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Abstract

With the recent rise in medical crowdsourcing platforms,
patients with chronic illnesses increasingly broadcast their
medical records to obtain an explanation for their complex
health conditions. By providing access to a vast pool of
diverse medical knowledge, crowdsourcing platforms have
the potential to change the way patients receive a medi-
cal diagnosis. We developed a conceptual model that de-
tails a set of variables. To further the understanding of
crowdsourcing as an emerging phenomenon in health care,
we provide a contextualization of the various factors that
drive participants to exert effort. For this purpose, we used
CrowdMed.com as a platform from which we gathered and
examined a unique dataset that involves tasks of diagnos-
ing rare medical conditions. By promoting crowdsourcing
as a robust and non-discriminatory alternative to seeking
help from traditional physicians, we contribute to the ac-
ceptance and adoption of crowdsourcing services in health
economics.

Keywords: machine learning, graph theory, optimiza-
tion.

1 Introduction

Rare diseases are an emerging public health issue and thus
a challenge for medicine, economics, and society. It is es-
timated that more than 300 million people worldwide are
affected by rare diseases1. Most rare diseases substantially
reduce life expectancy. Dionisi-Vici et al. (2002), for in-
stance, showed that only 11% of newborn children with
inborn errors of metabolism (a form of rare disease) reach
adulthood. Apart from the reduced life expectancy, pa-
tients with rare diseases suffer from severe impairment of
their physical and mental abilities, which limits their ed-
ucational potential, social opportunities, and economic ca-
pabilities (Schieppati et al., 2008).

From a fiscal and socio-economic point of view, the im-
pact of rare diseases is of great interest in health economics
(Angelis et al., 2015). Meyer et al. (2016) found that pa-
tients with difficult-to-diagnose medical conditions need to
consult five physicians before obtaining a diagnosis (incur-
ring a median of $10,000 in medical expenses). Due to
diffuse disease patterns, these patients also face diagnos-
tic delays. A period of 5-30 years until a correct diagnosis

1In the United States, the Rare Disease Act of 2002 defines rare
diseases as populations of less than 200,000 individuals. With
that definition, the number of patients suffering from rare dis-
eases is estimated between 25 and 30 million. In the European
Union, however, rare diseases are defined by the European Joint
Programme on Rare Diseases as any disease affecting fewer than
5 in 10,000 individuals. With that definition, about 5,000 to
8,000 different rare diseases exist that affect an estimated 27 to
36 million people, or 6-8% of the European population).

is not unusual (Meyer et al., 2016). To shorten the time
to diagnosis, Meyer et al. (2016) suggest the use of second
opinions. Due to the lack of adequate medical advice for the
patients, online health communities have become the pri-
mary source of health information (Sassenberg & Greving,
2016), and are frequently researched before consulting a
physician (Kordzadeh & Warren, 2017; Tan & Goonawar-
dene, 2017). In addition to online healthcare communi-
ties, (Dissanayake et al., 2019, p. 1590) mention that med-
ical crowdsourcing platforms “provide emergent solutions
to health problems that have long defied diagnosis”. Howe
(2006) introduced crowdsourcing as a way to obtain needed
tasks by soliciting contributions from a crowd. It describes
a crowd as an undefined and large network of people of
varying knowledge, which collaborate to solve a problem
in the form of a flexible open contest (Estellés-Arolas &
González-Ladrón-de-Guevara, 2012). Apart from the med-
ical diagnosis, crowdsourcing has been employed to accom-
plish a variety of healthcare tasks, such as medical tran-
scription (Vashistha et al., 2017), estimation of infection
prevalence and propagation (K. Sun et al., 2020), identifi-
cation of malarial infections (Luengo-Oroz et al., 2012; Ma-
vandadi et al., 2012), categorization of tumors (McKenna
et al., 2012; Nguyen et al., 2012), examination of diabetic
retinopathy (C. J. Brady et al., 2014), localization of pneu-
monia in chest radiographs (Pan et al., 2019), and segmen-
tation of intracranial hemorrhage (Sen & Gosh, 2017).

With a few notable exceptions (e.g., Dissanayake et al.
(2019)), almost no research is concerned with crowdsourc-
ing for medical diagnosis. We attempt to fill this gap in re-
search by conducting empirical research on medical crowd-
sourcing cases. From the viewpoint of patients, we formu-
late our guiding research question as follows: Which fac-
tors influence the participation effort in crowd¬sourcing
involving medical diagnosis? We collected field data from
CrowdMed. CrowdMed is an online platform that allows
patients to promote medical cases for a monthly fee be-
tween $149 and $749. To the field of health economics,
we contribute an empirical investigation on the potential
of crowdsourcing for tackling challenges of medical diagno-
sis, e.g., perceived discrimination in medical settings (Ben-
jamins & Middleton, 2019).

The remainder of this study is organized as follows. Fol-
lowing the introduction, we elaborate on the theoretical
foundation of crowdsourcing in healthcare. On this basis,
we present and justify our conceptual framework with hy-
potheses and expectations that emerge from it in section 2.
In the next step, we operationalize and transfer our concep-
tual framework into an estimation model in section 3 and
section 4. Based on this, we briefly present the findings
of our analysis in section 4. As part of the discussion in
section 5, we describe implications for both research and
practice. We conclude this study by presenting the lim-
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itations of this study and potential avenues for follow-up
research in section 6.

2 Conceptual Framework

2.1 Summary of Related Work

To highlight the research area, we summarize previous re-
search on crowdsourcing with a particular interest in stud-
ies dedicated to healthcare economics. For a comprehensive
review of theoretical and empirical research on crowdsourc-
ing for general-purposes, we refer to Hossain and Kauranen
(2015) or Segev (2020).

In 2014, Ranard et al. (2014) abstracted peer-reviewed
articles to document application scenarios of crowdsourc-
ing in medical research. The authors identified four
distinct types of crowd-sourcing tasks in medicine, i.e.,
problem-solving, data processing, surveillance, and survey-
ing. Ghosh and Sen (2015) examined in their study the
role of web-based platforms in promoting the involvement
of seekers and solvers in crowdsourcing services for med-
ical diagnosis. Based on existing literature, factors that
advance individual participation are developed in the form
of a conceptual research model. Later in 2017, Sen and
Gosh, in a follow-up study, conceptualize four steps that
are necessary to develop an effective crowdsourcing system
for medical diagnosis. The authors analyze the existing
classification of crowdsourcing and various challenges re-
lated to capturing and transferring medical knowledge. As
diagnostic suggestions must be discussed from a wide range
of medical expertise, Sen and Gosh (2017) recommend in-
volving a multi-disciplinary group of medical experts from
around the world. To provide an assessment of medical
crowdsourcing platforms, Meyer et al. (2016) collected and
evaluated data from CrowdMed. The authors concluded
that several patients received helpful hints on their undiag-
nosed illnesses. Dissanayake et al. (2019) empirically eval-
uated the participation in medical crowdsourcing on the
basis of sentiment analysis. The authors found that cases
with higher observed quality and more negative emotions
(such as sadness, fear, and anger) yield to more participa-
tion. Apart from the empirical analysis, the authors ex-
plored ways for selecting the most likely diagnosis from a
number of alternative diagnostic suggestions.

Both Yang et al. (2009) and Chen et al. (2014) noticed
that crowdsourcing is moderated by the task complexity.
Considering that the task of medical diagnosis acts very
differently from general-purpose tasks, a contextualization
of crowdsourcing for medical diagnosis is suggested.

2.2 Development of Hypotheses

The justification of crowdsourcing for medical diagnosis is
predicated on the assumption that a large group with di-
verse backgrounds is more capable to arrive at a correct
diagnosis than a single health practitioner with limited ex-
perience in handling certain rare diseases.

To substantiate this assumption, our conceptual frame-
work integrates research issues at the intersection of ex-
treme value theory by Gumbel (1958) and expected value
theory by Atkinson (1964). Formally, extreme value theory
proceeds from the assumption that each diagnosis can be
represented by a random draw, then the chance of getting
a correct diagnosis increases as the number of solvers grows

(Dahan & Mendelson, 2001). It is documented in the litera-
ture that in most crowdsourcing applications at least one of
the solvers finds an extreme value solution (e.g., Boudreau
et al. (2011)). Note that these extreme values are particu-
larly valuable in situations in which the problem is highly
uncertain, such as rare medical conditions. Conversely, ex-
pected value theory states that the participation effort is
related to the expected value of the payoff and the probabil-
ity of receiving these payoffs, i.e., when payoff expectations
are high, participants are incentivized to exert enthusiasm
and participation effort regardless of the financial payoff.
From this point of view, many solvers may bring undesired
opposing effects to medical cases since each solver exerts a
lower equilibrium effort due to the lower expectation of a
payout. Boudreau et al. (2011) concluded that the aggre-
gate effect of many solvers depends on whether more diver-
sified diagnoses can mitigate or outweigh the solvers’ lower
equilibrium effort (which is reflected by less sophisticated
medical diagnoses).

The preceding discussion constitutes the conceptual
backdrop of our research framework. On the basis of re-
lated empirical studies, we developed a conceptual research
model that outlines factors affecting the participation effort
in crowdsourcing in the context of medical cases. Referring
to Yang et al. (2009), we constructed the conceptual model
solely with variables that patients may know or control in
advance. The factors are grouped into three categories,
i.e., (1) patient-related factors (e.g., demographic charac-
teristics), (2) case-related factors, and (3) disease-related
factors (e.g., type and count of symptoms). For illustrative
purposes, the conceptual model with its effect mechanism
on participation effort is illustrated in Figure 1.

Figure 1: Research model of factors affecting the participa-
tion effort in crowdsourcing for medical diagnosis
(source: authors own study)

To (1): In the medical field, differences in gender (e.g.,
Almqvist et al. (2008), K. T. Brady and Randall (1999),
and Young et al. (1996)), age (e.g., Klein-Geltink et al.
(2006), Rupp et al. (2018), and Zoungas et al. (2014)), and
ethnicity (e.g., Corley et al. (2009) and Strakowski et al.
(2003)) are widely discussed. Bolin et al. (1968), for in-
stance, identified that the incidence of lactose intolerance
is higher in ethnic groups from Asia. From the results
of this study can be concluded that many diseases have
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a genetic origin (Angelis et al., 2015) and thus the ethnic
background of patients can define the boundaries of cer-
tain diseases. In contrast to this, prior research indicates
that access to healthcare, in general, and the utilization
of healthcare services, in particular, varies by sociodemo-
graphic characteristics (Casagrande et al., 2007; Hausmann
et al., 2008; Kressin et al., 2008; Pascoe & Richman, 2009;
Shavers et al., 2012; Sorkin et al., 2010). Sorkin et al.
(2010, p. 390), by way of example, identified that “ethnic
minorities are more likely to report receipt of lower quality
of health care”. Casagrande et al. (2007) found that per-
ceived racial discrimination is associated with more delays
in medical care and non-adherence to medical care recom-
mendations. Hence, we formulate Hypothesis 1, as follows:
Participation effort is moderated by patient-related charac-
teristics, in particular by the (a) gender, (b) age, and (c)
ethnicity of a patient.

To (2): In 2009, Yang et al. (2009) examined crowd-
sourcing with a particular interest in contest design. As
reward is positively related to participation, it seems that
the prospect of economic returns encourages participants
to continue to invest time, effort, and resources (Y. Sun
et al., 2015). In the context of public prosocial activities,
however, Ariely et al. (2009) recognized that high financial
incentives are more likely to be counterproductive. Consid-
ering the reward as compensation for a participant’s efforts,
we argue that cases that offer substantial rewards receive
more (and potentially better) medical diagnoses. To take
this into consideration, our conceptual framework accom-
modates intrinsic motivation in the form of credits (or ex-
perience points) and extrinsic motivation in the form of
monetary incentives. In addition to the preceding factor,
Yang et al. (2009) found that duration is also positively re-
lated to participation. We also expect that long-duration
medical cases may yield to more (and potentially better)
medical diagnoses. This could be explained by the fact
that the solvers can use the time to become familiar with
the specific conditions of the patient. Besides that, Chen
et al. (2014) explained that difficult cases constitute higher
barriers to entry for potential solvers. Because of this, our
conceptual framework directly accommodates the perceived
quality and difficulty of medical cases. Hence, we formulate
Hypothesis 2, as follows: Participation effort is enhanced
by case-related settings, in particular by cases with (a) high
rewards, (b) long duration, (c) high quality, and (d) low
difficulty.

To (3): In medical crowdsourcing, patients do not engage
in face-to-face conversations with potential solvers; instead,
patients broadcast their medical case on the platform. For
this purpose, the platform provides a form that can be filled
with relevant information, such as “demographics, symp-
tom details, current medications, [...], personal medical his-
tory, [...], personal lifestyle”, and an explanation of partial
diagnostic results from the past (Dissanayake et al., 2019,
p. 1594). Since patients decide on the way they present
their cases, the formulation of the medical case may affect
the involvement of a potential solver. To take this into ac-
count, we integrate the description length into the concep-
tual framework. It is rather straightforward that the more
clearly and precisely the medical conditions are described,
the less the solvers need to guess which diagnosis is the most
appropriate (Chen et al., 2014). From a medical point of
view, rare diseases can affect any part of the human system
(Schieppati et al., 2008). In other words, certain symptoms

occur in many disease patterns and thus many simultane-
ous symptoms aggravate a clear diagnosis. To reflect the
variety of medical conditions, we incorporated the num-
ber and type of symptoms into the conceptual framework.
Hence, we formulate Hypothesis 3, as follows: Participa-
tion effort is moderated by disease-inherent characteristics,
in particular by (a) an ambiguous description of the symp-
toms. (b) the number of simultaneous symptoms, and (c)
the frequency or correlation of symptoms.

3 Research Methodology

3.1 Data Collection

To verify our conceptual framework, we collected unique
data from the web-based platform CrowdMed. On
CrowdMed, patients with undiagnosed chronic illness de-
scribe their symptoms and provide clinical information hop-
ing to receive a potential diagnosis. For a monthly fee, the
case is displayed anonymously on the platform. Solvers
can self-select cases to which they would like to contribute
a potential diagnosis. Note that the community includes
experts (e.g., physicians or nurses) as well as non-medical
people (e.g., patients). While the cases are open, patients
and solvers engaged in the case can use an open discussion
forum to “discuss details online about potential diagnoses,
further work-up that should be done, and newly obtained
test results and/or appointments completed with the pa-
tients’ [local] physicians” (Meyer et al., 2016, p. 2). Each
participant can suggest a diagnosis. Likewise, each partici-
pant can use a peer-flagging mechanism to nominate a poor
diagnosis of elimination. When a case is closed, the patient
receives a detailed report with a list of diagnoses ranked in
decreasing order of likelihood. This calculation is based on
weighted voting by solvers. Solvers can improve their rat-
ing (and thus their weighting factor) by suggesting a correct
diagnosis themselves or by assigning points to a likely di-
agnosis suggested by other solvers. Considering that only
highly rated solvers can participate in complex and well-
rewarded cases, solvers are emboldened to take part in the
assessment of potential diagnoses. Finally, patients have to
decide how to divvy up the financial compensation among
the engaged solvers.

CrowdMed has already been used as context in other
studies (e.g., Bhattacharyya (2015)) as it provides unique
access to the study of medical cases from the field. Unfortu-
nately, CrowdMed does not provide access to well-organized
archival data. At the time of data collection, the platform
comprised 134 active cases in April 2020. To estimate the
influencing factor of our variables, we had to exclude cer-
tain observations from these 134 medical cases. CrowdMed
offers patients a free trial. These cases are only displayed
for one week. As the duration is considered a relevant indi-
cator in our conceptual framework, our study only includes
non-trial cases. Following this discussion, we eliminated 9
cases immediately. In 6 cases, patients sought treatment
for an already diagnosed disease. These cases have also
been removed from the sample. To mitigate the impact of
outliers, we analyzed the data using a distance metric pro-
posed by Cook (1977). On this basis, we found 4 cases that
differed significantly from all other cases. We assumed that
these cases were outliers. Otherwise, we imposed no fur-
ther restrictions on the dataset. After these adjustments, a
total of 115 out of 134 medical cases remained.
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3.2 Variables Measurement

In this study, crowdsourcing is examined in terms of par-
ticipation effort. Given that the participation effort is not
directly accessible, we use the number of diagnoses submit-
ted by solvers as a proxy. On the assumption that partici-
pation effort can be approximated by the number of diag-
noses, participation effort is a count variable that captures
the aggregated effort of all solvers in the context of a spe-
cific medical case.

Besides that, we collected a multitude of independent
variables: As part of the demographic characteristics of the
patients, we collected the patient’s gender as a binary vari-
able to account for gender-specific differences in medicine.
In addition to the gender of the patient, we collected the
patient’s age as a metric variable and the patient’s ethnic-
ity as a nominal variable to indicate whether a patient is
of Caucasian, Negroid, or Mongolian descent. As part of
the case settings, we collected the reward from the plat-
form as a metric variable. On CrowdMed, reward refers
to a monetary and non-monetary compensation a patient
offers. Each medical case offers, in addition to a reward
appointed in US-dollar, a payout in points which is used
to increase the rating of a solver. Both types of rewards
are directly available. To integrate both into one variable,
we aggregated both rewards. We also collected the dura-
tion of each case which is determined by the time a case is
open on the platform, as measured in days. Hence, dura-
tion is a count variable. Since all members of CrowdMed
can rate cases according to their perceived quality and diffi-
culty, we collected the average quality and difficulty of each
case. To rate a case, members do not need to participate
in it. For the quality measure, the platform uses an ordinal
scale from 1 to 5, where 1 indicates poor quality while 5
indicates good quality. The perceived level of difficulty is
measured in the same way. As such, both quality and diffi-
culty act as a proxy for the complexity which per se cannot
be directly measured or verified. In this way, we econo-
mize on using more sophisticated measures for complexity,
such as incompletion rate. Without controlling the level of
complexity, estimation of variables is biased since the effect
of complexity may to some extent be picked up by other
variables or by the error term (Chen et al., 2014). As part
of the disease characteristics, we collected the description
length. The description length is a metric variable. We
measured the description length by counting the number of
characters used to describe the symptoms. Besides that, we
collected the number of symptoms described. The number
of symptoms is a count variable ranging from one to twelve
and is calculated by aggregating all symptoms a patient has
selected from the following categories: eyes or vision, head
or neck, breathing, heart or cardiovascular, abdominal or
digestion, genital or urinary, abnormal bleeding or bruising,
neurological, joint or muscular, mental health, skin or hair,
and whole body. In addition to the number of symptoms,
we stored the symptoms as a multiple response set.

That being said, we commenced the empirical analysis
with a descriptive analysis followed by a correlation analy-
sis. Note that the summary statistics and frequencies are
presented in Table 1 and Table 2, respectively; the correla-
tion coefficients are shown in Table 3.

From the descriptive statistics, we can observe that ap-
proximately 4 potential diagnoses are suggested, on aver-
age. Despite the number of diagnoses fluctuates between

0 and 17, the proportion of cases with zero diagnoses is
small in the overall sample. To find these diagnoses, 16
participants are involved per case. Considering the charac-
teristics of the patients, we can see that patients are female
with a probability of 64.3% and about 39 years old. This
distribution is in line with actual reality. Typically, medical
cases are open for participation for about 128 days (which
is equivalent to 4.26 months). Considering a monthly fee of
at least $149, 115 patients generate a turnover of $59,340.
Apart from that, the patients show 4.64 symptoms, on aver-
age. From the frequency statistics of the multiple response
set, we can see clearly that most cases are concerned with
the whole body (40.9%), followed by symptoms that fall into
the categories of head or neck, neurological, and abdomi-
nal or digestion. These symptoms represent 17.4%, 14.8%,
and 11.3%, respectively, which corresponds to a cumulative
value of 84.4%. In addition to these symptoms, patients
mentioned joint or muscular (6.1%), breathing (2.6%), and
heart or cardiovascular (2.6%). By far the smallest number
of cases is concerned with skin or hair, mental health, and
genital or urinary, namely 2.7% in combination.

From the correlation results, we can see there is a certain
correlation between some variables at a confidence level of
p < .000. Specifically, the covariate case duration is sig-
nificantly correlated with the number of solvers and the
number of diagnoses following a linear trend of r = .821
and r = .621, respectively. Likewise, the number of solvers
follows a linear relationship with the number of diagnoses
according to r = .749. For this reason, we tested the ex-
tent of multicollinearity between covariates using the vari-
ance inflation factor (VIF). VIF was found to be 3.824 and
3.976 for the case duration and the number of solvers, re-
spectively. Craney and Surles (2002, p. 394) mentioned that
legitimate cutoff values for the variance inflation factor can
be obtained in the range of [5, 10], however, “these cutoff
values may be considered extremely lenient in the sense of
correlation among the independent variables”. Considering
that the VIF of the remaining variables was found to be
in the range from 1.125 to 1.925, multicollinearity is indi-
cated to be an issue. This being the case, we excluded the
number of solvers to make regression analysis feasible.

4 Empirical Analysis and Results

Following the definition and measurement of the variables,
we operationalized and transferred our conceptual frame-
work into a generalized linear model. As the response vari-
able in our study is a count measure, we used a Poisson
model. All calculations to form an estimate of the partic-
ipation effort were carried out using IBM SPSS Statistics
25. Our estimation model is in Equation 1. Note that we
denote the random error by ξ.

y = β0 + β1gender + β2age + β3ethnicity + β4reward

+ β5duration + β6quality + β7difficulty

+ β8desc_of_symptoms + β9num_of_symptoms

+ β10type_of_symptom + ξ (1)

To deal with missing values, we have pre-processed the
measurement of the quality and difficulty of a case follow-
ing the approach put forward by (Dissanayake et al., 2019).
Since these variables only had values for 28 and 25 cases, re-
spectively, eliminating all missing cases was not an option.
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Table 1: Descriptive Statistics. Sample size n = 115, valid sample size n = 23. The low number of complete cases is
reasoned by the case quality and case difficulty, which are only evaluated by the case solvers in n = 28 and
n = 25 cases, respectively. (Source: Own work.)

Variables Min. Max. Mean Std. Dev. Skewness Kurtosis
Patient’s Age 2 80 39.87 14.564 .097 -.083
Reward in Points 3,000 21,000 6,339.13 4,499.292 2.487 5.288
Reward in Dollar 200 2,000 352.15 321.450 3.139 11.609
Case Quality 1 5 4.07 1.245 -.888 -.496
Case Difficulty 1 4 2.76 .831 -.453 .035
Case Duration 9 390 128.36 82.111 1.517 2.047
Symptom Description 53 14,363 2,459.35 2,323.086 1.960 6.105
Symptom Count 1 12 4.64 3.288 .741 -.620
Participants Count 2 43 16.66 7.859 1.097 1.688
Diagnosis Count 0 7 4.23 3.518 1.507 2.458

Table 2: Frequency Statistics. Single Response represents a patients’ main symptom, n = 115 (100%). Multiple Response
Set is calculated using dichotomy groups of a patients’ additional symptoms tabulated at value 1, n = 534
(464.3%). (Source: Own work.)

Symptom Type Single Response Multiple Response Set

N Percent Cum.
Percent

N Percent Percent of
Cases

Eyes or vision 2 1.7 1.7 37 6.9 32.2
Head or neck 20 17.4 19.1 66 12.4 57.4
Breathing 3 2.6 21.7 27 5.1 23.5
Heart or cardiovascular 3 2.6 24.3 38 7.1 33.0
Abdominal or digestion 13 11.3 35.7 55 10.3 47.8
Genital or urinary 1 .9 36.5 33 6.2 28.7
Bleeding or bruising 0 0 36.5 17 3.2 14.8
Neurological 17 14.8 51.3 58 10.9 50.4
Joint or muscular 7 6.1 57.4 56 10.5 48.7
Mental health 1 .9 58.3 41 7.7 35.7
Skin or hair 1 .9 59.1 42 7.9 36.5
Whole body 47 40.9 100.0 64 12.0 55.7

Instead, we estimated missing values regressing both vari-
ables on gender, reward, duration, and the number of symp-
toms. Apart from that, we encoded nominal variables into
dichotomous variables. No further transformations were
applied to the variables. The results of the estimation are
reported in Table 4. We used the likelihood ratio chi-square
as a general basis of assessment for the estimation model,
which is recommended for small samples. The estimation
model seems reasonable (χ2 = 155.328) and statistically
significant (p = .000).

From the regression results, it can be clearly seen that
the significance of the estimation coefficients ranges from
p < .000 to p < .900. We present the results of estimation
hierarchically with standard errors enclosed in parenthe-
ses. The coefficient of β1 = −.175 (p = .157) is negative
and insignificant. This means that participation effort is
not moderated by the patients’ gender leading to the dis-
confirmation of Hypothesis 1 (a). Hypothesis 1 (b) pre-
dicted that a patients’ age is negatively associated with the
participation effort. As β2 = −.012 (p = .003) is nega-
tive and statistically significant, we can support Hypothe-
sis 1 (b). All coefficients regarding the patients’ ethnicity
β3 = {−.301, −.261} are insignificant according to p = .138,
and p = .224, respectively. We, therefore, reject Hypothesis
1 (c). Contrary to our expectations, β4 = −.000 (p = .005)

is negative (although this is due to rounding to three dec-
imal places). Since the p-value is .005, the coefficient is
statistically significant at a confidence level of 0.01. Fol-
lowing on from this argument, our data suggest that case
reward is negatively associated with the number of diag-
noses. Hence, Hypothesis 2 (a) cannot be confirmed. In
accord with Hypothesis 2 (b), the coefficient of the case
duration β5 = .005 (p = .000) shows a positive and sig-
nificant relationship. The results suggest that cases with
longer durations lead to more participation effort in terms
of submitted diagnoses. Thus, Hypothesis 2 (b) is sup-
ported with confidence. It can be seen that the coefficients
of perceived quality β6 = −.060 (p = .106) and difficulty
β7 = −.008 (p = .882) are both insignificant. Thus, Hy-
potheses 2 (c) and (d) are not supported. Consistent with
Hypothesis 3 (a), β8 = .000 (p = .001) is significant and
positive (although this is again not evident due to round-
ing to three decimal places). In line with the actual reality,
diffuse diseases with multiple symptoms make it difficult
to form a diagnosis and treatment plan. We further as-
sume that the effect of perceived difficulty is picked up to
a certain extent by the number of symptoms. Since this
effect is marginal, we proceed on the assumption that the
community can deal with complex health conditions. Since
β9 = .036 (p = .036) is positive and significant, we support
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Table 3: Correlation Matrix. Sample size n = 115. Correlation with two-tailed confidence levels (* means correlation
significant at 0.05, ** means correlation significant at 0.01 (Source: Own work.)

Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
P. Gender 1
P. Age -.101 1
P. Ethnic-
ity

-.098 -.024 1

C. Reward .345** -.039 -.016 1
C. Duration -.036 -.047 .049 -.145 1
C. Quality .356 -.252 -.441* .195 -.208 1
C. Diffi-
culty

-.283 -.129 .017 .022 -.156 .321 1

S. Descrip-
tion

.050 -.015 .078 .260** .125 .202 .402 1

S. Number -.207* -.089 -.019 -.075 -.074 .590** .342 .072 1
S. Type -.129 -.115 .018 -.058 -.013 .008 .241 .065 .276** 1
Participants -.100 -.135 .043 -.274** .821** -.259 -.040 .099 -.003 -.020 1
Diagnoses .028 -.213 .096 -.175 .621** -.108 -.014 .232* .068 -.050 .749** 1

Hypothesis 3 (b). It seems that a clear description of the
symptoms helps to find a diagnosis. Finally, Hypothesis
3 (c) posited that the type of symptom is associated with
participation effort. The p-values of β10 range from .014 to
.900. This indicates that certain symptoms significantly af-
fect the number of diagnoses. Using the whole body as the
reference category for the main affected area of the body,
we can see that cases concerning heart, cardiovascular, ab-
dominal, and digestive symptoms increase the number of
diagnoses, significantly. Since some symptoms are present
in only a few cases, their insignificance is probably due to
the small sample size. With this in mind, we partially con-
firm Hypothesis 3 (c).

To identify and qualify the influence of patients’ demo-
graphic characteristics, we conducted an analysis of vari-
ance with a significance threshold denoted by α = .05.
The F-values and p-values are presented in Table 5. It
can be seen clearly that for all characteristics the differ-
ence in means falls short of being significant. As p ≫ .05,
it appears that the participation effort of solvers is non-
discriminatory with regard to the sex, age, and ethnicity of
a patient (suggesting the crowd-powered medical diagnosis
as a viable alternative for people perceiving discrimination
by traditional medical institutions).

5 Discussion

This study developed a conceptual framework to exam-
ine factors that encourage participants to exert effort in
crowdsourcing involving medical diagnosis. To verify our
conceptual framework, we collected a unique dataset from
https://www.crowdmed.com. After we operationalized our
frameworks into an estimation model, we interpreted a set
of variables concerning the direction, intensity, and signifi-
cance. Most findings fall in with observations demonstrated
previously by Dissanayake et al. (2019) on the basis of an
empirical analysis of participation. As theorized, the par-
ticipation effort measured by the number of potential diag-
noses is highly correlated with the number of participants,
however, some regularities for the participation effort can
be derived that might warrant further studies. The re-
sults highlight that the number of diagnoses is contingent

on the design of a medical case and its difficulty. To deter-
mine the difficulty level of a medical case, the number of
symptoms seems to be an adequate indicator. Apart from
that, we did not find any ethnic discrimination in terms
of diagnostic suggestions received from patients belonging
to an ethnic minority group; therefore, we can recommend
crowdsourcing to all those who perceive discrimination in
traditional medical diagnosis. Finally, participants are in-
trinsically motivated by the opportunity to gain reputation,
which is indicated by the fact that the number of diagnoses
is positively correlated to the number of points accredited
to a correct diagnosis. This correlation does not exist for
the financial reward. Since the coefficients of these factors
are fairly small, we conclude that the engagement of par-
ticipants is robust to changes in settings of case design.

5.1 Theoretical and Practical Implications
Despite the growing interest in web-based tools for health-
care, almost no empirical research is concerned with crowd-
sourcing for medical cases. Our results complement the
findings of prior literature by presenting determinants of
participation effort in the context of medical diagnosis.
We demonstrated that participants are more engaged by
cases submitted by patients of young age that are afflicted
with certain symptoms for a protracted period. We further
showed that the perceived discrimination in medical set-
tings (see, e.g., Benjamins and Middleton (2019)) is not
prevalent in medical crowdsourcing. By doing this, our
study provides a benchmark that may serve as a basis of
comparison to other medical tasks, settings, and platforms.
In supplement to the theoretical implications, we also pro-
vide important implications for practice. By identifying the
determinants of participation effort in medical crowdsourc-
ing, we offer guidance to patients on how to design their
cases to increase the likelihood of resolving their undiag-
nosed disease.

5.2 Research Limitations and Extensions
This study has several shortcomings. First, the sample is
only subject to the diagnosis of rare diseases. Whether the
research results can be generalized to the diagnosis of undi-
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Table 4: Regression Results. Sample size n = 115. (Source: Own work.)
Variables Coeff. β-Value Std. Error Wald χ2 p-Value VIF
Constant β0 1.480 .3232 20.976 .000 .

Patient’s Gender Male
β1

.000 . . . .
Female -.175 .1235 2.001 .157 1.759

Patients’ Age β2 -.012 .0041 8.876 .003 1.442

Patients Ethnicity
Caucasoid

β3

-.261 .1759 2.205 .138 1.759
Negroid -.301 .2480 1.478 .224 1.845
Mongoloid .000 . . . .

Case Reward β4 -.000 .0000 7.869 .005 1.527
Case Duration β5 .005 .0005 88.340 .000 1.301
Case Quality β6 -.060 .0373 2.614 .106 1.552
Case Difficulty β7 -.008 .0537 .022 .882 1.857
Symptom Count β8 .000 .0000 10.945 .001 1.295
Symptom Description β9 .036 .0173 4.385 .036 1.434

Symptom Type

Eyes or vision

β10

.125 .3290 .145 .703 1.282
Head or neck .262 .1603 2.676 .102 1.642
Breathing .131 .2691 .237 .626 1.261
Heart or cardiovascular .680 .3079 4.878 .027 1.426
Abdominal or digestion .414 .1676 6.099 .014 1.736
Genital or urinary -.060 .4754 .016 .900 1.105
Neurological .140 .1613 .749 .387 1.867
Joint or muscular -.140 .2094 .450 .502 1.569
Mental health -.684 1.0262 .444 .505 1.169
Skin or hair -.400 .4779 .701 .402 1.210
Whole body .000 . . . .

Table 5: Variance Analysis. Sample size n = 115. (Source: Own work.)

Variables # Participants # Diagnoses

F p F p

Eyes or vision 2 1.7 1.7 37
Head or neck 20 17.4 19.1 66
Breathing 3 2.6 21.7 27

agnosed common diseases needs further investigation. For
the medical diagnosis of common diseases, 115 cases may
not be an accurate representation. Second, our conceptual
framework was tested using aggregated data that is pub-
licly available on the crowdsourcing platform of interest.
Prior research demonstrated that the willingness to partic-
ipate in medical cases is in a large part stimulated by the
solvers’ intrinsic motivation (Zheng et al., 2011) and the pa-
tients’ emotional tones (Dissanayake et al., 2019). Third,
our study assumes that the medical report, which is eventu-
ally accepted by the patient contains the correct diagnosis;
however, in reality, it may not include the most accurate
diagnosis. To figure this out, patients need consultations
with their physician(s). Since it may take years before the
first signs of alleviation can be seen, we plan to enrich the
validity of our study by interviewing solvers on whether the
diagnostic suggestion has turned out to be correct. Such a
long-term validation of crowdsourcing for medical diagnosis
has already been mentioned in Meyer et al. (2016).

6 Conclusion

Crowdsourcing has the potential to radically change the
way patients receive a medical diagnosis or treatment plan.
Patients afflicted with chronic, difficult-to-diagnose diseases

are already using crowdsourcing as a viable alternative to
seeking help from traditional physicians. With no diagno-
sis or treatment forthcoming, these patients are willing to
expend time and money to obtain a potential cure from an
unknown. CrowdMed holds considerable promise to find
the reason for the ailments of patients with rare diseases.
As part of an empirical analysis, we investigated factors af-
fecting the participation effort measured by the number of
submitted diagnoses. It seems that the participation effort
is fairly robust and non-discriminatory. With this in mind,
our study makes an important contribution to the accep-
tance and adoption of web-based services in healthcare.
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