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The popularity of educational videos has increased in recent years. In 2018, YouTube announced a $20 million investment to support educational video creators and organized the YouTube EduCon event to bring them together and form a community. The COVID-19 pandemic pushed educational institutions to use resources contained in public repositories, such as YouTube. The objective of this research study was to explore the dynamics of EduTubers to understand the motivations for their interactions. We used social network analysis (SNA) with YouTube data to analyze the dynamics of EduTubers’ recommendation networks. Meaningful insights reveal a relationship between the level of digital engagement and the level of out-degree. Additionally, we confirm that educhannel homophily has a positive effect on the level of reciprocity. The main contribution lies in the use of theoretical concepts (reciprocity and homophily), focusing on the intrinsic motivations of EduTubers to recommend other channels. The practical implications of the results suggest that educhannels that initiate and grow digital engagement are more likely to participate in a recommendation network.
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INTRODUCTION

The popularity of educational videos has increased recently. In 2018, YouTube announced a $20 million investment to support educational video creators, now called EduTubers (López, 2019; López et al., 2020; Martínez and Cedillo, 2020). YouTube also organized the annual YouTube EduCon event. In addition to providing training and development for EduTubers, this event aimed to bring them together and form a community (YouTube, 2018). Google (2019) highlights the increasing popularity of YouTube; the platform contains more than one million educational videos, which have more than one billion daily views.

Digital social networks are applications that young people use the most, with videos constituting most of their digital consumption, including videos to support their learning objectives. In Mexico, accessing social media apps is the principal activity of users (Asociación de Internet, 2021). Rangarajan et al. (2019) indicate that the innovative approach offered by social platforms, such as YouTube, has led to the increased use of videos for training. In this case, given the availability of this type of videos on the Internet and the prominence of the technology in everyday life, seeking out this type of complementary resources is becoming increasingly common for students.

The COVID-19 pandemic pushed educational institutions to use resources contained in public repositories, such as YouTube. The use of public educational content by teachers drove the increase in the possibilities in formal and informal settings (Pattier, 2021a). To address these needs, YouTube launched four strategies focused on finding learning resources more easily, including YouTube Learning Destination, which has high-quality educational content for students, and #StudyWithMe, purposed with sharing study experiences (YouTube Official Blog, 2020). Given the evident importance of open educational content and the popularity of YouTube among the student population, the social network dynamics among EduTubers is a topic that has been increasing its presence in academic research.

YouTube channels are looking for strategies to capture consumers and grow in popularity; in this competition dynamic, measuring digital engagement is important. The literature features some studies focused on the influence and digital engagement of YouTube channels. Abdelkader (2021) proposed a model to determine the level of engagement with content published through YouTube channels. Paolillo (2008) analyzed the social structure of YouTube by studying friendship relationships and their correlation with the tags applied to the videos. Tur-Viñes et al. (2018) identified the practices of influencers on YouTube and the presence of brands in their content.

Another line of inquiry has focused on the communities formed on YouTube and the key factors for success in those communities. For example, scholars have studied the recommendations made by YouTube through its algorithms (Abul-Fottouh et al., 2020; Kaiser and Rauchfleisch, 2020), as well as the mutually beneficial behaviors and the effect that the number of subscribers and views can have (Song et al., 2019). Some scholars (Pérez-Escoda and García-Ruiz, 2020; Arroyo et al., 2021; Fortaleza, 2021; Pattier, 2021a,b,c) studied the practices and characteristics that classify educational channels among YouTube’s top channels. Two key factors for our research emerge from the results: (1) the data and statistics of the channel, considering the frequency of video uploads and the average duration of the videos, and (2) the use of the YouTube platform, adding the “Community” section and offering links to other YouTube channels. To our knowledge, prior research included only a limited number of studies on the dynamics of the EduTubers’ interactions and community formation.

Although YouTube is focused on content sharing, it also offers users certain socially oriented functionalities. The “Community” section extends the possibilities for creators and consumers to interact on the same platform. Thus, for the creators (in this context EduTubers), it is an additional source of the traffic to their channel that allows them to strengthen their ties with other EduTubers and create a community. Therefore, EduTubers can use strategies related to reciprocity (a behavioral response of mutual benefit) and homophily (propensity of individuals to connect with similar others) to increase traffic to their channel and their level of digital engagement because engagement in a social network is reflected in the publications and interactions shared by users (Pletikosa Cvijikj and Michahelles, 2013). In sum, content producers on YouTube benefit from social relationships for mutual support, for example, reciprocated recommendations (Paolillo, 2008), which can benefit the channel’s engagement rate. Therefore, exploring mechanisms of social interaction in the context of EduTubers and educhannels is relevant.

The objective of this research is to explore the dynamics of the EduTubers’ recommendation network to understand the nature of the connection between them. We used as theoretical bases (a) digital engagement to understand successful educhannels, (b) social exchange theory (SET) to understand the reciprocity phenomena, and (c) the mechanism of homophily to understand the connection mechanism between similar members of a group. The result of this research expands scientific knowledge as they allow a better understanding of the dynamics generated in the recommendation network of EduTubers and, above all, by implementing a technique that is widely used in the social sciences, such as SNA, to study a phenomenon of life on the digital plane. To do so, we created a recommendation network of 412 channels of EduTubers, gathered their main attributes, analyzed their centrality and reciprocity, and used Multiple regression quadratic assignment procedures (MRQAP) to measure their interrelation.

The main contribution of our results is the use of theoretical concepts (reciprocity and homophily), which focuses on the intrinsic motivations of EduTubers to recommend other channels. Our findings indicate that EduTubers’ channels that have a higher level of digital engagement tend to recommend a higher number of other educhannels. Another detail that is important to note is that each online social network is different in nature and behavior (i.e., Facebook and Twitter). The results of this study suggest that on YouTube, and specifically among EduTubers, recommending other educhannels is a relevant factor that contributes to their digital engagement.



THEORETICAL FRAMEWORK

In this section, we present the theoretical bases of the research that will help provide insights to understand the phenomena: digital engagement, SET, and homophily.


Digital Engagement

The concept of engagement can take on different connotations depending on the context in which it is used. Digital engagement on a social network is reflected in the level of audience involvement based on the characteristics and content shared on the network (Pletikosa Cvijikj and Michahelles, 2013). The concept in social media is also understood as a psychological state of motivation that results in the act of following (Pérez-Escoda et al., 2020). Different perspectives and models of digital engagement can be found in the literature according to the social network studied.

Some scholars have proposed models to measure digital engagement. However, the mechanisms vary from one technological platform to another. Bonsón and Ratkai (2013) consider likes, comments, and shares as elements for measuring popularity, commitment, and virality associated with social media content. Authors such as Abdelkader (2021) point out that the content published, the number of subscribers, the number of uploaded videos, the years of experience, the length of the video, the country, and the category are the factors to determine engagement. In general, the proposals agree that these actions include (1) giving a like and (2) commenting, which are direct manifestations of engagement (Pletikosa Cvijikj and Michahelles, 2013; Sabate et al., 2014). When measuring engagement, considering both content exposure and user participation is important.

In this sense, scholars have proposed mechanisms to measure fans’ digital engagement on YouTube. Xie (2017) developed an engagement index to measure three layers of engagement in YouTube: (1) shallow engagement is calculated by four quantitative variables: view count, like count, dislike count, and comment count; (2) medium engagement is measured by the frequency of three types of interactions: conversations between the community members, comments intended to speak to the others who are watching the video and the vocabulary in the comment indicate an emotional expression; and finally, (3) deep engagement is measured by three variables related to contributing labor and money: audiences contributing subtitles, leaving long comments, and donating money to the channel. Another indicator for calculating engagement in YouTube channels is by considering likes, dislikes, and views (López-Navarrete et al., 2021). Although some of the proposals are recent, an important detail to emphasize is that YouTube has currently changed the interaction options and the number of dislikes is not available to the public. Some services on the web, such as SocialBlade, track user statistics for social media. SocialBlade provides some metrics to understand the growth and trends of accounts on social media; these statistics have also been used in other studies (Pérez-Escoda and García-Ruiz, 2020; Abdelkader, 2021; Fortaleza, 2021). According to SocialBlade (nd), they initially ranked based on the numbers of subscribers and visits, but they quickly realized that these were not very reliable indicators. Now, their algorithm aims to measure the influence of a channel based on several metrics, including the average number of visits.



Social Exchange Theory and Reciprocity

Social exchange theory (SET) is a family of conceptual models (Cropanzano and Mitchell, 2005) that are based on the assumption that any interaction between individuals is an exchange of tangible or intangible resources (Homans, 1958). The main premise of SET is that people enter and maintain relationships with the expectation that doing so will be rewarding (Homans, 1958; Blau, 1968). Scholars have found that the level of commitment in the relationship is proportional to the number of benefits that will be obtained (Thibaut and Kelley, 1959), that interdependence is crucial to the continuance of such relationship (Emerson, 1962), and that positive economic and social outcomes increase the partners’ trust over time.

Given these patterns of social behaviors, individuals who develop mutual and beneficial exchanges over time engender trust, loyalty, and commitment among the parties (Mitchell et al., 2012). When providing another with a benefit, one must trust that the other will return the benefit in time (Homans, 1958; Blau, 1964). Furthermore, SET predicts that in reaction to positive initiating actions, targets will tend to reply in kind by engaging in reciprocity (Cropanzano and Mitchell, 2005).

Reciprocity is a powerful determinant of human behavior. It is modeled as the behavioral response to an action that is perceived as either kind or unkind, and it is assessed in terms of the consequence of an action and the intentions involved (Eisenberger et al., 2001). Reciprocity has been studied in dyads and groups or networks. When a person does another a favor and receives a benefit in return directly from the same person (dyadic level), it is called direct reciprocity (Axelrod and Hamilton, 1981). When reciprocity involves a group or a network, it is referred to as indirect reciprocity (Nowak, 2006) or generalized exchange (Takahashi, 2000). In the social media arena, scholars have found reciprocity among content providers in social media (Song et al., 2019). Cheng et al. (2008) studied videos as nodes and recommendations to other videos as ties. Moreover, although Torres and Conrad (2015) studied YouTube channels that recommend other channels and analyzed the structure of the network created by such recommendations, they suggest that additional research is needed.

For instance, the ties between content providers have not been well understood, especially for their reciprocity (Song et al., 2019). The scarce literature on ties between providers has studied how ties induce the linked providers to change their content (Zeng and Wei, 2013; Wang et al., 2018) and how one-way ties benefit the initiators (Katona and Sarvary, 2008; Mayzlin and Yoganarasimhan, 2012) and the providers to which they link (Stephen and Toubia, 2010; Jabr and Zheng, 2014). Commonly, researchers rely on SNA measures in their studies to analyze their data.

Social network analysis enables the study of social systems from a structural perspective through the identification of behavioral patterns based on node and tie attributes (Freeman, 1979). In particular, degree centrality (Freeman, 1979; Borgatti, 2005) is a concept that describes how connected a node is with others in the network. It is understood as the number of direct edges a node has, such as the number of incoming recommendations and outgoing recommendations of a YouTube channel.

Given the patterns of reciprocity and how the level of digital engagement is obtained, we propose that YouTube content providers recommend other channels with the aim that the others will reciprocate their action (Homans, 1958; Blau, 1964; Mitchell et al., 2012), which in turn will increase their digital engagement on the network. We state our first research question as follows: Is there a relationship between the centrality in EduTubers’ recommendation network and their digital engagement on YouTube? However, it is interesting as well to explore whom those EduTubers recommend. YouTube content creators are strongly linked to others producing similar content (Paolillo, 2008). Therefore, we find in homophily one possible answer.



Homophily

Homophily is one of the main patterns underlying human relationships (Lawrence and Shah, 2020). It refers to the propensity of individuals to connect with similar others, that is, with those who have common attributes and values (Lazarsfeld and Merton, 1954); who are like-minded; and who share the same habits, behaviors, and beliefs (McPherson et al., 2001). A variety of lines of reasoning support the homophily principle. One of them is the similarity-attraction hypothesis (Byrne, 1971) which was presented by Heider (1958), who proposed that psychological discomfort that emerges from cognitive or emotional inconsistency can be reduced by homophily. Therefore, individuals tend to select similar others to reduce the potential areas of conflict in the relationship (Sherif, 1958), and there is an a priori notion that they are more likely to be accepted (Easley and Kleinberg, 2010). Consequently, trust and solidarity are expected to be more likely to be built with similar than with dissimilar counterparts (Mollica et al., 2003). Furthermore, ties among similar ones reduce the risks associated with their formation and the cost of maintaining them, and are more permanent and durable (Kossinets and Watts, 2009).

Homophily has been frequently observed in social networks, where people with similar contexts connect with each other naturally and constantly (Ma et al., 2015; Halberstam and Knight, 2016). The effect of homophily has been widely studied in social media data, from textual data to follower lists of accounts (Pan et al., 2019; Khanam et al., 2020). Most of the studies focused on textual posts, hashtags, mentions, or users’ network connections. However, a research gap exists, because studies on YouTube recommendations are scarce (Khanam et al., 2020). As an exception, Kaiser and Rauchfleisch (2020) analyzed the algorithmic homophily on YouTube’s channel recommendations. These authors found that the algorithm fosters the creation of highly homophilous communities. In the same line, Paolillo (2008) found that YouTube content creators are strongly linked to others that produce similar content, also based on the recommendation network. In sum, previous studies in a variety of contexts consistently found that homophilous ties are more likely to act similarly, to reciprocate, and to cooperate (Ma et al., 2015; Wang et al., 2018; Song et al., 2019). Therefore, our second research question is as follows: Is there a relationship between educhannels’ homophily (channel attributes) and the level of reciprocity in EduTubers’ recommendation network?




MATERIALS AND METHODS


Sample and Data Collection

This research aims to explore the dynamic of EduTubers’ recommendation network to understand the nature of the connections between them. The research follows a design using digital methods and SNA. Digital methods are techniques for the study of social phenomena employing data available on the network (Rogers, 2015). This technique uses digital objects (links, comments, etc.) created on Internet platforms. SNA provides a means to understand the structure and information flows of social networks in both social media and academic media (Carmichael and Archibald, 2019). SNA’s purpose is to examine connections between individuals and groups via the study of the structure of nodes and edges, which represent entities and relationships, respectively. The use of SNA is vast, being the common context of study knowledge sharing networks (Han et al., 2020), interlocking directorates (Wang et al., 2021), and collaboration and advice-seeking networks (Sinnema et al., 2020). Although a recommendation network analyzes the interaction of content creators, it differs somehow from the rest due to the lack of evidence of face-to-face contact and the difficulty of measuring the intensity of such interactions.

In SNA, one of the sampling methods is snowball sampling, in which relationships between participants are iteratively traced to identify new participants in the network (Paolillo, 2008). We used this approach because it has a particular value in network circumstances with unavailable pre-existing lists (Doreian and Woodard, 1992). For this study, as entry points, 37 educhannels owned by the most recommended EduTubers were identified and selected. To avoid bias, the selected educhannels were about different topics, targeted different audiences, and were created in different countries. Entry points were identified through a Google search. For the search, we use the terms “top 10 edutubers” and “top edutubers,” and we found seven web pages with a list of EduTubers1 ,2 ,3 ,4 ,5 ,6 ,7, which meets the exploratory nature of this study.

The relational data were collected based on information gathered from each channel in the section “Channels,” which contains the channel recommendations of the owner. The collected data allowed the creation of an ego network that differs from a full network in the sense that it is created from first-degree connections and the interlinkage among them. The full network requires a full list of actors from the beginning of an SNA study (Stolz and Schlereth, 2021). The ego network data were integrated by using the information of recommended channels in an iterative process to find new educhannels. Notably, for the owners, the “Channels” section is an additional source of traffic to their channel and strengthens their ties with other creators, hence creating a community and increasing their digital engagement. Furthermore, channel recommendations are not personalized on a user level. Thus, every time a channel page is opened even by different individual users, the same set of channels is recommended (Kaiser and Rauchfleisch, 2020). At the end of the third iterative process, 412 educhannels were selected to integrate the recommendation network with 1,303 edges.

The data for the analysis were collected during October 2021. The following attributes were obtained for each channel: year of creation, number of subscribers, number of videos, number of channel views, category of the topic covered in the videos based on OECD’s classification (Organization for Economic Co-operation and Development, 2007), target audience, type of content developed, country, and level of digital engagement. The 412 educhannels considered for this study were created between 2005 (foundation year of YouTube) and 2021. Table 1 shows the attributes and categories used in this study.


TABLE 1. Attributes and categories for each educhannel.

[image: Table 1]

The format of 46.6% of the educhannels is as a class and 40.3% is as science communication. Eighteen percent of the educhannels are from Latin America, 23.1% are from Spain, and 37.6% are from non-Spanish-speaking countries. Furthermore, most of the channels are rated B (9.2% B+, 35.2% B, 29.1% B−), and 17.7% are rated C+. Finally, 38.1% of the channels talk about natural science, 16.7% talk about humanities, and 29.1% discuss a variety of subjects.



Measurement

To build the YouTube Channel Recommendation Network, we directed a graph where the nodes are all channels found in the data collection process and the edges are the creators’ recommendations to other channels. Our unit of analysis is the relationship between pairs of educhannels, meaning that all the variables are dyadic (Borgatti and Cross, 2003).

For the first research question, our dependent variable is the level of digital engagement. As previously mentioned in this document, the metrics commonly used for digital engagement analysis are based on videos. However, in our study, we analyzed channels and their connectivity. Therefore, we could not apply those metrics. As a result, to triangulate the sources of information and strengthen the results, we obtained this metric from SocialBlade, which is a trustable Internet site and used in other studies (Pérez-Escoda and García-Ruiz, 2020; Abdelkader, 2021; Fortaleza, 2021; SocialBlade, nd). It is useful to understand the growth and trends of accounts on social media. The level of digital engagement is given from A+ to D−, where A+ is the higher level and D− is the lower level (To see how this level is calculated, visit https://socialblade.com/youtube/help). For the independent variables, we calculated the degree centrality (in-degree and out-degree) and the reciprocity of each educhannel. Out-degree measures the number of ties or recommendations from a focal node or YouTube channel to others, and in-degree measures the ties or recommendations into the given node. Reciprocity measures the number of reciprocated ties in a network. A tie is reciprocated if a recommendation is made from educhannel B to educhannel A whenever a recommendation is made from educhannel A to educhannel B (UCINET 6.0).

For the second research question, the dependent variable is the reciprocity of each educhannel. The independent variables are four of the attributes collected for each educhannel (Table 1): country, audience, topic, and format.



Analysis

The analysis consisted of two main steps. First, matrices were created to obtain the SNA measures. Second, correlations and regressions to test the proposed relationship within our research questions.

First, the recommendation matrix was constructed by 412 columns and 412 rows, with a number “1” being assigned when a recommendation from one educhannel to another was present and “0” when such recommendation was absent. For each educhannel attribute (level of digital engagement, in-degree, out-degree, reciprocity, country, audience, topic, and format), we transformed the 412 rows and 1 column into a matrix with 412 rows and 412 columns by using a procedure called attribute to matrix-exact matches from the statistical package UCINET 6.0 (Borgatti, 2002). Here, “1” means that one educhannel shares the same attribute with another educhannel, and “0” is given when it differs. For example, two educhannels from Latin America will have a value of “1” in the row and column where they are related and a “0” with an educhannel from Spain. Notably, to avoid possible non-agreement because of using numeric variables such as in-degree, non-degree, and reciprocity, we categorize these three into low, medium, and high values. We applied the same categorization for digital engagement. The frequency of educhannels for each category and variable is shown in Table 2. We ended up with eight attribute matrices.


TABLE 2. Categorization: low, medium, and high value.
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Second, a quadratic assignment procedure – correlation and regression (QAP/MRQAP) (Hubert, 1987; Krackhardt, 1988; Borgatti and Cross, 2003)—was used to analyze the data and to test the proposed relationships. These procedures are commonly used to analyze the association between networks (Han et al., 2020; Rivera et al., 2020). In QAP, one is an observed network, while the other is a model or expected network. In the first step, the algorithm computes Pearson’s correlation coefficient between corresponding cells of the two matrices. In the second step, it randomly permutes the rows and columns of one matrix synchronously and recomputes the correlation. The second step is performed hundreds of times to compute the proportion of times that a random measure is larger than or equal to the observed measure calculated in step 1. QAP and MRQAP methods generate significance levels (p-values) of the matrix relationship. P-values that are less than <0.05 suggest a strong relationship between the matrices that is unlikely to have occurred by chance (Dekker et al., 2003; Borgatti et al., 2013). In other words, p-values higher than 0.05 can be interpreted as not significant. In particular, in MRQAP, one matrix is the dependent network and is regressed on one or more independent matrices. MRQAP generates a pseudo R2 that may be interpreted analogously to the R2 statistic in ordinary least squares regression (Long and Chen, 2021). A high R2 corresponds to better model fit. The statistical package UCINET 6.0 (Borgatti, 2002) was used to conduct both statistical procedures. Results are presented and described in the following section.




RESULTS

To facilitate the presentation and interpretation of the results, we divided the section into two parts, each focused on a research question.

RQ1: Does a relationship exist between the centrality and reciprocity in an EduTuber’s recommendation network and their level of digital engagement on YouTube?

Table 3 shows the results for the QAP correlations. Out-degree and digital engagement (p < 0.01; β = 0.038) are positively and significantly correlated. However, in-degree (p < n.s.; β = 0.011) and reciprocity (p < n.s.; β = -0.007) do not have a significant correlation with the level of digital engagement. Moreover, out-degree and in-degree (p < 0.01; β = 0.428), as well as reciprocity and out-degree (p < 0.01; β = 0.124) have a significant, positive, and strong relationship. β indicates the strength and direction of the relationship and proportionality between the two matrices. Then, the strongest relationship between the variables is with the out-degree and in-degree. Notably, in Table 3, these results refer to exact matched attributes with low, medium, and high values. Thus, the relationships can be interpreted as follows: Channels with a similar level of digital engagement (higher levels) have a significant correlation with channels with similar levels of out-degree (higher levels). In other words, channels with higher levels of digital engagement tend to have higher levels of out-degree. In addition, channels with similar levels of out-degree (higher levels) significantly correlate to channels with similar levels of reciprocity (higher levels). That is, channels that recommend more channels tend to have higher levels of reciprocity.


TABLE 3. QAP correlations for research question 1.
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Table 4 shows the MRQAP results. To test for causality, we ran different models to compare the adjusted R2, which is the best indicator of the model fit. Model 1 includes the in-degree, Model 2 includes the out-degree, Model 3 includes the reciprocity, and Model 4 includes all three independent variables. As a result, only the out-degree has a significant and positive effect on the digital engagement in Model 2 (p < 0.01; β = 0.03784) and in Model 4 (p < 0.01; β = 0.04161), because the p-values are lower than 0.05. β is the standardized regression coefficient and represents the ratio in which the independent variable affects the dependent one. Then, the strongest beta corresponds to the out-degree in Model 4.


TABLE 4. MRQAP for research question 1.
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We compared the models and found that the best fit is for Model 4 (Adj. R2 = 0.008). Perhaps the adjusted R2 is small because other variables are not included in this study and can explain the variance of the dependent variable better. Another possibility is the manner in which the relational data and the digital engagement were collected; all of them came from a database and were not obtained through questionnaires. Lastly, 5,000 permutations were run, which can reduce the size of the adjusted R2. The in-degree and reciprocity do not have a statistically significant effect on digital engagement. Therefore, the first research question is partially supported by the results. In particular, a high level of out-degree in EduTubers’ channels correspond to their higher digital engagement.

In sum, considering the results of the analyses, we find a statistically significant and positive relationship between the level of digital engagement and the level of out-degree, but not with the in-degree and reciprocity. In the next section, we present the results of the analysis to answer research question 2.

RQ2: Does a relationship exist between educhannel homophily (same country, audience, topic, and format) and the level of reciprocity in an EduTuber’s recommendation network?

Table 5 shows the QAP results and shows that same country (p < 0.01; β = 0.080), same audience (p < 0.05; β = 0.027), and same topic (p < 0.01; β = 0.039) have a significant and positive correlation with the level of reciprocity, whereas channels with the same format do not (n.s.; β = 0.004). Thus, homophily (same country, same audience, and same topic) can be interpreted to be related to the same level of reciprocity. Notably, the strongest correlation is between the same topic and the same audience (p < 0.01; β = 0.149), which is expected in the EduTubers’ recommendation network. This result occurred because collaboration and cooperation, instead of competition, seem to be particular attributes of EduTubers’ behavior. In sum, for the second research question based on the QAP analysis, results suggest a statistically significant relationship between homophily and the level of reciprocity.


TABLE 5. QAP for research question 2.
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To test for causality, we ran different models to compare the adjusted R2. Table 6 displays the MRQAP results. Model 1 includes the same country, Model 2 includes the same audience, Model 3 includes the same topic, Model 4 includes the same format, and Model 5 includes all the independent variables. As a result, the same country (p < 0.01; β = 0.079), same audience (p < 0.05; β = 0.026), and same topic (p < 0.01; β = 0.039) have a statistically significant and positive effect on the level of reciprocity. However, the same format (n.s.; β = 0.0038) has no effect. Model 4 shows the best fit (Adj. R2 = 0.008). Therefore, for the second research question, we statistically confirm based on the MRQAP results that homophily in terms of the same country, same audience, and same topic has a positive effect on the level of reciprocity. Thus, homophily influences the level of reciprocity in the recommendation network of the studied EduTubers.


TABLE 6. MRQAP for research question 2.
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To explore this answer in a more in-depth manner, finding which categories of the independent variables have a higher level of reciprocity is relevant. Table 7 shows the level of reciprocity between and within groups of channels that share the same attributes.


TABLE 7. Reciprocity analysis by groups of channels that share similar attributes.
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Table 7A shows that channels from Spain (R = 0.50) have a higher level of reciprocity within the group compared with the other groups. Between groups, the higher level of reciprocity is in channels from Spain and channels from Latin America (R = 0.47). Such results suggest that language is a relevant aspect of the EduTubers’ recommendation network. As expected, in Table 7B, the channels focused on teenagers (R = 0.63) have a higher level of reciprocity within, followed by the channels focused on children (R = 0.48). This result occurred perhaps because the number of specialized educhannels focused on these audiences is small. Table 7C shows that channels focused on humanities (R = 0.49) have a higher level of reciprocity among them compared with the other groups. Interestingly, channels related to health and medical sciences have a strong reciprocity with channels of agricultural sciences (R = 1.0) and social sciences (R = 1.0) but have non-reciprocity with all with channels related to engineering and technology (R = 0). Finally, Table 7D shows that DIY channels have strong reciprocity within their group (R = 0.50).

In sum, we find that a statistically significant relationship exists between educhannels homophily (same country, audience, and topic) and the level of reciprocity, but not with the same format. For instance, an increase in the level of homophily will increase the level of reciprocity. Furthermore, the greatest reciprocity occurs within the Spanish educhannels and between these and the Latin American educhannels. This finding suggests that language is a relevant aspect of the recommendation network. Finally, educhannels focused on the same audience also have higher levels of reciprocity.



DISCUSSION

The main objective of the research is to explore the dynamics of EduTubers’ recommendation network to understand the nature of the connection between them. In this regard, to answer the research questions that guided this study, we created a recommendation network of EduTubers’ channels, gathered their main attributes, analyzed their centrality and reciprocity, and measured their interrelation. We found that on YouTube, and specifically among EduTubers, cooperation and collaboration are essential.

RQ1: Does a relationship exist between the centrality and reciprocity in an EduTuber’s recommendation network and their level of digital engagement on YouTube?

The results suggest that a relationship exists between the level of digital engagement and the level of out-degree. In this sense, EduTubers’ channels that have a higher level of digital engagement tend to give a higher number of recommendations. This idea seems logical; while increasing the collaboration between channels, the traffic on the channel could be increasing too. However, Song et al. (2019) suggest that current policies of various digital platforms that encourage creators to connect with other channels are not optimal because they cause subscriber growth to decrease, thus compromising digital engagement. Even though, we found similar results as Sanders et al. (2019) in a retweet network, where results indicate that a twitter account with higher out-degree has also a higher digital engagement. Yet the data obtained from the network under study do not indicate any significant relationship between digital engagement and in-degree or reciprocity. However, some researchers report different results; for example, Wu et al. (2020) found positive effects of direct reciprocity when the channels have the same level of popularity. In addition, Wattenhofer et al. (2021) found a low level of reciprocity on channels with many subscribers. As Rowe and Alani (2014) demonstrated, the effect on the engagement varies in different social media platforms, or across different non-random datasets from the same. Thus, the causes perhaps are related to idiosyncrasies of the used datasets or applied analysis, which remarks the need for reproducing these types of studies over multiple datasets and social media platforms.

RQ2: Does a relationship exist between educhannel homophily (channel attributes) and the level of reciprocity in an EduTuber’s recommendation network?

The results confirm the positive effect of homophily (country, audience, and topic) on the level of reciprocity, i.e., an increase in the level of homophily will increase the level of reciprocity. The results suggest that language is a relevant aspect of the EduTubers’ recommendation network. The highest reciprocity occurs within the Spanish educhannels and between these and the Latin American educhannels. This finding suggests that language is a relevant aspect of the recommendation network. In addition, educhannels that focus on the same audience also present higher levels of reciprocity, perhaps because of the fewer specialized educhannels that focus on these audiences. In line with these results, Kaiser and Rauchfleisch (2020) found that the algorithm encourages the creation of highly homophilic communities and the factors of such recommendations are topics, language, and location. Another study that also found homophily in the results is that of Gruzd and Hodson (2021), who found the presence of gender homophily in channel recommendations. In addition, Wu et al. (2020) found that content creators who prefer to collaborate with smaller or larger creators would be more likely to choose others in the same content genre. Moreover, content creators who prefer to cooperate with others with similar popularity were more likely to collaborate with ones that specialize in different content genres. Our results are also similar to those of studies such as Song et al. (2019), who found that content similarity and common links increase the probability of reciprocity.

Our research makes key contributions to the literature. As Arora et al. (2019) suggested our research integrated network metrics to better understand the influence of the actors on a network. Khanam et al. (2020) pointed out, the lack of academic research based on SNA leads to a lack of knowledge about the effects of the degree of homophily on online platforms of images and videos. The main contribution of our results consists of the use of theoretical concepts (reciprocity and homophily), which focuses on the intrinsic motivations of EduTubers to recommend other channels. Another important detail to note is that each online social network is different in nature and behavior (i.e., Facebook and Twitter), which implies that dynamics in their interactions will differ (Rowe and Alani, 2014; Khanam et al., 2020). In this study, the results suggest that on YouTube and specifically among EduTubers, cooperation and collaboration are essential, unlike in other types of digital networks, which are by nature more competitive. Wu et al. (2020) proposed that cooperative behavior could help creators diversify their content, blur the community boundary, increase in size, and strengthen one’s own identity.

With regard to the practical implications, our results suggest that educhannels that are initiating and growing their digital engagement are more likely to participate in a recommendation network, i.e., make sure to recommend channels, especially channels with similar characteristics. This idea is based on our results, which indicate that a high number of channels recommended corresponds to high levels of digital engagement. This strategy may increase content exposure and discoverability, which could affect the growth of the channel (Wu et al., 2020). Furthermore, Wattenhofer et al. (2021) indicate that homophily can help information reach like-minded individuals more quickly. Thus, the recommended channels must be channels with similar content and common links (Song et al., 2019). In addition, from the content, channels are recommended to form a community among channels from the same country and with the same type of audience.



CONCLUSION

Despite the differences in the nature of today’s online social media, content creators must identify those strategies that help them capture the audience’s attention. This way, they can be recognized for their popularity, stand out from other creators, and increase digital engagement. This study finds that on YouTube, specifically in the EduTubers network, cooperation and collaboration are fundamental strategies. For instance, educhannels that are initiating and growing their digital engagement tend to participate in a recommendation network. Thus, the higher the number of channels recommended by an EduTuber, the higher the probability of increasing their digital engagement. These tactics can help them increase content exposure and discoverability, which could affect the growth of the channel (Wu et al., 2020). In addition, our results suggest that in the recommendation network, an increase in educhannel homophily will increase the level of reciprocity. Then, EduTubers should recommend similar educhannels in the same country and with the same audience and topics to increase their reciprocity. Therefore, although homophily is a fundamental phenomenon underlying human relationships in social networks, recognizing those specific attributes that enhance reciprocity and ultimately affect digital engagement will be important.

This research has a few limitations in terms of data. First, the sample of collected entry points is likely not representative of YouTube channels in general, and the resulting crawl is potentially biased by this approach. In addition, it could be considered a bias effect in some of the results of the studied indicators. Although our sample size is larger than that of other studies of EduTubers (Kaiser and Rauchfleisch, 2020; Pérez-Escoda et al., 2020; Pérez-Escoda and García-Ruiz, 2020; Arroyo et al., 2021; Fortaleza, 2021; Marcelo and Marcelo, 2021; Pattier, 2021a), we recommend future research to collect more data to analyze a more complete network of EduTubers. Second, this work is a cross-sectional study conducted at one time point. The nature of YouTube, as a dynamic platform, poses complication characteristics for academics who want to avoid this limitation. Future research could examine the evolution of the network over time to analyze changes in the community structure.

Some of the results of this study motivate us to further study the topic of the EduTuber community. Future research could explore the possibility that newer channels rely more on recommendations to increase their digital engagement rate compared consolidated channels that may use another type of strategy. Our results also suggest that some characteristics of specific conditions, such as the same country, audience, and topic, are needed to increase the reciprocity level. Future research may study this issue to confirm the thesis, find these factors, and compare it with other social networks such as Twitter or Facebook. Furthermore, future research could extend the analysis to other relevant factors such as gender, for example, as in Pattier (2021d).
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