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ABSTRACT 
Open innovation platforms (web sites where crowds post ideas in a shared space) enable us to elicit huge 
volumes of potentially valuable solutions for problems we care about, but identifying the best ideas in 
these collections can be prohibitively time-consuming and expensive. This paper presents an approach, 
called the "bag of stars", which enables crowd to filter ideas with (our experiments show) accuracy 
comparable to standard (Lichert scale) rating approaches, but in only a fraction of the time. 

 

THE CHALLENGE: IDEA FILTERING IN OPEN INNOVATION 
Increasingly, organizations are using "open innovation" platforms to solicit ideas from much larger 
groups of experts and stakeholders than was ever possible before [2] [3] [7] [9] [22] [25]  [26]. In 
domains ranging from government to industry to NGOs, we have been finding that crowds are willing 
and able to volunteer ideas, for questions they care about, in vast volumes.  In the early weeks of his first 
term, for example, President Obama asked citizens to submit questions on his web site change.gov, and 
promised to answer the top 5 questions in each category in a major press conference. Over 70,000 
questions were submitted. Google’s 10 to the 100th project received over 150,000 suggestions on how to 
channel Google's charitable contributions. Dell's Ideastorm has received, to date, nearly 20,000 ideas for 
improved Dell products and services. 

This kind of engagement gives organizations access, at very low cost, to a much broader selection of 
ideas, increasing the likelihood that they will encounter truly superior "out-of-the-box" solutions [8], but 
has raised a new dilemma. Open innovation engagements tend to generate idea corpuses that are large, 
highly redundant, and of highly variable quality. Convening a group of experts to identify the best ideas, 
from these corpuses, can be prohibitively slow and expensive. To deal with the unexpected deluge of 
ideas for the 10 to the 100th project, for example, Google had to recruit 3000 Google employees to filter 
the ideas in a process that put them 9 months behind schedule. Organizations have thus turned to the 
wisdom of the crowds to not just generate ideas, but also filter them, so only a relatively small selection 
of the best ideas needs to be considered by the decision makers. It has in fact been shown that crowds, 
under the right circumstances, can solve such classification problems with accuracy equal to or even 
better than that of experts [24]1. But this approach, in practice, has been no panacea. Rating and ranking 
systems, when applied to large idea corpuses, are prone to quickly locking, because of positive feedback 
loops, into fairly static and arbitrary idea rankings,: people do not have time to rate all ideas and thus 
tend to consider only ideas that have already received good ratings [23].  
                                                           
1 A seminal example of this effect dates back to the 1900’s. Thomas Galton, a famous statistician, showed that in country fair 
competitions to guess an ox's weight, the average of the weight guesses was invariably more accurate than any individual 
guess, even though many of the guessers were livestock experts. The averaging process, he theorized, removed the guesser's 
independent and opposing errors, leaving behind the surprisingly accurate signal representing the wisdom of the crowd. 
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In this paper we present a novel crowd-based idea evaluation technique called the "bag of stars", which 
produces crowd assessments of equal quality to that of standard rating systems, but in only a fraction of 
the time. In this paper, we will describe the approach, present an empirical evaluation conducted as part 
of a "real-world" open innovation engagement, and discuss the contributions and possible future 
directions for this work. 

 
OUR APPROACH: THE BAG OF STARS 

While the crowd can be a powerful source of creative and (as we shall see) evaluative expertise, we 
believe that the crowd will generally not understand a customer's needs as well as the customer itself, so 
the final idea selection should be done by the customer. Our goal, accordingly, is to support, rather than 
replace, the individuals charged with selecting ideas, by substantially reducing the time they have to 
invest without reducing the quality of their final idea selections. 

Our approach to this challenge is based on the following three key concepts: 

• framing: the crowd is asked to predict the judgment of the individuals who will make the final idea 
selection, rather than simply evaluating the ideas based on their own criteria.  

• incentives: participants are provided with financial incentives for making evaluations that align with 
those of the decision makers, as opposed to (for example) giving them a flat payment for entering their 
ratings. We explored both prize-based (giving people extra money for accuracy) and penalty-based 
(reducing people's payments for mistakes) payment mechanisms. The latter approach is particularly 
interesting because studies have shown that people are more motivated by avoiding loss than they are 
by achieving gains of equivalent value [11] [12] [17]. 

• budgets: rather than asking participants to rate *all* ideas, they are provided with a limited number of 
tokens ("stars") that they are asked to allocate to the ideas they consider the most (or least) promising. 
The more confident they feel about this judgment, the more stars they can allocate to that idea (within 
the limits of the overall token budget). The rationale for this is simple. Many ideas, we have observed, 
can be rejected quickly based on relatively shallow criteria. With the bag of stars approach, 
participants are encouraged to not waste time evaluating ideas that are unlikely to make the final cut, 
and can focus their efforts on the remaining ideas. 

Our hypothesis is that these innovations will allow crowds to substantially compress the idea corpus 
from open innovation engagements, while retaining the best ideas, more quickly and effectively than 
existing idea filtering techniques. The design and results of our experiments to test this hypothesis are 
discussed in the sections below. 

EXPERIMENT DESIGN 
Our experimental evaluation consisted of two stages: 

• an open innovation engagement to collect a corpus of productivity enhancement ideas from the lab 
members 

• an idea filtering engagement which compared the bag of stars approach with a widely-used idea rating 
scheme - the five-level Lichert Scale [21] - as techniques for identifying the best ideas from within the 
idea corpus. 

We discuss these elements in the paragraphs below. 

Open Innovation Engagement: The open innovation engagement occurred in the context of a University 
R&D lab, in Brazil, that develops software solutions for complex problems in the petroleum exploration 



and production domain for which no solutions exist in the market. The lab has existed for almost 17 
years and is growing in size and complexity, currently including 70 students, professors, managers, 
programmers and staff with expertise in such areas as computer science, engineering, statistics, physics, 
linguistics, and management. Typically, teams of about 5 people are formed to address client problems. 
Projects generally last from 2-3 years and cost about $500K. 

Productivity has been a challenge for the lab, since competition with other research labs is growing, as is 
the complexity of the problems presented by the clients. In the last 2 years, the lab has asked consulting 
firms to propose methods to improve lab productivity, but without success, because the firms didn’t 
fully understand the problem and because of the lab’s resistance to change. The lab director decided, 
accordingly, to try soliciting productivity-enhancement suggestions from the lab members themselves, 
because of several potential advantages: 

• it broadens the circle of people providing ideas, increasing the possibility of finding superior "out-of-
the-box" solutions 

• the suggestions will come from people who are intimately familiar with the lab's structure and 
challenges, and thus more likely to address it's particular needs 

• it may reduce the resistance of the lab members to deploying new practices, since the ideas will have 
come from the lab members itself 

• it alleviates confidentiality issues by keeping the idea generation process within the lab itself 
Ideas were gathered from lab members using the Deliberatorium. an open innovation system created for 
use with large user communities [20]. The Deliberatorium asks participants to enter their ideas in the 
form of argument maps i.e. tree structures consisting of issues (problems to be solved), ideas (potential 
solutions to these problems), and pro and con arguments (pros and cons for the different candidate 
ideas), as illustrated in Figure 1.  

 
Figure 1. A snapshot of the Deliberatorium, the open innovation system used to gather the idea corpus for 

our experimental evaluation. The text is in Portuguese because the participants were Brazilians. 



A mediator ensures that the map remains well-structured as it grows, and merges clearly redundant ideas 
to avoid unnecessary duplication in the idea corpus. Related ideas, as a result, are always collocated, as 
siblings, in an argument map. 

The research lab's open innovation engagement was framed as a contest, with significant financial 
rewards offered for the three best ideas. The contest stayed opened for one month, and generated a total 
of 48 ideas. Each idea contained a title, a proposal description, sometimes with examples, and at least 2 
advantages and 2 disadvantages.  There were some similarities within the 48 ideas.  For example, one 
idea suggested instant awards for employees responsible for some extraordinary event, while another 
suggested an annual reward indexed by the Lab performance as a whole. Although both ideas related to 
rewards, they were quite different in detail, and were not merged.  

A committee of highly experienced research managers, described in Table 1, was then asked to select 
the top three  ideas based on the following criteria: 

• cost for implementing the idea (lower is better) 
• productivity benefit of the idea (higher is better) 
• time needed to measure the benefit (lower is better) 
The committee members did a careful job of analyzing the ideas. They provided detailed rationales, for 
example, for many of their rating decisions. After each member identified their personal favorites, they 
then engaged in a four-round process to decide what the top three ideas should be The identity of the 
winning ideas was kept secret until after the completion of the idea filtering engagement. 

Idea Filtering Engagement: Current and former lab members were recruited and asked to identify the 
best productivity-enhancement ideas from the open innovation engagement. The lab members were 
informed that the ideas had been reviewed by an expert committee, and that their job was to predict 
which ideas had been selected as winners by these experts. The criteria used by the committee, as well 
as the background (though not names) of the committee members, were revealed to all participants. 

 

 Job Experience as 
decision-maker 

(years) 

Age Knowledge 
about the 

research Lab 

Gender 

Member 1 Director of a Petroleum Company > 15 > 50 Deep Male 
Member 2 CEO of a University’s 

Foundation 
>15 > 50 Deep Female 

Member 3 CEO of a University’s 
Foundation 

1 to 5 40-50 Shallow Male 

Member 4 Member of the National academic 
committee to sponsor research 

5-10 > 50 old Shallow Female 

Table 1: Committee members’ profile 



 
 Age Distribution   Education Distribution 

 20-30 30-40 40-50 >50   
undergr

ad College MSc PhD 
G1 6 2 3 3  G1 3 5 2 4 
G2 10 1 2 2  G2 3 8 1 3 
G3 5 7 1 0  G3 2 5 1 5 
G4 4 8 1 2  G4 2 5 4 4 
G5 8 4 2 2  G5 5 5 1 5 

           
 Gender     Years of Experience Distribution 

 Female Male     <1 1 till 10 >10 ex 
G1 4 10    G1 4 5 2 3 
G2 4 11    G2 4 6 2 3 
G3 4 9    G3 3 5 2 3 
G4 5 10    G4 5 7 1 2 
G5 8 8    G5 8 4 1 3 

Table 2. Participants’ distribution in the four groups considering demographic information. 
The idea filtering participants were split into five groups, as presented in Table 2, with about 15 
members each, balanced with respect to age, education level, gender, and length of tenure in the lab. 
Each group was assigned a different combination of financial incentives (fixed vs performance-based) 
and voting techniques (Lichert-based vs bag of stars), as follows: 

Lichert scale, fixed payment (group G1): Participants were asked to rate each idea using a 5-point 
Lichert scale, ranging from 1 (very unlikely to have been selected as a winner by the committee) to 5 
(highly likely to have been selected as a winner). Every participant was given a fixed payment for 
participating. Figure 2, below, shows the user interface for members of group 1. 

Bag of stars (groups G2 - G5): In these groups, the interface displayed the list of ideas, and allowed 
users to add or remove tokens (represented as gold icons) to these ideas, with the constraint that they can 
allocate no more than their total budget of tokens (figure 3). Every user was given a budget of 10 tokens. 

The four bag of stars conditions differed solely in the payment mechanism used, as follows: 

• G2 - fixed payment: participants were given a fixed payment that was independent of their accuracy in 
predicting the expert committee's decisions. 

• G3 - penalty for errors: participants paid a penalty for adding a star to an idea that the expert 
committee did not select as a winner. 

• G4 - bonus for accuracy: participants were paid a bonus for each star they correctly placed on an idea 
that the expert committee selected as a winner. 

• G5 - bonus for eliminating losers: participants were paid a bonus for each star they correctly placed on 
an idea that the expert committee did not select as a winner. The focus was thus on eliminating bad 
ideas, rather than identifying good ones. 

Every group was given one week to enter their idea scores. All the idea filtering engagements took place 
in parallel, and participants were asked to not discuss their evaluations with each other during the 
experiment. 



 
Figure 2. The Lichert-scale idea rating interface. 

 
Figure 3. The bag of stars idea interface. The "treasure chest" represents tokens the user has not yet 

allocated to an idea.  



 

RESULTS 
Our primary hypothesis was that the bag of stars approach will perform better at idea filtering than 
existing, Lichert-scale based, methods, where performance is defined as including both compression (i.e. 
how much the idea corpus is pruned) and recall (i.e. how many of the top ideas remained in the filtered 
set). Clearly, an ideal filtering mechanism will have perfect compression and recall i.e. the final filtered 
set will include all and only the ideas that the expert committee would have selected if it saw the entire 
corpus. Our secondary hypothesis was that a "penalty for errors" approach will produce better 
performance than a "bonus for correctness" approach because of the loss aversion phenomena cited 
above. We present our key results below. 

Figures 4 presents recall performance as a function of compression, for all groups. The vertical axis 
displays recall, where N% recall means that N percent of the ideas selected by the expert committee 
were included in the corpus filtered by the crowd. The horizontal axis displays the compression rate, for 
which M% compression rate means that M% of the crowd was eliminated from the corpus of ideas. 

 
Figure 4. Compression and recall for the five idea filtering conditions. 

Each group is represented by a line representing the filtering performance as a function of the threshold 
used for including an idea in the final filtered set. The line for G1 (the Lichert-scale group) shows the 
recall and compression values when we vary the minimum average rating an idea must exceed to be 
included in the filtered set. The lines for G2 through G5 (bag of stars) show the recall and compression 
values we get when we vary the minimum number of stars an idea should accrue before it is included in 
the final filtered set. The better the performance of a filtering approach, the greater the area its 
associated line covers in the figure.  

We can immediately see that all conditions offered us a tradeoff: if we want a high compression rate (by 
setting a high threshold for including an idea in the final filtered set), we reduce recall, and vice versa. It 
is also clear that all groups offered roughly the same tradeoff between recall and compression. Group G1 



(Lichert scale) offered slightly better performance overall, but G3 (bag of stars with penalties for 
inaccuracy) was very close. Since each condition had just one group, we were unable in this study to 
assess the statistical significance of these differences. We thus also cannot conclusively prove, or 
disprove, our secondary hypothesis that basing a payment mechanism on loss aversion (G3) offers 
superior performance than flat or bonus-based schemes.  The absolute magnitude of the effects are, in 
any case, clearly relatively small.  

We did, however, encounter dramatic differences in how long it took the participants to filter the ideas in 
the different groups (Table 3): 

Group Time (minutes) 
G1 83 +/- 16 
G2 33+/- 37 
G3 20 +/- 12 
G4 35 +/- 15 
G5 25 +/- 12 

Table 3.  Average duration of participants’ activities, plus or minus 1 standard deviation. 
The Lichert-scale approach took participants over four times as long as the fastest bag of stars approach, 
and this effect was statistically significant (p < 0.001) for all the bag of stars groups.  

While the bag of stars approaches had substantial speed differences between them, with G3 being the 
fastest, the effects were statistically marginal due to the high variances. 

LESSONS LEARNED 
Our data suggest that the idea filtering performance for a bag of stars approach is equivalent, in terms of 
the critical recall/compression tradeoff, to that of the ubiquitous Lichert-scale approaches, while 
requiring only a fraction of the participants' time. The reason for this, we believe, is simple: a bag of 
stars approach does not force participants to spend time assigning an exact score to every idea, allowing 
them to focus rather on deciding how much they want to bet on the best ideas in the corpus. 

This work represents, we believe, a novel and important contribution to the literature in this field. The 
high level of participation the world has observed with social media systems has been shown to reply 
crucially on reducing the cost of participation [4]. Our work points the way to how participation costs 
can be drastically reduced for the important problem of crowd-based idea filtering.  

The closest analogue to our work, we believe, is the idea of prediction markets i.e. where participants 
are asked to buy and sell stocks that each represent a distinct prediction, with the understanding that they 
will receive a payoff, monetary or otherwise, based on how many of the stocks they own turned out to 
represent correct predictions [1] [27]. Such markets have been used, with significant success, for 
purposes as diverse as predicting terrorist events, presidential elections, sports results, and Hollywood 
box office results [5] [6] [13] [14] [15]. Prediction markets have, however, significant weaknesses. They 
are prone, for example, to the same dysfunctions that financial stock markets face, in terms of stock 
prices being deeply influenced by short-term profit-seeking behavior rather than by the inherent value of 
the stocks. It can also be a challenge to encourage sufficient trading activity in prediction markets, since 
the benefits to the traders of getting the correct portfolio are usually too nominal to merit a substantial 
ongoing time investment. The bag of stars approach achieves many of the same benefits, by providing 



incentives for careful decision-making about which ideas to bet on, while requiring substantially less 
time investment and avoiding the problems of short-term profit taking and insufficient market liquidity. 

FUTURE WORK 
For future work, we plan to replicate these studies with larger and more numerous groups, so we can 
more accurately assess the relative value of the different mechanisms we have proposed. We also intend 
to develop and test new bag of stars mechanisms, e.g. where participants allocate a budget of both stars 
(for good ideas) and lemons (for bad ideas). Our hypothesis is that borderline ideas are the most time-
consuming to evaluate, far more than ideas on either extreme of the quality spectrum, so we can 
maximize what we get out of a crowd, per unit time, by encouraging participants to focus on the extrema 
in the corpus. We also intend to study the effect, on idea filtering performance, of changing the size of 
the token budgets. Our hypothesis is that smaller budgets will favor compression at the expense of 
recall, and that the utility of the crowd will be maximized if the token budgets are a good match to the 
distribution of bad, borderline, and good ideas in the idea corpus. Finally, we intend to assess whether 
aggregating scores across similar ideas can improve idea filtering performance, since having a set of 
similar ideas can produce a quandary for the bag of stars approach: participants have to decide whether 
to add stars to all the attractive versions of an idea they like, or to broaden their portfolio by putting stars 
on other, more unique, ideas. 
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