
reduced to their root form through a process called
stemming. We then created a term document matrix
(TDM) based on the frequency of terms occurring in a
document. Each diagnostic suggestion and the original
case were regarded as separate documents. We then
computed cosine distance associated with these
documents to create a distance matrix. This distance
matrix served as an input to a hierarchical clustering
algorithm. Specifically, we used the Ward’s method to
obtain hierarchical clusters showing the proximities of
diagnostic suggestions.

Figure 4 shows the results of a sample case involving
CrowdMed’s prediction market algorithm. For this
particular case, there were 20 documents, which
included thel19 diagnostic suggestions from the crowd
(numbered 1 through 19) and the original description
represented by the number 0. Following the procedure
outlined in the preceding paragraph, we used these 20
documents to generate the distance matrix. Other
numbers represent rankings based on CrowdMed’s
prediction market algorithm. For example, the number
1 was deemed to be the best diagnostic
recommendation by the prediction market algorithm
that CrowdMed uses to rank diagnostic suggestions
received from detectives. The algorithm relies on the
allocation of points by detectives and takes into
account detectives’ ratings as well as their
backgrounds. Once the detectives offer their
recommendations, the patients have 30 days to
research and/or discuss the suggested diagnoses with
their physicians to identify which one of the
recommendations was the most accurate/insightful
(see  https://www.crowdmed.com/fags). In this
example, the patient identified number 16 as the
correct diagnosis.

As shown in Figure 3, the clustering algorithm
assigned the original case and the correct diagnosis to
Cluster 1, and the solution picked by the prediction
market algorithm was grouped into Cluster 2. We
argue that the correct diagnosis will most likely be in
the same cluster as the original case (Cluster 1 in the
example), as the cluster would contain diagnostic
descriptions that are lexically very similar to the
patient’s description of symptoms.
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Do you remember have anything resembling a virus (such as
the flu) around this time? If so what were the symptoms? Did
you have a sore throat before this all began? Have you had s

chronic sore throat by chance?

Have you ever been diagnosed with Epstein-Barr Virus or

mononucleosis at any point in your life?

MikeRoberts

A couple curious questions:

How does direct sun exposure make you feel? Do you ventilate

your apartment by opening windows at all?

MikeRoberts

Hi MikeRoberts -

My doctor mentioned MMA levels looked in normal range,
although unfortunately he did not give me any details. I'm
hoping to get the official lab test results so | can post it here
and address your guestion re homocysteine.

Regarding flu-like symptoms, | may have minor cold symptoms

Figure 3. Sample Patient and Detective Chat (CrowdMed?)

On the other hand, diagnoses that appear in other
clusters are likely to be lexically distant from the
original case. Thus, this approach helped filter out low-
value suggestions that are far from the original case.
Subsequently, within each cluster, we followed
CrowdMed rankings to re-rank diagnostic suggestions
such that diagnostic descriptions in Cluster 1 (in our
example) get better rankings than those in Cluster 2.
As per the suggested algorithm, the best diagnosis—as
determined by the patient (often in consultation with
his or her physician)—is now ranked ninth instead of
sixteenth.

To validate our ranking algorithm, we used a non-
parametric sign test (Snedecor & Cochran, 1989) to
compare the rankings of the winning solution with and
without clustering. Coffin and Saltzman (2000) note
that a comparison of two algorithms can be done by
using paired sample t-test, the sign test, or the signed
rank test. We computed the differences in rankings of
the correct diagnosis as per the original ranking

9See https://www.crowdmed.com/sample-report

algorithm (prediction market algorithm) and our new
ranking algorithm (combination of clustering and
prediction market algorithm). These ranking
differences were skewed. Hence, we chose the sign test
rather than the paired-sample t-test to compare
algorithms (Coffin & Saltzman, 2000). A positive
difference implies that the new ranking is superior to
the original ranking algorithm. Our results show that
the difference is significantly greater than 0 (p =
0.0318 < 0.05). Thus, we concluded that the new
rankings were significantly better than the original
rankings. Our findings suggest that pooling knowledge
from multiple sources and combining multiple
evaluation methods can significantly improve the
likelihood of selecting the correct diagnosis. To further
validate our findings, we ran the Wilcoxon signed test
(Wilcoxon, 1945), which confirmed that these two
algorithms are significantly different (P=0.05 < 0.10).
Figure 5 shows the word cloud of the case that was
used to illustrate our algorithm.
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Figure 5. Word Cloud of a Sample Case

6 Discussion

6.1 Key Findings

Despite the growing interest in online medical
crowdsourcing platforms, there is little or no empirical
research on factors that affect the quality of solutions
to medical conditions that have long been unresolved.
An understanding of these factors can increase
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participation of detectives and improve the chances of
speedily resolving undiagnosed medical conditions.
This, in turn, would lead to greater acceptance and
adoption of crowdsourcing platforms as a viable
alternative to seeking medical help from one’s primary
care physician. Our study is a small but important step
toward providing insights to platform designers, as
well as to patients, on how to increase the likelihood of
resolving medical mysteries. Specifically, our results
complement the findings of prior studies by showing
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that not only large rewards and longer case durations,
but also presentation quality and negative emotional
tones contribute to the number of detectives who
participate in a medical case. Patients may use these
insights to frame their cases in a way that would attract
more detectives. Platform providers could benefit from
our findings as well. For example, they may evolve
guidelines and platform changes that help patients
submit high-quality cases that may induce more
solvers to participate. Also, in light of our findings,
detectives may alter the way they offer diagnostic
suggestions and vote for the recommendations made
by their fellow solvers. Furthermore, our study
provides insights to platform providers on how to
improve the process of selecting the best solution from
the alternatives suggested by detectives.

6.2 Theoretical Implications

Crowdsourcing is a fairly recent phenomenon that
harnesses the wisdom of crowds to solve problems
faced by organizations, individuals, or researchers.
Such platforms facilitate collaboration among a large
number of people, thereby fostering a climate of
collective intelligence that can provide novel solutions
to seemingly intractable problems (e.g., Malone,
Laubacher, and Dellarocas, 2009). This study focuses
on CrowdMed, a medical crowdsourcing site that holds
considerable promise for alleviating the pain and
suffering of patients who have been chronically ill for
a protracted period, with no traditional medical
diagnosis or treatment forthcoming. Research on
medical crowdsourcing, particularly in terms of
attracting more detectives and anticipating the best
diagnosis, is still in its infancy. Thus, our study is a step
toward building a cumulative tradition in this nascent
but rapidly evolving domain.

Our paper has several implications for research. First,
it contributes to the emerging literature on
crowdsourcing by demonstrating that the number of
participants who engage with the case depends not
only on design factors (e.g., monetary compensation),
but also on the way the question is framed, as well as
on the quality of the description. Second, it contributes
to research in analytics by showing that combining
existing algorithms with text analytics techniques
could yield better diagnostic recommendations. Third,
it shows that pooling the knowledge of different
members of the crowd leads to better outcomes.
Fourth, our study is among the first to use IBM’s Tone
Analyzer to derive emational tones from text posted by
patients on CrowdMed. Given the exponential growth
in unstructured data such as text, an understanding of
how to extract suitable variables (e.g., emotional and
language tones, personality characteristics) from such
data can be invaluable to researchers. Finally, to the
best of our knowledge, our study is the first to
demonstrate the impact of negatively toned emotions

on prosocial behavior in the context of medical
crowdsourcing. As Yin et al. (2014) observe, there is a
paucity of empirical research in the IS domain on the
role of affect. Our study is, therefore, a notable
contribution to the sparse but growing body of
literature in IS that examines the impact of affect, in
general, and negatively toned emotions, in particular.

6.3 Implications for practice

Ultimately, crowdsourcing platforms should be
designed in such a manner that they attract more
problem solvers to engage with their platforms.
Furthermore, the credibility of the platform rests on it
being able to sift through a potentially large number of
recommended solutions in order to identify the most
accurate one for the problem at hand. The
contributions of this study, therefore, are timely, as
these platforms are still in early stages of evolution.

Crowdsourcing providers could use our research to
gain insight into how platforms should be designed in
order to enhance the engagement of all parties to
facilitate the speedy resolution of challenging health
problems. This, in turn, would facilitate the creation of
knowledge useful to seekers and detectives alike. First,
as our results suggest, tone and quality of the case
description matter. Platform providers should provide
guidance to patients on how to formulate a high-quality
case that can increase detective participation. Second,
our finding that a combination of text analytics
techniques and the pooling of data from an external
source can lead to a better ranking of possible solutions
should be useful to platform designers. Above all, our
results should be of great interest to medical
crowdsourcing platforms that aim to expeditiously and
effectively resolve undiagnosed chronic medical
conditions.

6.4 Conclusion and Future Research

There is growing anecdotal evidence supporting the
efficacy of medical crowdsourcing. Patients afflicted
with hard-to-diagnose medical conditions are willing
to expend time, money, and energy to derive a correct
diagnosis that will mitigate their suffering and save
them from spending enormous amounts of money in
the quest for a cure for their ailments. Medical
crowdsourcing platforms provide an environment for
collective intelligence to emerge from the interchange
of ideas among detectives and amateurs who may have
experiential knowledge of the case under advisement.
Furthermore, these detectives and amateurs could be
from anywhere in the world, thus facilitating the
pooling of diverse knowledge that cuts across national,
cultural, and professional boundaries. The ability of
such platforms to speedily identify diagnoses for rare
medical conditions that have puzzled seasoned
physicians is contingent upon (1) the number of
detectives who undertake a case, and (2) the efficiency
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with which the platform can filter out alternative
recommendations and identify the best diagnosis. Our
study expressly addresses these concerns and offers
suggestions for improving these platforms based on
insight gained from our results.

As with many other empirical studies, our study has
some shortcomings. However, we believe that these
are minor and do not seriously impact our contribution.
Furthermore, these limitations help us look at the
problem from multiple perspectives and open up
opportunities to pursue further research to generate
actionable insights of value to medical crowdsourcing
platforms. First, our data only include information that
is publicly available on the website. For instance, we
did not have access to all the information related to
every detective who participated in a case. For
example, we did not know the order in which
detectives joined cases; it is conceivable that the
ratings of detectives who have already joined a case
may impact the number of detectives who
subsequently choose to participate in the case. Second,
we only pooled data from Wikipedia. Additional data
sources, such as medical symptom databases, could
perhaps lead to better results. Third, hierarchical
clusters obtained through cosine similarities provided
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the sole basis for our results. We believe that a
combination of text-mining techniques could be used
to improve our findings. Fourth, our study assumes that
the correct diagnosis is the one that is eventually
accepted by the patient, either subjectively or in
consultation with their physician(s). While CrowdMed
employs peer evaluations, a point allocation system,
and a case moderator to ensure that the
recommendations are of top quality, it is possible that
the diagnostic suggestion deemed to be the best one by
the patient may not actually be the most accurate
diagnosis.

Despite these limitations, the findings of our study
should provide a good starting point for future research
endeavoring to improve the design of medical
crowdsourcing platforms in a way that will
expeditiously deliver high-quality diagnosis to
challenging medical problems.
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Appendix
Table Al. NBR Results with Standardized Coefficients

Model 1 Model 2 Model 3 Model 4

e~bStdX e~bStdX e~ bStdX e~bStdX
Anger 1.0764 1.1113 11114 1.1110
Fear 1.0617 1.0738 1.0739 1.0730
Sadness 1.0923 1.0599 1.0600 1.0589
Quality 1.0996 1.0603 1.0603 1.0709
Reward 1.4036 1.4534 1.4531 1.4467
Case duration 1.3204 1.5539 1.5534 1.5536
Symptoms began | 1.0279 1.0276 1.0276 1.0292
Description length | 1.0000 1.0200 1.0201 1.0140
Notes: e"bStdX = exp(b*SD of X) = change in expected count for SD increase in X

Table A2. Model Comparison

BIC AlIC
Restricted Model (Controls only) 2471.49 2437.36
Unrestricted Model (Full model) 2284.03 2227.13

Table A3: NBR Results (After Controlling for Case Area)

Model 1
Anger 0.7608 ***
Fear 0.3000 *
Sadness 0.4880 *
Quality 0.1047 ***
Reward 0.0020 ***
Case Duration 0.0017 ***
Notes: *** p <0.01, **p <0.05, *p<0.

1608



Journal of the Association for Information Systems

Signs and symptoms e

Gastrointestinal [edit)] Signs and symptoms
Many people with Crohn's disease have symptoms for years before the diagnosis.2'! The usual onset is between 15 and 30 years of age, but can occur at any age. ! Because of the ‘patchy’ nature of Crohn's disease Ulcerative colitis
the gastrointestinal disease and the depth of tissue involvement, initial symptoms can be more subtle than those of ulcerative colitis. People with Crohn's disease experience chronic recurring periods of P Often porridg&\ike,[' 9 | often mucus-ike
flare-ups and remission. 2% FAON | Sometimes steatorea | and with blood!®)
Abdominal pain may be the initial symptom of Crohn's disease usually in the lower right area P It is often accompanied by diarhea, especially in those who have had surgery. The diarrhea may or may | Tenesmus | Less commont '@ Mare comman! 1@
not be bloody. The nature of.the diarhea in Crohn's dlsgase depends on the part DT the small intestine or colon |nv0l.vet.1. .||eItIS typically results in large-volume, watery feces. Colitis may result in a o Commen ] Indicates severe diseasel ']
smaller volume of feces of higher frequency. Fecal consistency may range from solid to watery. In severe cases, an individual may have more than 20 bowel movements per day and may need to =
Fistulas Commeonf*®! Seldom

awaken at night to defecate. ['EFRE7 ] vigible bleeding in the feces is less common in Crohn's disease than in ulcerative colitis, but may be seen in the setting of Crohn's colitis.["] Bloody bowel
movements typically come and go, and may be bright or dark red in color. In the setting of severe Crohn's colitis, bleeding may be copious.2¥! Flatulence and bloating may also add to the intestinal ‘Weight loss | Often Maore seldom
discomfort [29]

Symptoms caused by intestinal stenosis are also common in Crohn's disease. Abdominal pain iz often most severe in areas of the bowel with stenoses. Persistent vomiting and nausea may indicate stenosis from small bowel abstruction or disease involving the stomach,
pylorus, or duodenum. 29 Although the association is greater in the context of ulcerative colitis, Crohn's disease may also be associated with primary sclerosing cholangitis, a type of inflammation of the bile ducts.[28

Perianal discomfort may also be prominent in Crohn's disease. Itchiness or pain around the anus may be suggestive of inflammation, fistulization or abscess around the anal areal'l or anal fissure. Perianal skin tags are also common in Crohn's disease and may appear
with or without the presence of colorectal polyps.?g] Fecal incontinence may accompany perianal Crohn's disease. At the opposite end of the gastrointestinal tract, the mouth may be affected by recurrent sores (aphthous ulcers). Rarely, the esophagus, and stomach
may be involved in Crohn's disease. These can cause symptoms including difficulty swallowing (dysphagia), upper abdominal pain, and vomit\ng.m]

Systemic [edit]

Crohn's disease, like many other chronic, inflammatory diseases, can cause a variely of sysiemic symptoms.[‘] Amaong children, growth failure is common. Many children are first diagnosed with Crohn's disease based on inability to maintain growm.ie‘] As it may
manifest at the time of the growth spurt in puberty, up to 30% of children with Crohn's disease may have retardation of growm.[ez Fever may alzo be present, though fevers greater than 38.5 *C (101.3 °F) are uncommon unless there is a complication such as an
abscess [ Among older individuals, Crohn's disease may manifest as weight loss, usually related to decreased food intake, since individuals with intestinal symptoms from Crohn's disease often feel better when they do not eat and might lose their appetite.im Feople
with extensive small intestine disease may also have malabsorpiion of carbohydrates or lipids, which can further exacerbate weight logs. 22

Extraintestinal [edit]

In addition to systemic and gastrointestinal involvement, Crohn's disease can affect many other organ s‘-,fstems.[g‘] Inflammation of the interior portion of the eye, known as uveitis, can cause blurred vision and eye pain, especially when exposed to light (phmophobia).[”:
Inflammation may also involve the white part of the eye (sclera), a condition called episclen’tis.m Both episcleritis and uveitis can lead to loss of vision if untreated.

Crohn's disease that affects the ileum may result in an increased risk of gallsiones. This is due o a decrease in bile acid resorption in the ileum and the bile gets excreted in the stool. As a result, the cholesterolibile ratio increases in the gallbladder, resulting in an
increased risk for gallstones. 291

Crohn's disease is associated with a type of rheumatologic disease known as seronegative spondyloarthropathy %1 This group of diseases is characterized by inflammation of one or mare joints (arthritis) or muscle insertions (enthesitis) *] The arthritis in Crohn's
disease can be divided into two types. The first type affects larger weight-bearing joints such as the knee (most comman), hips, shoulders, wrists, or elbows. 2 The second fype symmefrically involves five or more of the small joints of the hands and feet B4 The arthritis
may also involve the spine, leading to ankylosing spondylitis if the entire spine is involved or simply sacroilittis if only the sacroiliac joint is involved 2% The symptoms of arthritis include painful, warm, swollen, siiff joints, and loss of joint mobility or function. 28

Crohn's disease may also involve the skin, blood, and endocrine system. The most common type of skin manifestation, erythema nodosum, presents as raised, tender red nodules usually appearing on the shins 1391271 Erythema nodosum is due to inflammation of the

underlying subcutaneous tissue, and is characterized by septal panniculitis.[S?] Anaother skin lesion, pyoderma gangrenosum, is typically a painful ulcerating nodule. Crohn's disease also increases the risk of blood clots;[“: painful swelling of the lower legs can be a sign
of deep venous thrombosis, while difficulty breathing may be a result of pulmonary embolism. Autoimmune hemolytic anemia, a condition in which the immune system attacks the red blood cells, is also more common in Crohn's disease and may cause fatigue, a pale
appearance, and other symptoms common in anemia. Clubbing, a deformity of the ends of the fingers, may also be a result of Crohn's disease. Finally, Crohn's disease increases the risk of osteoporosis, or thinning of the pones. B3 Individuals with osteoporosis are at

increased risk of bone fracturas %]

Peaple with Crohn's disease may develop anemia due to vitamin 8., folate, iron deficiency, or due to anemia of chronic disease %147 The most common is iron deficiency anemial*®] from chronic blood loss, reduced dietary intake, and persistent inflammation leading
o increased hepcidin levels, restricting iron absorption in the duodenum.*? As Crohn's disease most commaonly affects the terminal ileum where the vitamin B12fintrinsic factor complex is absorbed, B12 deficiency may be seen [0 This is particularly common after
surgery o remove the ileurn. %] Involvement of the duodenum and Jejunum can impair the absorption of many other nufrients including folate. If Crohn's disease affects the stomach, production of intrinsic factor can be reduced.

Crohn's disease can also cause neurological complications (reportedly in up to 15%).14"] The most common of these are seizures, stroke, myopathy, peripheral neuropathy, headache and depression [*1]

People with Crohn's often also have issues with small bowel bacterial overgrowth syndrome, which has similar symptoms. 142

In the oral cavity people with Crohn's may develop cheilitis granulomatosa and other forms of orofacial granulomatesis, pyostomatitis vegetans, recurrent aphthous stomatitis, geographic fongue, and migratory stomatitis in higher prevalence than the general population_[“sl

Figure A4. Sign and Symptoms of Crohn’s Disease
(https://en.wikipedia.org/wiki/Crohn%27s_disease)
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