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A BSTRACT
Aggregating successfully the choices regarding a given decision problem made by the multiple
collective members into a single solution is essential for exploiting the collective’s intelligence and
for effective crowdsourcing. There are various aggregation techniques, some of which come down to
a simple and sometimes effective deterministic aggregation rule. However, it has been shown that
the efficiency of those techniques is unstable under varying conditions and within different domains.
Other methods mainly rely on learning from the decision-makers previous responses or the availability
of additional information about them. In this study, we present two one-shot machine-learning-based
aggregation approaches. The first predicts, given multiple features about the collective’s choices,
including meta-cognitive ones, which aggregation method will be best for a given case. The second
directly predicts which decision is optimal, given, among other things, the selection made by each
method. We offer a meta-cognitive feature-engineering approach for characterizing a collective
decision-making case in a context-sensitive fashion. In addition, we offer a new aggregation method,
the Devil’s-Advocate aggregator, to deal with cases in which standard aggregation methods are
predicted to fail. Experimental results show that using either of our proposed approaches increases
the percentage of successfully aggregated cases (i.e., cases in which the correct answer is returned)
significantly, compared to the uniform application of each rule-based aggregation method. We also
demonstrate the importance of the Devil’s Advocate aggregator.

1

Introduction

At this time, there is a full awareness of the wisdom of the crowd effect [Surowiecki, 2005] and the collective’s
intelligence. A nominal group of individuals can often achieve a better outcome in a broad spectrum of tasks than one
individual alone [Surowiecki, 2005]. With the help of technological solutions and the current global interconnected
world, it has become easier and popular to utilize crowds’ wisdom, such as in crowdsourcing applications [Howe, 2006].
Examples of crowdsourcing tasks and applications include solving temporal ordering problems in a distributed fashion
[Steyvers et al., 2009], political and economic forecasting [Budescu and Chen, 2014, Mellers et al., 2014], and evaluating
information retrieval systems [Alonso et al., 2008, Lease and Yilmaz, 2012].
In this context, an important issue to be dealt with is how the final result is determined. Composing methods for
combining the perspectives of multiple individuals into one collective decision is an essential issue in various research
communities.
Since there is a growing necessity for reliable aggregation methods in crowdsourcing systems, most effort is invested
in learning the workers’ quality, using their past performance in different tasks. Usually, the assessed quality of the
workers is used to weigh their contribution to the crowd’s final aggregated decision. In general, most of the more
sophisticated aggregation techniques rely on workers’ track records or the availability of additional information related
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to the individuals (multiple responses, demographic information, etc.) [Welinder et al., 2011, Bachrach et al., 2012a,b,
Gaunt et al., 2016, Laan et al., 2017, Zheng et al., 2017, Weld et al., 2015]. The effectiveness of approaches of these
types is compromised in challenging or unique cases where the individuals’ quality is not enough to ensure a successful
aggregation, and in situations where the necessary information is unavailable.
Another group of fairly popular and well-known methods does not use any information beyond the responses to the
relevant task, and comes down to a simple and sometimes effective deterministic aggregation rule [Koriat, 2008, 2012,
Hertwig, 2012, Prelec et al., 2017, Hastie and Kameda, 2005, Kerr and Tindale, 2004, Sorkin et al., 1998, Surowiecki,
2005]. While simplicity can be a significant advantage, it has been shown that different techniques are preferable in
different situations [Bahrami et al., 2010, Koriat et al., 2016, Lee et al., 2012, Chen et al., 2004, Koriat et al., 2018,
Lorenz et al., 2011, Simmons et al., 2010, Levine and Tindale, 2015]. One may ask themselves, would it not be
beneficial to find a way to know which method to use in each given case?
Our approach attempt to gain "the best from both worlds" - applying a sophisticated and flexible aggregation technique
without dependency on information about the decision-makers or the task. This is being done through: 1) learning
from and on the simple rule-based methods’ successes and failures, 2) learning from the context provided by the set of
responses, i.e., consider the behavior of the group, rather than the specific individual’s.
We propose two one-shot (i.e., without relying on any knowledge regarding the involved specific group’s or specific
individuals’ performance in the past) machine-learning-based aggregation approaches that exploit the context created
by the various properties of the problem (task) and the associated responses. At the core of each approach lies a
classification model that learns from other past aggregation cases and from their associated features. Our first approach
uses a classification model to predict which aggregation technique will prove the best to apply, and our second approach
focuses on predicting directly which answer is the correct answer.
Another contribution of our work is a new aggregation method created to function as a Devil’s Advocate, which selects
the option that is as far as possible from the other methods’ choices. The importance of this method is not in its
performance as a stand-alone aggregation method; it is unlikely to achieve a high success rate in a large variety of tasks.
The new aggregation method’s strength relies on its ability to enable the reconsideration of alternatives that otherwise
will be overlooked, which, in challenging decision-making tasks, could turn out to be the correct decisions.
Our approaches are unique, first of all in their purpose, to observe and learn from group-level features and to infer the
best choice even in cases in which there is a high probability of a majority vote failure. Both of our approaches exploit
unique meta-cognitive features, such as level of confidence in the answer and assessment of the popularity of the choice
by other group members, and new features generated from the data through various feature-engineering techniques.
Moreover, in contrast to other existing machine-learning-based aggregation methods [Welinder et al., 2011, Bachrach
et al., 2012a,b, Gaunt et al., 2016, Laan et al., 2017, Zheng et al., 2017, Weld et al., 2015], which often try to learn
over time “who are the experts in the group”, our approaches have the advantage of being “one-shot” techniques. Our
methodology is thus independent of the crowd-specific composition, prior knowledge and personal track records. It is
adaptive to various situations (contexts) in an automated fashion. Thus, the concepts underlying our approaches are
not confined to specific tasks, and can be generalized to any purpose in which the end goal is to perform a successful
aggregation process.

2

Related Work

Combining decisions made by multiple individuals in a group setting or as a dispersed crowd (i.e., crowdsourcing)
has been shown to improve the quality of the final decision, relative to the average performance of an individual, in
various domains, tasks, and environments. This phenomenon has also been referred to as the "wisdom of the crowd"
[Surowiecki, 2005]. While some studies attempted to find the conditions under which the wisdom of the crowds holds
[Davis-Stober et al., 2014, 2015], other studies addressed the challenge of improving decisions quality made by a
group of individuals while inspecting different aspects in the process. A major line of research attempts to improve
the quality of the final decision by applying different methods for aggregating multiple decisions into one collective
decision. The most common aggregation method is the majority rule (MR), which selects the decision that the majority
of individuals agree on. This method can be implemented easily and can accurately aggregate a collection of decisions
in a non-negligible portion of the time [Hastie and Kameda, 2005, Kerr and Tindale, 2004, Sorkin et al., 1998].
That been said, there is evidence for the failure of the majority rule and democratic voting in general, in different
forms of interactions and group settings [Chen et al., 2004, Koriat et al., 2018, Lorenz et al., 2011, Simmons et al.,
2010]. Moreover, there are still several types of decisions in which the group performance does not surpass individuals’
performance. In some cases, especially when some form of interaction between group members, or at least an inspection
of other group members’ solutions, is allowed, groups can even become less effective as the size of the group grows
2
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[Amir et al., 2013, 2018, Galesic et al., 2018]. This paradoxical deteriorating performance phenomenon could be
due to a variety of reasons, such as the computational characteristics of the given problem [Amir et al., 2013], low
demonstrability of the solution of strategic problems to other group members[Amir et al., 2018], negative effects of
group interactions, and more [Bahrami et al., 2010, Koriat et al., 2018, Laughlin and Ellis, 1986, Laughlin et al., 2006,
Levine and Tindale, 2015].
With that in mind, collective intelligence can be exploited optimally only by understanding its limitations and the
defining conditions. The task’s characteristics and domain, the group composition, and the aggregation technique are all
defining factors for the collective’s success. In some tasks, such as particularly challenging tasks or those requiring
expertise, it could be preferable to be more selective with the individuals on whom the final decision relies. Some
studies examined the possibility of identifying experts or more trustworthy individuals and aggregate the final decision
by taking their perspective only [Goldstein et al., 2014, Mannes et al., 2014].
Another approach is to use a weighted-aggregation rule, which considers each vote but with a varying impact on the
final result (i.e., a weight). A typical approach is to base the weight of a respondent’s vote on their abilities. That
is, to identify the solid individuals or experts and, instead of relying solely on them, to magnify their impact on the
outcome [Budescu and Chen, 2014, Lee et al., 2012, Yue et al., 2014]. For example, Yue et al. [2014] proposed a
weighted aggregation rule for tasks that has low-agreement among the crowd. The weight of each answer is based on
the respondent’s past performance. Note that such methods require additional information about the individuals, such as
historical records on past performance, to evaluate the individuals’ abilities and expertise. We wish to avoid using this
kind of information in our work, so there will be no dependencies on extra data aside from the collective’s responses to
the given problem.
There are other types of information that can be used for a weighted-aggregation technique, such as the subjectiveconfidence, i.e., the reported confidence of the individual about their decision [Koriat, 2008, Hertwig, 2012]. Subjective
confidence can be used not only through weighting but also through maximization, i.e., to select the decision with the
highest average confidence reported by its supporters [Koriat, 2008, 2012, Hertwig, 2012]. While performing well in
some cases, the confidence-based methods are not always dependable and suited for specific domains [Bahrami et al.,
2010, Hertwig, 2012, Koriat et al., 2016, Lee et al., 2012, Aydin et al., 2014, Koriat, 2008, 2012].
The idea to use reflective, meta-cognitive information provided by the individual on themselves, such as the confidencebased methods, is the Surprisingly-Popular (SP) method [Prelec et al., 2017]. The SP method consists of choosing the
answer that has had surprisingly large support, relative to the mean predicted support to that answer as estimated by
the participants, and not necessarily the majority’s opinion. The method fared well in the researchers’ experiments,
though mostly in common-knowledge binary questions. The SP method is designed to be especially useful for cases in
which the problem is misleading and tends to elicit mostly wrong responses, and the confidence-based and majority-rule
usually fail. Several studies examined the performance of SP under different conditions and different domains of tasks
[Rutchick et al., 2020, Lee et al., 2018, Görzen et al., 2019]. Across various studies, the comparison of aggregation
performance by SP, confidence-based methods, and majority rule showed no consistent conclusion or definitive
superiority of one method. Inspired by the idea behind SP, other works proposed other types of aggregation techniques
that involve a similar prediction mechanism to apply on specific tasks. For example, Martinie et al. [2020] proposed the
Meta-Probability Weight (MPW) algorithm for answer-aggregation in multiple-choice forecasting questions.
While offering an easy to apply one-shot aggregation procedure, the simple rule-based methods are also occasionally
unreliable. So, the use of sophisticated model-based and statistical methods, as well as Machine-Learning techniques
[Welinder et al., 2011, Bachrach et al., 2012a,b, Gaunt et al., 2016, Laan et al., 2017, Zheng et al., 2017, Weld et al.,
2015], has been attempted in the context of crowdsourcing and aggregating a collective choice. Similar to experts
identification methods, the sophisticated, model-based, and Machine-Learning based methods rely on past performance
or an array of responses associated with each individual to evaluate their contribution to the collective performance
or to learn their capabilities and expertise. Thus, even though these methods can achieve better performance than
majority-vote, they require additional information and do not offer a one-shot aggregation such as our approach.

3

Definitions

We focus on the general form of collective decision-making procedure. There is a problem (i.e., task) to be solved,
several different options (answers) to choose from, and only one is considered the optimal or correct solution. Each
member provides their choice regarding the solution to the given problem in the form of a response. The goal is to
arrive at the optimal solution based on the perspectives of the entire group, i.e., a set of responses.
3
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Table 1: Response format
Value

Description

v
{ps[a1 ], ..., ps[am ]}
c

A vote for an answer in AP
Predicted support for each ai ∈ AP
Reported confidence

Formally, we define a collective decision-making case by the set of responses RP , associated with the decision-making
problem P , its set of possible answers AP , and one optimal answer denoted by a∗ . Table 1 details the format of a
response in our setting. Next, we define some values aggregated from RP .
We refer to the sub-set RP (ai ) ⊆ RP as the supporters of answer ai , i.e., the responses of those who voted for
ai The support rate of answer ai (i.e., popularity), denoted by S(ai ), is the percentage of votes for ai , and S =
{S(ai )|∀ai ∈ AP } denotes the support rate distribution. Let amax denote the most popular answer (i.e., the answer
that received the highest percentage of votes), and amin denote the least popular answer. Thus, S(am ax) and S(am in)
are the support rate of the most popular, and least popular answer, respectively.
The set of confidence reports denoted by C = {rj .c|∀rj ∈ RP }. The set of confidence reports considering only the
supporters of ai is given by C(ai ) = {rj .c|∀rj ∈ RP (ai ) }. The set of predictions about the support of ai , given by
P S(ai ) = {rj .ps[ai ]|∀rj ∈ RP }.
Now, on a given set of values, such as the ones defined above, we can apply variety of functions: Average(·) for
calculating a set’s average; V ar(·) for calculating a set’s variance; M ax(·) for extracting the maximal value; M in(·)
for extracting the minimal value; and Entropy(·) for calculating the entropy.
The process of selecting a final group decision, based on the group members’ perspectives, is called an aggregation
process, and can be performed using different aggregation methods. We define an aggregation method as a function,
which, given a set of responses for problem P , returns an answer ai from the set AP . Assuming an aggregation method
called AG and the set RP , the answer returned by AG when applied over RP is given by fAG (RP ). The outcome of
the aggregation procedure, denoted by OAG ∈ {0, 1} represents its success (1) or failure (0), such that: OAG (RP ) = 1
if fAG (RP ) == a∗ .
The following are some relevant examples of aggregation method:
• Majority Rule (MR): Returns the answer that received the highest support (ai that maximize the value S(ai )).
• Weighted Confidence (WC): Returns the answer with the highest value of confidence-weighted support (ai
that maximize the value S(ai ) · Average(C(ai ))).
• Highest Average Confidence (HAC): Returns the answer that received the highest support (ai that maximize
the value Average(C(ai ))).
• Surprisingly Popular (SP): Returns the answer that was more popular than predicted on average by respondents (ai that maximize the value S(ai ) − Average(P S(ai ))).
3.1

The Devil’s Advocate Aggregator

One of the novelties we offer in this paper is a new aggregation method that functions as a Devil’s Advocate to the rest
of the aggregation methods. We, therefore, refer to this aggregation method as the Devil’s Advocate (DA) aggregator,
and its purpose is to offer the opposition’s perspective relative to a set of aggregation results. Specifically, the DA
selects the answer chosen by the smallest number of aggregation methods in a process that somewhat resembles a
"reverse majority rule" applied to an ensemble of classifiers.
Thus, contrary to other aggregation methods, the DA does not base its decision on the properties of the set of responses
RP , at least not directly. Its choice is based on the selections made by other aggregation methods, while considering
every option available in AP (even those that did not receive any votes in RP ). Formally, given a set of answers options
AP and a set of aggregation results fAG1 (RP ), .., fAGq (RP ), the DA aggregation procedure is performed as follows:
For each ai in AP maintain a counter (initiated with 0), and increase the counter by 1 for each fAGj (RP ) that holds
fAGj (RP ) == ai ; Finally, return the answer with the lowest counter value. There are several possible scenarios in
which multiple answers are equally unpopular in the aggregation methods’ choices. Thus, in some cases, depending on
the size of AP and the number of aggregation methods considered, there is a need for a tie-breaker methodology. In
general, especially when |AP | > 2, we consider the DA tie-break method a specific implementation-design choice.
4
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In our implementation, the DA aggregator’s input includes the aggregation results of the MR, WC, HAC and SP
methods, i.e., {fM R , fW C , fHAC , fSP }. The tie-breaker methodology our implementation used was selecting the
answer that was not chosen by MR (and thus maintaining DA’s role as an opposition); since we evaluated our approaches
on binary-choice problems, this was sufficient.
The importance of the DA does not rely on the accuracy of its aggregation performance when used indiscriminately
(i.e., uniformly on all cases) but rather on its ability to allow the reconsideration of alternatives that otherwise will be
overlooked, which, in challenging decision-making tasks, could turn out to be the correct decisions. In procedures of
moderating between different aggregation methods, the DA can be crucial for their success. Obvious scenarios that
demonstrate the importance of DA are cases in which no method manages to identify the correct answer.

4

Answer-Aggregation through Learning and Classifying Decision-Making Cases

We propose two approaches for aggregating the final decision of a collective based on the prediction of a trained
Machine-Learning model. The first approach focuses on the selection of the optimal aggregation method suited for the
current group decision-making instance (e.g., the MR method); we refer to it as the Aggregation-Method-Prediction
(AMP) approach. The second approach focuses on the selection of the optimal answer, based on primarily similar
features (e.g., the second of two possible answers to the problem); we refer to it as the Direct-Answer-Prediction (DAP)
approach.
Each instance in the data on which the models are trained, in both approaches, represents a collective decision-making
case. The difference between the two approaches and their associated Machine-Learning models, are the target variables
(i.e., the models’ output) - i.e., we are using essentially the same data for two different classification tasks.
The overall procedure to be held when using both of our proposed approaches is composed of three steps: The first step
consists of training a classification model, using resolved cases of collective decision-making problems, represented by
a set of sets of responses, {RP1 , ..., RPn }, by generating a set of instances, {I1 , ..., In } (one instance for each set of
responses). The specific features extracted from each set of responses, which comprise the generated decision-making
instance, are described in detail in the following subsection. After training the classification model, it can be used for
classifying new unseen cases, for the purpose of generating its aggregation result. Specifically, the trained model is used
to obtain a prediction for a new collective decision-making case instance Inew , generated from a new set of responses
RPnew . The final aggregation result is determined according to the appropriate classification prediction. In the case of
choosing the optimal aggregation method, the predicted method will be applied to RPnew , i.e., to the set of responses.
In the case of determining the optimal answer, the predicted answer will be returned.
After laying down the general structure of our proposed approaches, and before we describe each in detail, we first
address the composition of features that make up the collective decision-making case instance. Note that in the case
of our direct answer-prediction approach, the set of features, in addition to those used by the method-aggregation
prediction approach, will also include the aggregation results, i.e., fAG , the answer returned by applying each of the
aggregation methods AG that we are considering.
4.1

Features-Engineering for a Collective Decision-Making Case Instance

A fundamental step in developing our approaches is to compose features that characterize a collective decision-making
case. Each set of responses RP associated with one problem is transformed into one instance I (data row) to characterize
a collective decision-making case. The task is to extract from RP as much information as possible that would reflect the
context of the case, such as the complex nature of P , but without having any knowledge of the problem P , respondents’
identity or associated information, nor their performance history.
Since generating all of the features relevant to both approaches is not a trivial feature-engineering process, we used
various strategies and techniques and incorporated knowledge derived from appropriate research fields.
First, the more prominent values to incorporate are the aggregation criteria associated with standard aggregation
methods. For instance, the Majority-Rule (MR) method selects the answer with the highest support (i.e., the most
popular). Thus, some features could incorporate the value S(amax ) in one way or another.
Our second approach focuses on each component in each response separately (i.e., the chosen answer, the predictions,
and the confidence level) and extracts the information given by its behavior and distribution across the entire set of
responses. For example, a feature derived from the distribution of confidence levels can be the percentage of responses
with high confidence.
5

Meta-Learning Approaches for a One-Shot Collective-Decision Aggregation

A P REPRINT

In addition, each value extracted from the full set of responses of a given problem can be processed again, given a
sub-sets of these responses. So, another approach to composing features is by observing the behavior and changes of
those values across different sub-sets of responses to the same problem. The general process is executed as follows: 1)
sample sub-sets of responses; 2) extract the desired information from each sub-set (e.g., the support rate of the most
popular answer); 3) compose features given the set of values extracted from each sub-set (e.g., the variance of the
support rate of the most popular answer, across sub-sets). For simplification, we use the general notation SG, which
denotes a set of specified values extracted from the sub-sets sampled from RP . For example, SG.S(amax ) refers to the
set of values of S(amax ) (the support rate of the most popular answer) across the sub-sets of responses.
The set of engineered features is listed in Table 2.
Table 2: Collective Decision-Making Case’s Engineered Features Table
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

Feature Name
N
D_Smax_Smin
ES
VarS
D_S_Uniform
CAmin
CAmax
MinC
AvgC
VarC
D_MaxC_AvgC
B_Amax_MaxCa
MaxPSa
MinPSa
AvgPSv
P_lowC_highPSv
P_lowPSv_highC
SG_B_Amax
SG_VarSAmax
SG_D_MaxVarS_MinVarS
SG_D_MaxES_MinES
SG_D_MaxAvgC_MinAvgC
SG_D_MaxVarC_MinVarC
SG_VarCAmin
SG_VarCAmax
SG_AvgCAmin
SG_AvgCAmax

Description
|RP |
S(amax ) − S(amin )
Entropy(S)
V ariance(S)
Vector distance of S from uniform distribution
Average(C(amin ))
Average(C(amax ))
M in(C)
Average(C)
V ariance(C)
M ax(C) − Average(C)
1, if Average(C(amax ) == M ax({Average(C(ai )|∀ai ∈ AP }); 0, else
M ax({Average(P S(ai ))|∀ai ∈ AP })
M in({Average(P S(ai ))|∀ai ∈ AP })
Average({rj .ps[v]|∀rj ∈ RP })
Proportion of rj ∈ RP such that rj .c < Average(C) and rj .ps[v] > AvgP Sv
Proportion of rj ∈ RP such that rj .c > Average(C) and rj .ps[v] < AvgP Sv
1, if amax differs across sub-sets of responses; 0, else
V ariance(SG.S(amax ))
M ax(SG.V ariance(S)) − M in(SG.V ariance(S))
M ax(SG.Entropy(S)) − M in(SG.Entropy(S))
M ax(SG.Average(C)) − M in(SG.Average(C))
M ax(SG.V ariance(C)) − M in(SG.V ariance(C))
V ariance(SG.Average(C(amin )))
V ariance(SG.Average(C(amax )))
Average(SG.Average(C(amin )))
Average(SG.Average(C(amax )))

Next, we provide specific descriptions of our proposed methods. As discussed earlier, the two methods use classification
models, each trained on data sets of collective decision-making case instances, where each instance includes the features
described in Table 2. The main difference between the two methods comes down to the classification task, i.e., different
target variables. The final aggregation process is held based on the classifiers’ predictions.
While the technical differences are minor, the main ideas behind those two approaches are essentially different. One
focuses on predicting which aggregation methodwould be best if applied to a given case (and then applies it, to return
the actual answer). The other takes a direct approach to predicting the correct answer.
4.2

The Aggregation-Method-Prediction Approach

Given a collective decision-making case, the Aggregation-Method-Prediction (AMP) approach uses a classification
model that predicts which aggregation method, from a set of methods to consider {AG1 , ..., AGq } should be applied
(i.e., which method has the highest probability of returning the correct decision). Given the model’s prediction,
the final aggregated answer is generated by applying the chosen aggregation method. An input instance for the
classification model is a collective decision-making case instance, which includes the features described in Table 2, and
the classification target is the aggregation method to apply. Since there could be more than one method that can produce
6
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a successful aggregation outcome for a given case, the appropriate approach is to produce an independent prediction for
each method in the form of a multi-label classification: Each method AGi has its correspondent binary-classification
target label OAGi , which represents the outcome of applying it to the associated case. For example, consider the case
RPj and its associated instance Ij , and consider the labels {OM R , OSP } which are assigned with the values {0, 1}
(respectively). This means the SP method is predicted to produce a successful aggregation result when applied on RPj ,
while MR is predicted to fail.
The full set of target labels we use in our implementation of AMP is {OM R , OHAC , OW C , OSP , ODA }, representing
the outcome of applying the aggregation methods MR, HAC, WC, SP, and DA, respectively.
By definition, only one method is selected by the AMP approach to be applied to the group decision instance. However,
due to our multi-label classification methodology, there might be more than one method whose predicted label’s value
is 1. To solve this dilemma, we use a binary classification that includes a confidence measure (i.e., a classification
probability), in which a predicted value of 1 results from a confidence measure ∈ (0.5, 1], and a predicted value
of 0 results from a confidence measure ∈ [0, 0.5]. Thus, given the predicted values for the aggregation methods
{OAG1 , ..., OAGq } of a classified instance, the selected aggregation method AGi is the one whose label’s value OAGi
has been assigned the highest confidence measure.
4.3

The Direct-Answer-Prediction Approach

The Direct-Answer-Prediction (DAP) approach uses a classification model that predicts which answer is the correct one
and returns it as the final aggregated answer. An input instance for the DAP approach is a collective decision-making
case instance, which includes not only all of the features described in Table 2, but also the aggregation results (i.e.,
the chosen answer) when applying a set of aggregation methods - i.e., {fAGi , ..., fAGq }. In our implementation, we
included the aggregation results of the methods MR, HAC, WC, SP and DA - i.e., {fM R , fHAC , fW C , fSP , fDA }. The
target classification label is the correct answer for the associated problem, i.e., a∗ . Thus, for binary-choice problems
(i.e., when |AP | = 2), the classification task here is a binary-classification task, and a multi-class classification task for
multiple-choice problems (i.e., when |AP | > 2). Note that due to the need for obtaining sufficient training data, we
evaluated our proposed approaches on binary-choice problems only, but there is no technical limitation on applying our
approaches to multiple-choice problems.

5
5.1

Evaluation
Material

We used data collected from previous studies with open-access material [Martinie et al., 2020, Rutchick et al., 2020,
Lee et al., 2018]. These data sets contain responses to questions with two optional answers (i.e., binary decision
problems), mainly associated with prediction problems (such as sports events outcomes and political elections) and
general knowledge questions.
We excluded cases with either a 0% or a 100% correct solution rate. The final data-set used in the evaluation procedure
included 1209 decision-aggregation cases, with an average of 70 responses per case and an average of %62 correct
solution rate.
The raw data set, composed of a set of responses RP for each problem P , was transformed into a data set in which each
set RP was processed into one instance that included a set of features and target labels, according to the approach.
5.2

Data set transformation

The raw data set, composed of n sets of responses {RP1 , ..., RPn }, is transformed into a data set suited to the
classification procedure performed in each approach (AMP and DAP), as described in the previous section. Each set
RPj is processed into one instance Ij , which include a set of features and target labels:
• For the implementation of AMP, each instance Ij include: (1) Features: collective-decision-making case
instance features, listed in Table 2. (2) Target labels: {OM R , OHAC , OW C , OSP , ODA } (the outcome of
applying each aggregation methods: MR, HAC, WC, SP and DA).
• For the implementation of DAP each instance Ij include: instance include: (1) Features: collective-decisionmaking case instance features, listed in Table 2 and {fM R , fHAC , fW C , fSP , fDA } (the selected answer by
each aggregation method: MR, HAC, WC, SP and DA). (2) Target label: a∗ (the correct answer of Pj ).
7
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Measures

Since the main goal is to increase the likelihood of successful aggregation results, we measure each approach’s
performance by the rate of successful aggregation outcomes resulting from its respective classifier’s predictions.
5.4

Model Selection

For each of our proposed approaches, we tested several classification techniques to be used at the final evaluation phase,
according to the appropriate classification task:
• The AMP approach includes a multi-label classification process [Zhang and Zhou, 2013]. There are three
problem-transformation techniques used for implementing multi-label classification procedures: Binary
Relevance (BR), Classifier Chain (CC), and Label Power-set (LP) [Boutell et al., 2004, Read et al., 2009, 2011,
2008]. Each problem-transformation technique is a wrapper that transforms the classification problem into
multiple multi-classification or binary-classification tasks, implemented by a given classification algorithm.
Thus, the model selection procedure includes testing combinations of problem-transformation and classifiers
together. We tested the three multi-label classification implementation techniques, BR, CC, and LP, over each
of the following classifiers: Bernoulli Naïve Bayes (BNB), K-Nearest-Neighbors (KNN), Logistic Regression
(LR), and Random-Forest (RF) (3X4= 12 classification techniques in total) [McCallum et al., 1998, Manning
et al., 2010, Altman, 1992, Bishop, 2006, Menard, 2002, Breiman, 2001].
• The DAP approach includes a binary-classification process for binary-choice problems and a multi-class
classification process for multiple-choice problems. For this approach, we tested the following classification
algorithms: K-Nearest-Neighbors (KNN), Logistic Regression (LR), and Random-Forest (RF).
The performance of a classification model was measured by the rate of successful aggregation outcomes resulting from
its predictions.
To select the best classification technique from the options tested for each of our proposed approaches to be used at the
evaluation phase, we performed a nested cross-validation procedure as follows:
1. A 10-Fold cross-validation procedure: Split the data set into 10 sub-sets with equal size (each sub-set makes
up 10% of the data).
2. For each sub-set K ∈ [1, 10], referred to as TestK, perform the following procedure on the remaining 90% of
the data, referred to as TrainK:
(a) For each classification technique perform a leave-one-out cross-validation evaluation procedure:
i. For each instance I in TrainK:
A. Use all instances in TrainK except I, to train a classification model according to the current
classification technique.
B. Extract a prediction from the trained model, for instance I.
ii. Calculate the success rate achieved by applying the evaluated classification technique based on the
predictions extracted in the previous step.
(b) Use all instances in TrainK to train a classification model according to the classification technique that
achieved the highest success rate in the previous step.
(c) Test the trained model by extracting predictions for every instance in TestK.
(d) Calculate the success rate based on the predictions extracted in the previous step.
For the AMP approach, the best overall performance was achieved by the Binary Relevance technique with the Random
Forest classifier (for the full details of the model selection’s results, refer to Table 5 in the Appendix). As for the DAP
approach, the best results were achieved by the Random Forest classifier (for the full details of the model selection’s
results, refer to Table 6 in the Appendix). These classification techniques are used in the evaluation phase of our
proposed approaches.
5.5

Final Evaluation Procedure - Prediction and Aggregation

To evaluate each of our proposed approaches, we performed a leave-one-out procedure for extracting the model’s
predictions, using the classification techniques chosen in the model selection phase (BR+RF classifier for AMP, and RF
classifier for DAP). This process is done as follows: For each instance Ij in the data set, train the classification model
over the entire data set, excluding Ij , and then extract a prediction from the trained model for Ij .
8
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The final step is to determine the final aggregated answer for each case RPj , according to the prediction extracted for its
associated instance Ij :
• In AMP, each instance Ij is given multiple binary-classification, one for each of the labels
{OM R , OHAC , OW C , OSP , ODA }, including a confidence measure (i.e., classification probability), for each
predicted label value. The aggregation result for RPj is given by applying the aggregation method, which its
associated label prediction has the highest confidence measure.
• In DAP, each instance Ij is classified with the predicted to be the correct answer for the case. Thus, the
returned answer is the one predicted by the classifier

6

Results

The main evaluation criterion we used was the success rate over the complete set of problems, which was calculated
according to the outcomes of the aggregation procedures. In this section, we describe the experimental results and
compare the performances of our two aggregation approaches and the multiple possible aggregation methods.
Figure 1 presents the results of the evaluation, which provide the success rate (proportion of cases in which the correct
answer was returned) of the AMP and DAP approaches, compared to the results of the SP, MR, WC, HAC and
DA specific methods. As shown in Figure 1, both of our proposed approaches increase the success rate significantly
compared to each of the specific aggregation methods (for the results of the statistical tests, see Table 7, in the Appendix).
One proof of a successful context-sensitive selection of the aggregation method as performed by the AMP approach
would be reflected by an increase in the success rate of each method when applied to the cases in which that method
was chosen by AMP, compared to its context-free success rate when applied indiscriminately (i.e., in uniform fashion)
over the entire data set. The distribution of AMP choices, i.e., the percentage of cases for which each of the specific
aggregation methods was chosen, is depicted in Figure 3. Figure 2 presents the success rate of each aggregation method
when applied to the cases in which the AMP approach chose that method (i.e., P(Success | Selected by AMP)), compared
to the success rate of that method when applied to the entire data set (i.e., P(Success)). Comparing the success rate of
each method in Figure 2, we can see a significant increase in the success rate when chosen by the AMP approach for
each aggregation method, which can serve as solid evidence for the effectiveness of that approach. Formally, for each
aggregation method AGi , the following applies:
P(Success by AGi ) < P(Success by AGi |AGi is selected by AMP).
Figure 4 depicts a Venn diagram that provides the interaction of the cases in which applying each aggregation method
resulted in a successful aggregation outcome. Note that, with the inclusion of the DA aggregator, every case in the data
set is solved (i.e., successfully aggregated) by at least one method. As observed from Figure 4, there are a considerable
amount of cases (202 out 1209, to be exact) in which only the application of DA can result in making the correct
decision. This observation allows a further understanding of the benefit of considering the DA aggregator, which is less
apparent when observing only its success rate when applied indiscriminately (0.308, as depicted in Figure 1). And in
fact, in the 13% of the cases in which the AMP approach selected the DA (as depicted in Figure 3), its success rate was
the highly respectable one of 0.818 (as illustrated in Figure 2).

7

Ablation Experiments

Our two approaches consist of learning features and labels that depend on the basic information given by each response,
as described in Table 1. For example, the value of the feature fSP , used by the DAP approach, depends on the
respondents providing their predicted support for each answer (i.e., ps[ai ] for each ai ∈ AP ).
The implementation of our approach, as presented in the evaluation, assumes that each response contains the complete
information, as shown in Table 1. This assumption, however, might be a potential limitation since this information is
not always available. Providing information beyond the basic information of the respondent’s voted answer can be
time-consuming and demanding for the worker and costly for the requester. Thus, it is crucial to determine - is it all
worth it? Can we do without some of the excess information?
To answer these questions, we performed several ablation experiments for each aggregation approach. The ablation
experiments were carried out by observing the results when eliminating different subsets of information from the input
responses (e.g., confidence in the answer), and thus, also all of the engineered features and/or labels that depend on that
information.
Thus, we distinguish between three groups of features, from the features listed in Table 2, according to the responses’
information origin from which they are composed of:
9
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Figure 1: Aggregation performance (the success rate) of the Direct-Answer-Prediction (DAP) approach, the AggregationMethod-Prediction (AMP) approach, the Surprisingly Popular (SP) method, the Majority Rule (MR), the Weighted
Confidence (WC) method, the Highest Average Confidence (HAC) method, and the Devil’s Advocate (DA) aggregator.
• Voting-features: Features that are composed using (only) the vote component within the responses (i.e., v).
This group composed of the following features’ index: 1,2,3,4,5,18,19,20,21.
• Confidence-features: Features that are composed using the reported confidence component within the responses
(i.e., c). This group composed of the following features’ index: 6,7,8,9,10,11,12,16,17,22,23,24,25,26,27.
• Predicted-Support-features: Features that are composed using the answers’ support prediction component
within the responses (i.e., ps array). This group composed of the following features’ index: 13,14,15,16,17.
Specifically, for the ablation experiments of the AMP approach, we tested the exclusion of the following feature sets and
labels: Confidence-features, Predicted-Support-features, {OW C , OHAC }, OSP , ODA . For the ablation experiments
of the DAP approach, we tested the exclusion of the following: Confidence-features, Predicted-Support-features,
{fW C , fHAC }, fSP , fDA .
We consider the set of features included in the Voting-features, as well as the label OM R for the AMP approach and
fM R for the DAP approach, to be the basic form of data since they are based on the information included in any
collective decision-making case. Thus, these features and labels are included in every ablation experiment for both
approaches, as the purpose is to examine the value of using the additional meta-cognitive information provided in the
responses.
Note that for each experiment in which one or more of the labels associated with the methods WC, HAC, and SP were
removed (i.e., OW C , OHAC , OSP for the AMP approach; and fW C , fHAC , fSP for the DAP approach), the DA’s
labels (i.e., ODA for the AMP approach, and fDA for the DAP approach) were updated accordingly. Thus, if a method’s
label was excluded, the DA did not consider this method’s choice in its aggregation procedure.

8

Ablation Results

Table 3 and Table 4 presents the ablation experiments results for AMP and DAP approaches, respectively. The first row
of both tables presents the approach’s original results, obtained without excluding any component.
For the AMP approach, most of the ablation experiments’ results did not differ significantly from the original results
(p > 0.05 using a two-tailed proportion test). There were only two cases with significantly different results, specifically
10
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Figure 2: Aggregation performance (proportion of cases where the correct answer was chosen) of Highest Average Confidence (HAC), Majority Rule (MR), the Devil’s Advocate (DA), Surprisingly Popular (SP) and Weighted Confidence
(WC) when 1) applied to the full data set (P(Success)), and 2) chosen by the Aggregation-Method-Prediction (AMP)
approach. (P(Success | Selected by AMP)).

a lower success rate than the original results. The first is the case in which all of the following components were
excluded: Confidence-features, Predicted-Support-features, and the labels OW C , OHAC and OSP . Hence, there is
a significant value in adding the meta-cognitive features. The second case of a significant decrease in success rate
occurred by removing the ODA label, i.e., by eliminating the DA aggregator from consideration by the AMP approach.
Thus, having the option of choosing Devil’s Advocate as an aggregator seems to be necessary.
As for the DAP approach, none of the results obtained in the ablation experiments deviated significantly from the
original results (p > 0.05 using a two-tailed proportion test). In other words, at least for problems that have only
two possible answers, the Voting-features subset seems to be sufficient for this method (see, however, the Discussion).
Moreover, this approach appears to be more robust to changes compared to the AMP approach, as there is a lower
performance variability when excluding different portions of the features.
Table 3: Aggregation-Method-Prediction: Ablation Results
Voting-features
V
V
V
V
V
V
V
V
V
V
V

Confidence-features
V

Predicted-Support-features
V
V

V
V
V
V
V

V
V
V
V
V

V
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OM R
V
V
V
V
V
V
V
V
V
V
V

OW C , OHAC
V
V
V
V

OSP
V
V
V
V
V

V
V
V

V
V

ODA
V
V
V
V
V
V
V
V
V
V

Success rate
0.806
0.800
0.816
0.795
0.808
0.797
0.791
0.754
0.806
0.799
0.763
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Figure 3: The distribution of choices by the Aggregation-Method-Prediction (AMP) approach, showing the percentage
of instances for which each aggregation method was chosen.
Table 4: Direct-Answer-Prediction: Ablation Results
Voting-features
V
V
V
V
V
V
V
V
V
V
V

9

Confidence-features
V

Predicted-Support-features
V
V

V
V
V
V
V

V
V
V
V
V

V

fM R
V
V
V
V
V
V
V
V
V
V
V

fW C , fHAC
V
V
V
V

fSP
V
V
V
V
V

V
V
V

V
V

fDA
V
V
V
V
V
V
V
V
V
V

Success rate
0.812
0.812
0.825
0.803
0.804
0.805
0.806
0.813
0.811
0.815
0.798

Discussion

As observed in the Results section, both our approaches, AMP and DAP, showed promising performances, significantly
increasing success rates compared to all standard rule-based aggregation methods. Moreover, the AMP method
demonstrated successful navigation ability between the various aggregation methods and, when choosing them,
considerably increased their probability of producing optimal aggregation results.
The general concepts and principles underlying our approaches are not confined to specific domains and tasks and are
adaptive to various situations (contexts) in an automated fashion. Thus, the implementation of our approaches can
be generalized to any purpose whose end goal is to perform a successful aggregation process. Assuming sufficient
training cases, the one-shot nature of these aggregation techniques allows a fast and easy application to each new
collective decision-making case while being oblivious to the nature of the decision. That being said, the methodology
12
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Figure 4: Venn diagram depicting the cases resulted with a successful aggregation outcome when applying the methods:
Surprisingly Popular (SP), Majority Rule (MR), Weighted Confidence (WC), Highest Average Confidence (HAC) and
the Devil’s-Advocate (DA) aggregator.

can potentially be extended by including additional descriptive features, such as task type or group size. It can also be
used alongside other techniques in the form of an ensemble of aggregators.
There were different results and observations for the two approaches in the ablation experiments. For the DAP approach,
we observed no significant changes in success rate compared to its original results. This can be interpreted as a
somewhat positive outcome. When attempting to predict the correct answer, it sometimes may not be necessary to
request additional information from the decision-makers beyond the voted answer. However, one should be cautious
when applying such a conclusion to situations with more than two possible answers since the basic information alone
might be insufficient.
Since an important limitation of the experimental evaluation was that it was performed over a set of binary-choice
tasks, due to a large number of cases necessary, future work can test our approaches on an extensive collection of
multiple-choice problems.
We have, in fact, successfully applied two other machine-learning approaches, which also included meta-cognitive
feature-engineering, to infer the optimal answer for problems with possibly more than two answer options [Shinitzky
et al., 2022]. In the first approach, we trained a classifier that predicts the correctness of a single response. In the second
approach, we trained a classifier that predicts the correctness of a single answer option. We showed the superiority of
both approaches over standard aggregation methods [Shinitzky et al., 2022].
Contrary to the DAP approach, the results of ablation experiments in the case of the AMP approach demonstrated
that eliminating the use of the respondents’ confidence and prediction regarding the answers’ support (both features
and classification targets) damaged the AMP’s performance quality significantly. From that, we can deduce that the
meta-cognitive information provides an added value, and it is essential to include at least some of its derived features
and/or labels. We also observed a significant decrease in the success rate of AMP when the label ODA was removed.
This is proof of the importance of considering the Devil’s Advocate (DA) aggregation method when the objective is to
select the best aggregation method to apply.
Another proof of the DA aggregator’s significance was demonstrated by observing the interaction of the cases in which
applying each aggregation method resulted in a successful aggregation outcome. By including the DA in the arsenal of
aggregation methods, we observed that the percentage of cases that were successfully (correctly) aggregated by at least
one method, increased from 83.3% to 100%. This means that if the application of the DA is an option, the potential for
successful navigation between aggregation methods, as attempted by the AMP approach, is in theory unlimited, while
13

Meta-Learning Approaches for a One-Shot Collective-Decision Aggregation

A P REPRINT

not including it creates an upper bound of around 83% for correctness using only standard aggregation methods. This
observation emphasizes the importance of the DA, especially for the success of the AMP approach.
Future work can further develop the Devil’s Advocate aggregator, for example, by defining a confidence measure for
the aggregation results of each input method. The confidence measure can be used to weigh the aggregation methods’
decisions when determining the DA aggregator’s chosen answer. This allows the DA aggregator to base its decision on
an objective, consistent and quantifiable measure; it would provide a more elegant solution for tie-breaking cases and
better suit decision-making problems with more than two answers options.

10

Conclusion

In this study, we presented two machine-learning-based aggregation approaches that exploit the context created by the
various properties of the problem (task) and the associated responses. The first, AMP, uses a classification model to
predict which aggregation method would be best to apply to a given case, and then applies the chosen method. The
second approach, DAP, uses a classification model to directly predict the correct answer while also using the choices
of each aggregation method as features. We offered a meta-cognitive feature-engineering approach for characterizing
a collective decision-making case in a context-sensitive fashion. Contrary to other existing machine-learning-based
aggregation methods, our methodology is independent of the crowd-specific composition, prior knowledge, and personal
track records of the individual decision-makers or groups. Experimental results show a significant increase in the rate
of successful aggregation using our proposed approaches, compared to the uniform (indiscriminate) application of
each rule-based aggregation method. Another contribution of our work is a novel method, the Devil’s-Advocate (DA)
aggregator, which selects the option as far as possible from the choices made by other methods. The strength of the
DA lies primarily in its ability to allow the consideration of alternatives that otherwise will be overlooked, which, in
challenging decision-making tasks, might turn out to be the correct decisions. Evidence for that was observed in the
AMP’s ablation results, which showed a significant decrease in success rate when removing the DA from consideration
when choosing which aggregation method to apply.
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Table 5: Aggregation-Method-Prediction: Model Selection Results
Multi-Label
BR

CC

LP

Classifier
BNB
KNN
LR
RF
BNB
KNN
LR
RF
BNB
KNN
LR
RF
Test Results

Fold 1
0.641
0.776
0.759
0.800
0.631
0.774
0.749
0.790
0.642
0.776
0.767
0.789
0.851

Fold 2
0.665
0.783
0.772
0.812
0.645
0.789
0.767
0.809
0.644
0.783
0.784
0.806
0.793

Fold 3
0.642
0.778
0.767
0.808
0.630
0.774
0.754
0.796
0.643
0.778
0.772
0.792
0.826

Fold 4
0.640
0.788
0.767
0.803
0.621
0.784
0.748
0.792
0.642
0.788
0.777
0.792
0.835

Fold 5
0.659
0.769
0.748
0.793
0.639
0.768
0.731
0.777
0.665
0.769
0.756
0.789
0.934

Fold 6
0.652
0.768
0.750
0.789
0.624
0.763
0.726
0.790
0.659
0.768
0.757
0.789
0.917

Fold 7
0.657
0.779
0.767
0.805
0.633
0.778
0.754
0.801
0.660
0.779
0.774
0.797
0.860

Fold 8
0.661
0.791
0.779
0.827
0.642
0.788
0.778
0.808
0.675
0.791
0.798
0.823
0.645

Fold 9
0.665
0.813
0.788
0.830
0.637
0.810
0.768
0.836
0.682
0.813
0.799
0.824
0.479

Table 6: Direct-Answer-Prediction: Model Selection Results
Classifier
RF
LR
KNN
Test Results

Fold 1
0.793
0.695
0.763
0.810

Fold 2
0.804
0.708
0.767
0.826

Fold 3
0.802
0.707
0.757
0.901

Fold 4
0.792
0.699
0.760
0.868

Fold 5
0.792
0.730
0.757
0.826

Fold 6
0.781
0.733
0.759
0.826

Fold 7
0.802
0.720
0.765
0.835

Table 7: Statistical Tests Results (P-Value)

SP
MR
WC
HAC
DA

vs AMP
McNemar Test Proportion Test
2.08E-14
6.13E-08
5.45E-19
8.18E-12
3.59E-20
6.08E-12
3.49E-26
0
5.30E-84
0

vs DAP
McNemar Test Proportion Test
3.99E-13
8.18E-09
4.15E-18
6.72E-13
2.83E-18
4.92E-13
1.05E-25
0
4.74E-90
0
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Fold 8
0.824
0.737
0.790
0.727

Fold 9
0.827
0.720
0.797
0.579

Fold 10
0.820
0.714
0.782
0.550

Fold 10
0.669
0.796
0.781
0.817
0.645
0.789
0.764
0.809
0.690
0.796
0.788
0.813
0.592

