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ABSTRACT
We show how the quality of decisions based on the aggregated opinions of the crowd can be conveniently studied
using a sample of individual responses to a standard IQ
questionnaire. We aggregated the responses to the IQ questionnaire using simple majority voting and a machine learning approach based on a probabilistic graphical model. The
score for the aggregated questionnaire, Crowd IQ, serves as a
quality measure of decisions based on aggregating opinions,
which also allows quantifying individual and crowd performance on the same scale.
We show that Crowd IQ grows quickly with the size of the
crowd but saturates, and that for small homogeneous crowds
the Crowd IQ significantly exceeds the IQ of even their most
intelligent member. We investigate alternative ways of aggregating the responses and the impact of the aggregation
method on the resulting Crowd IQ. We also discuss Contextual IQ, a method of quantifying the individual participant’s
contribution to the Crowd IQ based on the Shapley value
from cooperative game theory.

Categories and Subject Descriptors
I.2.11 [Artificial Intelligence]: Distributed Artificial Intelligence—Multiagent Systems

General Terms
Algorithms, Economics

Keywords
Human Intelligence, Opinion Aggregation, Shapley Value

1.

INTRODUCTION

Human intelligence and group decision processes have been
extensively studied for many years. However, in recent years
internet-based technologies have dramatically changed the
ways in which people interact, socialize and communicate.
People exchange information through online social networks,
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communicate their opinions through websites and rely on internet sources in their economic decisions. The accessibility
of such information makes it easier to aggregate the opinions
of many individuals and examine the quality of decisions
based on such aggregated information.
While collecting the opinions of individuals is easy, it is
more difficult to decide how to aggregate the opinions in
order to reach decisions, and measure the quality of the decisions based on the aggregated information. There is often
a considerable variance in the individual opinions so reaching optimal decisions is not a trivial task. Moreover, once
a decision has been reached, it is impossible to compare its
quality to other possible decisions that have not been taken.
Consequently, although aggregating the opinions of many
individuals is appealing, performing the aggregation process
successfully requires answering many important questions:
How does the quality of the decisions depend on the group
size? Is it better to base decisions on the opinions of the best
individual in a group, or is it better to rely on other people’s
opinions as well? How can one measure the contribution of
individuals to the quality of the decisions? Do individual
contributions depend more on the individual’s skill or on
her similarity to the group?
In an attempt to answer those questions we explore the
process of aggregating participants’ responses to IQ items on
the established IQ test1 - Raven’s Standard Progressive Matrices (SPM) [26]. We treat participant’ responses to an IQ
test, expressed independently in a setting similar to popular crowdsourcing environments such as Amazon Mechanical
Turk, as their opinions regarding the correct solution. We
aggregate those individual opinions using majority vote or
a machine learning aggregator to reach a decision regarding
a correct response to each of the items. We then score this
test solved by the crowd using standard scoring procedures,
referring to the resulting IQ score as the Crowd IQ.
People’s responses to the SPM IQ test offer a convenient
and robust environment to study the aggregation of individual opinions. First, SPM offers a set of non-trivial problems engaging a range of human cognitive abilities with welldefined correct response and limited number of possible solutions. Second, an individual’s IQ score is an elegant measure
of one’s mental abilities and is a good predictor of behavior
1

We refer to individuals who have completed an IQ test
as participants, questions in such a test as items, and to
participants’ answers as responses.

and performance in a broad spectrum of contexts including job and academic performance, creativity, health-related
behaviors and social outcomes [10, 11, 18, 28]. Third, the
Crowd IQ score provides a convenient quality measure of
the crowd’s aggregated decision. Finally, IQ scores provide
a uniform performance metric that allows exploring the relationship between individual and crowd performance.
Our Contribution: We examine the properties of the
Crowd IQ and show that aggregating opinions of crowd
members can significantly boost the expected quality of the
decision. We show that the Crowd IQ grows quickly with
its size but then saturates, indicating diminishing returns
from each additional member. We also show that for homogeneous crowds the Crowd IQ significantly exceeds the IQ
of the most intelligent member in the crowd. Finally, we
show that an individual’s contribution to the Crowd IQ is
not solely related to the participant’s IQ but also depends
on the uniqueness of her contribution in the context of a
given crowd.

2.

impact of the aggregation methods and methods for quantifying individual contribution based on a standardized IQ
test.

3.

METHODOLOGY

We now describe the IQ test we used, our dataset of participants’ responses, and the aggregation methods used to
establish the crowd’s solution to the test.

3.1

Standard Raven Progressive Matrices Test

The IQ test used in this study, Raven’s Standard Progressive Matrices [23, 25], was developed by John C. Raven [24].
It is a multiple choice non-verbal intelligence test drawing
on Spearman’s theory of general ability [32] and consists of
m = 60 matrices with one element missing and k = 8 possible responses. Matrices are separated into five sets of 12 and
within each set the problems become increasingly difficult.
A sample item, similar2 to those used in the SPM is shown
on Figure 1.

RELATED WORK

Many papers deal with aggregating the opinions of multiple agents to reach high quality decisions. Social choice
theory deals with joint decision making by self-interested
agents (see [29] for a broad discussion of this field), and is
a key research area in artificial intelligence and multiagent
systems. The Condorcet Jury Theorem from social choice
theorey provides theoretical bounds regarding the probability of a set of agents to reach the correct decision under
majority voting [1, 20, 15]. However, the Condorcet Jury
Thereom uses strong assumptions which may not hold in
practice, such as requiring votes to be completely independent. Our study can be viewed as an empirical examination
of this topic using data from IQ questionnaires.
Another related field is judgment aggregation [16] which
deals with aggregating group members’ individual judgments
on some interconnected propositions, expressed in a formal
logic language, into corresponding collective judgments on
these propositions. These fields have also been examined
by computer scientists, who found practical and computationally tractable ways of performing such aggregation,
ranging from machine learning approaches [12] to prediction
markets [22]. However, the IQ test items are not interconnected, and our focus is on quantifying and decomposing the
group’s performance. In our paper we also ignore the complications of aggregating agent opinions when such agents
are self-interested and may wish to influence the aggregated
choice [9, 8].
Human intelligence has been a central topic in psychology. Psychologists noted that people’s performance on many
cognitive tasks is strongly correlated, leading to the emergence of a single statistical factor, typically called “general
intelligence” [32, 10, 18, 28]. Recent work extends this to
“collective intelligence” for performance of groups of people in joint tasks [35], which is not strongly correlated with
the maximal or average intelligence of the group members.
However, this approach examines explicit collaboration and
interaction between the group members, where the social
interaction may sometimes even hinder performance [17],
whereas we focus on information aggregation. Approaches
more similar to ours are [7, 19] and [34] which even proposes a machine learning aggregator for image labeling in a
crowdsourcing environment. However, our focus is on the

Figure 1: Item similar to those in the SPM test
Raven’s SPM and its other forms (Advanced and Colored
Progressive Matrices) are one of the most popular intelligence tests used in both research and clinical settings, as
well as in high-stake contexts such as in military personnel
selection and court cases [25].

3.2

Dataset and Scoring

Our sample consisted of 138 individuals, aged 15-17, who
filled the SPM during its standardization for the British market in the year 2006 [23]. The sample is representative of the
British population.
The standard scoring procedure described in the test’s
manual was used to calculate individual and Crowd IQ scores [23].
The manual provides tables for translating the number of
2

The SPM test is copyright protected, so we can only provide an item similar to those in the actual test, rather than
a sample item from the test itself.

correct responses (raw score) into an IQ score. The IQ scale
characteristic for SPM (and most other intelligence tests) is
standardized on a representative population to have a normal distribution with an average score of 100 and standard
deviation of 15. Hence, IQ scores allow for convenient comparisons between individuals, and comparing individual performance with the general population. The distribution of
the raw scores and the IQ scores in our sample is shown on
Figures 2 and 3. The average number of correct responses
in the dataset is 36.04, with a standard deviation of 5.49.
The average IQ score is 99.57 with a standard deviation of
14.16.

Figure 2: Histogram of raw IQ scores

Figure 3: Histogram of IQ scores

3.3

Aggregating Individual Responses

Consider an IQ questionnaire consisting of m items, each
a multiple choice item with k possible responses. Denote
the possible responses K = {1, . . . , k}. The questionnaire
is administered to a set N of n participants, each providing a response for each of the items. Let rji ∈ K be the
response provided by participant j ∈ N to item i and rj be
the responses provided by participant j ∈ N to all items, so
rj = (rj1 , rj2 , . . . , rjm ). We call rj the filled questionnaire for
participant j.

An aggregation method f takes the filled questionnaires
of the participants, r1 , . . . , rn , and outputs a single filled
f
questionnaire aggN
, which contains a response to each of
f
1
1
i
the items, so aggN = (ragg
, . . . , ragg
) where ragg
∈ K is the
response chosen to the item i. The aggregated questionnaire
f
aggN
is scored using the standard scoring key.
We now briefly describe the two aggregators used in this
paper: A simple majority aggregator with lexicographical tiebreaking (MAJ), and a machine learning aggregator (ML).

3.3.1

Simple Majority Aggregation

The MAJ aggregator considers each item of the IQ questionnaire separately. It chooses the most common response
as the “correct” response, and thus bases the decision on the
choice made by the majority of the participants. If two or
more responses are selected an equal number of times (tie)
the first one in the lexicographical order is selected.
The MAJ aggregator has several limitations. First, it does
not use the information obtained from the responses to one
of the items to decide how to aggregate the responses to another item. For example, if a user u has answered all items
correctly until item i and user v has answered all items incorrectly until item i, when aggregating the responses to
an item i + 1, it might be desirable to give u’s opinion
more weight than v’s opinion. Further, the MAJ aggregator makes no assumptions about the data-generating process
other than that the correct response should be chosen more
frequently than any of the incorrect ones.

3.3.2

Machine Learning Based Aggregation

Our ML aggregator addresses the MAJ’s limitations. Similarly to the MAJ aggregator, the goal of the ML one is to
take questionnaires completed by several participants and
output a single questionnaire with inferred correct responses.
In contrast to the MAJ aggregator, this is a non-simple aggregation, in which the inferred response to an item also depends on responses provided to other items. The model attempts to make better inferences about the correct responses
to items by jointly modeling the participants’ aptitude and
the correct responses. The underlying assumption is that
each participant has an associated probability of knowing
the correct response to an item, their aptitude, and that
they will randomly guess the answer if they do not know
the correct response. The ML aggregator designed for this
study employs probabilistic graphical models [21, 13].
Probabilistic Graphical Models allow structurally describing the generative process assumed to underlie the observed data in terms of latent and observed random variables. In the context of Crowd IQ, information like the correct response to an item or the intelligence of a participant
would be modeled as unknown latent variables whereas the
given response to an item by a user would be an observed
variable. The structure of the model is then determined by
the conditional independence assumptions made about the
variables in the model. Pearl [21] introduced Bayesian Networks to encode assumptions of conditional independence
in the form of a graph whose nodes represent the variables
and whose edges describe the dependencies between variables. We use the more general notion of a factor graph,
see e.g. [13], to describe the factorial structure of the assumed joint probability distribution among the variables.
Once the structure of the model is defined in terms of a factor graph, observed variables can be set to their observed

values. Then approximate message passing algorithms [13]
can infer marginal probability distributions of unknown variables of interest such as the correct response to an item or
the intelligence of a participant.
Graphical Model for IQ Response Data: We wish to
infer the correct responses, so the graphical model contains
a set of random variables yq ∈ Yq that represent the correct
response to each of the items q. Each yq takes discrete values
in the set Yq of possible responses q. The model’s initial ignorance about the correct response is expressed by assuming
a uniform prior distribution over responses, yq ∼ Uniform.
We also wish to take into account the (unknown) aptitude
of participants in order to weigh their responses appropriately. The aptitude of each participant i ∈ N is represented
by a random variable gi ∈ R, which can be interpreted as
the probability that the participant would know the correct
response. We choose uniform prior densities for these variables, gi ∼ Beta(1.0, 1.0). Here, Beta represents the family
of beta distribution, which allows us to compactly represent (unimodal) beliefs over the gi . We also introduce a
uniform “guessing” distribution B = Uniform, which models
the choice of response when the participant is assumed to be
guessing. Participant i’s response rj to item q, is assumed
to be drawn from the following distribution:

∼B
with probability (1 − gi )
rj
= yq
with probability gi
This means that with probability gi participant i chooses
the correct response yq and with probability 1 − gi she randomly guesses the answer based on the guessing distribution
B. Figure 4 illustrates this probabilistic graphical model in
the form of a factor graph. Note that the grey boxes represent plates which indicate repetition of the contained substructure of the graphical model. In this case, q ranges over
the available items, i ranges over the available participants,
and j ranges over the available responses.

Figure 4: Factor graph for the ML aggregator
Inference in the model is performed using approximate
message passing (see [13] for details)3 . As a result we obtain a discrete marginal posterior distribution over responses
to each of the items, representing the model’s belief about
3

Our implementation used the Infer.net library. For details
regarding Infer.net see: http://research.microsoft.com/enus/um/cambridge/projects/infernet/).

the correct response in light of the observed data. As a byproduct we also obtain the posterior marginal densities over
the aptitude variables gi for each user. To minimize the
probability of error we choose the response with the maximum posterior for each item as the aggregated response.

3.4

Contextual IQ: Individual’s Contribution
to the Crowd IQ

We now discuss our approach for quantifying an individual’s contribution to a Crowd IQ. Intuitively, individuals of
high IQ are likely to contribute more towards the aggregate
IQ of the crowd, i.e. the individual’s IQ divided by the sum
of the IQ scores of all the members of the crowd. However, as
individuals’ skills and knowledge may differ, the individual
contribution depends also on the relationship between the
patterns of her responses and those of the other members of
the crowd (or context). For example, imagine a crowd that
can correctly solve a subset of questions A but is unable to
provide a correct answer to questions B. Adding another
individual to this crowd that can correctly solve questions
A but does not know correct responses to questions B would
not increase the Crowd IQ score, while adding an agent that
knows correct responses to questions B can potentially boost
Crowd’s performance. We refer to this relative boost as a
Contextual IQ. Our approach to quantifying contextual IQ is
based on the Shapley value [30], a concept from cooperative
game theory.

3.4.1

Measuring Impact on Performance Using the
Shapley Value

Cooperative game theory studies the behavior of selfish
agents who must cooperate to achieve a goal, and analyzes
how the rewards from such cooperation should be distributed
among the agents. Solution concepts from game theory can
be used to find reward distributions fulfilling desirable properties, such as being fair or stable. Our methodology examines the game where the agents are the participants filling
the IQ test, and where the value of a coalition of agents is
the Crowd IQ of that coalition.
The Shapley value [30] can be viewed as a “power index”,
a tool for measuring an individual’s contribution or importance in the success of a team of agents, or for quantifying
an agent’s ability to influence a game’s outcome [31, 6]. The
Shapley value was used for measuring political influence of
parties forming a coalition in legislative bodies [14], analyzing network reliabilitiy [5, 2, 4] and fair cost allocation [27,
33]. Further, the Shapley value is the only imputation fulfilling certain fairness axioms [30].
The Shapley value relies on the marginal contribution of
an individual — the amount of additional utility gained
when that individual joins the crowd. We denote by π ∈ Sn
a permutation of the agents, so π : {1, . . . , n} → {1, . . . , n}
and π is onto. Denote by Γπi the predecessors of i in π, so
Γπi = {j|π(j) < π(i)}. Agent i’s marginal contribution in
the permutation π is mπi = v(Γπi ∪{i})−v(Γπi ). The Shapley
value of an individual is her marginal contribution averaged
across all possible permutations of the individuals.
Definition 1. The Shapley value is the imputation
(φ1 (v), . . . , φn (v)) where
1 X
1 X π
mi =
(v (Γπi ∪ {i}) − v (Γπi ))
φi (v) =
n! π∈S
n! π∈S
n

n

Consider a set N of agents (participants) filling an IQ
questionnaire, with m items and a set K of k possible responses to each item, and a set C ⊆ N to be used as a crowd
(coalition). Denote the responses of participant i ∈ C as
ri ∈ K m , and the set of responses of all the agents in C as
rC = (r1 , . . . , r|C| ). Thus the space of possible responses
of each agent is A = K m , and the responses of all the
participants are in the space A|C| . Consider an aggregator f : A|C| → A which maps the responses of all agents to
a single filled questionnaire.
As in Section 3.3, we denote the filled questionnaire obtained by applying the aggregator f to the responses of the
f
agents in C as aggC
. In Section 3.3 we defined the aggregate
IQ of a crowd C as the IQ score of the filled questionnaire
f
aggC
. We define a cooperative game vf that maps any subset C ⊆ N of agents into their aggregate Crowd IQ (the IQ
f
score of aggC
, the aggregate response for the crowd C). This
cooperative game over the set N of agents is defined with the
f
following characteristic function: vf (C) = IQ(aggC
), and is
called the Aggregate IQ Game.
In the Aggregate IQ Game, the “reward” of any coalition C
is the aggregate IQ of the crowd C, and vf (N ) is the aggregate IQ of the entire agent set N . Our goal is to decompose
f
vf (N ) = IQ(aggN
), the total aggregate IQ score obtained
by the grand coalition N of all agents, to the individual contribution of each agent. We refer to the set N of all agents
as the context in which we measure an agent’s individual
contribution.
~ = (p1 , . . . , pn )
P We are thus seeking a vector p
such that n
p
=
v
(N
)
where
p
reflects
i’s fair contrii
i
f
i=1
bution to the total IQ score. Due to the properties of the
Shapley value we can use it to fairly decompose the Crowd
IQ score. We define agent i’s Contextual IQ (for the given
context N ) as its Shapley value in the above Aggregate IQ
game. One interpretation of this definition is that the aggregate IQ of the crowd is decomposed into the contribution, in
IQ points, of each participant. These contextual IQ scores
sum up to the total aggregate IQ of the crowd N , and a
participant has a higher contextual IQ than another participant if she is expected to have a higher positive influence
on the aggregate Crowd IQ score of a subset of participants
selected at random from the entire crowd N .
By Definition 1, the contextual IQ is the expected increase
in Crowd IQ when adding i to her predecessors in a random
permutation of the agent set N . Note that mπi is the increase
in Crowd IQ when adding i to a specific agent subset, Γπi ,
and the Shapley value is the average of these increments in
Crowd IQ across all agent permutations. Obviously, an individual’s contextual IQ (Shapley value) is strongly affected by
her IQ score, as responding correctly to more items increases
the marginal contribution for mπi for many permutations π
(assuming a reasonable aggregator).
Computing contextual IQ using formula 1 requires a running time exponential in the number of the agents. We used
the approach of [3] for computing the Shapley value, which
offers a very high accuracy and a tractable polynomial running time. This algorithm samples many agent subsets (or
more precisely permutations) of the crowd and averages the
marginal contribution of the target agent in them to obtain
an accurate approximation of the Shapley value.

4.

CROWD SIZE AND CROWD IQ

First, we unveil the relationship between the Crowd IQ
and its size. Figure 5 shows the relationship between the

size of the crowd (number of participants) and its IQ established using both MAJ and ML aggregators as discussed in
Section 3.3. Each point in the plot is the average Crowd
IQ for q = 300 randomly selected crowds of the specified
size. Such repetitive sampling minimizes the influence of
the selection bias on the Crowd IQ estimates.

Figure 5: Crowd IQ scores based on the MAJ and
ML aggregators for different crowd sizes
Figure 5 shows that the Crowd IQ quickly increases with
the crowd size but saturates after reaching the crowd size of
14 participants and IQ of about 115, roughly one standard
deviation increase above the population mean. These results
indicate that the quality of the crowd decision is significantly
higher than the average IQ of its members. However, returns
from increasing the crowd size rapidly diminish after a certain size is reached. Also, Figure 5 shows that a machine
learning based aggregation consistently outperforms simple
majority aggregation, by learning which users provide correct responses more reliably.

5.

SMARTER THAN A CROWD?

Here we investigate whether it is better to base decisions
solely on the opinions of the high-performing individuals in
a group, or to rely on other peoples’ opinions as well. One
way of examining this is to determine whether the Crowd
IQ is likely to exceed the IQ of the smartest individual in
the crowd. We use the approach described in Section 4 to
compute the relationship between Crowd IQ and its size and
we plot the maximal individual IQ for any given crowd size.
Figure 6 shows the relation between the crowd size, expected Crowd IQ, and expected maximal IQ for the entire
dataset used in this study. It is clear that in large crowds
characterized by a wide distribution of IQ scores, the maximal IQ consistently exceeds Crowd IQ. While Crowd IQ
for this population saturates around 115-120 IQ points, the
chance of the crowd encompassing individuals with extreme
IQ scores increases with the sample size.
However, it is common for the crowds to be composed
of individuals characterized by the similar IQ (homogeneous
crowds). For instance, the IQ of students of advanced degrees is likely to be homogenous and relatively high,as IQ
is correlated with academic performance. A homogeneous
crowd is less likely to contain an individual with an IQ score
much higher than the average IQ score in the crowd, so

Figure 6: Crowd IQ and maximal IQ (entire dataset)

Figure 7: Crowd IQ and maximal IQ for P[95,105]

the performance of the crowd may be superior to that of its
smartest individual. To examine this issue, we split our sample into a set of homogeneous subsamples based on the individual IQ scores. Subsamples are denoted by P[L,H] , where
[L, H] represents the range of participants’ IQ scores. Thus,
subsample P[110,120] contains individuals with IQ scores between 110 and 120.
Figures 7, 8, and 9 for subsamples P[95,105] , P[110,120] , and
P[80,90] 4 show that the Crowd IQ greatly exceeds its most
intelligent member’s IQ in homogeneous crowds. Also, a
homogeneous crowd’s advantage over its smartest member
increases as it grows.
Interestingly, the simple MAJ aggregator outperforms the
ML aggregator’s in homogeneous high and low IQ populations (P[110,120] and P[80,90] ). A possible explanation of this
phenomenon might be related to the lack of outstanding
individuals in such crowds, that could be used by ML aggregator to boost its performance. However, this clearly does
not apply to the similarly homogeneous P[95,105] subsample
where ML outperforms MAJ aggregator. Further, Figure 9
shows the decrease in performance of both aggregators for
very big crowd sizes. Aggregated performance might be affected by especially popular but incorrect responses to the
difficult IQ items that may, for larger crowds, suppress the
correct but unpopular responses.
These results indicate that decisions based on the aggregate opinions of rather homogeneous crowds are of a higher
quality than those based solely on the opinion of their most
intelligent member. On the contrary, in populations characterized by a wide range of individual performance levels,
smartest members outperform the crowd. Note, however,
that in all cases the Crowd IQ greatly exceeds the IQ of the
average member of the crowd, as discussed in Section 4.

Figure 8: Crowd IQ and maximal IQ for P[110,120]

6.

INDIVIDUAL IQ AND CONTEXTUAL IQ

We now focus on the relationship between individual and
contextual IQ. A participant’s contextual IQ is the expected
increase in Crowd IQ from adding that participant to a random permutation of the crowd’s members. Given the opportunity to add another member to a team of an unknown
4
The number of participants in these subsamples are:
|P[95,105] | = 48, |P[110,120] | = 39, |P[80,90] | = 39.

Figure 9: Crowd IQ and maximal IQ for P[80,90]

composition, the optimal choice is the agent with the highest contextual IQ. We now discuss the correlation between
individual IQ and contextual IQ using the crowd composed
of the entire population of n = 138 participants. Figure 10
presents a scatter plot correlating the participants’ IQ scores

with their contextual IQ scores.

Figure 11: Contextual IQ under the majority and
machine learning aggregator
Figure 10: IQ and Contextual IQ
As Figure 10 shows, there is a positive correlation between
IQ and Contextual IQ, but also a high variance of contextual
IQs for participants of equal IQ. For example, for the aboveaverage IQ of 105, contextual IQ ranges from very high,
through negligible to negative. Thus, even if more intelligent
people are generally contributing more to the Crowd IQ, the
value of their contribution varies and may even be negative.
This indicates that although adding the participant with
highest IQ score is a good heuristic, better results can be
achieved by using the Contextual IQ approach.
A participant’s contextual IQ depends on the aggregated
IQ, which in turn depends on the aggregator used. The cooperative game used to generate Figure 10 was based on the
MAJ aggregator. Measuring the Crowd IQ under a different
aggregator (e.g. the ML aggregator), changes the contextual
IQ scores of the participants. For example, as shown in Figure 5, the Crowd IQ of all the participants is slightly higher
under the ML aggregator, and as the contextual IQ scores
must sum up to the total Crowd IQ, the sum of the contextual IQ scores under the ML aggregator would be slightly
higher than their sum under the MAJ aggregator.
We now examine the extent to which a participant’s contextual IQ is sensitive to the aggregator. Figure 11 shows
a plot correlating a participant’s Contextual IQ under the
MAJ aggregator and her Contextual IQ under the ML aggregator.
Figure 11 shows a high correlation between participant’s
contextual IQ under the MAJ and ML aggregators (correlation coefficient of over 0.95). Thus, although the aggregator
has a slight impact on contextual IQ, the key factors affecting contextual IQ are the participant’s IQ and the participant match with the crowd (i.e. the uniqueness of her
contribution).

7.

CONCLUSIONS AND LIMITATIONS

In this paper we focused on measuring the quality of decisions based on aggregated opinions of the crowd. We proposed that the aggregation of crowd opinions can be conveniently studied using the samples of individual responses
to standardized ability tests, such as Raven’s Standard Progressive Matrices. One of the main advantages of such samples is the ability to quantify both individual and crowd

performance on the same scale.
We showed that decisions based on the aggregated opinions of the crowd are of higher quality than the average quality of the individual member’s opinions. A crowd of 14 individuals has an average IQ score of around 115, one standard
deviation above the average individual score. This finding is
especially important for crowdsourcing environments where
it is hard or impossible to detect highly performing individuals prior to the decision making process. We showed that the
decisions based on the aggregated opinions of homogeneous
crowds are better than the decisions based on the crowds’
best performing members, whereas the best approach for a
heterogeneous population is to identify the best performing
individual and base the decision on her opinions. Our findings indicate that while an individual expert can be smarter
than the general opinion pool, she cannot compete against
the crowd of her highly performing colleagues, even if she
outsmarts each of them individually.
Finally, we proposed the concept of contextual IQ that allows measuring individual contributions towards the aggregate IQ of the crowd. We showed that although the contribution is typically higher when the individual’s IQ is higher,
it also depends on the uniqueness of individual’s contribution in the context of a given crowd.
Limitations: Our approach has several limitations. First,
in our setting the crowd members expressed their opinions
independently. Such a situation is typical for many crowdsourcing environments, but our findings may not be relevant
to contexts in which crowd members can discuss or compare
their opinions. Second, we did not collect our data in an
actual crowdsourcing environment, where the structure of
the individual’s opinion might be different from what we
observed in our sample. For instance, while the dominant
strategy for filling the SPM IQ test is to attempt to answer
the item even if the correct response is unknown to the individual, in some crowdsourcing environments (e.g. Amazon
Mechanical Turk) individuals may be punished for providing incorrect responses, and thus usually refrain from doing so. Finally, the performance of the ML model was not
significantly or consistently higher than of the simple MAJ
aggregator which suggests that there is a field for improvement. For example, a more advanced model could allow for

non-uniform distribution of incorrect responses.
Many questions are open for future research. Are there
better aggregators that give a stronger boost to Crowd IQ?
Which aggregators are better fitted for large and small crowds?
Do such aggregation effects also occur in domains other
than IQ and real-life crowdsourcing settings? Specifically,
would aggregating responses in crowdsourcing settings, such
as Amazon’s Mechanical Turk, yield similar results? Can the
match between an individual and a crowd be predicted using features such as personality, gender or country of origin?
Can contextual IQ be efficiently used to select small crowds
that would have a high performance in real-world tasks?

8.
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