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Abstract: In recent years, a wide range of techniques has been developed to predict electoral results
and to measure the influence of different factors in these results. In this paper, we analyze the
influence of the political profile of candidates (characterized by personal and political features) and
their campaign effort (characterized by electoral expenditure and by territorial deployment strategies
retrieved from social networks activity) on the electoral results. This analysis is carried out by
using three of the most frequent data analyitcs algorithms in the literature. For our analysis, we
consider the 2017 Parliamentary elections in Chile, which are the first elections after a major reform
of the electoral system, that encompassed a transition from a binomial to a proportional system,
a modification of the districts’ structure, an increase in the number of seats, and the requirement
of gender parity in the lists of the different coalitions. The obtained results reveal that, regardless
of the political coalition, the electoral experience of candidates, in particular in the same seat they
are running for (even when the corresponding district is modified), is by large the most influential
factor to explain the electoral results. However, the attained results show that the influence of other
features, such as campaign expenditures, depends on the political coalition. Additionally, by means
of a simulation procedure, we show how different levels of territorial deployment efforts might
impact on the results of candidates. This procedure could be used by parties and coalitions when
planning their campaign strategies.

Keywords: Chilean parliamentary election; candidate profiles; campaign efforts; territorial deployment

1. Introduction and Motivation

Electoral systems are distributive political institutions that are formed by transforming
votes into seats [1]. Therefore, the natural goal of the candidates is to maximize their elec-
toral advantage (i.e., win the number of votes that will allow them to access the presidential
seat or a seat in the parliament), an interest that extends to parties and coalitions, which
seek to outperform their political opposition in the number of elected representatives. To
maximize these advantages, parties must make two critical decisions: (i) select the candi-
dates with the greatest potential to be elected—usually incumbents—and (ii) design their
campaign strategies, either aiming at reinforcing the allegiance of voters already aligned
with the party or its candidates—called personal votes—or at seeking the support of the
other part of the electoral register.
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A fundamental input for these purposes is to estimate the potential impact of campaign
decisions on the electoral process outcomes. Such estimations have been carried out both at
individual and coalition levels. In the individual case, election outcomes have been forecast
based on the political profile of a candidate and/or the profile of the voters of the respective
electoral district; examples of this type of forecasting are seen in the parliamentary elections
of 2010 in the USA (see [2]) or in the 2017 presidential and parliamentary elections in
Chile (see [3]). In the case of coalitions, a typical feature of parliamentary systems, the goal
is to predict the “share” or “quota” of votes that parties or coalitions will receive; examples
such prediction analysis have been presented for recent elections in the UK (see [4]), in the
USA (see [5]), and in Germany (see [6]).

In addition to rather standard personal and political features of candidates and voters,
as well as standard campaigning decisions, current electoral processes seem to be strongly
influenced by the social networks activity of the candidates as well of the voters. As a
matter of fact, over the last decade, a large of body of literature has been devoted to the
analysis and development of data analytics methods for predicting as well as understanding
electoral results using the analysis of social networks activity data. Evidently, Twitter and
Facebook are likely to be the most interesting sources of data, due to the large number of
users and media coverage. Some interesting examples of methods devoted to predicting
the share of votes of parties or coalitions can be found in [7] (where the 2009 federal
elections in Germany are analyzed), in [5] (for the 2010–2012 electoral cycles in the US),
in [8] (for the 2010 national elections in The Netherlands), and in [4] (where the 2015 UK
general elections are studied). Additionally, several authors have further exploited the
information on social networks and have developed classification methods, i.e., methods
that allow predicting the class (e.g., winner or loser, or, alternatively, elected or nonelected)
that a given candidate, party, or coalition, will have after the election. For instance, [2,9]
developed logistic regression models using information contained in social networks to
classify winners and losers in the 2010 electoral senator and governor race in the US.
Despite of the positive influence of social network activity data on the prediction capacity
of data analytics methods (as in the case of the previously mentioned references), recent
studies, such as [10], show that the exponential increase of the number of social network
users, might hinder the performance of current data analytics methods. This is not only
due to the capacity of handling massive amounts of data, but rather due to the difficulties
in capturing the social and political complexities of voters (see [11], and the references
therein, for a discussion on these issues). Moreover, data analytics on social networks
activity is not only used for analyzing elections ex-post (as most of the academic research
is focused on); a new industry has emerged over the last years as the number of political
data analytics companies, focused on data-driven campaigning and voter targeting, has
rapidly increased over the last years (we refer the reader to [12], for a recent overview of
the political data analytics industry).

Another crucial element that influences electoral results, especially in parliamentary
and representative elections, is district composition. As a matter of fact, several authors
have studied the Gerrymandering phenomenon, describing how the rearrangement of
districts has been used by incumbents to take advantage themselves—or their coalitions—
in future elections (see, e.g., [13–15]). Interestingly, while there may be some districts
which can be gerrymandered to protect incumbents, the overall picture reveals that there
is no evidence that verifies a systematic consequence of this phenomenon. One of the
first efforts to elucidate the causes that cause the so-called “marginal seats” in a district is
presented in [16]; that is, districts in which the winners win by a small majority, without
finding significant links between redistricting and advantages for the incumbents. More
recently, [17] analyze the US presidential elections for 1980, 1988 and 2000, both before
and after the manipulation of district boundaries; it is empirically demonstrated, from
a bipartisan perspective, that, on average, the manipulation of district boundaries had
an impact no greater than a 2% advantage for incumbents, and even negatively affecting
candidates of a certain party.
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In this paper, we consider the situation when district redesign implies that current
districts are merged into larger ones, and an increase in the total number of seats. Hence,
incumbents face a territory that contains a portion of her/his personal votes (i.e., the
old district), and a portion of the personal votes of the incumbent of the new part of the
district; in other words, incumbents are, at some extent, partial challengers. In consequence,
incumbents and challengers must decide on the best strategy between (i) trusting that the
portion of personal votes will suffice, (ii) making efforts to maintain the loyalty of personal
votes, or (iii) setting out to gain personal votes of other incumbents to increase the chances
of being elected. To the best of our knowledge, this is one of the first efforts to analyze this
situation.

Contribution and Paper outline The main goal of the present study is to analyze how
candidates’ profile and campaign efforts influenced on the result of the Chilean parliamen-
tary election in 2017, which takes place after an important reform in the electoral system:
the end of the binomial system, the increase in the number of seats in the parliament, the
requirement of gender parity in the lists of the different coalitions, and the redesign of
electoral districts. In particular, we measure campaign efforts by campaign expenditure
and by the territorial deployment (a concept coined in this paper) of individuals and/or
coalitions; territorial deployment refers to the effort of a candidate (or coalition) to visit, dur-
ing the campaign, the communes belonging to her/his district. This effort is characterized
by different indicators, such as the contrast between individual and coalition-wise visits,
the percentage of visited communes, as well as the number of visits to new communes
in the district compared to visits to communes belonging to the previous district. The
information required for assessing the territorial deployment of candidates is obtained,
when available, from social networks. To the best of our knowledge, this is one of the first
works considering, simultaneously, these dimensions in electoral performance prediction.

Our data analytics approach is based on the use of three supervised machine learning
methods: (i) classification and regression trees (CART), (ii) random forest (RF) and (iii)
multinomial logistic regression (mLogit). The results show a good performance of the
three implemented algorithms, with an accuracy greater than 90% (comparable with
other classification studies). Additionally, the influence of different levels of territorial
deployment is studied by performing a sensitivity analysis using the machine learning
method achieving the best performance. In this way, the study provides a tool for the
design of effort strategies and the allocation of resources to maximize performance in
electoral outcomes that may be of interest to campaign decision makers (e.g., candidates,
coalitions, political scientists).

Considering the existing literature, and the quality of the attained results, and our
contribution is threefold: (i) we introduce the concept of territorial deployment, which
might encode a variety of variables associated to the way that candidates and coalitions
organize their campaigning agenda with respect to the territory that they represent; (ii) we
show that, regardless of the unusual situation induced by the rearrangement of districts
(which turns some of the incumbents into partial challengers), incumbency remains as a
key feature of candidates in the electoral process; and (iii) we present valuable insights
regarding how the influence of the considered variables depends on the political coali-
tion of candidates (in particular, when analyzing the performance of recently-established
coalitions).

The paper is organized as follows. In Section 2 we first describe the institutional con-
text of the 2017 Chilean parliamentary elections and then describe the proposed method-
ology; data retrieval, data curation and variable definition is presented in Section 2.2,
data mining methods are introduced in Section 2.3 and implementation details are pre-
sented Section 2.4. Results and discussion are presented in Section 3. Conclusions and final
remarks are drawn in Section 4.
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2. Data and Methods

This section describes the methodologies used to analyze the impact of the candidate’s
profile and campaign efforts on the outcomes obtained in the 2017 Chilean parliamentary
election. Based on data available from the Chilean Electoral Service [SERVEL] [18], which
includes the statement of expenditures for each campaign, and information available from
the candidates’ official Facebook accounts, the electoral performance of the candidates for
deputies in the parliamentary elections of 19 November 2017 in Chile is analyzed. The
sample includes all posts from official candidate Facebook accounts, between 20 August
and 15 November 2017. This social network is used as it has the highest penetration in
Chile during the campaign period [19,20].

2.1. Parliamentary Elections in Chile in 2017

The 2017 parliamentary elections in Chile occurred after the first reform since the
return to democracy in 1990, whose main modifications were (i) replacing the binomial
system with a more inclusive open-list proportional one, based on the D’Hondt method (see,
e.g., [21,22]), (ii) increasing the representativeness of regions, (iii) decreasing the number
of constituencies (in the case of Senators) and districts (in the case of Deputies), (iv)
incorporating the quota law and (v) reducing barriers for independent candidates [18].

In the case of the Senators, the new constituencies coincide territorially with the 15
administrative regions of the country; therefore, no district design is necessary. On the
other hand, in the case of the Deputies, the 35 districts were merged into 28 new districts,
thus, some incumbents must not only seek for electors in the cities that elected them but
also in the new cities that comprise the corresponding district (and these new cities might,
in turn, correspond to the previous district of other candidate who faces an equivalent
situation). As noted above, according to the literature reviewed, a situation of this nature
has not been studied to date. Therefore, it is interesting to analyze campaign decisions
from the perspective of the different types of candidates: the incumbents who trusted
that personal votes would be sufficient to win the elections, the incumbents who carried
out a territorial deployment around areas of the districts acting as challengers, and the
challengers who campaign in large portion of the extension of each district.

2.2. Data and Variables

The models used for the previously described analysis are based on the characteri-
zation of the candidates through a set of attributes (independent variables) compared to
those variables for which it is possible to predict their class (dependent variable). Given
the nature of the elections, the class of a candidate is defined according to a combination of
his or her political past and the outcome obtained in the elections, classified as Incumbent-
Elected, Incumbent-Nonelected, Challenger-Elected and Challenger-Unelected. Likewise,
and as mentioned above, the attributes are grouped into two dimensions: political profile
of the candidate and campaign effort, which are described below.

Profile of the candidate Corresponds to the characterization of a candidate in three
dimensions: personal information, political orientation and political experience.

1. Personal information: The gender variable is used, with the objective of detecting, on
the one hand, the significant differences in access to resources by the candidates and,
on the other hand, the effect of incorporating gender quotas (see [23,24], for details).
Thus, if women have access to a lower campaign budget than men and this difference
in resources explains the different electoral strategies, then it is likely that gender has
an impact on electoral performance.

2. Political orientation: Since 1990, the party system in Chile has been built on the basis
of two large coalitions [25]. Therefore, it is expected that the change to the electoral
system-implemented by the center-left coalition-will favor the electivity of the most
institutionalized parties. For this, the party or political conglomerate of the candidate
is identified with the attribute coalition.
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3. Political experience: The incumbency attribute is introduced to represent whether the
candidate has held the same position to which he or she is running in the period prior
to the elections under study, an idea that is based on his systematic superiority in
electoral outcomes [26]. Additionally, the attribute of years in office is incorporated to
study the impact of the time spent in the position for which he or she is running and
an elected official by popular vote attribute to analyze the impact of candidates who
have held positions of local representation (city councilors, mayors, governors, etc.)
prior to the elections. The values of all the variables of this dimension were extracted
from the Library of the National Congress of Chile [27].

Campaign effort This dimension includes different campaign decisions made by parties,
which are implemented through the activities of its candidates, both through campaign
spending, as through the territorial deployment made in the district in which they run [28].
Electoral spending by the candidates is a strong predictor of their electoral success [29–32],
whether incumbent or challenging [26]. This attribute corresponds to the percentage of
budget used, which represents the effective campaign spending by a candidate with respect
to the maximum budget set by law. The values of this attribute were extracted from the
candidates’ statement of expenditures available in Servel [33]. On the other hand, and
given the changes in the district boundaries, it is necessary to analyze the impact of the
territorial deployment strategies of candidates and coalitions. In the case of incumbents
and challengers, these strategies are characterized by:

1. Percentage of communes visited, which corresponds to the fraction of communes in
the district visited by the candidate.

2. Percentage of individual visits, which corresponds to the fraction of visits that the
candidate makes without other candidates of his or her coalition.

In the case of incumbents, two additional attributes are considered:

3. Percentage of visits to new communes, which corresponds to the fraction of visits
made by the candidate to new communes in his district.

4. Percentage of new communes visited, which corresponds to the fraction of new
communes in the district that are visited by the candidate.

The values of these attributes were obtained through a semi-automatic text mining pro-
cess applied to the wall posts from the candidates’ official Facebook accounts (if available).
Facebook posts were retrieved on 8 July 2018, considering all posts made by candidates
from 21 August until 15 November (four days before the election day, the last day that
campaign activities were allowed). The official Facebook page of each candidate was
searched, and each account was inspected and filtered (removing false accounts and those
that do not provide territorial deployment information in their constituencies), obtaining a
total of 294 accounts and 39,691 entries associated with territorial deployment activities.
These entries allowed us to generate a record of visits to the communes of the district to
which each candidate runs, as well as collaboration activities with other members of their
coalition (If two candidates from the same coalition visited a commune on the same day, it
is assumed that they developed collaborative activities.). The 294 candidates associated
with those accounts correspond to the training sample.

Table 1 shows all the variables (and the type to which they correspond) classified by
the two dimensions described above.
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Table 1. Independent variables (attributes) considered in the study.

Dimension Id Variable Type

Profile of the candidate

1 gender Categorical

2 incumbency Categorical

3 years in office Quantitative

4 elected official by popular vote Categorical

5 coalition Categorical

Campaign effort

6 percentage of visits to new communes Quantitative

7 percentage of new communes visited Quantitative

8 percentage of communes visited Quantitative

9 percentage of individual visits Quantitative

10 percentage of budget used Quantitative

The dataset is divided into a training sample and a prediction sample (see Table 2).
While the training sample is associated with the 294 candidates for whom we have re-
trieved territorial deployment records from their Facebook accounts, the prediction sample
is associated with 551 candidates (for whom no Facebook account was available at the mo-
ment we initiated this study). From Table 2 we can observe that no territorial deployment
data was available for any of the 10 independent candidates, while only one (out of ten)
independent candidate was elected. Likewise, none of the candidates from the coalitions
PTR and UP (4 and 56, respectively) are elected. Therefore, we removed from the sample
all candidates from PTR, UP and IND coalitions in order to improve the balance of the
input data, avoid overfitting and, in consequence, prevent misleading conclusions.

Table 2. Sample preprocessing summary.

Coalition
Training Prediction

Elected Not elected Total Elected Not elected Total

Chile Vamos (ChV) 41 50 91 32 58 90

Coalición Regionalista Verde (CRV) 1 0 1 3 29 32

Convergencia Democrática (CD) 5 31 36 8 69 77

Frente Amplio (FA) 14 48 62 6 87 93

La Fuerza de la Mayoría (LFM) 19 41 60 24 90 114

Por Todo Chile (PTCh) 0 28 28 1 91 92

Sumemos (SUM) 0 16 16 0 53 53

Partido de Trab. Rev. (PTR) NA NA NA 0 4 4

U. Patriótica (UP) NA NA NA 0 56 56

Independientes (IND) NA NA NA 1 9 10

Total 294 551

2.3. Data Analytics Algorithms

To analyze the dynamics between the profiles of the candidates, their campaign efforts
and the outcomes of the 2017 elections for deputies in Chile, we implemented a data
analytics approach encompassed by three classification algorithms frequently used in
predicting electoral outcomes: (i) classification and regression trees (CART), (ii) random
forest (RF) and (iii) multinomial logistic regression (mLogit) (further details will be given
in the remainder of this section).

For ease of comprehension, let us consider the following notation. Suppose we have a
sample of m observations (candidates, in this case), where each observation is characterized
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by n attributes and the class to which that observation belongs. That is, the i-th sample
can be denoted as i ≡ (xi | ỹi) = (xi

1, xi
2, . . . , xi

k, . . . , xi
n | ỹi), where xi

k corresponds to the
value of the k-th attribute of observation i, and ỹi corresponds to the class to which the
observation i belongs (we will assume that there are q possible classes). Thus, the set of m
candidates i ≡ (xi | ỹi)), with i ∈ {1, . . . , m}, defines the pair

(X | ỹ) =

 x1
1 x1

2 . . . x1
n ỹ1

. . . . . . . . . . . . . . .
xm

1 xm
2 . . . xm

n ỹm

.

This study considers a sample of 294 candidates (m = 294, see Table 2) characterized
by 10 attributes (n = 10, see Table 1) and 4 classes (q = 4, defined by the combination of the
political past and the outcome of each candidate: 1≡ Incumbent-Elected, 2≡ Incumbent-
Nonelected, 3≡ Challenger-Elected and 4≡ Challenger-Nonelected). For example, if
xi

1 = male, then the gender of candidate i is male; if xi
2 = Challenger, it means that

candidate i is challenger (or, which is the same, nonincumbent); likewise, if xi
6 = 30%,

then 30% of visits recorded by candidate i were in new communes of the district; finally, if
ỹi = Challenger-Electe it means that candidate i is a challenger who is elected.

Considering this notation, a classification method could be seen as a strategy that
allows learning based on these m observations and with this learning to train a function
f : X → y ∈ {y1, . . . , yq}m to be able to construct a pair (X | y) that “represents” or

“reproduces” as much as possible the relationships or patterns given by the observations
(X | ỹ). The aim is to develop a good generalization, i.e., to be able to accurately classify
new observations, say xi′ , by associating a class, say yi′ , using the trained function f . Please
note that the classification methods, including those considered in this study, fall within
the category of supervised (machine) learning (see [34,35] for a broad discussion on this
concept). In this paper, we used three state-of-the-art strategies for finding function f
(classification function). These methods correspond to CART, RF and mLogit, which allow
exploring different features of the studied phenomenon, and their use is largely supported
by the related literature [3,36,37].

Method CART, introduced by [38], is a binary recursive partitioning procedure capable
of processing continuous and nominal attributes. CART generates a regression tree when
the vector ỹ corresponds to an arrangement of continuous variables or a classification tree
when the vector ỹ corresponds to an arrangement of categorical variables; the problem
under study corresponds to the latter case. In a classification tree, each node represents a
subset of the sample associated with a binary classification rule, also known as splitting
or branching rule, and the nodes branching from that node are expected to encode a
smaller and more homogeneous subset of the sample. The tree is built starting from a root
note which encodes the whole sample, say (X | ỹ)); two nodes are branched from that
node by splitting the sample in two disjoint set. This splitting is performed by selecting,
using a classification accuracy function, one attribute and a corresponding threshold value
(in case of a numerical attribute) or a partition of the set of possible categories (in the
case of a categorical attributes). The process is repeated, recursively, until no further
meaningful splitting can be performed; the terminal nodes correspond to the classification
of the sample.

The random forest (RF) method, proposed by [39], consists of an assembly of classi-
fication trees, that is, a predictor where the results from a series of trees are combined to
classify a set of observations to obtain a greater accuracy than that obtained by each tree
individually and reducing an eventual over-fitting of the single tree classifier. Given a set
of samples (X | ỹ), a collection of, say J, subsets (i.e., subsets of candidates represented by
their attributes and corresponding class label) are randomly selected with replacement,
and a classification tree is constructed for each of them (following an equivalent procedure
as the one described above). The final classifier is obtained by aggregating the resulting
trees so that the class label associated with each terminal node corresponds to the most
frequent class assigned to the corresponding terminal node among the J random trees.
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The mLogit model is a generalization of the logistic regression method for problems
with more than two classes [40] and is based on the same principles, classifying a categorical
variable coded into two classes, usually associated with 1≡Success and 0≡Failure. Logistic
regression seeks to determine the coefficients β0, β1, . . . , βn of the linear regression

ŷi = β0 +
n

∑
k=1

βkxi
k,

where ŷii is the value of the line for object i, given the values of the attributes xi
1, xi

2, . . . , xi
k,

. . . , xi
n. Naturally, because it is a line, the values can be much higher than 1 or much lower

than 0. The logistic regression uses a logistic function (logit) to fit the results of ŷi to the
interval [0, 1] as follows:

σi =
1

1 + e−ŷi .

Clearly, when ŷi → ∞, we get σi → 1. On the other extreme, when ŷi → −∞, we
get σi → 0, since e−ŷi → ∞. The simple logit approach considers that observations are
classified into two categories, hence, a given threshold, say µ ∈ [0, 1], is defined such that
observation i will be classified in the first category if σi ≤ µ and in the second category,
otherwise. However, as in our case we have four categories, we need the mLogit approach
to map the corresponding σi value (i.e., classifying observation i) into one of the four
categories by a function π : σi → {1, 2, 3, 4}, which completes the classification process.
Function π is defined on the basis of the observed probability of a given observation (i.e.,
candidate) to be part of one of the four categories (see, e.g., [41–43]).

The methods described are implemented in the R package using rpart (recursive
partitioning and regression trees) libraries [44,45] for CART, randomForest for RF [46], and
nnet for mLogit [47,48].

To measure the performance of the considered classification algorithms we compute
the so-called confusion matrix. In its basic form, for binary classification methods, the
confusion matrix is characterized by four components: (i) the number of true positive,
(ii) the number of true negative, (iii) the number of false positive, and (iv) the number of
false negative. Hence, the empirical comparison is performed by applying the different
algorithms on the same data set and then evaluating the performance of its classification
capacity. The classification performance is measured by the accuracy, calculated as the sum
of the correct classifications (true positives and true negatives) over the total sample.

In this work, however, a multiclass classification is performed, extending the binary
definition of accuracy, through the formula presented in [49]:

Accuracy =
∑l

i=1
tpi+tni

tpi+ f ni+ f pi+tni

l
(1)

where true positives (tpi), true negatives (tni), false positives ( f pi), false negatives ( f ni)
are represented and l corresponds to the number of classes (4 in this case). Consequently,
since the three classification methods are applied to the same prediction sample, it is
possible to use accuracy to compare their performance. It is important to note that one
disadvantage of accuracy is that it is presented as a total of tallies on the total sample,
i.e., when comparing two algorithms, one, for example, could correctly predict all the
incumbent-winners but not all the challenger-winners, while another could correctly
predict more challenger-winners, but not correctly classify all incumbent-winners, and
eventually, both algorithms would achieve the same accuracy. This variation could be even
greater if the samples compared were different. However, this analysis is not the objective
of the study, and the methods are compared with the same sample.
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2.4. Method Outline and Implementation

The computational implementation of the experiments was performed in the R-
package using an Intel (R) Core (TM) i7-7500U CPU @ 2.70 GHz (4CPUs). Next, the
steps of the study are described.

Step 1 Compile information on the candidates for deputies in the 2017 elections in Chile
from their official Facebook accounts, the library of the National Congress, and
the SERVEL website.

Step 2 Refine and pre-process data obtained from Facebook using text extraction, exami-
nation, and data visualization techniques. This step is carried out following the
methodology proposed in [50]:

1. Preprocessing the files by term extraction.
2. Structuring and storage of the contents as intermediate representation,

through lists of communes associated with the district to which each candi-
date runs.

3. Application of analysis techniques on the intermediate representation
through distribution analysis.

4. Visualization of the results.

Additionally, in this step, all the data are accumulated and sorted to generate a
sample where each candidate is represented by a class and a set of attributes.

Step 3 Train the methods described in Section 2.3 with a subsample extracted from Step 2.

Step 4 Apply the classification methods trained in Step 3 to the candidates of the predic-
tion sample (in the case of the variables associated with territorial deployment,
for each candidate the mean values of these variables observed in the candidates
from the training list are imputed).

Step 5 Compare the accuracy of the classification methods on the prediction sample.
Select the method with the best accuracy value.

Step 6 Simulate different scenarios of territorial deployment by coalition, to analyze the
impact of campaign strategies in the outcomes of the electoral process.

Step 7 Analyze the results obtained from two perspectives: first, from fitting the algo-
rithms on the sample considered and, then, from the impact of the campaign
strategies of the main coalitions in the outcomes of the electoral process.

This methodology allows—additionally—to analyze strategies of candidates in a semi-
incumbent situation, defined as those who compete for seats in districts composed of one
party in which they are incumbent and another in which they act as challenger.

3. Results and Discussion

As described in the previous section, the sample was subdivided into a set with which
the three algorithms (mLogit, CART and RF) were trained and another in which the 2017
predictions for the electoral race for access to seats in the Honorable Chamber of Deputies
of Chile were implemented.

The first result consists of the prediction of the elections of deputies based on the
candidate’s profile and their campaign effort. The classification considers the outcome
of each candidate (elected/nonelected) and their political past (incumbent/challenger)
against the position they are running for. To visualize the performance of each algorithm,
confusion matrices were constructed on the training samples (see Table 3a) and on the
prediction samples (see Table 3b). To compare the performance of the algorithms in the
two data sets, each candidate of the prediction set is imputed with the mean value of the
territorial deployment attributes of their respective coalition, calculated based on their
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values for the candidates in the training sample. Thus, for example, for a candidate of the
ChV coalition, the following values are imputed: percentage of visits to new communes
xi

6 = 7.83%, percentage of new communes visited xi
7 = 10.98%, percentage of communes

visited xi
8 = 69.0% and percentage of individual visits xi

9 = 75.2%. The use of imputed mean
values is strongly supported in the literature [51–53].

Table 3. Confusion matrix for the classification of parliamentary election outcomes using algorithms
(mLogit/DT/RF). EI: Incumbent-Elected; INE: Incumbent-Nonelected; CE: Challenger-Elected; NEC:
Challenger-Nonelected.

Pr
ed

ic
ti

on

Results

IE INE CE CNE

IE′ 31 / 29 / 31 0 / 1 / 0 0 / 0 / 0 0 / 0 / 0

INE′ 0 / 2 / 0 7 / 6 / 7 0 / 0 / 0 0 / 0 / 0

CE′ 0 / 0 / 0 0 / 0 / 0 38 / 38 / 47 11 / 8 / 3

CNE′ 0 / 0 / 0 0 / 0 / 0 11 / 11 / 2 196 / 199 / 204

a Training sample.

Pr
ed

ic
ti

on

Results

IE INE CE CNE

IE′ 27 / 26 / 28 8 / 7 / 8 0 / 0 / 0 0 / 0 / 0

INE′ 4 / 5 / 3 6 / 7 / 6 0 / 0 / 0 0 / 0 / 0

CE′ 0 / 0 / 0 0 / 0 / 0 36 / 25 / 35 13 / 11 / 13

CNE′ 0 / 0 / 0 0 / 0 / 0 7 / 18 / 8 450 / 452 / 451

b Prediction sample.

Table 4 shows the accuracy of each algorithm on the prediction sample using the
Equation (1). The results show that the model is capable of classifying each of the categories
with a high level of accuracy, highlighting the nonelected challenger candidates, which
represent the majority of both samples. These levels of accuracy are comparable with those
obtained in similar studies [2,36].

Table 4. Accuracy of the classification methods.

Accuracy

mLogit 0.9419

CART 0.9256

RF [0.8748–0.9419]

Once the predictive capacity of the studied algorithms has been verified, the influence
of territorial deployment decisions by coalition on the outcomes of the parliamentary elec-
tions is analyzed through simulations of different deployment scenarios. These simulations
are performed by assigning to all the candidates of a coalition the same value of a territorial
deployment attribute, varying between 5% and 95%, ceteris paribus. The mLogit method
is used, which shows a slight advantage over the others for the sample under study. As
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an example, the outcomes of the ChV coalition, which has the candidates with the highest
number of Facebook deployment records during the period analyzed, are shown below.

The first attribute analyzed is the percentage of communes visited. Figure 1a shows
the number of candidates elected and the accuracy of the percentage of communes visited
values between 5% and 95% of the ChV coalition. Above each bar of deployment effort, the
accuracy of the model for the coalition is shown. In this case, the number of seats elected
does not seem to be sensitive to different levels of the percentage of communes visited,
which reveals that for this coalition, the available records do not adequately capture the
influence of this attribute of territorial deployment on the performance of the candidates.
However, as shown in Figure 1b, the electoral performance of the ChV coalition seems to be
more sensitive to different levels of the percentage of individual visits. When a value similar
to the observed mean value of this parameter (75.2%) is imputed, the model predicts the
election of 30 candidates, while the real value is 32 candidates, which implies an accuracy
greater than 90%. This behavior is quite interesting because, although these elections are
decided on the basis of the D’Hondt system—which favors successful lists over successful
individuals—the available records show that the individual visits is relevant even if a
reduced number of cities are visited. Appendix A shows the results obtained by performing
a similar analysis for the LFM and CD coalitions, both for the percentage of communes
visited (see Figure A1a and Figure A2a, respectively) and for the percentage of individual
visits (see Figure A1b and Figure A2b, respectively). Additionally, from Figure A1b and
Figure A2b we can observe that the electoral performance of the candidates from LFM and
CD coalitions seems to be more sensitive to number of individual visits.

In Figure A3 we display the structure of the classification tree obtained by the CART
method, which reaches an accuracy above 92%. As seen in the terminal nodes, the tree
classifies the candidates as follows: Incumbent-Elected 11%, Incumbent-Nonelected 2%,
Challenger-Elected 17% and Challenger-Nonelected 70%. Given the structure of the tree
obtained, it is evident that the main attribute among all the candidates corresponds to in-
cumbency. Then, in the case of incumbents, the main classification attribute corresponds to
percentage of budget used, while in the case of challengers, the main attribute corresponds
to the elected official by popular vote. This shows that the political past of the candidates
is crucial to explain their electoral performance because even in the case of not being an
incumbent, having previously held an elected position can be decisive for their outcome.
In fact, in the prediction set, of the 43 challengers who are classified as elected, 42 of them
have held positions elected by popular vote. Regarding incumbents, we can see that 75%
of those who spent less than 21% of the amount available for their campaign ultimately
failed, while 97% of incumbents who spent more than 21% of their budget succeeded in
the elections. These two observations reveal that other personal attributes (gender and
coalition) and territorial deployment seem to have little relevance when predicting the
electoral performance of a candidate.

It is important to note that the three classification algorithms used do not ensure
a balance of the total number of candidates classified as elected between the different
coalitions and parties (known as global balance); that is, the total number of candidates
classified as elected could exceed the number of available seats. Although this is a relevant
aspect, this imbalance has not been the focus of analysis in the literature, both in those
works focused on predicting the percentage of shared votes and in works focused on
predicting the total number of candidates elected by party. For example, [54,55] present
forecasting models for the 2015 parliamentary elections of Great Britain; for which the
number of candidates predicted to be elected are 630 and 650, respectively, even when the
total number of seats in the election is 632. A similar situation, for the same elections, is
presented in [56,57], who forecast vote shares for the most popular parties participating in
the election.
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(a) The % of communes visited per candidate. (b) The % individual visits per candidate.

Figure 1. Classification by mLogit of elected candidates belonging to ChV for different levels of territorial deployment.

Discussion

From a methodological point of view, our study shows that even when studying
elections that take place after structural reforms in electoral systems, a specially tailored
definition of attributes allows obtaining good results when the adequate data analytics
approaches are applied. Likewise, the results reveal that traditional political features of
candidates and their campaigns, and by extension also of the corresponding coalitions,
are still predominant for explaining electoral results. As a matter of fact, the conclusions
drawn in the recent study presented in [58] allow us to conclude that such observation is
not only valid for the Chilean context.

In order to outline the implications of our results in the practice of political campaign-
ing, we now present a more detailed discussion of the results obtained by the mLogit
algorithm (whose attained classification performance is almost 95%, see Table 4). As pre-
sented above, the political past of the candidates, and in particular their electoral past, leads
to a clear advantage for the incumbents: 4 out of 5 were elected. Likewise, for this group,
the results show that 75% of those who spend less than one-fifth of the available budget
would not be elected; in contrast, almost all (97%) of those who exceed this budget would
be elected. For challenger candidates, coincidentally, the most relevant variable is their
political past. The results show that it is very difficult to be elected without first having held
a position elected by popular vote (almost 0% of chances), while the chances of challengers
that have been elected in previous elections (even in different positions) might be as high
as 32%. From a more political point of view, the candidate’s party or coalition, seems to
be relevant only in the case of challenger candidates that have previously been elected
for other positions. As seen from the classification tree, those candidates belonging to the
coalitions ChV and FA are more likely to be elected than those from the other coalitions.
This point needs to be addressed in greater detail in future studies, especially considering
that the FA coalition was founded in 2017 and gained 20 of the 155 seats nationwide. This
shows that the modifications to the electoral system reduced the entry barriers to new
parties and coalitions to enter to the Parliament, which could be interpreted as a diversifi-
cation of ideological representation in the political system. Additionally, from a campaign
planning point of view, surprisingly, other attributes such as gender, years in office and
those that measure territorial deployment seem to play no relevant role in the result of the
elections. This later observation complements the results shown in Figures 1a, A1a and
A2a, in the sense that, at least according to the available records, running a campaign that
covers a large share of the district’s territory might lead to a similar result as running a
campaign that covers only a small portion of it. Although this seems to be counter intuitive
from a classical territorial representation point of view, that fact that districts’ population is
typically concentrated into two or three large cities implies that no real incentives exist to
visit additional cities as social networks allow boosting the communication with the voters
in the whole district (and beyond) without further efforts.
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Despite of the performance of the proposed approach, the attained results also reveal
some shortcomings that should be addressed in a future research. One of the limitations of
the proposed methodology is the dependence of our territorial deployment attributes to
the data retrieved from social networks activity. Hence, the conclusions drawn from the
influence of the territorial deployment requires all candidates to feature a (quantitatively)
comparable activity in their social networks. This limitation could be addressed by includ-
ing other attributes as well as other sources from where to retrieve territorial deployment
data (e.g., from campaigns’ press coverage or from the official campaign logbook informed
to the Electoral Service when requesting expenses reimbursement). Another limitation of
our study is the fact that voters’ information, in particular from social network activity,
is not included in our data analytics approaches. In consequence, the obtained results
do not provide a full interpretation of the political dynamics between voters, candidates,
coalitions and institutions. As shown, for instance, in [10,59], including social networks
activity data from voters allows to analyze further political profiling of the electoral process,
such as political polarization, changes in voting preferences and voters clustering. There-
fore, including data from voters could enhance the sociopolitical scope of the proposed
methodology, allowing a deeper analysis of the political context underlying the studied
electoral process.

4. Conclusions and Future Work

This article seeks to measure the impact that candidate profiles and their campaign
efforts have on the outcomes of elections for political representatives. For such purpose,
we consider the 2017 election of deputies in Chile, which took place after reforming the
electoral system, whose main modifications can be summarized as follows: the end of the
binomial system, the redesign of electoral districts, the increase in the number of seats in
parliament, and the requirement of gender parity in the lists of the different coalitions.
Candidates’ profile is characterized by personal attributes, political affiliation and previous
experience in elected offices (including the one of the considered election). Likewise,
Candidates’ campaign effort is characterized by different measures of the candidates’
territorial deployment and by campaign expenditures. To the best of our knowledge,
this is one of the first works considering, simultaneously, these dimensions in electoral
performance prediction. The influence of these attributes in the electoral performance of
the candidates is analyzed by a data analytics approach comprised by three supervised
machine learning algorithms; CART, RF and mLogit. Namely, these algorithms are used
for predicting the classification of candidates into to four categories: incumbent-elected,
incumbent-nonelected, challenger-elected, challenger-nonelected. The performance of the
three approaches achieved levels comparable to those presented by other studies with
similar characteristics. Additionally, simulations are carried out to analyze whether is
possible to estimate the territorial deployment levels required, by a given coalition, to
maximize its electoral outcomes. The sensitivity analysis obtained from these simulations
could be embedded into a decision-aid tool that may be of interest to campaign decision
makers (e.g., candidates, coalitions, political scientists).

The obtained results reveal that it is very difficult to be elected without having previ-
ously held an elected official position: 32% of the challengers that managed to be elected
previously held an official position, and 4 out of 5 incumbents won the reelection. Fur-
thermore, for the case of incumbents, our results show that a minimum level of campaign
expenditure (20% of electoral campaign budget) is could be enough for increasing the
chances of success. For the case of challengers, the evidence shows that candidates belong-
ing to the ChV and (the recently established) FA coalitions, are more likely to be elected
than those from other coalitions. Interestingly, according to the available data, it seems that
other attributes, such as years in office or gender, seem to play no relevant role in the result
of the elections; the case of the latter attribute is particularly interesting considering the
requirement of gender parity in the lists.
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Finally, there are a number of research opportunities to extend the work presented
in this paper. For instance, we could implement strategies that allow balancing the total
number of seats classified as elected among the different parties with the actual number of
seats available in parliament. Likewise, and according to the limitations outlined in the
discussion section, we could extend the current approach by including an additional data
analytics component, such as sentiment analysis, in order to analyze the social networks
activity data from voters. As mentioned before, exploiting the information retrieved from
voters could contribute to the generation of a map of the sociopolitical ecosystem [36,60].
From a more institutional point of view, it could be interesting to extend the current tool
for the evaluation of new regulations to the electoral system; for instance, to measure the
impact of imposing rules such as a maximum number of re-elections for an incumbent, or
further requirements regarding gender parity.
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Appendix A. Territorial Deployment Simulations

(a) % of communes visited per candidate. (b) % individual visits per candidate.

Figure A1. Classification by mLogit of elected candidates belonging to LFM for different levels of territorial deployment.
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(a) % of communes visited per candidate. (b) % individual visits per candidate.

Figure A2. Classification by mLogit of elected candidates belonging to CD for different levels of territorial deployment.

Appendix B. Classification Tree

Figure A3. Classification tree.
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