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Abstract

The business need for an innovation platform that companies can use to collect and manage employees’ ideas is well proven.  
Quantifying the value of those ideas is an equally important, but much harder task. A common approach is to ask experts in the field,  
but aggregating the diverse knowledge of the crowd has proven more accurate and effective time and time again. Just as SpigitEngage  
is designed to crowdsource innovation and get the best ideas bubbling up from hundreds of employees (or customers and partners),  
we turn to the crowd again to elicit predictions of quantitative values associated with business ideas.  

The Predictions module in SpigitEngage is designed to harness collective intelligence by aggregating the opinions of the crowd,  
even in the face of uncertainty. Predictions, which is a time-boxed phase used towards the end of a challenge, allows the crowd  
to vote on the revenue, time and cost associated with each idea so that the challenge sponsor is better able to understand the  
potential impact and commitment of each submission. This has great value as it helps with financial forecasting, encourages responsible  
and educated decision-making, and factors into the calculation of the return on investment of innovation management platforms  
such as SpigitEngage. 

This paper examines the history and theory behind the benefits of collective intelligence and takes a deeper dive into the mathematics  
that power the Predictions module.
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History: The Wisdom of Crowds

One of the earliest documented examples is from 1906, when 
Francis Galton stumbled upon a competition at a livestock fair in 
which members were asked to judge the weight of an ox. After 
the competition, Galton averaged the 800 guesses and found the 
results to be within 0.8% of the actual weight - much closer than 
any individual, including the cattle experts. Galton used this as 
justification for the trustworthiness of a democratic government,  
in which all citizens are meant to participate equally, regardless  
of status or expertise.  
 
Another unusual example is the search for the missing US submarine, 
Scorpion in 1968. Scorpion went missing in a search area 20 
miles wide and thousands of miles deep. The plan was to ask three 
or four experts on ocean currents their thoughts on where it may 
have landed, but Chief Scientist John Craven employed a different 
technique based on his experience locating a hydrogen bomb in 

Using the wisdom of crowds to accurately forecast results has a long and unusual history.

1966. Craven came up with several different scenarios of what 

may have happened, and asked a group of diverse experts with a 

wide range of knowledge to submit their opinions on the scenarios. 

He then combined these opinions to come up with a collective 

estimate. This estimate was not close to any of the individual 

expert’s opinions, but turned out to be within 220 yards of the 

Scorpion’s location when it was discovered several months later. 

 

The TV game show “Who Wants to be a Millionaire” puts it in 

a more familiar context. Contestants on the show are given the 

option to ask the audience for an answer, or make a phone call 

to a friend or relative. The phone calls can be equated to asking 

an expert; or at least someone who the contestant judges to be 

an expert at the time. The audience guesses correctly 91% of the 

time, but experts are only correct 65% of the time. 
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1906 Francis Galton averages the guesses of the weight of an ox at a fair. With 800 estimates, the average was within 0.8% of the 
actual weight. The crowd was much closer than the cattle experts.

1932 In Arthur Jenness’ conformity study, students estimate beans in a jar—individually, in groups, and individually again. Individual 
guesses miss the true value by an average of 305. The group misses by 91. Final individual guesses miss by 122.

1968 John Craven asks a group of diverse experts to guess the location of the lost submarine Scorpion.  
The collective estimate is only 220 yards off of the actual location.

1986 The stock value of manufacturer Morton Thiokol crashed after the Challenger space shuttle disaster, accurately predicting  
the cause of the explosion, which would be confirmed six months later.

1987 Jack Treynor runs the jelly bean experiment. 850 jelly beans, 56 students. Group estimate was 2.5% off.  
Only one student was closer.

1988 University of Iowa starts the Iowa Electronic Markets during the US presidential election.

1991 HedgeStreet starts, allowing internet traders to speculate on economic events.

1996 Hollywood Stock Exchange begins. Players buy and sell prediction shares of movies, actors, directors, etc.  
It correctly predicts 32 of 2006’s 39 big-category Oscar nominees and 7 out of 8 category winners.

1998 “Who Wants to be a Millionaire” starts. Experts guess answers correctly 65% of the time.  
Audience guesses correctly 91% of the time.

2001 DARPA uses crowd science on their project, FutureMap, to acurately forcast military and political instability around the world.

2004 A successful pilot study in Iowa uses prediction markets to forecast influenza epidemics.

2004 “The Wisdom of Crowds” by James Surowiecki is published.

2005 Google Prediction Markets starts for Google employees (inspired by Surowiecki’s book and originally proposed by  
Bo Cowgill). The market uses play money called Goobles.

2012 Crowdcast acquired by Spigit, bringing crowd forecasting expertise to the company.  
(Spigit later merges with Mindjet.)

2014 Predictions module for SpigitEngage launched by Mindjet.

THE SUPERIORITY OF THE WISDOM OF CROWDS THROUGHOUT HISTORY

To test the accuracy of collective judgment, we held an internal challenge at Mindjet where participants had to guess the number of M&Ms 
in a jar. The guesses ranged from 122 to 2000 M&Ms, but the average guess was only 2 pieces away from the actual value of 659. The 
closest guess was 11 away, at 670 M&Ms.
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The Four Qualities of an Intelligent Crowd
When and why does polling the crowd work so well? As 
detailed in The Wisdom of Crowds by James Surowiecki, there 
are certain conditions that must be met for a crowd to be 

“smart” and have an advantage over expert opinion. Firstly, the 
crowd must be diverse in that each person should have private 
information, or at least their own opinion. Secondly, individuals 
must have some degree of independence, so those around them 
must not determine their opinions. Thirdly, the crowd must be 
decentralized so that people are able to specialize and draw on 
local knowledge, not one common source. Finally there must 
be a mechanism for aggregation, which is designed to turn 
individual judgment into collective decisions.

If a group satisfies those conditions, its judgment is likely to be 

accurate. Why? The answer rests on a mathematical truism. If 

you ask a large enough group of diverse, independent people 

to make a prediction or estimate a probability, and then average 

those estimates, the errors each of them makes in coming up 

with an answer will cancel themselves out. Each person’s guess, 

you might say, has two components: information and error. 

Subtract the error, and you’re left with the information.

With proper implementation, the Predictions module in 
SpigitEngage embodies these four qualities. The diversity 
and decentralization criteria will be met with a large enough 
group. This is the reason that we recommend opening up the 
Predictions stage to 100+ users, not just a small group of 
experts. It is extremely important to get a wide variety of opinions 
and knowledge so that any error will cancel itself out, and 
the results are not biased by a select few. The independence 

Under the Hood: The Science Behind Predictions
The Probability Distribution

When a large, diverse crowd is asked an uncertain, quantitative question, their answers tend to take the shape of a probability 
distribution, with the majority of answers centered around the middle. Extreme high and low values are fewer in quantity, but work to 
cancel each other out. Figure 2 shows the distribution of the M&Ms challenge at Mindjet. Sure enough, the frequency of the guesses 
can be approximated as a probability distribution. In the illustration we take the natural logarithm of the guesses to get a perfect bell 
curve, but the guesses themselves produce a probability distribution known as the lognormal.

The Predictions algorithm starts by drawing random samples from a probability distribution, which the system updates as it receives 
information in the form of votes from the crowd. If the majority of the crowd votes up, the distribution shifts to the right and visa versa. 
If the crowd votes inward toward a single point, the distribution shrinks inward, until it hones in on the crowd’s true estimate.  
See Figure 3 for an example of such a distribution’s progression.

Figure 1  Predictions in progress. For each idea, independent samples are voted 
on by each participant. The leaderboards are hidden until all votes are cast.

condition is built into the system by the generation of independent 
samples for the user to vote on, rather than asking the user to input 
a value (see Figure 1). We also do not show the current state of 
the prediction, so that the number does not influence the user’s 
judgment. Finally, Predictions, as a mechanism for collecting opinion, 
and the algorithms underneath satisfy the aggregation condition. 
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Agreement Score

It is necessary to include in the final estimates a measurement of 
certainty related to the extent to which the crowd agrees. Certainly, 
a diverse set of opinions cannot always be expected to align, but 
a situation in which a lot of people vote in opposite directions 
on values spread very wide apart does not provide the same 
confidence of a situation in which the majority vote inward toward 
a common value. However, disagreement is not worthless. One 
can easily picture a decision maker using the fact that the crowd 
disagrees—thus the value is deemed unknowable—as a factor 
in the assessment of implementing an idea. Hence we calculate 
the agreement score as the ratio of votes toward the current 
probability distribution’s center, to the total number of votes.

After collecting and aggregating the judgments of the crowd 
and computing the agreement score, the leaderboard rankings 
(the “Best Overall” ideas) are calculated using a combined 
measurement, approximately equal to (revenue - cost) / time.  
This normalizes the value across all ideas allowing us to compare 
ideas apples-to-apples, and can be interpreted as “earnings per 
unit time”. Each variable is weighted by its agreement score, so 
values with low agreement will be weighted down in the case 
of revenue, and increased for cost and time. The ranges for the 
leaderboards will accordingly be wider with a small agreement 
score, and narrow when the crowd exhibits high agreement.

At the end of a SpigitEngage Predictions phase, we present 
this information in visual graph form. In Figure 4, each bubble 
represents an idea, and the color represents the agreement in the 
idea’s value; the darker the blue the more the crowd agrees with 
the result. The challenge sponsor should be less confident  
in lighter colored ideas as their value is more uncertain. 
 

Figure 3  The progression of a probability distribution for the crowd’s 
estimate as votes are received.

Figure 2  A bell curve from Mindjet’s M&Ms challenge demonstrating 
common judgment behavior.

Figure 4  Prediction results presented as a bubble graph. In the table below 
the graph the ideas are ranked by the combined “Best Overall” measurement.
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Summary

A century of research and experimentation has proven the benefits of leveraging the intelligence 
of crowds for insights that help make more informed decisions. The Predictions module is 
designed to help facilitate this in SpigitEngage, using crowd wisdom to discover low-hanging 
fruit (those ideas that can be implemented quickly with low cost and high revenue) as well as the 
more disruptive ideas that could have a big return.

Innovation must be managed like any other important process in a business. An innovation 
management platform helps with this by enabling an accelerated pipeline of the most actionable 
ideas. With the SpigitEngage Predictions module, corporate innovation programs can now 
quantify the value of ideas in the innovation pipeline, provide crowd predicted data to help make 
better decisions, and help with predicting the overall ROI of the innovation program itself.
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