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The wisdom of crowd effect has been studied in political and
economic forecasting where the crowds can be remarkably
accurate in estimating true answers. In this study, we inves-
tigate the wisdom of crowd in esoteric engineering problems.
We used various statistical techniques ranging from averag-
ing to more sophisticated Bayesian networks for aggregating
the crowd answers. Our results suggest that the wisdom of
crowd effect is valid for these esoteric engineering problems
in practitioner crowds, where people have exposure or fa-
miliarity to the domain of the esoteric problem, but are not
necessarily domain experts. On the other hand, we did not
obtain any accurate estimation from diverse groups of or-
dinary people gathered through Amazon Mechanical Turk.
Since practitioners are less prevalent than ordinary crowds,
we investigate wisdom of micro-crowds. For micro-crowds
of practitioners, consisting of 4-15 practitioners, we were
able to produce crowd estimates that were more accurate
than the individual estimates of the majority of the people
in the micro-crowd. We also observed that the wisdom of
crowd effect is maintained for less intuitive problems in addi-
tion to problems that require more intuitive evaluations. This
indicates that challenging engineering problems that lack ef-
fective computational solutions can vastly benefit from the
wisdom of crowd effect in practitioner groups combining dif-
ferent perspectives of individuals

1 Introduction
Wisdom of crowds is the idea that the collective estimate

of a group can be more accurate than estimates of individu-
als, even those who are experts in the domain of the problem.
Demonstration of wisdom of crowds dates back to early 20th
century [1, 2]. Recently, this phenomenon has been shown
to be useful in many fields such as popular culture, social
studies, behavioral economics, psychology and politics [3].
This paper investigates how the wisdom of crowd effect per-
forms in micro-crowds containing a small number of individ-
uals. For brevity, we refer to the wisdom of micro-crowds as
WoMC.

Crowdsourcing is a process that can engage the wisdom

of crowds. By definition, crowdsourcing is the assignment
of a task to a large population of workers [4]. With the
rise of crowdsourcing platforms such as Amazon Mechani-
cal Turk (AMT), harnessing human resources have provided
ideal solutions to high-speed and low cost data generation
for many problems, especially machine learning. Traditional
crowdsourcing focuses on assigning tasks that are human
easy and computer hard. One popular example is computer
vision applications where crowds may be given a set of im-
ages and asked to identify certain objects [5]. Such a ques-
tion is extremely intuitive for all people, and so the correct
answer can be inferred from a crowd consensus. However,
complications arise when the question presented requires ex-
pertise in specific domain [6]. In the context of this paper,
we define such questions as esoteric problems.

This paper focuses on the esoteric domain of engineer-
ing problems. While engineering tasks are greatly facilitated
by computers, they are limited by the computational tools
available. Technology is improving everyday and we are
faced with new challenges where no established solutions ex-
ist. The emergence of crowdsourcing offers a potential new
method to reduce the cost of engineering design, develop-
ment and evaluation through the application of the wisdom
of crowds. In addition, the wisdom of crowds may provide a
useful new tool for approaching these challenging new prob-
lems that lack ground truth answers.

One recent study asked the AMT population to evalu-
ate the structural strength of various bracket designs [7]. The
paper concluded that crowdsourcing evaluation fails for engi-
neering tasks, in part due to the limited population of experts
in the sampled crowd. This suggests that it may be imprac-
tical to rely on a sufficient number of experts being present
in the sampled population in order to derive an accurate con-
sensus.

On the other hand, collaboration of experts have been
studied in [8–12]. Lorenz et al. [13] shows how social in-
fluence during the interactions of a group can weaken the
wisdom of crowd effect in general knowledge questions.
Moreover, Hong et al. [14] theoretically and computation-
ally demonstrate specialists must become similar and can be



outperformed by diverse groups. These studies motivate and
leave open an important question: can we use crowdsourc-
ing in esoteric domain of engineering design evaluation to
achieve wisdom of crowds? In addition to non-experts and
experts, which have been the primary focus of other research
on crowdsourcing in engineering, we introduce a third cate-
gory of individuals known as practitioners. We define a prac-
titioner as having exposure or familiarity to the domain of the
esoteric problem in question.

In this work, we investigate the WoMC concept for es-
oteric engineering problems. To gather empirical data, we
have conducted multiple crowdsourcing experiments with
different difficulty and intuitiveness levels on crowds with
ranging expertise. To analyze this empirical data using a
computational framework, we developed a Bayesian model
and benchmarked it against other statistical aggregation
methods such as arithmetic mean. We further discuss the
WoMC concept through investigating the effect of crowd size
as well as its extension to conceptual design problems. With
an understanding of these relationships, we aim to provide
an explanation of how wisdom of crowd can be achieved in
engineering tasks.

This paper demonstrates that the wisdom of crowd can
be effective in practitioner groups, with the aggregated crowd
result outperforming a majority of the individual practition-
ers sampled. For micro-crowds of practitioners, consisting of
4-15 practitioners, we were able to produce crowd estimates
that were more accurate than the individual estimates of the
majority of the people in the micro-crowd. These promis-
ing results suggest that the WoMC may provide a powerful
tool for answering difficult problems in which computational
methods have not been established and ground truth answers
do not exist yet. In addition, these results support the es-
tablishment of online communities for practitioners, which
could facilitate future applications of the wisdom of crowds
in esoteric domains such as engineering design.

2 Background
Our work builds on crowdsourcing with a focus on es-

oteric engineering design evaluation in practitioner micro-
crowds. Below, we cover crowdsourcing platforms, some re-
cent developments in crowdsourcing, consensus through col-
laboration and use of crowdsourcing in engineering.

A critical component in crowdsourcing is access to
crowds. Since we investigate the effect of expertise level in a
crowd, choice of crowdsourcing platform is a key to reach the
desired workers. The most prominent crowdsourcing plat-
form is Amazon Mechanical Turk (AMT) [15], with more
recent emergences of CrowdFlower (CF) [16] and Prolific
Academic (ProA) [17]. While these platforms are designed
for diverse crowds of general public, each platform attracts
different workers [18]. A study on these found CF and ProA
to have more diverse populations than AMT and that ProA
developed as a platform for conducting research [19].

AMT allows the surveys to be targeted to selected demo-
graphics. Yet, esoteric engineering problems require a more
specific group that we define as practitioners and there are no

platforms to reach such a crowd. Our practitioner crowds are
gathered through the university community. We believe our
work demonstrates the need for new platforms that enable
the access to practitioner crowds for esoteric problems.

With the rise of crowdsourcing platforms, now there is
an easy access to a large population of potential workers that
can participate in design evaluations quickly [20]. These de-
velopments lead to many research in how to create success-
ful crowdsourcing studies [21]. Some resulting techniques
include use of explicitly verifiable questions to identify ma-
licious users and encourage honest responses as well as task
fingerprinting that logs completion time, mouse movements,
key presses, and scroll movements, which can be used as
metrics to vet suspect responses [22]. Here, we focus on
use of crowdsourcing in esoteric domains rather than general
knowledge or preference type studies.

Wikipedia has been intensely studied as a prominent
success story of the application of wisdom of crowds. It has
been shown that collaboration between thousands of users
have developed an encyclopedia of comparable accuracy to
encyclopedias written by a collection of experts [23]. Special
topics in Wikipedia can be considered as esoteric domains.
However, due to the direct collaboration between editors on
Wikipedia, the fundamental assumption of independent eval-
uations for wisdom of crowds is violated. Further research
found that the core of Wikipedia’s articles were developed by
a small elite, and that more diverse populations began con-
tributing later [24].

While use of collaboration is a common practice in engi-
neering [10,11], we are interested in WoMC that can be gen-
erated through independent diverse crowds. Surowiecki [3]
states that one requirement for a good crowd judgement is
that peoples decisions are independent of one another, which
is further validated by the results from [13] which demon-
strate that the same crowd of individuals produce a more ac-
curate crowd consensus when there is no collaboration dur-
ing the process.

Crowdsourcing has also been used in engineering de-
sign for incorporating customer preferences. Crowdsourc-
ing is a powerful tool for collecting customer input on their
preferences for a product, particularly in regard to balanc-
ing style with brand recognition [25]. Analyzing customer
preferences for different fundamental geometric designs of
products can aid engineers in evoking the desired response
in customers [26]. In contrast to such research into crowd-
sourcing subjective engineering problems, this paper focuses
on esoteric engineering problems with objective attributes.

Use of crowdsourcing in design evaluation have been
studied in [7]. This paper calls for more research into the
subject motivates our work to investigate wisdom of crowd
in design evaluations to find when and how it works. Iden-
tifying experts in a crowd through demographics and testing
mechanical reasoning with check questions has been stud-
ied in [27]. While these works focus on solving engineering
problems with ordinary people, we investigate a new crowd
concept, practitioner micro-crowds. We demonstrate col-
lective estimates of practitioner crowds can be accurate al-
though the practitioners may have significant estimation er-



rors individually.
Another use of crowdsourcing in engineering is to col-

lect design proposals. One of the notable examples of this
was GE Aviations use of a GrabCAD design challenge, in
which they tasked users with designing a titanium 3D printed
bracket [28]. Open call challenges such as these can attract
too many entries than can be easily managed by experts. In
a way, our work is complimentary to these challenges as it
paves the way to use crowdsourcing for evaluation of the
crowdsourced design proposals.

Another open question within the engineering design
research community relates to the consistent evaluation of
conceptual designs. In contrast to esoteric engineering prob-
lems, conceptual design problems have no true solution. Re-
searchers often utilize conceptual design studies to explore
characteristics of the design process, such as the impact of
analogical stimuli on solution characteristics [29–31]. Typ-
ically, design output from such studies is evaluated qualita-
tively; trained experts rate defined metrics, such as the nov-
elty or quality, across a wide design space [32]. Unsurpris-
ingly, the process of both training and rating design solu-
tions can be incredibly time consuming and costly. This is
particularly true for cognitive studies requiring hundreds of
design concepts to be evaluated at a given time. Another
challenge with the current approach to evaluating conceptual
design solutions is that when multiple experts are used, they
do not always agree upon the particular merits of a given de-
sign concept. This can lead to low inter-rater reliability met-
rics, and require researchers to retrain experts prior to hav-
ing them re-evaluate designs. With this in mind, a combined
human-computational framework that removes the necessity
of training experts could greatly improve and expedite the
conceptual design evaluation process. In this work, we also
explore WoMC for evaluation of conceptual designs.

3 Experimental Design
In order to investigate the wisdom of crowd in esoteric

engineering applications, it is necessary to understand its re-
lationship between crowds and problem types. Here, we ex-
plain the characteristics of crowds and the problems used in
this study.

3.1 Crowd Types
Two important key factors in the wisdom of crowds are

diversity of opinion and independence. Therefore, a crowd
should include people with a variety of opinions rather than
a group of elites or experts that may create bubbles and con-
form to each other’s opinions [3]. To support independence,
we collected survey results through a web-based survey tool
providing anonymity and avoiding communication between
participants.

In this work, we consider two types of crowds as AMT
workers and practitioners. AMT crowds represent the opin-
ion of ordinary people which may include anyone on any
skill level. On the other hand, practitioner group represents
the people who have knowledge in the discipline however

Fig. 1. 3D printing-1: support material question.

Fig. 2. 3D printing-2: surface finish question.

is not necessarily a domain expert for a given task. For ex-
ample, practitioner can represents a person that has an un-
derstanding of mechanical engineering discipline in general
but does not specialize in the field of given task such as heat
transfer, structural mechanics, manufacturing etc.

For the practitioner group study, a total of 15 par-
ticipants were recruited from a sample of more than 300
graduate students at Mechanical Engineering Department of
Carnegie Mellon University. Note that these students do not
represent experts and estimation error in their answers vary
significantly (Fig. 8). For AMT surveys, we gathered groups
of 100 people through Amazon Mechanical Turk who re-
cieved monetary compensation. In order to represent general
public, we did not set any specific demographic groups. Only
for the AMT survey of the structural mechanics question, we
used the data provided by Burnap et al. [7].

3.2 Design of Surveys
In this study, we investigated the wisdom of crowd with

four different surveys that range in the difficulty and intu-
itiveness. While all surveys require familiarity with engi-
neering problem at hand, 3D printing questions (Fig. 1, 2, 3)
focus on more intuitive concepts such as area/volume eval-
uations. On the other hand, the structural mechanics prob-
lem (Fig. 4) is less intuitive since estimating strength of an
arbitrary topology provides a more challenging task even for
experts.

Although engineering problems are often computer



Fig. 3. 3D printing-3: surface finish question.

Fig. 4. The structural mechanics problem [7].

easy, human hard, they are solved using expert intuition
when no computational tools are available. To assess
whether such situations could benefit from wisdom of crowd,
we conducted a series of surveys for problems we already
know how to solve so that we can evaluate the crowd an-
swers. Structural mechanics survey (Fig. 4) provides a very
good example of such problems since these optimal mechan-
ical design problems have been solved by expert intuition
until the introduction of topology optimization techniques in
1990s [33]. Therefore, we now have the tools to evaluate the
aggregated crowd answer and how well it performs. As a
result, our study on this survey demonstrates why computer
easy world of engineering can benefit from the wisdom of
crowds.

We developed survey questions such that participants
can produce a reasonable estimation even though they may
not have the knowledge of exact answers. We also used a rat-
ing based approach on a predefined scale to eliminate prob-
lems in choosing the right order of magnitude. Each survey
consist of multiple questions to facilitate expertise inference
later in crowd aggregation stage. In all of the surveys, par-
ticipants are presented with the question statement and all
alternative shapes to be analyzed altogether. Then, they are
asked to give their ratings for each individual question con-
secutively. Next paragraphs explain the details of each sur-
vey.

Figure 1 presents 3D printing-1 survey where partici-
pants are asked to rate the amount of support material re-
quired to print the same object in different orientations with
an FDM type printer. For each of the given orientations, par-
ticipants are required to evaluate the amount of support ma-
terial needed on a scale from 1 to 10, 1 being very little and
10 being a lot of support material. We compute the required
support material as the volume that is created by the projec-
tion of overhang areas to the base with zero overhang angle.

Then, the scores are scaled linearly between 1 and 10.
3D printing-2 survey is about evaluating the surface

finish quality of the same object in particular orienta-
tions (Fig 2). The participants are asked to rate the quality of
the printed object considering the amount of surfaces in con-
tact with support material for each given orientation. Surface
quality rating is between 1 and 10, 1 being very poor finish
and 10 being very good finish. To find the true surface fin-
ish ratings, we compute the overhangs areas with zero over-
hang angle and scale the areas inversely between 1 and 10.
3D printing-3 survey (Fig. 3) asks the same question on the
same objects with more features that increase the difficulty
of evaluation.

Figure 4 shows the structural mechanics problem that is
presented in [7]. In this survey, participants are presented
with eight different bracket designs intended to support a
downward force at the end of the bracket. Then, they are
asked to rate the strength of each bracket on a scale from
1 to 5. On this scale, 1 corresponds to a very weak design
whereas 5 is very strong. One particular reason why we use
the structural mechanics survey is that estimating strength
of arbitrary topologies is less intuitive to humans compared
to volume/area evaluations. While humans are exposed to
volume/area computations in daily life, rating strength of an
arbitrary design requires a specific experience [34].

4 Crowd estimate aggregation
Choice of aggregation measure effects the collective es-

timate of the group thereby understanding of wisdom of
crowd. In this section, we explain the statistical methods we
used to aggregate the crowd answer.

In a crowd of n participants with a set of estimates
y1,y1, ...,yn, we first compute the crowd estimate using arith-
metic mean as yagg = 1

n ∑
n
j=1 yi. Some studies discuss that

the median or geometric mean can result in more accu-
rate estimates to demonstrate the wisdom of crowd [1, 13].
Geometric mean of an estimate set can be calculated as
exp( 1

n ∑
n
j=1 ln(yi)). Another approach is to use majority vot-

ing which is selecting the score that has the most repetitions
in the data. Our approach is suitable for this type of aggrega-
tion since we have discrete set of ratings for our evaluation
questions. The majority vote is found as the mode of the
estimate set.

Bayesian networks have been implemented in a variety
of crowdsourcing applications in order to mitigate the noise
from biased responses. These studies model the sources
of bias using models that consider problem difficulty and
competence of participants [5–7, 35–38]. Similar to these
approaches, we develop a Bayesian model as presented
in Fig. 5. Note that the Bayesian networks approach does
not require prior knowledge of true answers, participant ex-
pertise or problem difficulty. The only observed variable is
the participant answer for each question.

Participants with high expertise provide accurate an-
swers with very small errors while non-experts can give an-
swers with large errors. There is another level on the skill
spectrum that corresponds to adversarial participants who in-
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Fig. 5. The Bayesian network model.

tentionally give the wrong answers. Since the answers are
maliciously wrong, the amount of error is even more than
that of a non-expert that randomly guesses the answers. Fig-
ure 6 explains the effect of question difficulty with the vary-
ing participant level. For a very easy question, even unskilled
participants can give answers with small error and anyone
adversarial can make the most damage. As the questions get
difficult, expertise affect the accuracy of answers more. On
the other hand, unintuitive questions are answered through
random guesses by participant at all skill levels resulting in
similar error values for all. We model this rating process as
follows:

δi j =
exp(−αi/β j)

1+ exp(−αi/β j)
(1)

where the participant expertise is modeled by the pa-
rameter αi ∈ (−in f ,+ inf) and the problem difficulty is β j ∈
(0,+ inf). The resulting evaluation error becomes δi j ∈ [0,1].
We model the evaluation process as a random variable with a
truncated Gaussian distribution around the true score (µ= x j)
with a variance as evaluation error, δi j. To bring everything
into the same scale, evaluations, yi j, are scaled to [0,1] from
the original survey scale. The true scores are also represented
as x j ∈ [0,1].

Considering all of our assumptions, we obtain the graph-
ical model as shown in 5. Assuming a Bayesian treatment
with priors on all parameters, , the joint probability distribu-
tion can be written as

p(y,x,δ,α,β) =∏
i

p(αi)∏
j

p(β j)p(x j)

∏
i j

p(yi j|δi j,x j)p(δi j|αi,β j)
(2)

Note that we exclude hyper-parameters for brevity. In
our implementation, we use Gaussian priors for α with mean,
µα = 1, and precision, τal pha = 1. Since the value of β

needs to be positive, we impose truncated Gaussian prior
with mean, µβ = 1, and precision, τbeta = 1, with a lower
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Fig. 6. The error variance with participant expertise and problem
difficulty.

bound as +ε. For the true scores, x j, we use a truncated
Gaussian with bounds [0,1], mean µx = 0.5 and precision
τx = 0.1.

We use Markov chain Monte Carlo (MCMC) simula-
tions to infer the results. In the MCMC simulations, we uti-
lize a Metropolis step method. Empirically, we observe that
using thinning interval of 3 and burn-in length of 105 works
well with 5x105 iterations.

5 Results
To demonstrate the WoMC in esoteric engineeing prob-

lems, we have conducted four experiments with two crowds
having different skill levels. Here, we analyze the results of
surveys and investigate when and how we observe WoMC.

Summary of surveys outcomes. The results of sur-
veys with different crowds and aggregation methods are sum-
marized in Table 1. We also provide the RMS error val-
ues for each question in the surveys (Fig. 7). We scale all
scores between 0 and 1 for direct comparison across sur-
veys. While for a single question, the collective error can
be defined as the difference between the true answer and the
aggregated answer, (yt − yagg), we compute the root mean
square (RMS) error for a survey containing m questions,√

1
m ∑

m
j=1(y

t
j− yagg

j )2 since it gives a performance measure
in the same scale. Note that answers of participants are
gathered as discrete ratings rather than continuous variables.
While arithmetic mean, geometric mean and Bayesian net-
works aggregate a continuous value for the discrete inputs,
median and majority voting results are discrete. For this
reason, we used the true continuous answers for the meth-
ods with continuous aggregates and we rounded the scores
to compare with discrete aggregates.

Crowd expertise and aggregation methods. We did
not observe any accurate estimations in AMT groups. The
resulting RMS error values are very high in the context of
the data being scaled from 0 to 1. On the other hand, re-



Table 1. The wisdom of crowd effect exist in engineering problems with expert groups and Bayesian model gives the best estimate in most
cases. While AMT groups result in high errors that suggest poor accuracy, no statistical aggregation method consistently performs better.

RMS error in crowd estimation

Question Arithmetic mean Geometric mean Median Majority voting Bayesian model

3D printing-1, practitioner 0.111 0.091 0.136 0.079 0.055

3D printing-1, AMT 0.403 0.378 0.430 0.336 0.363

3D printing-2, practitioner 0.202 0.236 0.197 0.163 0.113

3D printing-2, AMT 0.438 0.462 0.473 0.540 0.600

3D printing-3, practitioner 0.196 0.198 0.136 0.111 0.116

3D printing-3, AMT 0.402 0.431 0.363 0.453 0.561

Structural Mech., practitioner 0.197 0.217 0.198 0.342 0.173

Structural Mech., AMT 0.339 0.352 0.385 0.395 0.392

3D printing-1, practitioner 3D printing-1, AMT
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3D printing-3, practitioner 3D printing-3, AMT

Structural mechanics, practitioner Structural mechanics, AMT

3D printing-2, practitioner 3D printing-2, AMT

Fig. 7. Error of crowd estimation for each question in the four survey groups. Each bar group represents the error of the crowd estimation
aggregated through arithmetic mean, geometric mean, median, majority voting and Bayesian model, respectively.

sults of practitioner crowd studies suggest that crowdsourc-
ing can be useful for esoteric problems. When the aggre-
gation methods are compared, our results demonstrate that
Bayesian networks can provide consistently good estima-
tions in practitioner groups. However, Bayesian networks
are outperformed by other methods in all of our AMT stud-
ies. This matches previous findings on how crowdsourcing
with AMT populations fails for engineering design evalua-

tions [7].

While arithmetic mean can give better estimation results
in AMT crowds, it results in almost double the RMS of the
best Bayesian network results in practitioner groups. This
can be explained with the data distributions. While estimates
of AMT crowds are closer to normal distribution, distribu-
tion of practitioner crowd estimates are skewed. Due to this
property, median or majority voting can outperform arith-



Fig. 8. Estimation error significantly varies in the practitioner group. Collective estimate of the practitioner crowd is more accurate than vast
majority of individual practitioners. Collective error of the crowd and errors of individual practitioners in the crowd are given in the center node
and surrounding nodes,respectively. The color of the circles represents the error and better performing individuals are marked with a dashed
circle. The results for 3d printing-1,2,3 and structural mechanics questions are given from left to right.

Table 2. Percentile rank of crowd estimation in individual estima-
tions for the practitioner crowd.

Percentile rank of crowd estimation

Question Continuous Discrete

3D printing-1 87% 100%

3D printing-2 87% 93%

3D printing-3 93% 93%

Structural Mech. 93% 100%

metic averaging in practitioner groups. However we also ob-
served majority voting to result in very poor performance in
the structural mechanics survey with practitioner group. In
any of our studies, we have not observed the best perfor-
mance with geometric mean. This can be explained with the
fact that we ask our questions as ratings in specified ranges
whereas geometric mean is useful when data/responses vary
in order of magnitude [13].

WoMC and individuals. To analyze the wisdom of
crowds effect, we compare the performance of the aggre-
gated crowd estimation with answers of individuals in the
crowd (Fig. 8). Since we only observe reasonable accuracy
in practitioner groups, we only present this data for these
crowds. We used the collective answers aggregated with
Bayesian networks as it consistently performed well in prac-
titioner group studies.

Figure 8 shows that the collective estimation of the
crowd is more accurate than most of the individuals. Note
that the practitioner group is composed of individuals with
different skill levels and estimation errors significantly vary
in the group. This confirms that Bayesian networks can
give an accurate measure of the wisdom of crowds for the
problems of our study with esoteric nature. This can be ex-
plained through the participant expertise and problem dif-
ficulty based inference that considers all answers of an in-
dividuals rather than a single answer. Our results suggest
that the Bayesian networks approach does not undermine the
wisdom of crowd effect by picking out only elite group of
experts in the group but allow the diverse perspectives to be
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Fig. 9. Effect of crowd size on the success of crowd answer success
as percentile and population bias. We observe a slightly increasing
trend in the percentiles whereas a significant decrease in the stan-
dard deviation (yellow shaded) as the crowd size increases. This
suggests that higher percentile ranks can be achieved with higher
probability in larger crowds.

incorporated. This can be explained by the fact that exper-
tise concept here is not asserted but rather inferred as a latent
variable in the Markov Chain Monte Carlo simulations.

Statistically, we quantify the wisdom of crowds using
percentile rank that represents the part of people that are out-
performed by the collective answer. High percentile values
in Table 2 suggest that the wisdom of crowd is achieved. We
compute the percentile rank of crowd using two error met-
rics as continuous and discrete. In the continuous version,
we compute the distance between true answers and partici-
pant ratings. Since the participants only evaluate the design
options using integer ratings, we use round the true answers
to the nearest integer in the discrete measure while comput-
ing the individual estimate errors. Although it might be as-
sumed that the discrete measure would result in less error in



individual estimates, we results in suggest that the continu-
ous metric actually produce smaller error values. This can
be explained with the fact that discrete measures can also
increase the error due to round off. It is important to note
the distinction between percentile rank and accuracy of the
collective estimate. The percentile rank denotes the relative
performance of the collective estimate compared to the indi-
vidual estimates while the accuracy refers to the size of the
RMS error between the estimate and ground truth value.

Effect of crowd size. Platforms such as AMT enable the
collection of answers from large groups of diverse people.
However, one can most likely reach only a limited number of
people when practitioners are required for an esoteric prob-
lem. For this purpose, we investigate the wisdom of crowd
effect with different group sizes (Fig. 9) and observed that
WoMC can still be observed in smaller groups.

We analyzed crowd size with the 3D printing-1 survey
and computed crowd estimation using Bayesian networks
since we observe consistent good performance (Table1). Ini-
tially, our practitioner studies are conducted with 15 partici-
pants. To simulated micro-crowds with less participants, we
generate combinations of 5 to 14 individuals of the 15 par-
ticipant set. Since there can be many combinations for some
crowd sizes, we limit the number of combinations to 500
for each group size by random selection. The results sug-
gest that the wisdom of crowd effect can still be observed
for smaller group sizes. We also observe that the probabil-
ity of obtaining crowd estimations with higher success (per-
centile) increase with larger crowds. The estimation error of
the micro-crowds and its standard deviation also decrease as
the number of people increase. We also investigate the ef-
fect of population bias as the crowd size change. Population
bias is defined as the error of aggragated guess accross the
crowd [39]. Figure 9 demonstrates that both mean and stan-
dard deviation of population bias has a decreasing trend with
the increasing crowd size.

6 Discussions
6.1 Insights for Design

From the analysis we conducted, we identified some key
insights on how WoMC can be achieved in esoteric engineer-
ing problems. Here, we highlight these key points.

Problem difficulty and intuitiveness. We designed our
surveys in ranging difficulty and intuitiveness. Specifically,
all 3D printing questions are based on volume and area esti-
mations whereas structural mechanics question is not as in-
tuitive and acquainted. While we observe more accurate es-
timates in 3D printing questions, we do not observe a sig-
nificant difference in the wisdom of crowds (i.e., number of
individuals outperformed by collective estimation). More-
over, we also do not observe a significant difference between
the results of 3D printing-2 and 3D printing-3 surveys while
we ask the same question on similar objects with increased
number of features. This suggests that the wisdom of crowds
work for more difficult or unintuitive questions as much as
it works for easier and intuitive ones. Perhaps the different
perspectives of individuals in the practitioner groups help to

Fig. 10. Example conceptual designs.

mitigate the impact of intuitiveness.
Level of expertise. Populations of ordinary people,

collected through platforms such as AMT, perform poorly
on esoteric engineering problems. However, our results in-
dicate that the wisdom of crowds can be engaged in practi-
tioner crowds of the domain of the esoteric problem. This
conclusion demonstrates that experts may not necessarily be
required to solve complex engineering problems. Groups of
practitioners who are still gaining experience in the domain
may prove to be a valuable asset. Furthermore, practitioner
crowds may be more accessible than experts.

Aggregation methods. In the context of practitioner
populations, we determined that the most effective aggre-
gation method was the Bayesian network. This technique
is most valid given a minimum level of expertise of the
group, since the Bayesian network was outperformed by the
arithmetic mean for the AMT populations. For practitioner
groups, the exposure to the domain of the esoteric problem
allows the Bayesian network to mitigate the mistakes made
by individual practitioners who have comparatively less ex-
perience than the other practitioners.

Size of crowd. The standard deviation of the percentile
rank of the collective estimate from the crowd decreases as
the crowd size increases, indicating that larger practitioner
crowds will produce more accurate estimates. However, with
as few as 5-14 practitioners, we produced collective esti-
mates in the 90 percentile. This demonstrates that WoMC
can still be effective in crowdsourcing applications, which
is particularly important since practitioner crowds are less
prevalent than diverse crowds.

6.2 Conceptual Design Evaluations
As an extension of the methods presented in this paper,

the feasibility of using a Bayesian network model within the
context of conceptual designs was explored. To accomplish
this, a practitioner evaluation study was run in which each in-
dividual practitioner evaluated a pre-existing set of concep-
tual design solutions that had also previously been evaluated
by two trained experts. Fifteen practitioners were recruited
from Carnegie Mellon University, each specializing in Me-
chanical Engineering (Design focus), or Product Develop-
ment. Participants were allowed a maximum of 120 minutes
to complete the ratings, and were monetarily compensated
for their time.

Each practitioner evaluated 114 conceptual designs, cor-
responding to one of four design problems. These prob-



Fig. 11. For conceptual design survey, we observe significant es-
timation errors for each individual practitioner. Individual estimation
errors of practitioners are given at the surrounding nodes and the
collective estimation error is the center node. Left: arithmetic mean,
Right: Bayesian model.

Table 3. RMS error in crowd estimation for the conceptual design
evaluations.

Aggregation method RMS error

Arithmetic mean 0.2388

Geometric mean 0.6028

Median 0.3256

Majority voting 0.3652

Bayesian model 0.3268

lems are as follows: a device that disperses a light coating
of a powdered substance over a surface [40], a way to min-
imize accidents from people walking and texting on a cell
phone [41], a device to immobilize a human joint [42] and
a device to remove the shell from a peanut in areas with
no electricity [43]. This set of conceptual design solutions
was taken from a solution set collected for prior work by
Goucher-Lambert and Cagan [44]. In that study, inter-rater
reliability was assessed using the 114 solution concepts in-
cluded here. Each design was evaluated across four metrics:
usefulness, feasibility, novelty, and quality. Practitioners
were provided with one-sentence criteria for each metric (in-
cluding scoring), and did not see any example solutions prior
to rating designs. Example concepts for two of the problems
are shown in Figure 10. The goal here is to determine the ac-
curacy of the Bayesian network model for class of problems
with extremely low structural and functional similarity.

Table 3 summarizes the collective estimation errors ag-
gregated with different methods. Here, we observe that
Bayesian model does not perform well and is outperformed
by arithmetic mean. Looking into individual estimation er-
rors gives an insight into why Bayesian model is not perform-
ing well for these conceptual designs that lack the structural
and functional similarity. Figure 11 demonstrates that every
individual in the practitioner group makes significant estima-
tion error. Even though the estimation aggregated through
Bayesian model is better than all individuals, it is still very
high due to large estimation errors of each practitioner. In
contrast to our previous esoteric engineering problems, con-

ceptual design problems have no true solution. We believe
open ended nature of conceptual design problems creates a
challenge for consistent evaluation and requires further ex-
ploration.

7 Conclusions and Future Work
As engineering and technology expand, there are new

problems that emerge which may not have an analytic or
computational solution. Such problems are difficult for any
one person to solve, even among experts of the domain.
Therefore, it is necessary to aggregate the perspectives of
multiple people to obtain a holistic understanding of the
task. This paper demonstrates that crowdsourcing with prac-
titioner crowds is an applicable tool for collecting these dif-
ferent perspectives due to WoMC.

When the problem is properly framed, such that the re-
sponses to the questions can be easily quantified and thus
rated objectively, WoMC can allow the collective estimate
of the crowd to be more accurate than the majority of in-
dividuals in the crowd. This demonstrates a potential for
future expansion of crowdsourcing in engineering, by inte-
grating both design generation/innovation with design eval-
uation. Crowds may be utilized to develop large quantities
of designs to solve an esoteric engineering task, and then the
wisdom of crowds may be used to evaluate the proposed de-
signs.
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