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Abstract. Voting Advice Application (VAA) is a web application that
recommends a candidate or a party to a voter. From an online questionnaire, which voters and candidates are called to answer, the VAA proposes to each individual voter the candidate who replied like him/her.
It is very important the voters to reply in all questions of the questionnaire, because every question has its meaning and is responding to the
political position of a each party. Missing values might mislead the VAA
and impede it to have complete knowledge about the voter, as a result
to offer him/her the wrong candidate. In this paper we quantitatively
investigate the effect of missing values in VAAs by examining the impact
of the number of missing values to different methods of voting prediction. For our experiment we have used the data obtained from the May
parliamentary elections in Greece in 2012. The corresponding dataset is
made freely available to other researchers working in the areas of VAA
and recommender systems through the Web.
Key words: Missing values, classifiers, recommender systems, voting
advice applications
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Introduction

The Voting Advice Application (VAA), is an online survey tool that has recently
been successfully used in many European countries and lately in countries outside
the European continent [8]. It has been characterized as a new phenomenon in
modern election campaigning and its utilization has increased in recent years [2].
VAAs’ target is to help voters identify parties that have similar political positions
with themselves. Also VAAs encourage, indirectly, citizens to exercise their right
to vote and to be informed about the political stances of parties.
The operation of a VAA is briefly summarized as follows: First, parties
(through representatives) are called to answer a set of questions in an online
questionnaire. This questionnaire typically consists of a set of policy statements
on which the parties’ positions have been coded. Each question corresponds to
the political positions of the parties and their reaction to the developments in the
current affairs. Preferred questions are those encoding a high variance in party
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positions. Once the party answers on the questionnaire were encoded citizens
are able to fill in the same questionnaire by navigating to the VAA website.Both
voters and candidates (party representatives) evaluate each issue by giving lower
extent to those with which they do not agree at all and higher to those that perfectly expressed their position [2][6]. Usually the answering options are ‘strongly
disagree’, ‘disagree’, ‘neither agree nor disagree’, ‘agree’, ‘strongly agree’ and ‘I
have no opinion’. In the end, the similarity between voters and candidates is
calculated, and, with the aid of a properly designed algorithm every voter is
recommended the candidate with whom he/she has the higher similarity. In the
following sections of this paper this, traditional, method of voting recommendation will be referred as ‘Party Coding’.
Recently, Katakis et al. [5] proposed an alternative method of voting recommendation in VAAs in an effort to extend their social dimension and transform
them into the so-called Social VAAs (SVAAs). In SVAAs in addition to the
traditional recommendation which is based on party-voter similarity, voters are
recommended candidates using a collaborative filtering perspective [10] by considering SVAAs a special type of recommender systems [9]. The overall idea
behind this is that voters are recommended candidates based on their similarity
with other voters who expressed their voting intention. In most VAAs the voting
intention of the users is recorded by asking them a corresponding complimentary question (see www.choose4greece.com and www.choose4cyprus.com). On
average, 70% of the users answer this question while about 50% of them express
voting intention for a specific party or candidate. Katakis gets advantage of these
data and proposes several voting prediction schemes by modeling party voters
using machine learning tools. He showed that party voter modeling methods are
superior to party coding as far as the voting prediction is concerned and the inclusion of this type of prediction in VAAs, as an additional component, increases
the enjoyment of VAA users.
Despite the recommendation method (party coding or party voter modeling)
the recommendation given to the voters must be accurate. This happens whenever citizens reply in all questions of the online questionnaire, without leaving
missing values. Similarly the information about candidates’ or party positions
is required to be more wide, which will be fact if the candidates do not leave
missing values too. Unfortunately, in may times the candidates refrain from exposing themselves to controversial issues, choosing answers in the middle of the
Likert scale (i.e., ‘neither agree nor disagree’) while the voters leave unanswered
several questions or give answers like ‘I have no opinion’ or ‘neither agree nor
disagree’ for several reasons, including time constraints, limited information on
the corresponding issues, or even due to unclear questions. Furthermore, sometimes voters forget or avoid answering a question. Also there are questions that
are characterized of ambivalence or indecisiveness and those with which the respondent does not agree against the main assumptions of them [1]. These values
can be characterized as missing values and, in theory, it is considered that they
seriously affect VAAs voting recommendation.

Missing value impact on VAAs
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In this paper we try to quantify the effect of missing values on VAAs voting recommendation effectiveness both for the traditional party coding method
as well as for the party voter modeling methods. By gradually increasing, randomly, the number of missing values we measure the average precision and recall
values for the various VAA recommendation methods. In this way we identify
in practice the robustness of each recommendation method while we prove empirically to which extent missing values affect VAAs performance. To the best
of our knowledge it is the first time that both missing values’ impact quantification and recommendation method robustness are dealt with. Conclusions on
these two aspects are important because they seriously affect VAAs design and
VAA data utilization. The experiments were conducted on the VAA dataset obtained from Greek parliamentary elections of May, 2012, which is online available
at www.choose4greece.com/datasets.
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Problem formulation

The basic aim of a VAA is to recommend parties of candidates to users. In such
a case there is a set of N users U = {u1 , u2 , . . . , uN }, a set of M questions
(or issues) Q = {q1 , q2 , . . . , qM }, and a set of T political parties (or candidates)
P = {p1 , p2 , . . . , pT }. Each user ui ∈ U and each political party pj ∈ P , has
answered each question qk ∈ Q. The answers of users are recorded through online questionnaires like the one in Choose4Greece (www.choose4greece.com).
The answers of political parties are either coded by experts or answered by
representatives of political parties.
Based on their answers, every political party or user can be represented in a
vector space model:
ui = {u(i,1) , u(i.2) , . . . , u(i,k) , . . . , u(i,M ) }

(1)

pj = {p(j,1) , p(j,2) , . . . , p(j,k) , . . . , p(j,M ) }

(2)

where u(i,k) , p(j,k) ∈ L are the answers of the i-th user and j-th party, respectively, to the k-th question. Usually, vectors ui and pj are named profiles.
A typical set of answers is a 6-point Likert scale: L ={-2 (Strongly disagree),
-1 (Disagree), 0 (Neither agree nor disagree), 1 (Agree), 2 (Strongly agree), 3
(No opinion)} but in practice the sixth point it is not taken into consideration
since does not correspond to a particular stance. As a result the set L, in the
context of this work, becomes: L ={-2,-1,0,1,2}.
The VAA recommendation task can be then defined as follows: Given the
answers of a specific user ua suggest a ranking of political parties based on userparty relevance. In machine learning terms, the task is to approximate the hidden
function h : RM × RM → R, where h(u, p) is the estimation of the relevance of
user u with political party p. Typically h(u, p) ∈ [0, 1]. In each case, the top
suggestion pa for user ua should be:
pa = argmax(h(ua , pj ))
| {z }
j

(3)
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Similarly, we could consider a function r(u, p) ∈ [1, T ] that returns the rank
of the political party p for the user u, if all political parties are ranked according
to relevance (similarity) with this specific user. Having learned function h(u, p)
it is straightforward to calculate r(u, p).
In order to produce vote recommendations, the most simple approach is to
estimate h(u, p) with the aid of a distance measure d(u, p). A number of such
distance measures are discussed in [7]. In this case the top suggestion pa for user
ua is given by:
(4)
pa = argmin(d(ua , pj ))
| {z }
j

The above mentioned recommendation approach is the one, traditionally, used
in VAAs and in the context of this paper is referred to as ‘Party Coding’ method.
In many voting assistance systems, the information of vote intention vi of
many users ui is available as it is included as a supplementary question in the
online surveys. This kind of information can be utilized to model party voters
using statistical or machine learning approaches and provide an additional kind
of recommendation that is based on collaborative filtering (see [5]). These type of
approaches are referred to, in the context of this work, as ‘Party voter modeling’
methods.
In the framework described in this section a missing value is considered every
u(i,k) , p(j,k) ∈
/ L, that is, any question k left unanswered or given the value ‘I have
no opinion’ by either a particular user i or a party representative (or candidate)
j. In order to quantify the impact of the number of missing values on the VAA
recommendation we a need a few more definitions.
Let us define the utility matrix U as an N xM matrix whose rows are the
transposed user vectors ui T , i = 1 . . . N . That is:


u(1,1) u(1,2)
 u(2,1) u(2,2)

U =
 ···
···
u(N,1) u(N,2)


. . . u(1,M )
. . . u(2,M ) 


..
. ··· 
. . . u(N,M )

(5)

The sparsity SU of matrix U is defined as the percentage of missing values
in U . That is:
SU =

|O|
N ·M

(6)

where O ={u(i,k) |u(i,k) ∈
/ L, i = 1 . . . N, k = 1 . . . M } is the set of missing
values and |O| is its cardinality.
The impact of missing values in U to VAA recommendations is quantified
with the aid of well-known measures defined in information retrieval. In particular Precision, Recall and F-measure are computed for all voters of a particular
party and a weighted average is calculated. Let us defined Dq the set of voters
that expressed a voting intention for party pq , that is:

Missing value impact on VAAs

Dq = {ui |ui : vi = pq }
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(7)

Let us also define as D the set of users who expressed a voting intention for
a particular party (i.e., the set of users that answer the corresponding complimentary question in VAA):
[
D=
Dq
(8)
q=1:T

We also define the set Tq as the set of users who expressed a voting intention
for party pq and the VAA recommendation coincides with their voting intention,
and Fq the set of users who expressed a voting intention for a party different
than pq but the VAA recommended them pq , i.e.,
Tq = {ui |ui : vi = pq , pq = argmax(h(ui , pj ))}
| {z }

(9)

Fq = {ui |ui : vi 6= pq , pq = argmax(h(ui , pj ))}
| {z }

(10)

j

j

With the aid of the definitions above we can formally define the per party
Precision (P rq ) and Recall (Req ) measures as follows:
P rq =

|Tq |
|Tq | + |Fq |

(11)

|Tq |
(12)
|Dq |
where |A| denotes the cardinality of set A.
The F-measure for a particular part pq is defined as usual with the aid of
P rq and Req :
Req =

2 · P rq · Req
(13)
P rq + Req
The overall Precision (P r), Recall (Re) and F-measure (F m) are computed
as weighted sums of the per party corresponding quantities:
F mq =

Pr =

1 X
(|Dq| · P rq )
|D|

(14)

1 X
(|Dq| · Req )
|D|

(15)

1 X
(|Dq| · F mq )
|D|

(16)

q=1:T

Re =

q=1:T

Fm =

q=1:T

It can be easily proved that the overall Recall (Re), computed as indicated
above, coincides with the well-known accuracy measure (for a definition of the
accuracy measure in VAAs please see [5]).
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Methodology

Our methodology for the quantification of missing value impact on VAAs recommendation is quite simple: The number of missing values in the utility matrix
U (see eq. (5)) are progressively increased by randomly removing matrix entries
and the performance of each one of the recommendation methods, mentioned
next, is evaluated with the aid of Precision, Recall and F-measure defined in
equations (14)-(16). The random selection of matrix entries that are removed
guarantees that no specific patterns will be created within matrix U .
The following voting recommendation methods were compared using the
dataset collected from www.choose4greece.com. In its initial form it includes
75,294 voters. However, only 26,355 voters expressed voting intention for a particular party. Thus, in order to be able to apply the proposed methodology for
the quantification of missing value impact on VAA recommendation we have
used this particular subset of the original dataset. The original sparsity (see eq.
(6)) of this dataset is negligible (0.0184).

Party Coding: Party coding is the traditional VAA recommendation method.
The user ua is recommended party pa according to eq. (4). Although alternative
distance metrics were proposed for VAAs [7] in this article we stick in, for the
sake of simplicity, to the classic Euclidean distance for our experiments.
v
uM
uX
d(ua , pj ) = t (ua ,k −pj ,k )2

(17)

k=1

Party coding is by far the most simple and computationally undemanding
method. Furthermore, is the only method that serves the second basic purpose
of VAAs: provide information about the party positions.

Average Voter: Average Voter is a simple community-based approach for
voting recommendation. It also makes use of eq. (4) with the aid of Euclidean
distance. However, the difference is that instead of using the actual profile pj of
party pj it utilizes the averaged profile a(pj ) of all users that belong to set Dj :
a(pj ) =

1
|Dj |

X

ui

(18)

ui ∈Dj

The advantages of this approach are its simplicity and the fact that it does not
need the profile of each political party, since it depends on the voters’ answers.
On the other hand this can be also its main disadvantage, as it is necessary to
have a sufficient number of users that were expressed voting intention for party
pj in order to estimate a representative profile for the average voter.

Missing value impact on VAAs
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Mahalanobis Classifier: Mahalanobis Classifier extends the idea of the average voter by taking into account two more pieces of information contained in
the covariance matrix Cj of the voters of party pj . It gives different weights to
the various questions with the aid of the diagonal elements of matrix Cj while it
records the correlations between questions through the non-diagonal elements.
The Mahalanobis Classifier makes use of eq. (3) where the relevance h(ua , pj )
of user ua with political party pj is computed through the following equation:
h(ua , pj ) = e− 2 ((ua −a(pj ))
1

T

· Cj−1 ·(ua −a(pj )))

(19)

where a(pj ) is the average profile of users belonging to set Dj and Cj is the
corresponding covariance matrix given by:
Cj =

1 X
(ui − a(pj )) · (ui − a(pj ))T
|Dj |

(20)

ui ∈Dj

Machine Learning Approaches: If we ignore the information of political
party profiles, then the problem can be defined as a single-class data classification
problem, with the class obviously being the vote intention of the user. The data
matrix (DN ×M ) consists of all the users profiles and the class (label) vector
VN ×1 = {ν1 , . . . , νN }T

(21)

consists of the vote intentions of all N users. Hence, DN ×M and VN ×1 constitute
the training examples of the learning problem. In this case many classifiers can be
represented as score functions f (x, y) that output the probability that instance
PT
x belongs to class y (i.e. P (y|x)), and y=1 f (x, y) = 1. Hence, in order to
solve the VAA problem, it is straightforward to set h(u, p) = f (x, y) and use as
f one of the variety of classifiers (Decision Trees Classifiers, Bayesian Classifiers,
Support Vector Machines, Neural Networks, etc). In essence what is achieved in
this case is the modeling of the voters’ behavior based on the questions.
We used the Weka software package [11] to train a variety of indicative classifiers using the ‘one against the rest’ training approach. Datasets were split into
training and test sets, with a percentage of 66 percent and 34 percent respectively. We have implemented party voter models using the Naive Bayes classifier (bayes.NaiveBayes), the Logistic Regression classifier (functions.Logistic)
and the Instance-Based classifier with fixed neighborhood (lazy.IBk) in order
to cover statistical learning, neural networks and decision trees respectively. All
these classifiers were set with Weka default parameter settings [3].
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Experimental Results and Discussion

Experiments were designed to investigate the performance on voting recommendation of the classifiers, mentioned in the previous section, as a function of the
number of missing values in the utility matrix U . Tables 1-3 summarize these
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Fig. 1. Variation of F-measure as a function of the number of missing values

Table 1. Voting prediction evaluation on the original Choose4Greece dataset.
Classifier

Precision Recall F-measure
(average) (average) (average)

Party Coding
Average Voter
Mahalanobis Classifier
KNN (lazy.IBk)
Neural Network (functions.Logistic)
Bayes (bayes.NaiveBayes)

0.268
0.427
0.424
0.258
0.357
0.328

0.206
0.328
0.417
0.260
0.399
0.343

0.233
0.371
0.420
0.259
0.368
0.333

Table 2. Voting prediction evaluation: Sparsity 30%.

Classifier
Party Coding
Average Voter
Mahalanobis Classifier
KNN (lazy.IBk)
Neural Network (functions.Logistic)
Bayes (bayes.NaiveBayes)

Precision
0.265
0.423
0.364
0.168
0.319
0.310

Sparsity 30%
Recall
F-measure
0.189
0.297
0.302
0.135
0.366
0.334

0.221
0.349
0.330
0.145
0.328
0.315

Missing value impact on VAAs
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Table 3. Voting prediction evaluation: Sparsity 50%.

Classifier
Party Coding
Average Voter
Mahalanobis Classifier
KNN (lazy.IBk)
Neural Network (functions.Logistic)
Bayes (bayes.NaiveBayes)

Precision
0.262
0.421
0.321
0.154
0.299
0.308

Sparsity 50%
Recall
F-measure
0.170
0.276
0.229
0.126
0.350
0.331

0.207
0.343
0.267
0.137
0.323
0.312

results on four distinct sparsity values: 0%, 30%, and 50% respectively. Figure 1
on the other hand illustrates graphically the overall F-measure (see eq.(16)) as
a function of the number of missing values.
It can be easily seen in the results that as the number of missing values increases the performance of all classifiers decreases. However, the rate of decrease
varies. While the performance of Mahalanobis classifier and decision trees drops
rapidly the other classifiers deteriorate gracefully. Overall the Bayesian classifier appears to be the more robust while the Neural Network classifier shows
the highest performance in low to medium number of missing values. It is also
interesting to note that even with a sparsity level as high as 50% all classifiers
operate far above chance level (which in our case is 100/15 because the number
of parties T is 15). Furthermore, sparsity levels higher than 10% is quite unusual
in properly designed VAAs. Thus, it seems that the impact of missing values on
VAA recommendation is somehow overestimated. Nevertheless, proper methods
for missing value estimation are always useful and welcome.

5

Conclusion

In this article we investigated the impact of missing values on VAAs recommendation. We compared the traditional party coding recommendation method with
several party voter modeling methods as far as the robustness to the number
of missing values is concerned. The results show that in all cases the higher the
number of missing values the lowest the recommendation accuracy (measured as
per class recall in this study). However, the deterioration of performance is not
as high as one might assume. Even if 80% of the expected data are missing the
recommendation accuracy drops less than 50% of its highest value, showing a
remarkable robustness. Among the various compared recommendation methods
the traditional party coding and the ones that are based on Neural Networks
and Bayesian inferencing are the more robust. The most affected methods by
missing values is the one that is based on the covariance matrix of party voters
(Mahalanobis Classifier) and the Decision Trees. Both are strongly related on
the correlation between the questions of the questionnaire and as the number of
missing values increases modeling this correlation becomes more difficult.
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An implicit assumption we have made in this study is that missing values are
replaced by neutral answers (‘neither agree nor disagree’). However, this is not
actually the case in practice because gives an advantage to parties or candidates
that avoid to express specific positions in highly controversial issues. As a result
in many VAAs the similarity between candidates and voters is measured using
variations of the Euclidean distance and excluding the values in the middle scale
(see [7]). We are currently investigating the impact of replacing missing values
with alternate values outside the scale used in VAAs. That is, if we assume the
value ‘-2’ for ‘strongly disagree’ and the value ‘2’ for ‘strongly agree’ then half
of the missing values will be given the value ‘-3’ and the other half the value ‘3’.
Actually, some machine learning tools such as the Weka (which we have used
in this study) accept missing values as inputs. However, it seems that internally
they handle those values as neutral ones.
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