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A methodological approach is developed for exploring the relationship between the use of social networking sites and participation in protest activities. Although a recent meta-analysis study demonstrated that there is a positive association between the two, little work examining this association further appears to have been published. The methodology proposed here studies the patterns of the relationship between nine social media and five types of protest activity using the techniques of multiple correspondence analysis, hierarchical cluster analysis and induction of decision rules. The results give insights into the relationship in different segments of individuals' profiles defined as non-activist, offline activist, social media user (two types) and online activist. Significantly, this last segment proves to be a small and heterogeneous group. The results also show that the proposed approach is useful for exploring the patterns of the relationship in a low-dimensional space. Limitations of the methodology and possible extensions are discussed.
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1. INTRODUCTION

The use of social networking sites has emerged in recent years as a factor in the dynamic of civil protest [1, 2]. The present article introduces a methodology and approach for exploring the relationship between the usage of social networking sites and participation in protest activities. The focus of our analysis is Latin America, which over the last decade has experienced numerous cases of mass protest. Examples include Chilean students marching in support of education reform [3], demonstrations in Brazil culminating in the impeachment of Dilma Rousseff [4] and street clashes in Venezuela between supporters and opponents of Nicolás Maduro [5]. In each of these situations, the role played by online social networks in the protests has been documented (see [6, 7]).

Previous research has suggested that these social networking sites are used to coordinate and disseminate content relating to protests [8–11], but demonstrating the existence of a positive association between social networking site use and protest participation has proved to be a complex undertaking. The complexity lies in the difficulties inherent in directly measuring individual's participation in offline protest activities [12]. Furthermore, measuring individual online activities in many social networking sites (i.e., cross-channel social media analysis) is still in the experimental phase,1 held back not only by the technical problems of accessing the data but also by privacy policies, the challenges posed by anonymisation and the emerging ethical dilemmas involved in exploiting social media data [17, 18].

Despite these issues, there is a growing body of explanatory research that has encountered evidence of an association between the use of social networking sites and participation in political activity. In specific terms, it has been reported that using these sites increases the probability of taking part in demonstrations [19], election campaigns [20], marches, and political activities generally [21]. It has further been observed that both political social media use and attention to political news in traditional media increase political engagement over time [22].

Recent meta-analyses have also shown that there is a positive association between social media use and participation in political activity (see [23–26]). One of the few studies of this issue that has rigorously proved the existence of this association (although not for Latin America) is [24]. The author's meta-analysis of 36 previous studies exploring the relationship between social media use and participation in civic and political activities that more than 80% of the variable coefficients tested were found to have a positive sign [24].

In the methodological approach proposed in the present article, the initial objective of our statistical analysis is to explore and interpret individual responses as regards the relationship between social media use and protest participation. The approach involves the following three tasks:

• Create proxy quantitative measurements of individuals' social networking site use and protest participation

• Segment the individuals based on the results of these measurements

• Induce decision rules for interpreting the segments

The contribution of the present study is the development of an exploratory methodological approach for examining the patterns of association between social media sites and participation in different types of protests. This involves an exploratory analysis of the data given that every year new sites social media sites are born while others disappear, prompting those taking part in protest activities to search out new ways of connecting with different audiences and communities. The proposed method is particularly relevant, and even necessary, given that as noted in Boulianne [24], there are few initiatives explicitly aimed at examining the relationship between social media use and participation in civic and political life.

The remainder of this paper is organized into four sections. section 2 introduces a conceptual analytic framework for studying the relationship between social networking site use and protest participation; section 3 describes the proposed methodology, the variables used and the techniques of analysis applied; section 4 sets out the results; and finally, section 5 discusses the main findings, the limitations of this study and possible future extensions.

2. CONCEPTUAL ANALYTICAL FRAMEWORK

There are no universally accepted definitions in the specialized literature of either protest activities [27, 28] or social networking sites [29, 30]. For our purposes here, protest activity is understood as “a mode of political action oriented toward objection to one or more policies or conditions” [31, p. 1145]. Social networking sites, on the other hand, are taken to be communication technologies that allow individuals to [32, p. 211]: (a) construct a public or semi-public profile within a bounded system, b) articulate a list of other users with whom they share a connection, and c) view and traverse their list of connections and those made by others within the system.

The central idea behind our approach is that if we can quantify at the level of individuals the use of social networking sites and participation in different protest activities, we will then be able to identify certain key patterns of association between the two concepts. To demonstrate how this can be done, we introduce an idealized analytical framework of just two dimensions drawn as perpendicular axes that represent social networking site use (x-axis) and protest activity participation (y-axis), respectively (see Figure 1). A given group of individuals can then be distributed into the four quadrants formed by the axes as shown in Figure 1. The result is a segmentation of the individuals that can be described as follows:

This figure suggests the following:

• Quadrant 1: Individuals who use social networking sites and/or participate in protest activities (x > 0, y > 0)

• Quadrant 2: Individuals who do not use social networking sites and/or participate in protest activities (x < 0, y > 0)

• Quadrant 3: Individuals who do not use social networking site and/or do not participate in protest activities (x < 0, y < 0)

• Quadrant 4: Individuals who use social networking sites and/or do not participate in protest activities (x > 0, y < 0)


[image: image]

FIGURE 1. Idealized typology of individuals based on the hypothetical relationship between social networking site use (x) and protest activity participation (y).



As can be seen, Quadrants 1 and 2 contain the segment of individuals that participates in protests while Quadrants 1 and 4 contain the segment of individuals that uses social networking sites. Note that this is an abstract typology, therefore, we do not know how heterogeneous or homogeneous the individuals in each quadrant are. An exploratory study should give us some idea of how best the individuals can be segmented.

The problem of characterizing the association between social networking site use and protest participation can be understood by means of a reduced conceptual model,2 shown here in Figure 2.
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FIGURE 2. Conceptual model of the relations between the individual, his/her participation in protest activities (online/offline) and social networking site use.



The conceptual model describes the relations between the different classes, that is, the main concepts under study. The classes are shown in the figure as rectangles while the lines connecting them are labeled to indicate the semantic relations they represent. For instance, < < engage in>>, < < use>>, < < are associated with>>, < < are hosted on>> are association relations while < < is-a>> is a generalization/inheritance relations that defines offline protest and online protest as subclasses of the protest activity class. Cardinality constraints between the concepts are indicated in the [min.max] format, where [1.*] is read as 1 to many, and [0.*] is read as 0 to many.

This conceptual model suggests the following:

• One to many individuals can engage in zero to many protest activities

• One to many individuals use from zero to many social networking sites

• Online and offline protest activities are subtypes of protest activities

• Zero to many protest activities are associated with zero to many social networking sites

• One to many online protest activities are hosted on one to many social networking sites

In particular, we are interested in exploring the relation < < are associated with>> between the protest activity and social networking site classes without having information on the relation < < are hosted on>>. As can be seen in this conceptual model, exploring the relation < < are associated with>> is a complex problem given that the number of occurrences of zero to many protest activities is associated with zero to many occurrences of social networking sites (i.e., a Many-to-Many relationship). The hypothesis space in such a situation may be very large.

Our proposed approach provides a method for exploring the two concepts of interest within a common conceptual and analytical framework (see section 3). To investigate the < < are associated with>> relation, it is crucial that we not only determine whether there exists any evidence for our classification by quadrants but also give an interpretation of the individuals' profiles. In the present study we explore the relation in one of its most difficult cases, that is, with no data on the < < are hosted on>> relation (Figure 2).

With the above conceptual considerations and the state of the art in mind, the following section introduces our methodological approach to characterizing the association between social networking site use and protest participation.

3. MATERIALS AND METHODS

3.1. Methodological Approach

The proposed methodological approach is summarized by the flow diagram in Figure 3. The basic idea behind this approach is to use of multiple correspondence analysis (MCA) to construct synthetic quantitative variables that represent the individual in a two-dimensional plane. This will allow us to explore and identify profiles of protest participation and social media site use, segment the profiles according to their use of social media and their participation in protests, and finally, induce decision rules that help interpret patterns of association in each segment of individuals.
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FIGURE 3. Steps in methodological approach for exploring the relationship between protest participation and social networking sites use.



In Step 1, a set of categorical variables for a sample of individuals representing different types of protest activity participation and the use of different social networking sites are chosen from the opinion survey data banks of Latinobarómetro3, a non-profit polling NGO based in Santiago, Chile. Step 2 explores these data using the techniques of MCA to transform the categorical variables into synthetic quantitative measures. Step 3 consists in an agglomerative hierarchical cluster analysis of the two aforementioned dimensions (denoted 1 and 2) based on the results of Step 2 to segment the profiles of the individuals as defined by the values of their categorical variables. Step 4 attempts to clarify the subjacent relationships between protest activity participation and social networking site use reflected in this segmentation. The membership labels of the clusters obtained in Step 3 are then used as class labels to train a decision rule classifier which induces a set of decision rules using the categorical variables as predictors. These decision rules are human-readable information representing the information contained in each cluster. Finally, Step 5 explores and interprets the results of the MCA, the hierarchical clustering on the principal dimensions, and the decision rule induction. As can be seen, the input and output of each step are incrementally incorporated to obtain a detailed exploration and interpretation of the data.

In the following subsections we describe each of the above five steps in detail.

3.2. Data and Coding

3.2.1. Participants

The total sample size was 19,050 individuals. The Latinobarómetro data were gathered by separate polling firms based in each target country. The 17 countries with their respective numbers of surveyed individuals were: Argentina (n = 1,200), Brazil (n = 1,250), Bolivia (n = 1,200), Chile (n = 1,200), Colombia (n = 1,200), Costa Rica (n = 1,000), Republic Dominican (n = 1,000), Ecuador (n = 1,200), El Salvador (n = 1,000), Guatemala (1,000), Honduras (n = 1,000), Nicaragua (n = 1,000), Panama (n = 1,000), Paraguay (n = 1,200), Peru (n = 1,200), Uruguay (n = 1,200), and Venezuela (n = 1,200). The survey questions in the various countries were identical, and to avoid misunderstandings that might lead to measurement errors the data were collected in face-to-face interviews conducted by natives of each country. The ages of the individuals surveyed were heterogeneous (min = 16, 1st quartile = 26, median = 38, mean = 40, 3rd quartile = 53, max = 98), the majority of them had cell phones (n =16,147), and some of them are single (n = 10,411), some are married (n = 6,341), and some are divorced (n = 2,241). The interviews were carried out between January 15 and February 15 of 2015. The margin of error (sampling error) for the different countries varied between ± 2.8 and ± 3.1 (CI 95%). Finally, the Latinobarómetro corporation ensures the confidentiality of responses and the anonymity of participants.

3.2.2. Variables

Using these survey data we defined 16 variables, of which 9 measure social media use, 5 measure protest activities, 1 represents Internet Experience and 1 indicates the country. This last variable is supplementary or illustrative; the other 15 are active variables for analyzing the individuals surveyed (see Table 1).


Table 1. Variables for exploring the association between social networking site use usage and protest participation (count).
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A brief description the variables is given below.

• Social networking site use. For these variables, the question put to the interviewees was: “Do you use any of the following social networking services?,” at which point they were read a list of media that included Facebook, Google+, Youtube, Instagram, Twitter, LinkedIn, Hi5, Sonico and Myspace. In each case, the responses were coded as either “No” or “Yes” as appropriate.

• Protest activity participation. For these variables, the question put to the interviewees was: “I am going to read out a list of political activities that people can participate in and I would like you to tell me if you have taken part in any of them.” The list of activities included protests in the media (PM), protest by signing of a petition (PP), protest through social media (PSM), participating in an officially authorized protest activity (PA), participating in a non-officially authorized protest (PNA). In each case, the responses were coded as either “No” or “Yes” as appropriate.

• Internet experience. This variable measures whether individuals have experience using the Internet or e-mail. The question put to the interviewees was: “Have you ever used e-mail or connected to the Internet?” This formulation was chosen because empirical research has shown that asking about the frequency or time of Internet use does not obtain accurate responses (see for example, 35, 36). As with the variables described above, the responses were coded as either “No” or “Yes” as appropriate.

• Country. This supplementary qualitative variable records the country of residence of the survey respondent. This variable has not been used for the analysis. Instead it is only used in Figure 4 to illustrate the country-specific distribution of individuals.

As in all principal component analysis, as well as related methods (i.e., MCA), it is understood that the active variables are those that are used for the construction of the principal components or dimensions. In contrast, the supplementary variables “(…) do not participate in the construction of the dimensions (however, they may still be projected onto the dimensions in the same way as the other active elements). They are also referred to as illustrative elements, in reference to the way in which they are the most frequently used; that is to say, to enrich and illustrate dimension interpretation” [37, p. 85]. Finally, the number of categories per variable was balanced as suggested by Franco [38].

3.3. Supporting Techniques

In what follows, we introduce the three techniques used in the proposed methodology4.

3.3.1. Multiple Correspondence Analysis

Multiple correspondence analysis is “an exploratory data analysis method which allows to sum-up and to visualize a data table in which individuals are described by several categorical variables” [42, p. 91]. The technique is an extension of principal component analysis (PCA), whose origins go back to the work of [43], one of its precursors. In its current form, however, MCA was formalized by Benzécri [44, 45]. Currently, there are different schools that continue to develop this multidimensional exploratory analytic technique [38].

Survey questionnaires typically involve a large number of individuals or a large number of categorical variables that are to be explored. MCA is applied to tables in which the individuals are assigned to rows and the variables to columns. This is what makes the technique so well adapted for working with such surveys and studying the relationships between the survey variables. In particular, it is extremely useful for the following purposes [37, 38]:

• Summarize and visualize multidimensional categorical data

• Explore similarities between individuals and categories

• Represent data points in a low-dimensional Euclidean space (i.e., using MCA as a dimensionality reduction technique)

• Provide a summary representation of a large number of variables and/or cases in terms of a limited number of new concepts

Here, we have applied MCA mainly to create proxy measures for the concepts of social media and protest participation, using the variables described in section 3.2.2. For a complete description of MCA including a tutorial, the reader is referred to Husson and Josse [46] and Husson et al. [37]. Below we briefly review the fundamentals of the technique.

3.3.1.1. MCA and the Indicator Matrix

Consider a dataset composed of N individuals described by Q categorical variables. Each categorical variable qk can take Jk categorical values. Consequently, there are [image: image] different possible attribute values. A special type of contingency matrix Z∈{0, 1}N×J known as the binary indicator matrix can be constructed where the rows denote the individuals and the columns are the possible variable attribute values (binary dummy variables). Every row zi; has exactly 1-elements in the columns corresponding to the attribute values that describe the individual. Since each individual is described by Q attributes, the rows in Z add up to Q. The sum of the column values Nj, therefore, gives the number of individuals to which the jth attribute value applies. The rows in Z form the cloud of individuals in the attribute space while the columns can be interpreted as the cloud of categories in the space of individuals.

3.3.1.2. MCA as a Dimensionality Reduction Technique

The fundamental idea of MCA as an extension to apply correspondence analysis (CA) on the indicator matrix Z to reduce the dimensionality of the clouds of individuals or categories identifying principal components (or dimensions) that best explain the data.

Correspondence analysis can be performed by the singular value decomposition (SVD) of the pseudo-residual matrix [image: image] defined in Equation 1.

The diagonal matrix of column margins C is denoted by Dc. MCA can then be expressed as a weighted principal component analysis (PCA) by the singular value decomposition given in the following equation:

[image: image]

An important property of matrix [image: image] is that the Euclidean distance between its rows and columns equals the χ2 distance of the row and columns of Z respectively, and thus, the SVD summarizes data points in the clouds of individuals or categories that are close to each other into principal dimensions. The diagonal matrix Λ of the singular values [image: image] can be used to weight the components (or dimensions) of [image: image]. Here U and V denote the respective left and right singular vectors of [image: image].

Consequently, the association of individuals with principal components (or dimensions) can be captured in matrix F (Equation 2) and the association of categories with components can be captured in matrix G (Equation 3).

[image: image]
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3.3.1.3. Measuring the Reliability of Components

In psychometrics, Cronbach's α is used to measure the reliability of a scale. The general definition of this statistic for Q variables is given in Equation 4.

[image: image]

Here [image: image] is the variance of the average score of the jth response item (variable) and [image: image] is the variance of the observed total scores. In our case, we are interested in measuring the reliability of the dimensions generated by the MCA.

Cronbach's α can also be used to estimate the reliability of the MCA as described above. In Greenacre [47] it was shown that the sum of the components' variances equals the number of variables Q and the sum of variances of the total score (i.e., the column sum of the component matrix) is Q2λ, where λ is the largest singular value resulting from the SVD given in Equation 1.

Thus, the component reliability of an MCA solution can be defined as in the following Equation 5:

[image: image]

3.3.2. Agglomerative Hierarchical Clustering

For this technique, we use MCA as a pre-processing step to transform the variables measuring social networking site use and protest participation into variables that are numerical. At this point in the analysis the coordinates of the individuals in principal dimensions can be used as quantitative variables. To group the individuals we apply one of the approximations developed in Husson et al. [37], whose authors recommend that an MCA can be conducted before carrying out a segment analysis. For the latter, they suggest including the dimensions that account for the greatest amount of total variance and choosing dimensions that are interpretable.

We then perform an agglomerative hierarchical clustering with Ward's agglomerative criterion for tree construction [48], employing the usual Euclidian distance metric given that the dimensions obtained from the MCA can be interpreted using it even if the initial row space distance is a χ2 distance [37]. As will be explained in section 4.1.1, we chose Dimensions 1 and 2 given that they account for the greatest amount of variance and are the most interpretable and reliable.

To construct these two dimensions only the active variables were used to calculate the distances between individuals, leaving out the supplementary Country variable which will thus also be omitted from the subsequent cluster analyses. The number of partition clusters was chosen based on the dendrogram, the inertia gain between clusters by adding a cluster, and the interpretability of the clusters (i.e., retaining those subdivisions which can be successfully interpreted), as suggested in Husson et al. [37]. We used the value-test (V-test) to determine the contribution of the two dimensions to the formation of the clusters obtained. This statistic indicates whether the cluster mean is greater (positive values) or smaller (negative values) than the general mean. The differences between the values are considered to be significant when V-test>2, p-value < 0.05 [49, 50].

3.3.3. Decision Rule Induction

Deriving interpretable models is an important objective in the machine learning community. Determining which attributes enable an instance to be assigned to a given cluster is an essential step in arriving at a correct interpretation of the clusters, but it is not a trivial task.

To extract information on the cases in each cluster, we trained a decision rule classifier using the cluster analysis labels as classes to be predicted. The idea behind this heuristic was to induce decision rules with which to identify the variables and categorical values that would allow us to assign individuals to clusters. Inducing decision rules has the additional advantage of generating human-readable information on clusters, as has recently been done in a variety of applications (see 51, 52).

Thus, to extract semantically interpretable information from the clusters we used class labels to train a decision rule classifier that then induces a set of decision rules using the categorical variables as predictors. In this study, the variables are Internet Experience, Facebook, Google+, Youtube, Instagram, Twitter, LinkedIn, Hi5, SonicoMyspace, PM, PP, PSM, PA, and PNA.

The C5.0 is a classic algorithm for inducing decision trees and decision rules [53]. It is the successor to the C4.5 algorithm [54], which in turn succeeded the ID3 algorithm [55]. The division rule is a distinctive element in a decision tree that represents the mechanism by which the instances in a given group form the tree's nodes. The rule is used to choose the best partition for a predictor variable. The choice criterion is the maximization of a goodness-of-fit measure. In the case of the C5.0, the splitting criterion is the information gain. This measure takes into account the probability that an instance belongs to one of the classes. If, following [54], we let D be the set of instances, C be the number of classes and p(D, j) be the proportion of cases in D that belong to the jth class, then the uncertainty regarding the class D belongs to is expressed as

[image: image]

The information gain with C possible classes is then defined as

[image: image]

The information gain ratio expresses the ability of a predictor variable to discriminate between instances in any of the k possible classes in terms of information gained. It is influenced by the number of possible classes that an instance may belong to and especially by the partition of subset Di. Thus, all possible partitions of subset Di are executed and the one that maximizes information gain is chosen.

3.3.3.1. Decision Rule Model Validation and Performance Evaluation

For measuring the performance of the obtained model, we chose Cohen's kappa coefficient (κ) [56] because it can be used to measure the performance of a classifier in nominal classification problems with imbalanced classes. This statistic is given by

[image: image]

where p0 represents the actual observed agreement and pc represents chance agreement. As with correlation coefficients, κ can range from –1 to +1, where 0 represents the amount of agreement that can be expected from a completely random process, 1 represents perfect agreement. It is possible for the coefficient to be negative (i.e., there is no lower bound).

We evaluate the performance of the C5.0 algorithm using the 10-fold-cross-validation resampling technique and using different levels of boosting and with/without winnowing [53]. Additionally, in order to report decision rules with known confidence, we create a model without boosting. In this case, the database was randomly divided into a training sample (75%) and a test sample (25%).

4. RESULTS

This section sets out the results of the proposed methodological approach separately for the three techniques, that is, MCA (section 4.1), agglomerative hierarchical clustering (section 4.2) and decision rule induction (section 4.3).

4.1. Multiple Correspondence Analysis Results

Below we present the main quantitative indicators of the two dimensions (section 4.1.1) and an interpretation of the dimensions, the individuals cloud and the categories cloud. We then explore in detail the active and supplementary variables to obtain a better appreciation of the MCA results (section 4.1.2).

4.1.1. Quantitative MCA Results

There are three reasons why a bidimensional solution was the most appropriate for our data. First, Dim 1 and Dim 2 combined already account for a significant 40% of the variation in the data. The explained variance and accumulated variance percentages for all 15 dimension are shown in Table 2. The eigenvalues result from the principal component analysis of the indicator matrix explained in section 3.3.1 (squared singular values computed in Equation 1 and are used to assess the importance (variance explained) of the different dimensions. The second reason is that the reliability measures for Dim 1 and Dim 2 as given by Cronbach's alpha are reasonable at α = 0.79 and α = 0.56, respectively. Although values for this indicator of less than 0.70 are generally held to be less than satisfactory, for exploratory research smaller values may be considered acceptable [57]. Also, Cronbach's α values decline with decreases in inertia [47]. Thus, the remaining dimensions (Dim 3 to Dim 15) have values of less than 0.56. Finally, the third reason has to do with our belief that the results of the analysis should be interpretable. Although a general rule on the number of dimensions that should be explored has not been settled, some authors recommend a bidimensional solution on the grounds that it facilitates interpretation of the data [58, 59]. In MCA, the percentage of inertia is calculated in the same way as for any principal component method [37, p 17–18].


Table 2. Eigenvalues and percentages of explained and cumulative variance.
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We next explore, in Table 3, whether there is a statistically significant association between the active variables and the two dimensions5. The results in the p-value column indicate that the active variables are statistically significant. The values themselves are extremely small, however, because the sample size is large [60]. The results in the R2 column show that Dim 1 is correlated mainly with the variables Internet Experience, Facebook, Youtube, Google+, Twitter, Instagram, PSM, Myspace and Hi5 (i.e., variables with R2 ≥ 0.1). Table 3 also shows the correlation of the variables with dimension Dim 2. It can be seen that Dim 2 is principally correlated with the variables PM, PA, PNA, PP and PSM (see variables with R2 ≥ 0.2). It can be observed that Dim 2 has a weaker correlation with the variables that measure the use of social networking sites. Therefore, Dim 1 can be interpreted as a proxy measure of the concept of social networking site use, and Dim 2 as a proxy measure of the concept of participation in protest activities.


Table 3. Significance and correlation of variables by principal dimension.
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4.1.2. Interpretation of MCA results

4.1.2.1. Interpretation of Dimensions, Individuals Cloud and Categories Cloud

We begin our interpretation of the MCA results by exploring the individuals clouds and the categories clouds using the first two dimensions in Figure 4 (the round points in magenta are the individuals' profiles while the blue triangles are the categories).


[image: image]

FIGURE 4. Representation of individuals according active and supplementary variables (n = 19,050 individuals). (A) Two-dimensional protection of individual cloud (magenta) and categories cloud (blue); (B) Superimposed representation of supplementary variable Country (green).



As can be seen in Figure 4A, the individuals' profiles are distributed across the four quadrants (Quadrant 1: Dim 1> 0, Dim 2> 0; Quadrant 2: Dim 1 < 0, Dim 2> 0; Quadrant 3: Dim 1 < 0, Dim 2 < 0; Quadrant 4: Dim 1> 0, Dim 2 < 0). In Quadrant 1, where we expect to find individuals who use social networking sites and participate in protests (see Q1 in Figure 1), the profiles are highly varied. In Quadrant 3, by contrast, there is much less variety of profiles, indicating that the individuals neither use the sites nor take part in protests. Finally, in Quadrants 2 and 4 the variation is greater than in Quadrant 3. These observations together suggest that the dimensions are discriminating between the profiles by locating them in different quadrants.

In addition, the categories of the active variables (see blue triangles in Figure 4A) and the categories of the supplementary variable Country (see green triangles in Figure 4B) are located at the barycenter of the individuals with those categories and they represent an average individual [37, 46]. The categories cloud projection shows that Dim 1 and 2 are quantifying different concepts (see again Figure 4A). As can be observed, the categorical values in Quadrant 4 (i.e., Facebook = Yes, Google+ = Yes, Youtube = Yes, Instagram = Yes, Twitter = Yes, LinkedIn = Yes, Hi5 = Yes, Myspace = Yes, Sonico = Yes, Internet Experience, Sonico = Yes) are the opposite of those in Quadrant 2 (i.e., Facebook = No, Google+ = No, Youtube = No, Instagram = No, Twitter = No, LinkedIn = No, Hi5 = No, Myspace = No, Sonico = No, Internet Experience = No, Sonico = No). Also, the categories in Quadrant 1 (i. e., PA = Yes, PP = Yes, PM = Yes, PSM = Yes, PNA = Yes) are the opposite of those in Quadrant 3 (i.e., PA = No, PP = No, PM = No, PSM = No, PNA = No). Thus, the two dimensions are grouping categories with similar values in different quadrants, indicating that they are measuring different concepts.

The last element to explore is the supplementary variable Country. In Figure 4B it is apparent that individuals with positive Dim 1 values use a wider variety of social networking sites than those with negative Dim 1 values. Also, individuals with positive Dim 2 values participate in a broader range of protest activities than those with negative values in that dimension. When projecting the supplementary variable Country in the cloud of individuals, we can see that country labels are located very close to the origin (i.e., the center of gravity), which illustrates that there may be a weak dependence on the use of social networking sites and on participation in protest activities as a result of residing in a specific country.

4.1.2.2. Additional Exploratory Results

To further develop our interpretation of the data, in the following steps we explore visually the individuals cloud and the categories cloud. For this purpose, the individuals were represented on a series of graphs in different colors depending on their category label. The first graph we examine shows whether or not an individual uses social networking sites while the next four indicate whether or not he or she participated in the various types of protest activity.

On the social networking site graphs in Figure 5, a separate cloud for each site shows individuals who used it in magenta and those who did not in blue. As can be seen, Facebook, Google+ and Youtube were the sites most heavily used whereas Sonico and Hi5, both oriented toward a Latin American public, were the ones used the least. Note also that Dim 1 helps to separate the individuals, those who use the sites being found mainly in Quadrants 1 and 4 (positive Dim 1 values) while those who do not are found largely in Quadrants 2 and 3 (negative Dim 1 values).


[image: image]

FIGURE 5. Individuals by social networking site use (n = 19,050 individuals). The cloud for each site shows individuals who used it in magenta and those who did not in blue.



On the protest participation graphs in Figures 6A–E, the individuals clouds for the various protest activities show those who participated in magenta and those who did not in blue. The figures are enlarged to show the different participation profiles in greater detail. As can be seen, most of the individuals participating in these activities had positive Dim 2 values (Quadrants 1 and 2) while those not participating had negative Dim 2 values (Quadrants 3 and 4).


[image: image]

FIGURE 6. Representation of individuals according to their participation in protest activities (i.e., (A) PSM, (B) PM, (C) PA, (D) PNA, and (E) PP) and (F) Internet Experience (n = 19,050 individuals).



The graph in Figure 6F is the cloud showing whether or not the individuals had any experience using the Internet and/or e-mail. Along the left-hand-side of the cloud is a narrow strip of blue points indicating no such experience, almost all of them with negative Dim 1 values (Quadrant 2). The magenta points represent individuals who did have Internet and/or e-mail experience. Interestingly, this pattern is visually similar to the one in Figure 5. In other words, when there are individuals without Internet and/or e-mail experience, there may also be individuals who do not use social networking sites (see also Facebook, Google+, Youtube in Figure 5) or participate in social media protests (PSM) (see Figure 6A). But this pattern also suggests that there are profiles of individuals involved in offline protest activities.

4.2. Agglomerative Hierarchical Clustering Results

The main quantitative indicators of the cluster analysis are presented below (section 4.2.1), followed by an interpretation of the clusters (section 4.2.2).

4.2.1. Quantitative Clustering Results

An alpha level of 0.05 was used for all statistical tests. A cluster analysis of the MCA object scores was carried out to identify groups of individuals that shared similar response patterns.

The results of the analysis are presented in Figure 7 and Table 4. The dendrogram in Figure 7 suggests that the individuals may be separated into five groups. The p-value test results in Table 4 show that the two dimensions are statistically significant and the V-test indicates that in both cases the dimension values for each cluster are significantly different from the global mean (Dim 1 overall mean = 0.0173, overall SD = 0.53, Dim 2 overall mean = 0.0022, overall SD = 0.38) (Recall that positive V-test values indicate dimension values greater than the mean, while negative values indicate the opposite).
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FIGURE 7. Agglomerative hierarchical clustering solution obtained by applying Ward's method and by using the Euclidean distance (n = 19,050 individuals). Each dot represents an individual's response pattern and the numerical id of each individual is included in the plot. Note that dots may overlap when one or more individuals have the same response pattern. Clustering variables: object scores of the MCA dimensions 1 and 2).




Table 4. Results of the hierarchical clustering on principal dimensions.

[image: image]



4.2.2. Interpretation of Clusters

The clusters are represented in three dimensions in Figure 7. For each cluster, the Dim 1 and Dim 2 means and standard deviations together with a raw interpretation are given in Table 5. Also indicated in the table is the quadrant in which the pair of values is found, a broad approximation of the location of the segment of individuals in two-dimensional space. The signs and average values of these results approximate fairly well the expectation originally expressed above in section 2 of finding four segments, one in each of the four quadrants of Figure 1.


Table 5. Cluster interpretation.
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Cluster 1 (Non-Activist) has negative mean values for Dim 1 and Dim 2 and the lowest standard deviation values of the five clusters. Cluster 2 accurately represents individuals who do not take part in online protests (Offline Activist). Cluster 4 (Online Activist) has positive mean values for the two dimensions and individual profiles with the highest standard deviations, an indicator of heterogeneity. Clusters 3 and 5 have mean values with the same sign, which could be interpreted as indicating profiles of individuals expected to be found in Quadrant 4 (see Figure 1). However, this group of individuals can be subdivided into two clusters: Social Media User I, containing those who use few social networking sites, and Social Media User II, containing those who use various of them. Finally, Table 4 gives the sign of the V-test value, which is used to triangulate the interpretation of the cluster solution.

4.3. Decision Rule Induction Results

In this Subsection we present the results of the decision rule classification (section 4.3.1) and then interpret the most important of the decision rules obtained (section 4.3.2).

4.3.1. Quantitative Decision Rule Results

To evaluate the performance of the C5.0 classifier we compared its performance using decision trees and decision rules. To measure C5.0 performance, the Cohen's kappa coefficient (κ) was used because it is more suitable for assessing performance in databases with unbalanced classes. To obtain stable performance estimators, we used the 10-fold cross validation resampling technique [61]. We evaluate the performance of the classifier using different levels of boosting and with/without winnowing [53].

The results of the classification suggest that the decision rules were able to reconstruct the information that characterizes the clusters. The performance of C5.0 is summarized in Figure 8. As can be seen, the C5.0 algorithm performed very well (performance from κ = 0.98 to κ = 0.99). It can be seen that the use or non-use of boosting or winnowing does not seem to dramatically affect the performance of C5.0 in our database.
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FIGURE 8. Performance evaluation of C5.0 algorithm using 10-fold cross validation.



4.3.2. Interpretation of Decision Rules

In order to report a single decision rule model with known confidence per obtained rule, we trained a decision rule model without using the boosting function [53]. In this case, the database was randomly divided into a training sample (75%) and a test sample (25%). We observe that with the training data only 1.5% of the cases (211 of 14,288) were classified incorrectly and with the test data the figure was still only 1.7% (80 of 4,762 cases). In addition, the Cohen's κ statistic shows that the C50 algorithm performed very well with both datasets (training data: κ = 0.97, SE of κ = 0.001, 95% confidence interval = 0.976–0.982; test data: κ = 0.97, SE of κ = 0.003, 95% confidence interval = 0.971–0.981). As a result, a total of 68 decision rules were induced (see Table S1). The conjunction of variables and their attribute values in a decision rule is called an “antecedent rule” (the “IF” part) and each class label to be predicted is called a “consequent rule” (the “THEN” part).

A selection of the rules classifying the individuals in Cluster 4 (Online Activist) is set out in Table 6. They include all of the rules with attribute value “PSM = Yes.” It can be seen that the use of Facebook, Youtube, or Google+ is positively associated with participation in different types of protest activities. The interpretation indicated by these rules is that the individuals in this cluster are heterogeneous, a conclusion visually supported by the cloud of individuals (see Figure 4A), the Dim 1 and 2 standard deviations for the cluster (see Table 5) and the fact that 23 decision rules were needed to characterize the Online Activists. Based on these observations we can conjecture that it is the heterogeneity of the profiles that has made it difficult for researchers to demonstrate the positive relationship between social networking site usage and participation in civic protest activities.


Table 6. Decision rules including attribute value “PSM = Yes” for classifying individuals in the Online Activist cluster.
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Decision rules also allow us to explore the other clusters (see Table S1). For example, not using Facebook is characteristic of individuals who are part of Cluster 1 (Non-Activist) (Rule 1, If Facebook = No, Then: cluster 1). Not participating in non-officially authorized protests, not protesting using social networking sites, and not having experience using the Internet, but joining with others to sign a petition is characteristic of some individuals who are part of Cluster 2 (Offline-Activist) (Rule 2, If PNA = No ∧ PSM = No ∧ PP = Yes ∧ Internet Experience = No, Then: Cluster 2). Individuals who use Facebook and Google (but not other social networking sites) and individuals who do not participate in protest activities are part of Cluster 3 (Social Media User I) (Rule 16, Facebook = Yes ∧ Myspace = No ∧ Google+ = Yes ∧ Twitter = No ∧ Hi5 = No ∧ Instagram = No ∧ Sonico = No ∧ Linkedin = No ∧ PA = No ∧ PM = No ∧ PSM = No ∧ PP = No, Then: cluster 3). Finally, individuals who use Google+ and Twitter but do not participate in protest activities are part of Cluster 5 (Social Media User II) (Rule 52, If Google+ = Yes ∧ Twitter = Yes ∧ Instagram = Yes ∧ PA = No ∧ PM = No, Then: Cluster 5). In this manner, decision rules provide us with interpretable information on the groups of individuals previously identified in section 4.2.2.

5. DISCUSSION

This article has proposed an exploratory methodological approach for deriving interpretable information on the relationship between participation in protest activities and social networking site use. The experimental results of the approach allow us to conclude that it is useful in exploring profiles of individuals, segments of individuals and the rules characterizing the segments. But beyond this general conclusion, the results raise a number of important questions that will be discussed below.

5.1. Overall Model Evaluation

In this subsection we broaden our discussion of the proposed method. To explore the relationship between social media use and protest participation, we introduced a conceptual analytical framework to orient the interpretation of the results. We posited that there existed a many-to-many relationship (see Figure 2) between the two concepts, thus making examination of the relationship a complex problem to address both analytically and empirically.

To tackle the problem, our proposed approach embraces a variety of analytical techniques. We began with the idea that if we could generate proxy measures for the two concepts we could then explore the main segments of individuals and extract human-readable information that would allow us to interpret those segments.

The first step was to apply MCA to the information, which gave us a projection of the data by identifying the greatest amount of total variance in them. MCA thus enabled us to create the two proxy measures (section 2), extract the main characteristics of the data and project them in a low-dimensional space.

The next step was to use the coordinates of each individual in dimensions 1 and 2 to explore the grouping of the individuals. Five clusters of individuals were identified that were relatively easy to interpret, as reported in Table 5, and the results were similar to those presented conceptually in Figure 1.

The third step was to introduce the decision rules for extracting information whose variables allowed us to assign an instance to a given cluster. With this technique, we were able to induce a small number of rules that would be semantically interpretable for someone with previous knowledge of first-order logic.

Based on these decision rules we may make the following general observations: (a) protest through social media (PSM) is an activity that can be associated with protests in other settings, that is, outside social media; (b) social networking sites aimed at a Latin American audience (i.e., Hi5 and Sonico), do not seem to play an important role in protest participation; (c) off-line protest still appears to involve a significant group of individuals; and (d) having experience with the Internet/e-mail is associated with both social media use and social media protest.

In general terms, the results obtained may be considered as a heuristic, that is, a non-optimal but nevertheless informative solution for exploring the relationship between the two concepts of interest. Briefly put, our heuristic approach allowed us to create concepts that encompass the principal information from a survey database, explore the emergence of segments and interpret them with a small number of decision rules. The results thus permit us to conclude that there exists a rich interaction between social media and protest participation.

5.2. Comparison with Related Approaches

In a previous study, Harlow and Harp [62] found that Latin American activists were less likely to be activists in online environments compared to a sample of U.S. activists. Our results show that the Online Activist cluster is indeed relatively small, as well as being heterogeneous in that there are various ways of being part of this group. In this sense, the findings reported here provide a greater level of detail for further exploration of the relationship between protest participation (online and offline) and social networking site use.

Another study of protest patterns in Latin America [63] segmented a sample of individuals into two clusters based on whether their protest tactics were moderate or radical. However, this classification did not consider information on the use of social networking sites. The methodological approach proposed here has the advantage of including both the protest participation and social media use concepts in a common framework of analysis.

Finally, a study measuring different individual protest activities [64] used information on individuals' involvement in various types of organizations and their participation in demonstrations, strikes, petitions, boycotts and occupations of buildings. Unlike the present study, however, the authors did not include online protest activities nor did they consider the role played in protests by social networking sites.

We conclude from these comparisons that the approach proposed here may constitute an easily implementable alternative for exploring the association between protest activity participation and social networking site use.

5.3. Limitations

Three main limitations of our proposed approach are set out in what follows.

5.3.0.1. Accuracy of Self-Reported Measures

More and more studies reveal that survey data may be biased. One investigation providing strong evidence for this phenomenon is Scharkow et al. [35], which found that “self-reports for specific content such as social networking sites or video platforms seem to be more accurate and less consistently biased than self-reports of generic frequency or duration of Internet use” (p. 13). In the present case, we are unable to say whether there are significant differences between actual social media use and the use levels reported in our data. A possible way of determining the quality of the measurements would be to conduct a study combining behavioral data from the surveys with social media site logs (for example, using apps such as Facebook API) or carrying out a controlled laboratory observation experiment, perhaps combined with a thinking-aloud procedure [65]. Finally, as in many machine learning techniques, the C5.0 algorithm does not provide a direct indication of the likelihood of accurate predictions for a given sample of cases (for an introductory discussion of this technical aspect, see [66]).

5.3.0.2. Total Variance Explained

The use of dimensions Dim 1 and Dim 2 enabled us to explain 40% of the total variance (Table 2). This figure could be improved by utilizing more dimensions, but as we noted in section 4.1.1, this would mean sacrificing both interpretability and reliability. In future research, the results could be explored using joint correspondence analysis, which has been shown to have certain advantages over traditional MCA (see for example, [67, 68). The explained variance percentages we obtained may well be due to the choice of analytical approximation.

5.3.0.3. Causal Mechanisms

Although our results generated useful information for further exploration into the relationship between protest participation and social networking site use, identifying the causal mechanism behind the relationship (that is, the direction of causation) will require the incorporation of additional variables within an appropriate analytical framework. This is particularly the case in the light of reports in other studies that participation in political activities is explained best by direct connections with public political actors followed by exposure to shared political information [69], that alternative media usage leads to protest participation and support for unconventional protest tactics [70], and that personality traits are predictors of social media use [71].

5.4. Extension and Future Research

The present article has employed traditional analytical techniques to demonstrate the proposed methodological approach, but future work could utilize more advanced methods. The approach could be readily modified for a study incorporating quantitative variables or a mix of quantitative and qualitative ones. With quantitative variables on social media use and protest participation, classic principal components analysis (PCA, [72]) could be applied instead of MCA. If both quantitative and qualitative variables are included, another alternative would be to use multiple factor analysis (MFA, [73]). Since the data for the various countries were aggregated here to obtain the widest possible range of individual response profiles, a future study could be conducted on a country-by-country basis to determine local patterns in each one. Additionally, applying different clustering algorithms would likely create different clusters which could then be used in a comparative analysis.

6. CONCLUSION

The present study has pointed to the existence of a relationship between the use of social networking sites and participation in civic protests. However, proving that this relationship exists is difficult given that the number of people involved in both activities is small and heterogeneous, as this investigation has also demonstrated. The results of our exploratory work have led us to the further conclusion that the use of classical multivariate analysis and automatic machine learning techniques can contribute to the exploration of the association between the two general concepts. It is hoped that the conceptual analytic framework and the exploratory methodological approach developed for this investigation will contribute to ongoing research into the relationship between social media use and engaging in protest activities in Latin America.
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FOOTNOTES

1 Some novel approaches for exploring cross-media social media data can be found in Amato et al. [13], Hecking et al. [14, 15], and Farahbakhsh et al. [16].

2 On the technique of conceptual modeling, see [33].

3 The Latinobarómetro database is described and can be downloaded, subject to acceptance of terms of use at http://www.latinobarometro.org/

4 We use the following statistical packages: FactomineR [39], C50 [40] and Factoextra [41].

5 The Factominer function dimdesc() [50, p. 237] was used to explore which variables are correlated to Dim 1 and Dim 2.
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