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ABSTRACT

This use of voting rules is within the framework of maximum
likelihood estimators, where each vote is interpreted as a noisy
perturbation of the correct ranking (that is not available), so a
voting rule is a way to estimate this correct ranking [3, 4]. We
experimentally show that the usage of generic classifiers in an ensemble environment can give results that are comparable with other
state-of-the-art ensemble methods. We also provide a closed formula to compute the probability that our ensemble method chooses
the correct class when the voting rule used is Plurality, assuming
that all the classifiers are independent and have the same accuracy. We also define the probability of choosing the right class
when the classifiers have different accuracy and they are not independent. The proposed work has been published in the Journal
of Autonomous Agents and Multi-Agent Systems [6], that is a revised and extended version of [5, 7]. All the code is available at
https://github.com/aloreggia/vorace/.

Ensemble methods are built by training many different models and
aggregating their outputs to output the prediction of the whole
system. In this work, we study the behavior of an ensemble method
where voting rules are used to aggregate the output of a set of
randomly-generated classifiers. We provide both a theoretical and
an empirical analysis of this method, showing that it performs
comparably with other state-of-the-art ensemble methods, while
not requiring any domain expertise to fine-tune the individual
classifiers.
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VORACE (VOting with RAndom ClassifiErs) is an ensemble method
that uses a profile of n random classifiers, where n is an input
parameter. The type of each classifier is chosen at random from
a set of predefined ones, (some of) whose hyper-parameters are
chosen at random. Classifiers in the ensemble are trained using the
same set of training samples. The output of each classifier is an
m-dimensional vector, with m the number of classes, representing
the probability distribution that the input sample belongs to a class.
This can be interpreted as a ranking over the classes, where the class
with the highest probability is the first in the ranking. VORACE
aggregates the rankings from the random classifiers by using a
voting rule. In case of ties VORACE chooses the candidate that is
most preferred by the classifier with the highest validation accuracy
in the profile. This winner is the output of the ensemble classifier.

INTRODUCTION

In machine learning, an ensemble classifier consists of a set of classifiers whose outputs are aggregated to form the prediction of the
system [9, 12]. This approach is justified by the observation that it
is not easy to identify the best classifier for a certain complex task
and that different classifiers may learn differently on different regions of the domain [1, 8, 10]. In this work, we propose an ensemble
classifier (called VORACE) that considers each classifier as a voter
in an election, expressing its preference on a set of possible alternatives (that is, the classes). Such preferences are then aggregated
using a voting rule to compute the output of the ensemble classifier.
A voting rule [13] is a function that chooses one out of a set of
candidates, starting from a set of rankings over the candidates.
∗ This
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EXPERIMENTAL RESULTS

We considered 23 datasets from the UCI repository [11]. Individual
classifiers are generated choosing among three classification algorithms: Decision Trees (DT), Neural Networks (NN), and Support
Vector Machines (SVM). For each dataset, we train and test the ensemble method with a 10-fold cross validation process. Additionally,
for each dataset, experiments are performed 10 times, leading to a
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Table 1: Average F1-scores (and standard deviation), varying the number of voters, averaged over all datasets.

Avg

Avg Profile

Borda

Plurality

Copeland

Kemeny

Sum

Best C.

0.8626 (0.0981)

0.8983 (0.0987)

0.9006 (0.0998)

0.9002 (0.0998)

0.9002 (0.1001)

0.8964 (0.1070)

0.8673 (0.1192)

Table 2: Performance on multiclass and binary datasets: Average F1-scores (and standard deviation). Best performance in bold.
On binary datasets, all the voting rules behave as majority voting rule.

Avg Multi
Avg Binary

Borda

Plurality

Copeland

Kemeny

Sum

RF

XGBoost

0.9365 (0.0421)
-

0.9413 (0.0388)
0.8724 (0.0493)

0.9396 (0.0380)
-

0.9402 (0.0382)
-

0.9416 (0.0399)
0.8574 (0.0658)

0.8720 (0.0410)
0.8666 (0.0409)

0.9177 (0.0409)
0.8636 (0.0493)

Independent classifiers with different accuracy. Considering the same accuracy p for all classifiers is not realistic. Thus we
also study the general case where each classifier in the profile can
have a different accuracy pi , while still assuming they are independent. In this scenario, the probability of choosing the correct class
c ∗ is:
Õ
Ö 
Ö
1
(1 − pi ) ·
pi
K
∗

total of 100 runs for each method over each dataset. This is done to
ensure greater stability. The voting rules considered in the experiments are Plurality, Borda, Copeland and Kemeny [13]. We compare
the performance of VORACE to 1) the average performance of the
individual classifiers in the profile, 2) the performance of the best
classifier in the profile, 3) the performance of two state-of-the-art
methods (Random Forest and XGBoost), and 4) the performance of
the Sum method (also called weighted averaging). The Sum method
Í
computes x jSum = ni x j,i for each individual classifier i and for
each class j, where x j,i is the probability that the sample belongs to
class j predicted by classifier i. The winner is the one with the maximum value in the sum vector: arg max x jSum . To study the accuracy
of our method, we performed three kinds of experiments: 1) varying
the number of individual classifiers in the profile and averaging the
performance over all datasets, 2) fixing the number of individual
classifiers and analyzing the performance on each dataset and 3)
considering the introduction of more complex classifiers as base
classifiers for VORACE. Since the first experiment shows that the
best accuracy of the ensemble occurs when n = 50, we use only
this size for the second and third experiments. Table 1 and Table 2
report the aggregated results of the experiments. It is easy to see
that using voting rules with random classifiers gives results that are
comparable to using state of the art methods like RF and XGBoost,
while not requiring domain expertise or time consuming parameter
adjustment.

(S 1, ...,Sm )∈Ωc ∗

i ∈S ∗

i ∈S

where K is the normalization function, S is the set of all classifiers
S = {1, 2, . . . , n}; Si is the set of classifiers that elect candidate c i ;
S ∗ is the set of classifiers that elect c ∗ ; S ∗ is the complement of S ∗
in S (S ∗ = S \ S ∗ ); and Ωc ∗ is the set of all possible partitions of S
in which c ∗ is chosen:
Ωc ∗ = {(S 1 , . . . , Sm−1 )| partitions of S ∗ s.t. |Si | < |S ∗ | ∀i : c i , c ∗ }.
Comparison with the Condorcet Jury Theorem. We prove
that, for m = 2, Formula 1 in Theorem 4.1 enforces the results stated
in the Condorcet Jury Theorem [2]. However, since the assumptions in Theorem 4.1 do not always hold in practice, we prove the
following broader statement:

Theorem 4.1. The probability of electing the correct class c ∗ ,
among m classes, with a profile of n classifiers, each one with accuracy p ∈ [0, 1] , using Plurality is given by:

 
n
Õ
p i
1
n
T (p) = (1 − p)n
(1)
φ i (n − i)!
K
i 1−p
n

Theorem 4.2. The probability of electing the correct class c ∗ ,
among 2 classes, with a profile of an infinite number of classifiers,
each one with accuracy p ∈ [0, 1], using Plurality, is given by:

0
p < 0.5



lim T (p) = 0.5 p = 0.5
(2)
n→∞


1
p
>
0.5

Dependent classifiers. We also relax the independence assumption between classifiers by taking into account the presence of areas
of the domain that are correctly classified by at least half of the
classifiers simultaneously. We denote by ϱ the ratio of the examples
that are in the easy-to-classify part of the domain. ϱ is bounded
by the probability of the correct classification of an example by at
least half of the classifiers (which are correctly classified by the ensemble). Removing the easy-to-classify examples from the training
dataset, we obtain the accuracy pe = ( (p − ϱ)/(1 − ϱ) ) < p for the
other examples, leading to a generalization of Theorem 4.1:

where φ i is defined as the coefficient of the monomial x n−i in the exÍ
 m−1
i−1 x j
pansion of the following generating function: Gim (x) =
j=0 j!

Í
and K is a normalization constant defined as: K = nj=0 nj p j (m −
1)n−j (1 − p)n−j .

Theorem 4.3. The probability of choosing the correct class c ∗ in a
profile of n classifiers with accuracy p ∈ [0, 1[, m classes and with an
overlapping value ϱ, using Plurality to compute the winner, is larger
than:
(1 − ϱ)T (e
p) + ϱ .
(3)

4

THEORETICAL ANALYSIS

Independent classifiers with same accuracy. We consider a scenario with m classes (the candidates) and a profile of n independent
classifiers (the voters), where each classifier has the same probability p of classifying a given instance correctly.

i= ⌈ m ⌉
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