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ABSTRACT

TEACHERS IN SOCIAL MEDIA: A DATA SCIENCE PERSPECTIVE

By

Hamid Karimi

Social media has become an integral part of human life in the 21st century. The number of social

media users was estimated to be around 3.6 billion individuals in 2020. Social media platforms

(e.g., Facebook) have facilitated interpersonal communication, diffusion of information, the creation

of groups and communities, to name a few. As far as education systems are concerned, online

social media has transformed and connected traditional social networks within the schoolhouse to a

broader and expanded world outside. In such an expanded virtual space, teachers engage in various

activities within their communities, e.g., exchanging instructional resources, seeking new teaching

methods, engaging in online discussions. Therefore, given the importance of teachers in social

media and its tremendous impact on PK-12 education, in this dissertation, we investigate teachers

in social media from a data science perspective. Our investigation in this direction is essentially

an interdisciplinary endeavor bridging modern data science and education. In particular, we have

made three contributions, as briefly discussed in the following.

Current teachers in social media studies suffice to a small number of surveyed teachers while

thousands of other teachers are on social media. This hinders us from conducting large-scale data-

driven studies pertinent to teachers in social media. Aiming to overcome this challenge and further

facilitate data-driven studies related to teachers in social media, we propose a novel method that

automatically identifies teachers on Pinterest, an image-based social media popular among teachers.

In this framework, we formulate the teacher identification problem as a positive unlabelled (PU)

learning where positive samples are surveyed teachers, and unlabelled samples are their online

friends. Using our framework, we build the largest dataset of teachers on Pinterest.

With this dataset at our disposal, we perform an exploratory analysis of teachers on Pinterest

while considering their genders. Our analysis incorporates two crucial aspects of teachers in social



media. First, we investigate various online activities of male and female teachers, e.g., topics and

sources of their curated resources, the professional language employed to describe their resources.

Second, we investigate male and female teachers in the context of the social network (the graph)

they belong to, e.g., investigating structural centrality, gender homophily. Our analysis and findings

in this part of the dissertation can serve as a valuable reference for many entities concerned with

teachers’ gender, e.g., principals, state, and federal agencies.

Finally, in the third part of the dissertation, we shed light on the diffusion of teacher-curated

resources on Pinterest. First, we introduce three measures to characterize the diffusion process.

Then, we investigate these three measures while considering two crucial characteristics of a re-

source, e.g., the topic and the source. Ultimately, we investigate how teacher attributes (e.g., the

number of friends) affect the diffusion of their resources. The conducted diffusion analysis is the

first of its kind and offers a deeper understating of the complex mechanism driving the diffusion of

resources curated by teachers on Pinterest.
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CHAPTER 1

INTRODUCTION

Social media has become an integral part of human life in the 21st century. The number of social

media users in 2020 was estimated to be around 3.6 billion individuals [1]. Social media platforms

(e.g., Facebook) have facilitated interpersonal communication, diffusion of information, the cre-

ation of groups and communities, to name a few. As far as education systems are concerned, online

social media has transformed and connected traditional social networks within the schoolhouse to

a broader and expanded world outside [2]. Thanks to advancements in communication, educa-

tors have access to ample online instructional resources curated and shared across social media

platforms. In such an expanded virtual space, teachers engage in various activities within their

community, e.g., exchanging instructional resources, seeking new teaching methods, and engaging

in online discussions [3, 4, 5, 6, 7, 8, 9, 10, 11]. Students use social media as well–for example,

to supplement educational materials and interact with others [12, 13, 14, 15, 16, 17]. Further-

more, educational policymakers take advantage of social media to infer public opinion about new

policies [18]. In addition, parents seek out resources within social media to supplement their

children with educational materials [19]. Hence, today’s education, specially PK-12 education, is

closely intertwined with online social media and entails various entities. Nevertheless, the essen-

tial entities who play a critical role in bridging education and social media are teachers. Next, we

provide several reasons behind the importance of teachers in social media and why it deserves our

investigation.

• While we might deem social media merely a communication tool, it is far beyond that. In

a broader sense, social media is the reflection of who we are as humans, and it increasingly

plays a critical role in shaping our identity [20]. Moreover, this digital identity is not limited

to our personal interests and inherent beliefs; it encompasses the professional aspect of our

life as well [21]. In other words, a significant portion of many people’s professional life
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is reflected on social media platforms. As far as teachers are concerned, this reflection

involves performing various professional activities, e.g., curriculum development and lesson

planning [22, 23, 24, 25, 4, 26, 27, 28]. Furthermore, as explained in [29], today’s teachers

conceptualize their professional identity through online social media. Thus, teaching as a

career is no longer confined to the physical world, and its development has a huge presence

in online social media. In summary, as much as we care about teachers and their profession

(i.e., teaching), we need to care about their online social media presence as well.

• One of the primary motivations of teachers to turn to online social media is to supplement

their instructional and educational resources. In the classroom, many teachers encounter

needing additional educational resources to improve their students’ learning. However,

traditional educational resource curation (e.g., asking a colleague) is time-consuming and

not scalable [30]. In contrast, seeking out educational resources from other teachers in online

social media is easy. Specifically, the diffusion of online resources can be rapid within the

same day, and teachers may integrate resources into their classroom practices quickly and

conveniently. It is worth mentioning that during the COVID-19 pandemic, online educational

resources curated by teachers have become specially essential [31]. Moreover, while teachers

often find a minimal voice in school decisions, they are provided with tremendous flexibility

and diversity in the portfolio of resources they can obtain from online social media. Hence,

social media acts as a reliable support group for teachers and aids in the widespread diffusion

of educational resources used in various classroom activities.

• Compared to the traditional data for studying teachers (i.e., interviews or surveys), the social

media data offers several significant benefits. First, it is directly related to their educational

classroom practices, while in surveys/interviews, we essentially create a proxy to tap into

teachers’ pedagogical efforts. Second, we can have real-time access to a large amount of

teacher-related data in social media. Third, the data from social media is without the response

bias (incorrect responses from participants in surveys/interviews [32]) and the observer
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bias (inaccuracy or subjectivity in recording the responses [33]). Ultimately, compared to

surveys/interviews, the social media data of teachers offer a wide variety of formats, e.g.,

images, videos, texts. Thus, the social media data of teachers offers a great potential to study

teachers in the current digital age.

We refer the reader interested in further discussion about why we need to care about teachers in

social media to the engaging article by Frank and Torphy [34].

Teachers in Social 
Media: A Data 

Science Perspective

Automatic 
Teacher 

Identification

Teacher Gender 
Analysis

Diffusion of 
Information

Ø PU learning formulation
Ø Scalable dataset of teachers

Ø Online activity analysis
Ø Social network analysis

Ø Constructing diffusion trees
Ø Characterizing diffusion
Ø Teacher/resource attributes & diffusion

Figure 1.1: An overview of the research contributions presented in this dissertation.

Therefore, given the importance of teachers in social media and its tremendous impact on

PK-12 education, in this dissertation, we investigate teachers in social media from a data science

perspective. Our investigation in this direction is essentially an interdisciplinary endeavor bridging

modern data science and education. A unique characteristic of this dissertation is that we have

incorporated real social media data from thousands of teachers and their online friends in our

investigations. Moreover, we have overcome significant technical challenges, proposed novel

machine learning, and data mining algorithms, and performed various novel analyses about teachers

in social media. An overview of the dissertation research contributions is summarized in Figure 1.1.

Next, we introduce our major contributions and the addressed challenges.
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1.1 Contributions

1.1.1 Automatic Teacher Identification

In response to the importance of teachers in social media, recent years have witnessed a rapid

increase in studies assessing teachers in social media and its impact on the quality of education.

These studies, however, suffice to a small number of surveyed teachers (at most a few hundred) while

there are plenty of other teachers in social media. For instance, previous studies showed that more

than 75% of American teachers use Pinterest to seek lessons and educational materials [35, 36].

Hence, using only a small number of teachers is not representative of the large population of

teachers present in social media. This underrepresentation hinders us from conducting large-scale

data-driven studies pertinent to teachers in social media. For instance, if we intend to study the

diffusion of information among teachers, using only a small number of teachers, we cannot fully

characterize this diffusion since we need to have a broader picture of the online network that embeds

teachers. Aiming to overcome this challenge and further facilitate data-driven studies related to

teachers in social media (including those presented in this dissertation), we propose a framework

that automatically identifies teachers on Pinterest, an image-based social media popular among

teachers. In this framework, we formulate the teacher identification problem as a positive unlabeled

(PU) learning [37] where the positive samples are some surveyed (labeled) teachers, and unlabeled

samples are some of their online friends. Using our framework, we build the largest dataset of

teachers on Pinterest. We believe our proposed method has great potential in advancing research

on teachers in social media.

1.1.2 Teacher Gender Analysis

For decades, there have been numerous studies in educational literature investigating the role of

teacher’s gender and how it affects the quality of education and particularly students’ success [38,

39, 40, 41, 42, 42]. The primary motivation behind these studies is that the academic environment

created by teachers largely influences the way students see themselves as learners/students. In
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this regard, some argue that the behavioral differences in male vs. female teachers are what

indeed matter, e.g., the way teachers manage the classroom or prepare materials [43]. However,

while identifying the behavioral differences betweenmale and female teachers has been investigated

before [44, 41], no study to date juxtaposesmale and female teachers in socialmedia and investigates

their behavioral differences (and similarities). Given the significance of social media in shaping

teachers’ professional lives, we believe analyzing teachers’ online behavior while considering their

gender is essential. Unfortunately, an obstacle to conducting such a study has been the availability of

a large dataset of teachers in social media. However, thanks to our automatic teacher identification

framework, we have overcome this obstacle where we have built a rich dataset of teachers in social

media. Hence, given this dataset at our disposal, we perform an exploratory analysis of male and

female teachers on Pinterest. Our study incorporates two crucial aspects of teachers. First, we

investigate various online activities of male and female teachers, such as topics of their curated

resources. Themotivation for this type of analysis is to understandmale and female teachers through

the lens of their resource curation process. Second, we investigate male and female teachers in the

context of their social network (the graph). The performed social network analysis complements

online activity analysis by examining how teachers are connected in a social network. Notably, we

look into the critical notion of homophily (i.e., the tendency of similar individuals to connect in

a network) and substantiate gender homophily among teachers. Our analysis and findings in this

part of the dissertation can serve as a valuable reference for many entities concerned with teachers’

gender, e.g., educational scientists, policymakers, principals, state and federal governments.

1.1.3 Diffusion of Teacher-curated Resources

As mentioned before, previous studies have reported that the diffusion of information from social

media to the classroom can be potentially very fast [4, 5, 34, 45]. This is encouraging as teachers can

quickly implement these resources in their pedagogical practices. Nevertheless, our understanding

of how resources curated by teachers diffuse across the network and what factors affect this

diffusion is still slim. Again, a barrier to such understating has been the availability of a large
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dataset of teachers in social media, including curated resources and their diffusion dynamics. We

overcome this obstacle by constructing the diffusion trees for more than one million resources

curated by teachers. Another major challenge in investigating the diffusion of information is

how to characterize the diffusion. To address this challenge, we introduce three crucial measures

which consider different aspects of the diffusion process. The first measure is volume, i.e., the

number of users who have received and saved a resource. The second measure is virality which

captures the structural virality of a resource based on its diffusion tree. Finally, the third metric

includes velocity measured by calculating (a) the first time a resource is re-pinned and (b) the

average time difference between consecutive re-pins.1 Using the introduced diffusion measures, we

investigate how different attributes of resources (e.g., their topics) affect the diffusion. Moreover,

through several regression analyses, we determine how teacher attributes (e.g., the number of their

followers) affect the diffusion. Our investigation in this part of the dissertation is the first of its

kind and offers a deeper understating of the complex mechanism driving the diffusion of resources

curated by teachers.

1.2 Organization

The remainder of this dissertation is organized as follows. First, in Chapter 2, we introduce the

preliminaries, including current studies on teachers in social media and the data collection process.

In Chapter 3, we present our proposed approach for automatic teacher identification. We verify the

working of this approach on a large set of carefully constructed sets of teacher and non-teacher users

on Pinterest. Chapter 4 is devoted to analyzing the online behavior of male and female teachers.

We conduct two types of analysis, namely online activity analysis (Section 4.3) and social network

analysis (Section 4.4). In Chapter 5, we present our study on the diffusion of resources curated

by the teachers. Finally, Chapter 6 concludes the dissertation and offers promising future research

directions.

1In Pinterest, share is called re-pin.
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CHAPTER 2

FOUNDATIONS AND PRELIMINARIES

In this chapter, we present the foundations and preliminaries necessary for the rest of the dissertation.

In Section 2.1, we review current studies related to teachers in social media, and in Section 2.2, we

present the data collection process.

2.1 Current Studies on Teachers in Social Media

Social media platforms are ubiquitous and have transformed almost every aspect of our lives.

As far as the education system is concerned, many teachers use online social media platforms (e.g.,

Facebook, Twitter, Pinterest) for educational engagement. Hence, during the past few years, there

has been a growing number of studies focusing on why and how teachers use online social media.

In this section, we review some of these studies. As for particular social media platforms, most

studies have focused on Facebook, Twitter, and recently Pinterest since these platforms are the ones

predominately used by teachers [46]. Therefore, we review the notable studies whose social media

platform is Facebook, Twitter, or Pinterest.

2.1.1 Facebook-driven Studies

Rutherford [47] conducted one of the earliest studies on how teachers use Facebook for professional

career development. They used a mixture of qualitative and quantitative analysis and investigated

384 users who actively participated in the Ontario teacher Facebook group. They found out that

majority of discussions were practical and related to teacher professional development. Cinkara

and Arslan [48] found similar results for EFL (English as a Foreign Language) teachers leveraging

Facebook groups for professional career development. Aiming at determining the professional

development practices, Ranieri et al. [49] investigated five Italian Facebook groups used by 1,1170

teachers. They thoroughly analyzed the dynamics of these groups and their members by taking

advantage of social capital theory [50]. Moreover, they inspected membership motivations based
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on the type of the professional group (i.e., generic and thematic) and how the dynamic of social

capital differs in these groups. In general, they indicated that Facebook assists in improving

professional development. Bicen and Uzunboylu [51] investigated the usefulness of Facebook in

education. They set up an online learning environment for 71 teachers on Facebook where teachers

could do various activities such as sharing pedagogical videos and participating in discussions with

students and other teachers. Based on their results, participating teachers responded positively to the

incorporation of Facebook in teaching, which ultimately helped improve students’ learning. Authors

in [52] investigated views of students and teachers on introducing information and communications

technology outside the classroom, namely Google and Facebook discussion groups. They gathered

survey and interview data from 283 teachers and students after the deployment of Google and

Facebook groups. Their findings demonstrated students’ positive attitude toward these technologies,

while some teachers were reluctant to integrate them in their educational activities, mostly due to

time affordability. Sumuer et al. [53] looked into the habits related to how teachers use Facebook

(N=616). Similar to other Facebook-related studies, they showed professional usage of Facebook.

However, interestingly, they recognized that many teachers have privacy concerns, such as sharing

their personal information with students and parents. Similar privacy concerns were identified

by [54]. In an interesting study, Forkosh-Baruch et al. [55] investigated willing-to-connect (via

Facebook) for 160 Israeli teachers and 587 students based on various personal attributes e.g.,

age. They showed that willing-to-connect teachers were younger than not-willing-to-connect ones.

However, it turned out that willing-to-connect students were older than not-willing-to-connect

ones. In a similar study, Asterhan and Rosenberg [56] focused on student-teacher communication

on Facebook (N=198) and pointed out the different challenges facing teachers on Facebook, e.g.,

privacy concerns. Additionally, their results showed that teachers utilize Facebook for instructional

and psycho-pedagogical communications. Following the study in [56], Schwarz and Caduri [57]

performed an in-depth analysis of the interaction logs of five teachers with students to characterize

their communications. Although one teacher merely practiced the transmission of knowledge

(which has been shown to be an ineffective teaching style [58, 59]), the other teachers help foster
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positive educational practices, namely social learning, autonomy, and active engagement. In

somewhat a unique study, Robson [29] shed light on the conceptualization of the professional

identity of teachers by conducting interviews with 20 teachers who were using Facebook. They

concluded that social media allows teachers to express themselves and form their ideal professional

image. Blonder and Rap [60] investigated how Technological Pedagogical Content Knowledge

(TPACK) and the self-efficacy beliefs of 12 high school chemistry teachers changed after introducing

several chemistry-related Facebook groups. Their study showed that TPACK improved among

teachers, and they developed TPACK skills geared more specifically toward teaching chemistry.

Ab Rashid [61] analyzed Facebook timelines of 34 high school teachers using thematic, and

discourse analysis approaches. Their investigation showed that teachers receive support from their

peers through conversations reflected on their Facebook timeline, which eventually help them in

their teaching. In conclusion, most studies have demonstrated that Facebook is primarily used for

professional development by teachers, which consequently can improve the quality of education.

Despite this, some teachers are reluctant to use Facebook due to privacy concerns.

2.1.2 Twitter-driven Studies

Cano [62] experimented with introducing Twitter as a learning and teaching tool in three Spanish

high schools across three subjects: Spanish language, social science, and natural science (15

teachers and 280 students). Their results revealed improvement in students’ grades after introducing

Twitter. In a similar study, Van Vooren and Bess [63] investigated the relationship between the use

of Twitter and the students’ success (N=86 students). Their findings suggested that students who

received support from their teacher via Twitter performed significantly better in standardized tests

compared to their counterparts who received no Twitter-related support. Similarly, Noble et al.

[64] indicated that teacher-student interactions on Twitter led to improved student learning and

reinforced the trust between students and teachers. Wesely [65] investigated the role of Twitter in

the professional development of 9 world language teachers. They monitored teachers participating

in #edchat on Twitter for more than a year and tried to determined how these teachers develop

9



communities of practice which “[are] groups of people who share a concern or a passion for

something they do and learn how to do it better as they interact regularly” [66]. They showed that

Twitter helps improve teacher career development. Following on the work of [65], Britt and Paulus

[67] performed a qualitative analysis of interviews with eight teachers who participated in #edchat

on Twitter. Their findings indicated that #edchat is an effective community of practice reinforcing

teacher professional development. Moreover, [68] found similar results for 30 identified influential

educators (teachers) on Twitter. In their prominent studies Carpenter and Krutka [69, 70] conducted

a thorough analysis of how and why teachers leverage Twitter for professional career development.

Their findings indicated that Twitter plays an essential role in the professional development of

teachers. In particular, the individualization offered by Twitter is a major advantage compared to

traditional professional development approaches. Moreover, their results suggested that Twitter

is of big help in combating teacher isolation where they received valuable support from their

peers online. Visser et al. [71] surveyed 324 active educators on Twitter about their experience of

using Twitter for professional purposes. Their findings indicated that teachers emphasized more

on professional usage of Twitter than personal. Through a qualitative analysis, they showed that

the surveyed teachers had created a positive socialized knowledge community accommodating

interpersonal communication and fostering collaboration. A noteworthy aspect of this study is its

teacher recruitment (sampling) process. Unlike most studies wherein teachers are pre-determined

(e.g., through contacting school or district officials), they employed a snowball sampling strategy

where they broadcast the link to their survey and asked teachers to participate themselves and further

invite their friends to participate. Our proposed teacher identification method in Chapter 3 follows

a similar strategy where we start from some initial teachers and attempt to expand (or snowball)

the sample size, i.e., identify more teachers. However, since our purpose is to incorporate teachers’

social media data, we focus on automating the teacher identification instead of directly asking for

the teacher’s participation. Trust et al. [72] performed a similar snowball sampling on multiple

platforms (e.g., Twitter, Facebook, Google+) to survey teachers on the effectiveness of online

platforms in professional development. Their results suggested that participating teachers have
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found social media platforms to be supportive of their professional growth. Also, teachers reported

improvement in their student learning after utilizing online social media. Studies in [73, 74]

reported on the critical role of Twitter in teacher professional development as well as participating

teachers’ perception regarding Twitter. In particular, participants in [73] revealed that Twitter had

offered them a sense of belonging and community, which is even stronger than what their physical

workplace would deliver. Rosenberg et al. [75] conducted an interesting data-driven analysis of

teachers on Twitter through the lens of the affinity space framework [76], a physical or virtual

space revolving around a certain topic wherein people utilize a medium to interact with each other

about that topic. The authors used state educational Twitter hashtags (SETHs) to define the affinity

space on Twitter. SETHs are educational state-level Twitter hashtags developed by educators to

participate in the educational discussions, e.g., #miched for Michigan or #nebedchat for Nebraska.

They collected more than 500k tweets over six months, covering 68,552 unique Twitter users. Then,

to answer who is participating in these affinity spaces, they manually identified 500 Twitter profiles

belonging to educators (e.g., teacher, administrator). They also determined how active educators are

in each state and further characterized their tweet timing behavior, e.g., percentage of tweets per day

of the week. They found out that SETHs are effective spaces for teacher professional development.

Rehm and Notten [6] leveraged social capital theory [50] and performed a qualitative study of

4,196 Twitter users participating in #EDchatDE, a hashtag developed for educational conversations

in Germany. They found out that teachers’ social capital would increase through participating

in #EDchatDE. In conclusion, similar to Facebook, Twitter is used for professional development.

Moreover, according to reviewed studies, Twitter offers a more interactive environment where

teachers can participate in education-related discussions around certain topics. Compared to

Facebook, the open and public nature of Twitter makes teachers less concerned with privacy issues.

Eventually, the interested reader can refer to [77] to know more about how and why educators

utilize Twitter.
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2.1.3 Pinterest-driven Studies

Pinterest is an image-based personalized social media platform that draws 150 million active users

per month. American teachers frequently use Pinterest as a common social media platform and

virtual resource pool for professional purposes [4, 34, 78, 79, 80]. According to a national survey

conducted by RAND Corporation, the majority of elementary and secondary teachers in the U.S.

turn to Pinterest in response to recent national education reform (e.g., CommonCore State Standards

Reform [81]) or their instructional needs [82]. Frank et al. [25] analyzed the role of social networks

in providing emerging beneficial opportunities for education. They argued that social networks

outside schools, especially online ones like Pinterest, have a great potential to distribute knowledge

and expertise among teachers equally. Hence, given the importance of Pinterest in education, there

has been a growing number of studies investigating teachers on Pinterest.1 Next, we review notable

studies in this area.

Through an interview with eight teachers, Carpenter et al. [80] conducted a qualitative analysis

on how teachers use Pinterest. They recruited teachers via a snowball sampling on Twitter, where

they asked Twitter users to participate in an interview. Theoretically, they based their study on 1)

Pinterest as an affinity space wherein teachers share common interests, and 2) teachers on Pinterest

as teacherpreneurswho strive and spend time to impact beyond their classroomwhile not necessary

to do so via traditional means, e.g., administrative roles. Although their sample size is small, their

findings are interesting. They identified seven themes on how and why teachers use Pinterest.

Notably, participants described Pinterest as a content curation tool. More specifically, teachers

perceived Pinterest as an organizer or binder of the resources they encounter on the web or create

themselves. This unique property of Pinterest has been demonstrated in previous (non-educational)

studies [83, 84, 85, 86, 87, 88]. In fact, Pinterest as a social curation tool is what makes it very

appealing among teachers [4]. Through a qualitative study of 117 teachers, Schroeder et al. [89]

showed that teachers primarily utilize Pinterest to look for educational resources according to their

classroom needs. They surveyed two types of teachers: preservice teachers (PSTs) and in-service

1The number of Pinterest-driven studies is smaller than Twitter and Facebook.
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teachers (ISTs). Although both types sought specific instructional materials on Pinterest, the PTSs

were more interested in “cute” and “fun” materials since, according to [89], PSTs have more time

to implement these resources. Interestingly, our analysis shows that the word “fun” to be among

the top words used by teachers to describe their pins– See Sections 3.5.4 and 4.3.4. Torphy

et al. [79] performed a thorough analysis of teacherpreneurial behaviors of teachers on Pinterest.

They characterized the source of 140,287 resources (pins) curated by 197 teachers on Pinterest.

Their findings indicated that educational blogs were the predominant source of resources. Also,

teacher-to-teacher market websites (notably teacherspayteachers.com) constituted a considerable

portion of pins’ sources. Our findings in Chapter 4 are in line with that of [79], where we also

discovered that the predominant source of pins in our dataset is educational websites. Moreover,

they found out that a significant portion of pins (82.8%) are monetized. This and the widespread

diffusion of educational resources curated by teacherpreneurial educators signify that we face a

new and decentralized open market of educational resources, which Torphy and Drake [4] named

the “Fifth Estate within the digital age”. Hu et al. [78] examined teachers’ curation mechanism of

mathematical resources onPinterest. They characterized themathematical pins and showed that they

usually have low cognitive demand (difficulty). Sawyer et al. [90] found similar results regarding

the cognitive demand levels of mathematical pins on Pinterest. Additionally, their work illustrated

that socialized knowledge communities formed by mathematics teachers assist them in locating

resources relevant to teaching mathematics. In our previous study [11], we also characterized

mathematical resources shared by elementary school teachers on Pinterest and further proposed

a method to predict the cognitive demand of resources. Hu et al. [26] performed an interesting

analysis of howmathematical resources are curated. They identified three types of curation, namely

self-directed, incidental, and socialized. One of the crucial features of this study is that they shed

light on how online educational resources acquired from Pinterest are enacted in the classroom. Liu

et al. [45] examined the diffusion of educational resources on Pinterest. They collected the Pinterest

resource curation process for 34 early career teachers (ECTs) from three Midwestern states. They

only studied the diffusion of resources for an ECT and their colleagues on Pinterest, i.e., those who
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work with the ECT in the same school and had been nominated by them as close colleagues. Their

results indicated that Pinterest act as a bridge between weakly connected teachers within the same

school. Similarly, in Chapter 5, we analyze the diffusion of teacher-curated resources on Pinterest.

In conclusion, similar to Twitter and Facebook, teachers leverage Pinterest for professional

purposes, which has improved their teaching according to the reviewed studies. However, unlike

Twitter and Facebook, Pinterest is perceived as a social curation platform rather than a direct means

for teacher-teacher or teacher-student communications. Moreover, perhaps the less politicized and

polarized nature of Pinterest has contributed to its widespread usage by teachers. The interested

reader can refer to [4, 28, 34, 46, 91, 92] for more details about other teachers in social media

studies, especially those concerned with Pinterest. Eventually, it is worth mentioning our previous

study [10] where we offered a roadmap on how to incorporate online social media in educational

research, especially teachers in social media.

2.2 Data Collection

In this part, we explain the data collection process—first, describing the Pinterest data we

acquired for each user. Then, we discuss the surveyed teachers and finally describe the constructed

network of teachers.

2.2.1 Pinterest Data Description

Within Pinterest, users may encounter a personalized newsfeed of resources from various topics

such as education and sports. Figure 2.1 illustrates an example Pinterest newsfeed. Each resource

in Pinterest is called a pin. As demonstrated in Figure 2.2, each pin includes several pieces of

information, including image, description, title, source, domain, comments, and board. By clicking

on the source’s URL, one will be redirected to the original website where the pin comes from. A

user saves a pin in a board which is essentially a user-created directory holding pins with a similar

topic (e.g., "My Math Pins" in Figure 2.2). Figure 2.3 shows an example of a Pinterest user’s page,

including the curated boards.
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Figure 2.1: An example of Pinterest newsfeed.

Image

Board

Comments

DescriptionTitle

Original Pinner

Domain

Original Source 

Figure 2.2: An example of a pin and its original source on the web.

We used API (application programming interface) provided by Pinterest and obtained data

about Pinterest users, users’ pins, and users’ boards. Table 2.1 shows the pin-related information

we retrieved for each pin. The API provided us with some crucial information. In particular, we

have the topic of a pin which is a pre-defined topic (category) assigned by Pinterest. In our dataset,
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Figure 2.3: An example of a Pinterest user’s page.

there are 34 topics such as education, sports, food_drink. Moreover, similar to other social media

platforms (e.g., Facebook) where a user’s post is further shared, a pin can be a re-pin from another

pin. Luckily, we also have access to the re-pin information, including the parent pin (i.e., the

previous re-pin) and the original pin (i.e., the initial pin from which all re-pins have occurred). We

can capture the diffusion process of the pins in the network from this information, which is used in

our investigation in Chapter 5. Furthermore, Table 2.2 shows the fields related to a board. Through

the board ID in Table 2.1 and ID in Table 2.2, one can find the corresponding board of a pin.

Table 2.1: Pin-related fields in our dataset.

Field Description Example

ID A unique Pinterest-generated
identifier of the pin “713539134715179880”

title User-generated title of the pin Subtraction Tables Chart

description User-generated description of the pin Convenient, useful
learning tools ..

domain Domain of the original source www.teachercreated.com

topic A pre-defined topic
assigned to a pin education

created at Time and date that the pin has been saved Sun, 23 Jul 2017 01:00:56
image URL URL of the image saved on Pinterest https://i.pinimg.com/...
parent pin ID of the successor pin “320951910950109285”
original pin ID of the original pin “597430706814302354”

original pinner ID of the original pinner of the pin “144115394234286193”

board ID A unique Pinterest-generated
identifier of the board “255227572571702183”

16

www.teachercreated.com


Table 2.2: Board-related fields in our dataset.

Field Description Example
ID A unique Pinterest-generated identifier “255227572571702183”

name User-generated title of the board My Math Pins
created at Time and date of board creation Mon, 08 Aug 2016 07:22:18

number of pins Number of pins in the board 287

In addition to information about pins and boards in a user’s account, we obtained information

about each user, as shown in Table 2.3. In particular, we have the user-declared gender, which

is used to distinguish male and female teachers in our investigation presented in Chapter 4. In

addition, a Pinterest user can add a short description about themselves and a link to their website,

both of which are available in our dataset and will be used in our analysis in subsequent Chapters.

Table 2.3: User-related fields in our dataset.

Field Description Example
username A unique user-generated username karimihamid65
name First and last names of the user Hamid Karimi

joined at Time and date that
the user has joined Pinterest Tue, 19 June 2016 23:17:11

gender User-declared gender
Male, Female, or Unspecified Male

self-description A short self-introduction
visible in a user’s profile I am a 2nd grade teacher ...

user website User-declared website or blog www.hamidkarimi.com

country Country where the user
has logged in during their last session US

Remark. We used the Pinterest API to collect our data in November 2019. Unfortunately, since

then, the Pinterest API has been the subject of a couple of changes, and consequently, some of the

information we collected might not be provided any longer.
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2.2.2 The Surveyed Teachers

Our efforts in this dissertation are part of an interdisciplinary project named Teachers in Social

Media Project.2 Founded by Dr. Kaitlin Torphy,3 this project considers the intersection of the

cloud to class, the nature of resources within virtual resource pools, and the implications for equity

as educational spaces grow. Much of the work coming out of the Teachers in Social Media project

concerns instructional and educational resources shared on Pinterest. Hence, as a part of this

project, we have surveyed various American teachers whose information is used as the basis of our

data collection in this dissertation. More specifically, the surveyed teachers used in this dissertation

are sampled from three sets described as follows.

Set 1: SEMI (Study of Elementary Mathematics Instruction). This sample includes 340

ECTs (early career teachers) from 75 schools in 31 districts across four mid-west states, including

Ohio, Michigan, Illinois, and Indiana. ECT is defined as a teacher in the first four years of their

teaching career.

Set 2: OER (Open Educational Resources). 100 Michigan teachers were sampled from two

rural pilot districts utilizing open educational resources. Teachers were identified and sampled

across K-12 grade levels and eight schools.

Set 3: Texas Teachers. Finally, we selected a random sample of 100 Texas teachers from a

non-CCSS (common core state standard) state. Teachers are from 16 schools across 16 distinct

districts.

In total, we have 540 teachers across five states, 48 districts, and 99 schools. Figure 2.5 shows

the number of teachers in each of the five states. Among the surveyed teachers, 428 are females,

13 males, and 99 unspecified. Figure 2.4 shows the distribution of the grade levels for the surveyed

teachers. For a teacher teaching multiple grades, we consider the highest grade they teach.4 More

than 84% of teachers are teaching grades K to 6.

2https://www.teachersinsocialmedia.com/
3https://torphyka.wixsite.com/kaitlintorphy
4Twelves teachers were teaching multiple grade levels.
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Figure 2.4: The distribution of grade levels of the surveyed teachers.

2.2.3 Network of Teachers

In addition to the data of the surveyed teachers, we acquired the data of all their online friends, i.e.,

their followers and followees. A user’s follower is another user who follows that user, and similarly,

a followee of a user is whom the user follows. Then, we constructed the network (graph) between

all users. More formally, let � = (+, �) represent our directed Pinterest network where + denotes

the set of nodes (i.e., Pinterest users) and � denotes the set of edges (connections). Here, an edge

4 : (D, E) indicates that user D follows user E. Some of the statistics of the network are shown in

Table 2.4. Our network has 83,768 users and millions of edges. To the best of our knowledge,

this is the largest network of teachers on social media. Furthermore, while the surveyed teachers

reside in five U.S. states, by including their online friends, we have ended up with a single network

(a connected graph).5 This indicates the presence of small-world property where on average, two

nodes (users) have a small distance from each other [93].

Figure 2.6 demonstrates the complementary cumulative distribution (CCDF) of degree distri-

5Technically, our network isweakly connectedwhile its undirected version is strongly connected.
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Figure 2.5: The number of surveyed teachers across five U.S. states.

Table 2.4: Some of the statistics of the Pinterest network.

The surveyed teachers 540
Followers+Followees (friends) 83,228

Total nodes (users) 83,768
Total edges (connections) 5,868,122

Average degree 131.58
Average in-degree 65.79
Average out-degree 65.79

butions for the surveyed teachers and all nodes where in-degree, out-degree, degree (in & out)

distributions are shown in Figures 2.6a, 2.6b, 2.6c, respectively. Similar to other (online) social

networks, the distributions follow a power-law distribution [94] where most of the nodes have a

small (in/out)-degree and a tiny percentage have high degrees. Also, it seems the surveyed teachers

have followed and are being followed more than their online friends. Figure 2.7 demonstrates the

CCDF of the number of pins for the surveyed teachers and their online friends. The number of pins

follows a power-law distribution.

Remark. Note that an online friend of a surveyed teacher can be a teacher or non-teacher.
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Figure 2.6: The CCDF of the degrees for the surveyed teachers and their online friends . x-axes
are in log scale.
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Figure 2.7: The CCDF of the number of pins for the surveyed teachers and their online friends.
x-axis is in log scale.

We use this fact in the next section to identify more teachers among online friends of current the

surveyed teachers.
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CHAPTER 3

AUTOMATIC TEACHER IDENTIFICATION

3.1 Introduction

In Chapter 1, we discussed the importance of teachers in social media and its significant impact

on education. In response to this importance, there have been many studies investigating teachers

in social media in the past few years, a review of which was presented in Chapter 2. These

studies have made significant progress in illuminating the potential of teachers in social media

and the extra benefit it brings to education. Nevertheless, they suffer from a major limitation:

they base their analysis on a limited number of surveyed/interviewed teachers. More specifically,

they survey/interview a small number of teachers, and then they acquire their online social media

data, i.e., a bottom-up data collection from surveyed/interviewed teachers to their online data.

This causes two drawbacks. First, the study’s outcome may not be statistically significant as the

number of teachers is small. Second, they cannot harness the power of modern data-driven machine

learning algorithms in their analysis since these algorithms usually require a sufficient amount of

data. Hence, having an efficient mechanism to identify more teachers is crucial to advance the

research on teachers in social media. An immediate option is to sample more teachers via surveys

or interviews. However, surveying/interviewing is usually labor-intensive, costly, and non-scalable.

Thus, we need a method that can identify teachers in social media automatically. Essentially, we

need to have a binary classifier that for a given user reliably predicts whether they are a teacher or

not.

While being very beneficial, the automatic identification of teachers in social media faces a

significant technical challenge. For a binary classifier, we need to have training data from both

teachers and non-teachers so we can train a supervised learning model classifying users to teachers

and non-teachers. However, we do not have access to non-teacher users in practice since only a

small set of surveyed/interviewed teachers are available. Given this, we cannot simply set up a
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supervised model. To solve this challenge, we formulate the automatic teacher identification as a

positive unlabelled (PU) learning task. As far as our dataset is concerned, positive samples are

the surveyed teachers described in Section 2.2.2, and unlabelled samples are other users connected

to the surveyed teachers1, i.e., they follow or are followed by the surveyed teachers as described

in Section 2.2.3. Note that an unlabelled user can be either a teacher or a non-teacher. PU

learning has gained popularity in machine learning literature as its setting arises naturally in many

applications such as automatic diagnosis [95], marketing [96], remote sensing [97]. Likewise, our

conceptualization of the automatic teacher identification problem as a PU learning task reflects this

problem’s most practical and natural setting. Specifically, we train an efficient teacher identification

classifier from a limited number of teachers and many readily available unlabelled users. Next, we

briefly explain our proposed approach.

This chapter proposes a PU framework to identify teachers on Pinterest automatically. We call

our framework PUTeacher, which entails three components. In the Unsupervised Representation

Learning component, we develop a deep neural autoencoder to learn a salient and compact rep-

resentation for both positive (teacher) and unlabelled users. This component’s main advantage is

that it can encode the underlying semantic of the entire training data (positive plus unlabelled)

without requiring ground truth labels. In the second component, called Automatic User Labeling,

we propose a method that utilizes the learned representations from the first component and then

automatically marks unlabelled samples as potentially non-teachers or teachers, i.e., in the PU

learning terminology, finding reliable negative samples and additional reliable positive samples.

In the last component, User Classification, we utilize the marked samples as well as original pos-

itive samples and perform a binary classification to predict the class of unlabelled users (teacher

or non-teacher). We conduct extensive experiments and show the effectiveness of our proposed

framework. In summary, our contributions are as follow:

• We formulate the teacher identification problem as a PU learning task reflecting this problem’s

realistic and practical setting.

1In this chapter, we use terms sample and user interchangeably.
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• We propose an effective PU learning method for teacher identification, which can reliably

identify thousands of teachers on Pinterest.

The rest of this chapter is organized as follows. First, in Section 3.2, we formally define

the problem, followed by presenting PUTeacher in Section 3.3. Next, Section 3.4 includes the

experimental results and discussions. Finally, in Section 3.5, we perform an extensive resiliency

analysis of PUTeacher to ensure its working.

3.2 Problem Statement

Let X = {G1, G2, · · · , G=} represent a dataset of = online social media users where G8 ∈ R3 and

3 is the dimension of feature inputs representing G8. Suppose the random variable H = {+1,−1}

represents the label of a sample in X where +1 indicates the sample is a teacher and −1 otherwise.

Further, letX consist of two distinct sets of ; positively labelled users and =− ; unlabelled users, i.e.,

X? = {G1, G2, · · · , G;} and XD = {G;+1, G;+2, · · · , G=}, respectively. For convenience, let |XD | = <

i.e., < = = − ;. Following the PU learning setting, ∀G8 ∈ X? , H8 = +1 while H 9 for G 9 ∈ XD is

unknown.

Now, given the notations listed above, we seek to utilize X? and XD to learn a model 5\ (G)

having parameters \ such that it can predict the label for an unseen user in XD.

Table 3.1: PU learning terminology and its equivalents in our automatic teacher identification task.

PU learning Automatic teacher identification task
Positive samples Teachers
Negative samples Non-teachers
Unlabelled samples Followers and followees of the survyed teachers

Reliable positive samples Automatically marked teachers
Reliable negative samples Automatically marked non-teachers
Original positive samples The surveyed teachers

Table 3.1 demonstrates a mapping between PU learning terminology and its equivalent in our

automatic teacher identification task.
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3.3 The Proposed Framework (PUTeacher)

An overview of the proposed framework, PUTeacher, is demonstrated in Figure 3.1. Our

framework falls into the category of two-stage PU learning, in which we first try to identify reliable

negative and positive samples and then utilize them to train a supervised learning model. An

important assumption in the two-stage PU learning is the smoothness property, which asserts

that if two samples G8 and G 9 are similar, the probabilities %(H = +1|G8) and %(H = +1|G 9 )

are close [37]. The smoothness property has been leveraged in various two-stage PU learning

algorithms [98, 99, 100]. Assuming this property, we can identify reliable negative samples

as those far away from all labeled samples. The key to this assumption is to determine the

similarity between the two samples. To this end, we need to have an effective method to encode

the input data, which is what the Unsupervised Representation Learning component is tasked

for. Then, in the Automatic User Labeling component, we utilize these representations, and

based on the smoothness assumption, we propose a novel method to identify reliable negative and

positive samples from the unlabelled data. In other words, Automatic User Labeling component

automatically marks penitential non-teachers (reliable negative samples) and potential teachers

(reliable positive samples). These two components will be presented in Sections 3.3.1 and 3.3.2,

respectively.

Using the identified reliable negative and positive samples and the original positive labeled

samples (i.e., the surveyed teachers), we can transform the PU learning into a supervised learning

task, which is what we will perform in the User Classification component. In the two-stage

PU learning, this supervised learning is predicated on another important assumption known as

separability, under which it is assumed that two classes (i.e., teachers and non-teachers) are

naturally separated [37]. In other words, theoretically, there should exist a ‘perfect’ classifier that

distinguishes positive samples from negative ones. In Section 3.4, we empirically demonstrate

that both the smoothness and separability assumptions hold, and hence our proposed framework is

justified.
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Figure 3.1: An illustration of the proposed method for automatic teacher identification
(PUTeacher).

3.3.1 Unsupervised Representation Learning

We need to extract salient and semantically informative features of the input data. Such features

are crucial for subsequent components of our framework. Unfortunately, we cannot use the labels

to represent the input data since we only have labels for a single class (i.e., teachers), and most of

the data is simply unlabelled. Hence, we train an autoencoder model to extract meaningful features

from the input data without using the labels. The autoencoder takes an input sample, encodes it

into a lower-dimensional hidden representation (embedding), and eventually decodes the hidden

representation to an output, aiming to reconstruct the input. By doing so, we force the autoencoder

to learn a condensed hidden representation that retains meaningful information about the input data.

Moreover, another benefit of autoencoders is reducing the dimensionality while reconstructing the

input sample. Autoencoders are widely used in representation learning and have shown tremendous

performance in various applications [101, 102].

Let �Θ(.) and �Ω(.) denote the encoder and decoder with parameters Θ and Ω, respectively.

Then, we optimize the following loss function:

L = argmin
Θ,Ω

1
<

∑
∀G∈XD

‖G − �Ω(�Θ(G)‖22 (3.1)

where ‖.‖ denotes L2 norm (euclidean distance) of a vector. For convenience, let ℎ8 = �Θ(G8)

denote the hidden representation for a sample G8. Note that, we train the autoencoder on the
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unlabelled samples.

3.3.2 Automatic User Labeling

Based on the smoothness assumption, similar samples have close probabilities of being positive.

Hence, we leverage this assumption and attempt to mark samples in the unlabelled data. Let B8 9

denote the similarity between user G 9 ∈ XD and G8 ∈ X?:

B8 9 = 4
(−




ℎ8−ℎ 9 


22/2f2)
(3.2)

B8 9 is essentially RBF (radial basis function) kernel determining the similarity between two feature

vectors.2 Then, we sum up the similarity between G 9 and all positive samples (denoted as (G 9 ):

(G 9 =
∑
∀G8∈X?

B8 9 ∀G 9 ∈ XD (3.3)

where f is a free hyperparameter. We normalize the similarity score in Eq. 3.3 to range [0, 1] and

get Teacher Tendency Score ())(G 9 ) for each unlabelled user:

))(G 9 =
(G 9 − <8=({(G: : G: ∈ XD})

<0G({(G: : G: ∈ XD}) − <8=({(G: : G: ∈ XD})
∀G 9 ∈ XD (3.4)

))(G 9 encodes the similarity between an unlabelled user and all positive users i.e., the surveyed

teachers. Now, based on the smoothness assumption, the closer ))(G 9 is to 1, the higher chance

for G 9 to be a positive user (a teacher). Similarly, the closer ))(G 9 is to 0, the higher chance for G 9

to be a negative user (a non-teacher). Hence, let H̃G 9 denote the automatic label (the pseudo-label)

assigned to an unlabelled user:

H̃G 9 =


+1 if ))(G 9 > U

−1 if ))(G 9 < V
(3.5)

2We found RBF kernel performing better empirically, but one can utilize other similarity
measures, e.g., cosine similarity.
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where U and V are two hyperparameters controlling the level of sensitivity for automatically marked

teachers and non-teachers, respectively. Usually, U needs to be close to 1 (e.g., 0.9) and V close

to 0 (e.g., 0.05). In addition, by adjusting U and V, we can control the number of newly identified

teachers and non-teachers, respectively.3 Also, one might wonder that instead of the summation in

Eq. 3.3, we could take the average of similarities and consider that as ))(G 9 . However, we found

that the average of similarities for RBF is usually small, and thus flexibly selecting proper values

for U and V is difficult.

3.3.3 User Classification

Using theAutomaticUser Labeling, we create two sets of reliable negative (non-teacher) and reliable

positive (teacher) samples denoted as R= = {G8 ∈ XD, H̃8 = −1} and R? = {G8 ∈ XD, H̃8 = +1},

respectively. For the classification, we develop a deep feedforward neural network 5\ (.) trained

on representations of samples in R= and R? . The output of 5\ (.) is the probability distribution of

being teacher and non-teacher i.e., 5\ (ℎ8) = [H8C , H8=C], where H8C (H=C8 ) is the probability of being a

teacher and a non-teacher, respectively. Note that 0 ≤ HC
8
, H=C
8
≤ 1 and HC

8
+ H=C

8
= 1. Then, we use

the backpropagation and the cross entropy loss function (Eq. 3.6) to optimize the neural network.

L2 = −
∑
∀G8

H̃8 × ;>6(HC8 ) + (1 − H̃8) × ;>6(H
=C
8 ) (3.6)

Note that, the input to neural network is the representations learned in the first component of

PUTeacher described in Section 3.3.1.

3.4 Experiments

To verify the effectiveness of the proposed method, we conduct some experiments. In Sec-

tion 3.4.1, we explain the experimental settings. In Section 3.4.2, we verify the data assumptions

3One can set V = 1−U. However, we prefer to keep U and V independent for flexibility purposes.
However, their ranges should not overlap.
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discussed in Section 3.3 i.e., the smoothness and separability assumptions. Ultimately, we compare

the performance of PUTeacher with several baselines in Section 3.4.5.

3.4.1 Experimental Settings

In this part, we present the experimental settings, including the dataset, input features, and hyper-

parameter tuning.

3.4.1.1 Dataset

Our users include 540 surveyed teachers and their followers and followees as described in Sec-

tion 2.2.1. In addition to the surveyed teachers, we manually annotated 3,058 teachers and 2,079

non-teachers. The annotation procedure is described in the Appendix. Hence, the number of unla-

belled users is 78,091 i.e., |X= | = 78, 091. Table 3.2 demonstrates the specific data used to train,

evaluate, and test PUTeacher’s components. To train the Unsupervised Representation Learning

component described in Section 3.3.1, we only used the unlabelled users. The validation set of

this component, utilized for hyperparameter tuning, is 5-fold cross-validation on its training set.

To train the User Classification component, we used 3038 teachers and 3038 non-teachers. The

teachers consist of 1519 annotated teachers and 1519 automatically identified teachers acquired

from the Automatic User Labeling. All 3038 non-teachers are automatically identified. To tune

this component’s hyperparameter, we used 3-fold cross-validation on its training set. Eventually,

to evaluate the performance of PUTeacher, we created a test set for the User Classification com-

ponent. This set consists of 1539 annotated teachers, 540 surveyed teachers, and 2079 annotated

non-teachers, i.e., in total, 2079 teachers (1539 + 540) and 2079 non-teachers. Note that teacher

and non-teacher samples used in the final evaluation of PUTeacher have ground truth labels. This

helps reinforce the reliability of the test set. Moreover, using the entire 540 surveyed teachers

as part of the test set further strengthens its reliability. Note that the Automatic User Labeling

component utilizes the unlabelled users and the surveyed teachers to mark users, and thus, unlike

the other two components, it does not entail any learning process.
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Table 3.2: Samples used in training, evaluating, and testing PUTeacher’s components. Ann:
Annotated, Auto: Automatically identified, Surv: Surveyed

Component Split Samples
Unsupervised

Representation Learning Train 78,091 unlabelled users

Unsupervised
Representation Learning Validation 5-fold cross validation

Unsupervised
Representation Learning Test –

User Classification Train 3038 teachers: 1519 Ann + 1519 Auto
3038 Auto non-teachers

User Classification Validation 3-fold cross validation

User Classification Test 2079 teachers: 1539 Ann + 540 Surv
2079 Ann non-teachers

3.4.1.2 Input Features

We used the following input features to represent each user.

Topic. As mentioned in Section 2.2.1, each pin belongs to one of 34 general topics (categories)

pre-defined by Pinterest, e.g., food, fashion, education. Hence, this feature vector has 34 values

corresponding to 34 existing topics. Each element of the vector is the number of the user’s pins in

a topic divided by the total number of their pins (i.e., the input is normalized).

Domain. To represent the domain features, we extracted the top 200 domains in the entire

dataset. Then for each user, we created a vector of size 200. Each element of the vector holds the

number of pins whose domain is the corresponding domain in the top 200 domains. To normalize

the vector, we divide it by the total number of the user’s pins.

Description. We extracted the top 100 words used in the description of pins shared by a user.

Then we represented each word using a pre-trained word embedding model known as fastText,

which includes one million word vectors trained on Wikipedia 2017 [103] (a vector of size 300

represents each word). We took the average of word embeddings for the top 100 words. Moreover,

we included an weighted average of the top 100 word embeddings where weights are frequencies

of the words in the pin descriptions of the user. Hence, the dimension of this feature vector is 600.

Note that, before acquiring word ebmeddings, we used NLTK package [104] and pre-processed pin
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descriptions, e.g., removed punctuations and stopwords (e.g., ‘!’, ‘the’), stemmed the tokens (e.g.,

‘education’ to ‘educ’).

3.4.1.3 Hyperparameter Tuning

The encoder and decoder of the Unsupervised Representation Learning are two-layer, fully con-

nected neural networks. There is one hyperparameter associated with this autoencoder, namely

the dimension of the hidden representation. To tune this hyperparameter, we performed 5-fold

cross-validation on the unlabelled samples and evaluated the dimensions {10, 20, 30, 40, 50}. The

dimension size 20 yielded the best performance based on the L2 loss in Eq. 3.1. The Automatic

User Labeling has two crucial hyperparameters, namely U and V in Eq. 3.5. We did not tune

these two hyperparameters since we treat them as flexible variables to be set by the practitioner of

PUTeacher. Despite this, the selection criteria for these two hyperparameters are that U should

be close to 1 and V close to 0. Hence, we set U to 0.9 and V to 0.05. The low value of V ensures

identifying reliable non-teacher users, which are crucial for the User Classification component. In

Section 3.5.3, we will explain how different values of U and V compete and affect the performance

of PUTeacher. We also set f = 12 in Eq. 3.3. Eventually, for the User Classification component,

we developed a two-layer fully neural network connected. To tune the dimension of the hidden

layer of this network, we performed 3-fold cross-validation on its training set.

3.4.2 Verification of Two-stage PU Learning Assumptions

As mentioned before, two crucial assumptions in the two-stage PU learning are separability and

smoothness. To verify these assumptions, we trained a supervised multi-layer neural network on the

input features of 3,598 labeled teachers (3,058 annotated + 540 surveyed) and 2,079 non-teachers.

We randomly selected 70% of the data for the training and 30% for the test. We call this classifier,

data-assumption-verification-classifier. Note that data-assumption-verification-classifier is merely

used for the verification of the above assumptions and is distinct fromour proposed automatic teacher

identification approach, i.e., PUTeacher.
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3.4.3 Separability

Figure 3.2: t-SNE visualization of teacher and non-teacher embeddings for the verification of the
separability assumption.

Data-assumption-verification-classifier achieved a very high performance of 0.95 for AUC

(Area Under Curve) and 0.92 for F1-score. Also, we used t-SNE (t-distributed stochastic neighbor

embedding) [105] and visualized the learned representations for test teachers and non-teachers, as

demonstrated in Figure 3.2. As it can be observed, the two classes are perfectly separated. Hence,

we can conclude that the data separability assumption holds for our dataset.

The question is, what does this separability mean in the context of teachers in social media?

It means that teachers are using online social media (here Pinterest) in such a way that we can

distinguish them from other users. More specifically, as far as topics, domains, and descriptions

of pins are concerned, teachers’ online activity makes them identifiable from other Pinterest users.

This is in line with previous studies [77, 23, 24, 4, 34] showing that teachers leverage social

media for their specific professional needs. However, our findings corroborate this in a large-scale

data-driven manner.
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3.4.4 Smoothness

To verify the smoothness property, we calculate the Pearson correlation between two variables,

namely 3 (�G8 , �G 9 ) and |B
C
G8
− BCG 9 | for all pairwise G8 and G 9 in the test set. �G8 denotes the

final embedding from data-assumption-verification-classifier (i.e., the output before the last linear

layer), BCG8 denotes the score of being a teacher (i.e., the output of the last linear layer before the

softmax), and 3 is the Euclidean distance. The correlation is 0.88 with a p-value of 1.0×10−8. This

high positive correlation between these two variables indicates a high degree of smoothness since

samples that are mapped to the same regions (thus having a small distance in the embedding space)

belong to the same class (thus a small difference in scores). Finally, the high correlation between

embedding level distances and teacher score differences is visually demonstrated in Figure 3.3 by

drawing a fitted linear regression between these two variables.

Based on the above analysis regarding the verification of the separability and smoothness

assumptions, we can conclude that the two-stage PU learning is suitable for the automatic teacher

identification problem, and thus, the design of PUTeacher is justified.
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Figure 3.3: The fitted regression line between pairwise embedding distances and teacher scores
differences for the verification of the smoothness assumption.
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3.4.5 Baseline Comparison

We compare the performance of PUTeacher with the following baseline methods.

• ElkaNoto [97]. This method is based on training a non-traditional classifier to predict

whether a sample is labeled. Then, it utilizes the SCAR (selected completely at random)

assumption and adjusts the classifier to a traditional one, i.e., predicting the label of a sample.

• WElkaNoto [97]. It is similar to Elkanoto, except it assigns weights to training samples.

• BaggingPU [95]. This method is based on bootstrap aggregation. It repeatedly trains

classifiers to identify positive examples in the unlabelled set and eventually takes the average

of these classifiers to distinguish positive samples from negative ones.

• nPU [106]. This method proposes a convex formulation while canceling the bias introduced

when one attempts to separate unlabelled data from positive data.

• nnPU [107]. The authors of this paper proposed a method to minimize the risk while reducing

the bias and overfitting of flexible models in unbiased risk estimation.

• ProbTagging [108]. This method is a recent two-stage PU learning approach that identifies

reliable negatives and positives and trains multiple ordinary supervised classifiers. Their

tagging process is based on the k-Nearest Neighbor (kNN) in the input space. Due to the

high-dimensionality of the input space in our dataset, however, kNN was not very effective.

Hence, we trained this method based on representations learned in the first component of

PUTeacher.

• Supervised. For this method, we trained a supervised neural network classifier. Its

test set is the same with PUTeacher as described in Section 3.4.1.1. For teachers in its

training set, we used the same 1,519 annotated teachers used in the User Classification

component of PUTeacher. Additionally, we selected 1,519 users from the unlabelled set

whose unsupervised representations learned from the first component of PUTeacher is
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closest to the representations of annotated non-teachers. Evidently, this method is not a PU

learning approach as it uses both labeled teachers and non-teachers. However, it acts as a

yardstick for other methods and informs us of the problem’s upper bound performance.

For the baselines from literature, we used their publicly available codes. We tuned all methods’

hyperparameters based on 3-fold cross-validation. Each method, including PUTeacher, was run

five times, and the average performance on the test set is reported. The performance metrics are

AUC and F1-score. We implemented our method using the PyTorch package [109]. Table 3.3

shows the results. In addition to reporting the performance on the entire test set, we exclusively

report the performance against the surveyed teachers in terms of the recall. The reason to do this

is the following. Our model uses data from social media (Pinterest) to perform automatic teacher

identification. Given this, we need to ensure that the model is generalizable to other types of

stratified data, i.e., the surveyed teachers. We make the following observations based on these

results.

Table 3.3: Comparing PUTeacher with baseline methods.

Entire Test Set The Surveyed Teachers
Method AUC F1-score Recall
Supervised 0.95 ± 0.008 0.92 ± 0.004 0.96 ± 0.001
ElkaNoto 0.82 ± 0.006 0.80 ± 0.002 0.83 ± 0.005
WElkaNoto 0.79 ± 0.008 0.79 ± 0.007 0.86 ± 0.002
BaggingPU 0.90 ± 0.008 0.87 ± 0.004 0.90 ± 0.008
nPU 0.88 ± 0.01 0.87 ± 0.01 0.87 ± 0.01
nnPU 0.90 ± 0.01 0.89 ± 0.01 0.91 ± 0.03

ProbTagging 0.91 ± 0.002 0.90 ± 0.007 0.93 ± 0.007
PUTeacher 0.93 ± 0.001 0.91 ± 0.001 0.96 ± 0.003

ElkaNoto and WElkaNoto achieved low performance. This is primarily due to their simplistic

dependence on a non-traditional classifier and then adjusting it based on the probability of a positive

sample being labeled, which is hard to estimate in practice. BaggingPU alleviates this problem

by training a bag of classifiers and thus has outperformed ElkaNoto and WElkaNoto. nPU and

nnPU achieved a relatively good performance. However, their dependence on the class prior has

made it hard for them to obtain high performance. ProbTagging achieved a good performance.
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However, in addition to being costly, their employed k-NN is not suitable for high-dimensional

data. PUTeacher outperformed all baselines, and its performance is very close to the supervised

classifier. Regarding the surveyed teachers, we can observe that PUTeacher has achieved a very

high recall, has outperformed all baselines methods, and is on par with the Supervised method.

This indicates that PUTeacher is generalizable to other types of stratified data.

3.5 Resiliency Analysis

In the previous section, we demonstrated that PUTeacher offers excellent performance in

classifying users as teachers and non-teachers. To further ensure the robustness of PUTeacher,

in this section, we perform several important resiliency experiments. These experiments look into

different aspects of PUTeacher (e.g., its input and output) and enable us to ascertain its resiliency.

The resiliency analysis presented in this section is particularly crucial since identified teachers from

PUTeacher are the basis of the studies in the following two chapters of the dissertation.

3.5.1 Input Perturbation
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Figure 3.4: Perturbing the input features using the Gaussian noise.
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The first analysis includes testing the robustness of PUTeacher against noise. To this end, we

added noise to the input data and inspected the performance of the model. More specifically, we

perturbed the three input features, i.e., topic, domain, and description, by adding the Gaussian noise

from a normal distribution N(`, f2) where ` is the mean and f2 is the standard deviation of the

distribution. For this analysis, we set ` = 0 and considered f2 in range [0.001, 0.1]. That is, we

changed the magnitude of the noise. Note that we only perturbed the input data of the test set since

our goal is to determine the robustness of the trained PUTeacher when faced with predicting the

class of unseen noisy instances. Given the uncontrolled and prone-to-noise nature of social media,

encountering such instances is likely in practice. Figure 3.4 demonstrates the results where the

x-axis is the amount of noise (f2), and the y-axis is the AUC on the perturbed test set. We ran

each experiment ten times. Also, as shown in this figure, we considered all combinations of feature

types. We make the following observations based on the results presented in Figure 3.4.

• Even when all features are perturbed and the noise is as high as 0.1, PUTeacher manages

to deliver a good performance in terms of the AUC score. This indicates that our proposed

model, to a large degree, is robust against the noise and can be used as a reliable model to

identify teachers.

• Three cases wherein the descriptions have been kept intact are consistently above the other

ones at each noise level. This shows that among feature types, the description is the most

robust against the noise. Themain reason is that while non-teachers can curate resources from

similar domains and similar topics with teachers, the specific vocabulary used by teachers to

describe their pins is somehow unique.

• The robustness of the topic and domain against noise exhibits a similar pattern. This means

that these two feature types have some similarities. This seems logical since there are specific

domains tied to particular topics, e.g., teacherspayteachers.com to education. Despite this,

both feature types are essential since when both are perturbed, the performance has dropped

significantly– See the red plot in Figure 3.4.
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3.5.2 Imbalance in Number of Pins

As far as the number of curated pins is concerned, not all users on Pinterest are equally active. As

was illustrated in Figure 2.7, the distribution of the number of pins follows a power-law distribution

where most of the users have a small number of pins while a tiny portion of users has a massive

number of pins. Similarly, the distribution of the number of pins for unlabelled users follows

a power-law distribution as demonstrated in Figure 3.5. Furthermore, the first component of

PUTeacher learns representations from this skewed set of users in terms of the number of pins.

Given the importance of the first component of PUTeacher, we need to investigate whether the

imbalance in the number of pins of unlabelled users influences the performance of PUTeacher?
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Figure 3.5: The CCDF of the number of pin for unlabelled users. x-axis is in log scale.

To answer this question, we trained four distinct versions of PUTeacher. In each version, we

trained PUTeacher only on unlabelled users whose number of pins is in a certain range. These

ranges include [1, 500], [501, 5000], [5001, 20000], and [20001, 287762]4, which cover 23319,

36749, 13253, and 3785 number of users, respectively. We call these ranges low,medium, high, and

very high, respectively, signifying the number of pins they include. Note that the only difference

in the four versions of PUTeacher is their unlabelled users. Other parts of the framework are kept

intact. Figure 3.6 shows the ROC curves of these four models. According to this figure, we can
4The maximum number of pins for unlabelled users is 287,762.
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Figure 3.6: The ROC curves of training PUTeacher on four ranges of the number of pins. Numbers
in the parentheses are AUC scores.

observe that training on unlabelled users in the low and medium ranges leads to decreasing the

performance. In contracts, ranges high and very high deliver a better performance. Hence, we can

state that users with a larger number of pins have a larger impact on the performance of PUTeacher.

Based on the above observation, we can assert that the only way that the number of pins causes

a problem is when most unlabelled users have a low or medium number of pins. Nevertheless, this

did not occur in our dataset since our collected unlabelled users consisted of a diverse set of users

in terms of their number of pins. So the question is, what can one do in circumstances when most

users have a relatively low number of pins, i.e., in ranges low and medium as described above?

Here, we briefly mention two possible ways to address this and leave exploring more advanced

approaches for the future. First, one can collect more unlabelled users. Note that unlabelled

data from social media is significantly cheaper and easier to acquire than conducting surveys or

annotating samples. For instance, using only 540 surveyed teachers, we easily collected thousands

of their online friends as unlabelled users. Second, sample generation, e.g., using generative

adversarial networks [110, 111], is another worthwhile direction. Using a generative method, for

instance, one can synthesize pins for a user based on their pin attributes’ distributions.
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3.5.3 Teacher Filtering Parameter Analysis

(a) (b)

Figure 3.7: Sensitivity analysis of the hyperparamter U.

As described in Section 3.3.2, there are two important hyperparameters in the Automatic User

Labeling component of PUTeacher, namely U and V. In this part, we perform a sensitivity analysis

of these two hyperparameters. Figures 3.7 and 3.8 show the sensitivity analysis for U and V,

respectively. For each analysis, we keep one hyperparameter fixed and change the other one. While

changing a hyperparameter, we report two measures: the AUC score of PUTeacher (Figures 3.7a

and 3.8a) as well as the number of automatically labelled teachers and non-teachers (Figures 3.7b

and 3.8b, respectively).

To assess the effect of U, we set V = 0.03. First, from Figure 3.7a, we can observe that for a

proper U, our framework delivers a perfect performance, which indicates that the Automatic User

Labelling component effectively identifies reliable teachers from unlabelled data. Moreover, when

U is too small or too large, the performance drops. The reason for the former is that the Automatic

User Labelingmistakenlymarksmany non-teachers as teachers. In other words, the teacher labeling

filter is not restrictive enough. However, the latter case (i.e., when U is too large) makes the teacher
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labeling filter too restrictive, and thus the framework marks only a small number of teachers–

See Figure 3.7b. Consequently, this makes it hard for the final component of PUTeacher, User

Classification, to learn an effective classifier. Finally, we can observe from Figure 3.7b that when

U increases, the number of automatically labelled teachers decreases.

(a) (b)

Figure 3.8: Sensitivity analysis of the hyperparamter V.

To assess the effect of V, we set U = 0.95. We can observe from Figure 3.8b that when V is small,

the performance is high since automatically labelled users enjoy high reliability. However, when V

is becoming larger, the performance drops. Additionally, an interesting phenomenon occurs when

V is set to a tiny number (less than 0.01): the performance drops significantly. The reason is that the

number of identified non-teachers becomes very small, as shown in Figure 3.8b. Consequently, the

User Classification component cannot properly learn to distinguish the two classes. Finally, one

can observe in Figure 3.8b that by increasing V, the number of automatically labelled non-teachers

increases.
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3.5.4 Applying PUTeacher to Unlabelled Users
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Figure 3.9: The top 10 topics of pins of unlabelled users classified by PUTeacher.
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Figure 3.10: The top 10 words of pin descriptions of unlabelled users classified by PUTeacher.
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Figure 3.11: The top 10 domains of pins of unlabelled users classified by PUTeacher.

As mentioned before, the main goal of PUTeacher is to predict the class of unlabelled users, which

reflects the practical scenario of how PUTeacher would be used. Hence, we used PUTeacher

and predicted the class of unlabelled users (i.e., XD).5 Now, we qualitatively assess two sets of

predicted users: predicted-as-teachers and predicted-as-non-teachers. To make this assessment

comparable, we shuffled predicted users and randomly select 5,000 predicted-as-teachers and 5,000

predicted-as-non-teachers. We retrieved the top 10 topics, 10 words (from pin descriptions), and 10

domains for predicted-as-teachers and predicted-as-non-teachers, as demonstrated in Figures 3.9,

3.10, and 3.11, respectively. We make the following observations based on these results.

• We can observe from Figure 3.9a that, as expected, education is the predominant topic of

pins for predicted-as-teachers while it is not even in the list of top 10 topics for predicted-as-

non-teachers.
5Recall that we do not have ground truth labels for these users.
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• As far as the top 10 words are concerned, we can observe an interesting pattern. Almost

all 10 words of pins belonging to predicted-as-teachers are somehow related to education

and teaching, e.g., kids, students, classroom. In contrast, words associated with pins of

predicted-as-non-teachers are related to other areas such as cooking– Note some words like

recipe, chicken, and cake in Figure 3.10b.

• The word ‘free’ is the first and sixth frequently used word for predicted-as-teachers and

predicted-as-non-teachers, respectively. We believe the main reason is as the following.

First, Pinterest is widely used for business and marketing purposes. Given this, sometimes

users mention the word free to indicate that their shared resources are free of charge explicitly,

e.g., free lessons on how to do photography in nature. Hence, they probably mention the word

free to help propagate their resources. In particular, teachers mention free in pin descriptions

to attract the attention of their fellow teachers to their curated resources.

• The word ‘ideas’ is among the top 10 frequently used terms for pin descriptions of predicted-

as-teachers. We believe such a significant emphasis of teachers on ‘ideas’ in their curated

resources speaks to the distinct pattern employed by teachers in leveraging social media,

in particular Pinterest, where they look for novel and innovative teaching ideas to supple-

ment their educational resources. Such resources might be otherwise unavailable in their

curriculum-based resources [4, 28, 34, 46, 91, 92].

• Another noteworthy word for predicted-as-teachers is ‘fun’. We think the main reason for

this word is that teachers tend to make their curated educational resources more engaging,

e.g., Fun counting coins games for first grade and second grade students.6

• Ultimately, regrading the top 10 domains of pins, it is interesting to observe that teachers-

payteachers.com is the top domain for predicted-as-teachers. teacherspayteachers.com is

an online marketplace connecting millions of teachers and containing more than 5 million

educational resources.
6https://www.pinterest.com/pin/27443878969323415/
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From these observations, we can conclude that 1) PUTeacher can reliably identify teachers

when it is applied to unlabelled (unseen) samples on Pinterest, and 2) the way that teachers

leverage Pinterest for resource curation makes them outstanding among other Pinterest users, i.e.,

non-teachers.

3.5.5 State Representativeness

In this part, we shed light on the resiliency of PUTeacher from the perspective of the U.S. states of

users in our dataset. First, we present the distribution of the U.S. states of users in our dataset. Then,

we specify whether overrepresentation by certain states affects the generalization of PUTeacher to

users from underrepresented states. Eventually, we present the distribution of the U.S. states for

teachers automatically identified by PUTeacher.

3.5.5.1 The U.S. State Distribution
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Figure 3.12: The distribution of the U.S. states for users in our dataset.
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12,302 users in our dataset (around 14%) have shared their locations. We processed the strings of

shared locations and managed to extract the U.S. states for 8,313 users. The state distribution for

these users is shown in Figure 3.12. As can be seen in this Figure, the majority of teachers come

from Indiana, Texas, and Michigan (around 40% combined). The main reason is that our surveyed

teachers were sampled from four Midwest states (including Michigan, Indiana, Illinois, and Ohio)

and Texas– See Figure 2.5. Consequently, those who are friends with these teachers probably come

from the same states. Recall from Section 2.2 that other users in our dataset are Pinterest followers

and followees (i.e., friends) of the surveyed teachers.

3.5.5.2 The U.S. State Generalization of PUTeacher
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Figure 3.13: The ROC curves of PUTeacher’s performance for three levels of state representative-
ness. Numbers in the parentheses are AUC scores.

Now the question is, does this state overrepresentation affect the performance of PUTeacher

when it is used to predict the class of teachers in underrepresented states? To answer this question,

we assessed the performance of PUTeacher on the test set users for three levels of the U.S. state

representativeness, namely over-representative, middle-representative, and under-representative

states. Following the top-down order of states in the y-axis of Figure 3.12, over-representative

states include Indiana, Texas, and Michigan. Middle-representative states are from California to
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South Carolina. Ultimately, under-representative states include the rest of the states from Missouri

to Washington D.C. Figure 3.13 demonstrates the results of this experiment. Interestingly, we can

observe that despite the overrepresentation by several states, PUTeacher delivers an excellent AUC

score for middle-representative and under-representative states. Surprisingly, the performance for

under-representative states is even better than the other two cases. From this experiment, we can

conclude that PUTeacher is entirely robust against the underrepresentation in terms of the U.S.

states of users (including teachers).

3.5.5.3 The U.S. State Distribution of Automatically Identified Teachers
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Figure 3.14: The distribution of the U.S. states of automatically identified teachers.

Finally, it is worthwhile to look into the U.S. state distribution of automatically identified

teachers. To this end, similar to Section 3.5.4, we applied PUTeacher to all unlabelled users

and considered a user as a teacher if their probability of being a teacher is larger than 0.9 i.e.,

according to the notation in Section 3.3.3, HC
8
> 0.9. From those predicted as teachers, we managed

to extract the U.S. states for 1,769 teachers. Figure 3.14 shows the U.S. state distribution of these
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1,769 automatically identified teachers. Similar to the U.S. state distribution of the entire dataset

demonstrated in Figure 3.12, there are high numbers of teachers from Indiana, Michigan, and

Texas. Again, this is because most of the surveyed teachers come from these three states, and

consequently, their online teacher friends likely come from the same states. Despite this, we can

observe that PUTeacher has been able to identify teachers from all states, including Washington

D.C. This indicates the effectiveness of our proposed method and the widespread usage of Pinterest

by teachers.
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CHAPTER 4

GENDER ANALYSIS OF TEACHERS ON SOCIAL MEDIA

4.1 Introduction

Despite being a controversial topic, it is well known that there is a gap between male and female

students when it comes to educational achievements [38]. Some studies attempting to determine

this gap has focused on the role of teacher’s gender. The general motivation behind this focus is

that the academic environment created by teachers can significantly influence the way students see

themselves as learners/students. Then, arguably, the teacher’s gender has a significant role in the

dynamic of this environment. For instance, students who have been discouraged from participation

in classroom activities based on their gender have shown to be uniquely disadvantaged [112].

Moreover, some studies have explicitly investigated the difference in male and female teachers’

treatment of boy and girl students [39, 40, 41, 42]. Although the evidence for the relationship

between same-gender teachers and improvement in students’ achievement is arguable [39], some

still find same-gender teachers educationally relevant. Themain reason is that same-gender teachers

can affect engagement via perpetuating the role model effect and stereotype threat [42]. Regarding

the latter, several studies have shown that male teachers face societal prejudice and judgment for

violating gender stereotypes [113] such as the fear of being accused of inappropriate contact with

students [114, 115] or being labeled as “weird”, “gay”, or “weak” [116]. Given this, perhaps it is no

surprise to know that more than 75% of teachers in the U.S. are females (this number is around 82%

for elementary school teachers) [117]. A similar trend persists in most other countries, especially

in the Western nations [118]. In addition, it is worth mentioning that there have been efforts to

recruit more male teachers due to the lack of male role models for boy students, otherwise knows as

the decline of masculinity [119, 120]. Finally, the discussion about the impact of teachers’ gender

on the quality of education has extended beyond the academic literature, where teacher’s gender

among their other demographic attributes (e.g., race) have been the focus of many discussions
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among policymakers, parents, students, and other educational stakeholders.

From the brief discussion above, we can infer that the current studies concerning the gender

of teachers assume either: a) the teacher’s gender has an innate value, e.g., the role model effect

or b) the behavioral difference in male vs. female teachers is what indeed matters, e.g., the way

teachers manage the classroom or prepare materials [43]. The former is beyond the scope of this

dissertation, and thus this chapter focuses on the latter, where we attempt to determine differences

and similarities in male and female teachers’ behavior. However, unlike current studies, we focus

on analyzing the behavior of male and female teachers through the lens of online social media

where, as discussed in Chapter 1, nowadays plays a significant role in teachers’ professional career

development and is reshaping the entire teaching profession. Moreover, teacher gender analysis

using online social media data compared to traditional educational data (e.g., surveys or interviews)

have several advantages such as the fast and accessible data, less selection bias, and larger sample

size (refer to Chapter 1).

Hence, in this study, we perform an exploratory analysis of male and females teachers on

Pinterest. We focus only on teachers in the U.S. One of the main challenges to perform such a study

is having a representative sample of male and female teachers whereby we mean the percentage of

male and female teachers should be as close as possible to that of the general population of teachers

in the U.S, i.e., 76.5% and 23.5% for female andmale teachers (89% and 11% for elementary school

teachers), respectively [117]. Moreover, to effectively perform a quantitative data-driven analysis,

the sample size should be sufficiently large. Using only our surveyed teachers does not satisfy these

two criteria. First, the percentage of male and female teachers in the surveyed teachers is 2.95%

and 97.05%, respectively, which significantly differs from that of the teacher population in the U.S.

Second, using only 540 teachers on Pinterest might bring into question the statistical significance

of any quantitative analysis. Thanks to the automatic teacher identification framework proposed in

Chapter 3, however, we can address these challenges. As will be presented in Section 4.2, using

this framework, we can automatically identify thousands of teachers on Pinterest while their gender

distribution matches that of the U.S. population of teachers. Using this dataset at our disposal, we
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study male and female teachers on Pinterest from two crucial aspects, as briefly discussed in the

following.

First, we investigate various online activities of male and female teachers, e.g., topics of pins,

domains of pins, the number of boards. The motivation for this type of analysis is to understand

male and female teachers through their resource curation process. Second, we investigate male

and female teachers in the context of the social network (graph) they belong to, e.g., comparing

the centrality of male and female teachers, determining gender homophily. The performed social

network analysis complements online activity analysis by examining how male and female teachers

are connected in a social network.

The novel analysis presented in this chapter sheds light on an unexplored area of research –male

and female teachers on social media– which we believe has a great potential in fostering further

research as it illuminates an important part of teachers’ professional life in the information age (i.e.,

social media). From a practical perspective, our analysis and findings in this chapter can serve as

a useful reference for many entities concerned with teachers’ gender, e.g., educational scientists,

policymakers, principals, state-level and national-level institutes. Moreover, as will be presented,

some of the findings of this chapter are generalizable to all teachers regardless of their gender. In

summary, our contributions in this chapter are as follow:

• Using our previously developed automatic teacher identification framework (Chapter 3), we

build a large and representative sample of male and female teachers on Pinterest.

• To the best of our knowledge, this is the first data-driven study that analyses the teachers in

social media concerning their gender.

• Our analysis considers two crucial aspects of teachers in social media and further informs us

how teacher’s gender plays a role in these aspects.

The rest of this chapter is organized as follows. First, in Section 4.2, we explain how we set

up the dataset. Afterward, the online activity analysis is presented in Section 4.3, followed by the

social network analysis in Section 4.4.
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4.2 Dataset

In this section, we present howwe constructed our dataset of male and female teachers. First, we

discuss how we used our automatic teacher identification framework to incorporate more teachers

in our teacher gender investigation. Afterward, we explain how we specified the gender of teachers,

and finally, discuss the privacy concerns and taken measures to address these concerns.

4.2.1 Employing Automatic Teacher Identification
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Figure 4.1: An overall illustration of our proposed automatic teacher identification approach
(PUTeacher) presented in Chapter 3.

As mentioned in Section 4.1, two major data-related challenges facing our exploratory analysis

of male and female teachers on Pinterest are 1) an insufficient number of teachers and 2) representa-

tiveness of teachers regarding their gender distribution. Using only our surveyed teachers does not

resolve these challenges. While surveying more teachers seems like an immediate option, needless

to say, that surveying is time-consuming, costly, and cumbersome. Hence, it is highly beneficial to

devise a method that can automatically identify teachers on Pinterest. Fortunately, in Chapter 3, we

proposed such an approach. For reference, we have included an overall illustration of our teacher
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identification framework (PUTeacher) in Figure 4.1. To recall, as the input, PUTeacher takes the

data of an unlabelled user, i.e., a Pinterest user connected to the surveyed teachers. As the output,

it yields the probability that the user is a teacher, which is denoted as ? in Figure 4.1. Obviously,

1 − ? would be the probability of being a non-teacher.
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Figure 4.2: The number of identified teachers for different values of threshold g.

Since the output of our automatic teacher identification approach is a probability distribution,

we can set a threshold g to specify the classification outcome, where if ? > g, the user will be

considered a teacher and otherwise a non-teacher. In Figure 4.2, we have plotted the number of

automatically identified teachers when g changes from 0.5 to 1. As shown in this figure, even being

as conservative as g = 0.9, we can identify around 16,000 teachers on Pinterest, which significantly

enlarges the sample size and thus addresses the first challenge mentioned above. In this study, we

set the threshold to 0.9 to ensure high reliability in included users.
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Remark. One might speculate that there might be some non-teachers among automatically

identified teachers. While this can be possible, we believe it does not drastically affect the subsequent

analyses in this chapter due to the following reasons. First, our rigorous evaluation in Chapter 3

revealed that the error in our method is very small. In particular, in Section 3.5, we performed

a thorough resiliency analysis of PUTeacher and ensure it is a robust and reliable approach for

automatic teacher identification on Pinterest. Second, the impact of a small number of incorrectly

identified users will be “smoothed out" by a large number of correctly identified teachers and thus

would not harm the generalizability of our results.

4.2.2 Gender Identification

Now, we have access to a large set of teachers on Pinterest; we need to a) identify their gender and

b) keep only teachers who reside in the U.S. To do so, we perform the following three steps one by

one.

Step 1. As mentioned in Chapter 2, the Pinterest API provided us with the self-declared gender

of users– See Table 2.3. We only kept users whose recorded genders are specified (i.e., “Male” or

“Female”) and excluded “Unspeccified” ones.

Step 2. To further ensure that genders recorded in our dataset are correct, we utilized a secure

and reliable commercial tool named Gender API.1 For a given first name, Gender API determines

its gender. It additionally provides an accuracy value in the range [0, 1] specifying the certainty

in the gender determination. Therefore, we passed all the first names of users from Step 1 to

this program. Afterward, we applied two filtering operations. First, we excluded users whose

corresponding accuracy acquired from Gender API is less than 0.8. Second, we kept only users

whose genders from Pinterest API and Gender API match, i.e., both are male or female.

Step 3. As mentioned before, we need to restrict our analysis to teachers in the U.S. To this

end, we included teachers whose field of country is “US” –See Table 2.3.

1https://gender-api.com/

55

https://gender-api.com/


Webelieve Step 1 and Step 2 combined offer a robust and reliable way of the gender specification

of users. Moreover, Step 3 ensures including only teachers in the U.S. We also excluded users

who had less than 20 pins in their accounts since they were very inactive on Pinterest. Table 4.1

demonstrates some basic statistics about our dataset after the above steps. Given this dataset of male

and female teachers, we can assert that the second challenge (i.e., the gender representativeness)

has been alleviated drastically. More specifically, compared to the surveyed teachers (2.95% male

and 97.05% female), our new set of teachers (88% female and 12% male) is significantly more

similar to the overall gender distribution of teachers in the U.S. (76.5% female and 23.5% male).

Furthermore, the percentages of males and females in our dataset, i.e., 88% female and 12% male,

perfectly match percentages of American elementary school teachers, i.e., 89% female and 11%

male. This is particularly important since it has been shown that most teachers on Pinterest are

elementary school teachers [117]. It is worth mentioning that the overrepresentation of female

teachers on Pinterest is driven by two major factors: a) as mentioned before, the majority of

teachers in the U.S. are female [117], and b) most of Pinterest users are female (around 77% [121]).

In fact, Pinterest has been referred to as ‘feminine’ social media [122, 123, 124].

In addition to the number of users, Table 4.1 shows the statistics of several basic attributes about

male and female teachers, e.g., the number of pins, the number of boards. In the remainder of

this chapter, we will provide a rigorous analysis of these attributes. Finally, we emphasize that our

constructed dataset of male and female teachers is the largest dataset of teachers in social media,

with available gender information.
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Table 4.1: Basic statistics of our constructed dataset of male and female teachers.

Female Teachers Male Teachers Total
#Users 11,675 (88%) 1,592 (12%) 13,267
#Pins 67,705,475 (84%) 13,026,307 (16%) 80,731,782

#Boards 762,669 (88%) 102,986 (12%) 865,655
#Followees 975,775 (82%) 209,165 (18%) 11,84,940

#Followees (unique) 61,016 (70%) 25,940 (30%) 86,956
#Followers 738,326 (70%) 308,403 (30%) 1,046,729

#Followers (unique) 69,288 (68%) 33,036 (32%) 102,324
#Friends 1,714,101 (82%) 517,568 (18%) 2,231,669

#Friends (unique) 81,813 (67%) 40,120 (32%) 121,933

4.2.3 Privacy Concerns

Dealing with the demographic information of human subjects (acquired either through surveys or

online social media) is not without privacy concerns. Nonetheless, we have been fully aware of

these concerns and ensured they are appropriately addressed, as explained in the following.

• Pinterest data is publicly available, and we used authorized Pinterest API to acquire this data.

Notwithstanding this, only authorized individuals have had access to this data.

• Regarding using the Gender API tool, we only submitted users’ first names to this tool. In

addition, we carefully reviewed the privacy statement of this tool2 and ensured it is in line

with our guidelines.

• Although we could have proceeded with using the Gender API tool to determine the gender

of users whose value in our dataset is “Unspecified”, we respected their decision in disclosing

their gender and thus excluded those users in the analysis of this Chapter.

• Sharing our dataset with the scientific community can further advance the research in PK-12

education in general and teachers in social media in particular. Nevertheless, to protect the

privacy of individuals, this sharing will only be possible upon proper communication and

further institutional approval.
2https://gender-api.com/en/privacy-policy
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4.3 Online Activity Analysis

In this section, we present a set of investigations related to the online activities of male and

female teachers. These activities are primarily associated with pins and boards curated by teachers

on Pinterest. We aim to delineate similarities and differences in how male and female teachers

perform their online activities. In Section 4.3.1, we investigate the pin and board curation rate

of male and female teachers. Sections 4.3.2 and 4.3.3 investigate the topics and domains of pins

curated by male and female teachers, respectively. Afterward, in Section 4.3.4, look into the

language used by male and female teachers to describe their pins and name their boards. Finally,

in Section 4.3.5, we investigate how male and female teachers interact with Pinterest over the time.

4.3.1 Resource Curation Rate
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Figure 4.3: The CCDF of the number of pins and boards. x-axes are in log scale.

As its name suggests, Pinterest is all about pins. Also, as mentioned before, pins on Pinterest

are organized in boards. Hence, our first online activity analysis is concerned with the number

of pins and boards generated by male and female teachers. Figure 4.3a and Figure 4.3b show the

cumulative distribution function (CCDF) of the number of pins and boards, respectively. Since not
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all teachers have joined Pinterest at the same time, we need to consider the duration of an account.

To this end, we divided the number of pins and boards by the number of days and weeks from the

time a teacher has joined Pinterest to their last pin and board curation time, respectively. The reason

for normalizing the number of pins and boards by different scales (days vs. weeks) is to account for

the faster rate of pin curation than board curation. As shown in Figure 4.3a, the pinning rates for

males and females are very similar, while for very active users (the tail of the distribution), male

teachers tend to generate more pins. We also found almost identical distributions of the numbers

of boards for male and female teachers (Figure 4.3b). This is in line with [125], which investigated

the board creation rate of the general population of male and female Pinterest users and showed

that their distributions are very similar.
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Figure 4.4: The CCDF of re-pins and non-repins. x-axes are in log scale.

A pin on a user’s account can be either a re-pin of someone else’s pin or an original pin curated

by the same user, which we call non-repin. Note that non-repin does not necessarily mean the user

has created the pin’s content (e.g., image). Instead, it simply means the user has not obtained it

from another Pinterest user. To determine how male and female teachers behave regarding the

re-pinning, Figure 4.4a and Figure 4.4b illustrate the CCDF of the number of re-pins and non-

repins, respectively. In terms of re-pinning, we can observe from Figure 4.4a that both male and
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female teachers behave very similarly. However, as far as the number of non-repins is concerned,

we can observe from Figure 4.3 that male teachers tend to curate more non-repins (original pins)

than female ones. To put it from a different perspective, female teachers on Pinterest are more

“receptive” to sharing others’ resources than male teachers. This is in line with [83] wherein the

authors showed that female users tend to participate more in re-pinning than male users.

4.3.2 Topic of Pins

As discussed in Chapter 2, previous studies have approached teachers in social media from several

different theoretical frameworks. One of these theories, which is pertinent to our investigation in

this part of the dissertation, is affinity space [76] which has been the basis of several teachers in

social media studies [69, 70, 75, 126]. In the context of teachers in social media, affinity space

means teachers leverage social media to interact with each other about certain topic(s) relevant

to their profession. Hence, motivated by the affinity space theory, in this part, we perform an

in-depth investigation of teachers’ topics of interest in their resource curation process. Since the

main focus of this Chapter is the gender analysis of teachers, we conduct our investigation and

present the findings while considering teachers’ genders. As far as topics are concerned, luckily,

Pinterest supports a set of pre-defined topics covering a wide range of categories such as art,

animal, travel, education. A pin can belong to any of the existing 33 topics or ‘others’, i.e., in total,

we have 34 topics.3 Since these topics essentially encode the inherent users’ preference, previous

Pinterest-based studies have incorporated them into their user behavior analysis [86, 83, 125].

4.3.2.1 Top Topics

Figure 4.5 demonstrates the average percentage of each topic for male and female teachers. We

make the following observations based on this figure.

3Both the supported topics and their numbers have slightly changed during the past few years.
Hence, the topics in our dataset might be different from those in previous studies or future ones.
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Figure 4.5: The average proportion of topics for male and female teachers.

• A crucial pattern that is immediately noticeable is that education is the predominant topic for

both gender groups. Regarding our discussion about the affinity space, this signifies that Pinterest

acts as a proper affinity space for teachers since they have leveraged Pinterest as a medium to

focus on a specific topic relevant to their profession, i.e., education.

• Although the predominant topic for both gender groups is education, the percentage of education

is higher for male teachers (55.57%) than female teachers (43.87%). This indicates that male

teachers have focused more on educational resources while female teachers have explored other

types of pins as well. This can be further inferred by looking at the other top topics, e.g.,

food_drink, diy_crafts, wherein female teachers have higher contributions than male teachers. In

the subsequent analysis of this part, we dig deeper into this difference.

• The top four topics cover 78.21% and 83.02% of pins for female and male teachers, respectively.

These skewed distributions indicate the existence of the power-law phenomenon in the topic

distribution. Previous studies have observed a similar pattern regarding the topic distribution on

Pinterest [83, 86, 125].
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• Excluding education, male and female teachers’ preferences in some other topics match what

previous studies have identified. For instance, food_drink and diy_crafts are of the high interest

for both male and female Pinterest users [86, 125].
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Figure 4.6: Average proportion of topics of non-repins for male and female teachers.

To deepen our understating of the distribution of topics, we computed the contribution of male

and female teachers in each topic where we included only non-repins. The result is shown in

Figure 4.6. Consistent with what was presented in Section 4.3 and the previous studies on the

behavior of male and female Pinterest users [83, 84], for all topics, male teachers are more active

in pinning than re-pinning. Moreover, both male and female teachers have made more non-repins

in topics for which the overall number of pins is low, e.g., illustrations_posters. In other words,

teachers curate the primary resources of their interest (i.e., educational pins) by taking them from

other teachers and other Pinterest users. However, they locate pins related to their secondary

interests (i.e., non-educational pins) on the web or directly upload them from their device.
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4.3.2.2 Topic Entropy

For the chart demonstrated in Figure 4.5, we combined all pins curated by a gender group and

then calculated the proportion of each topic. This reveals the overall behavior of male and female

teachers regarding topics. Nevertheless, it does not inform us how an individual teacher behaves

with respect to the topics of the pins they have curated. Therefore, to acquire such information,

similar to previous studies [86, 83, 125], we utilize the notion of topic specialization. A completely

topic-specialized user merely sticks to a single topic while a less topic-specialized user contributes

to various topics. To quantify the topic specialization, we introduce the topic entropy. Suppose we

have : topics T = [C1, C2 · · · C: ] (: = 34 in our dataset). Further, for a given user, let ?C8 denote the

fraction of their whose topic is C8. Then, the topic entropy ()�) of a user D is defined as follows:

)� (D) = −<
:
×

∑
∀C8∈T

?C8 × ;=(?C8 ) (4.1)

where < is the number of topics wherein the user has at least one pin. The term <
:
smooths out

the effect of the natural logarithm in the entropy formulation by accounting for the total number

of topics. )� is in the range [0, ;=(:)] and the closer )� is to 0 (;=(:)) the more (less) topic-

specialized a user is.
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Figure 4.7: The CCDF of the topic entropy (Eq. 4.1).
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Figure 4.7 shows the CCDF of the topic entropy for male and female teachers. As it can

be observed from this figure, female teachers exhibit a smaller degree of topic specialization.

Ottoni et al. [125] and Chang et al. [86] discovered a similar finding regarding female Pinterest

users. Moreover, several psychological/medical studies have demonstrated that men are more

focused than women while women are better at multi-tasking than men [127, 128]. Perhaps our

finding regarding the difference in the topic specialization between male and female teachers (and

even males and females on social media) can be linked to these psychological/medical studies.

Nevertheless, this connection needs further rigorous analysis, and we leave it for future work.

(a) Male & female teachers (b) Female teachers (c) Male teachers

Figure 4.8: The topic entropy based on the number of pins.

One might wonder whether the topic specialization for a user is related to the number of their

pins or not. For instance, we might expect a higher degree of topic specialization for a user with

more pins since potentially more topics could be covered. Hence, we investigated the relationship

between the topic entropy and the number of pins, as demonstrated in Figure 4.8. Figure 4.8a shows

a case where we combined the data of male and female teachers. To exclude the gender from the

relationship between the topic entropy and the number of pins, we investigated this relationship for

each gender group separately. Specifically, Figures 4.8b and 4.8c show the topic entropy vs. the

number of pins for female teachers and male teachers, respectively. For each chart, we also included

a fitted regression line between the topic entropy and the number of pins and the Pearson correlation

between these two variables. For the male and female teachers combined shown in Figure 4.8a, we

can observe that as the number of pins increases, the topic entropy exhibits moderate growth, and

the fitted line enjoys a positive slope. Also, the correlation is 0.28 with the p-value of almost zero,
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which is statistically significant.4 For female teachers, the trend is similar to that of Figure 4.8a,

where we observe a positive correlation (c=0.38) between the topic entropy and the number of

pins. Also, this correlation is statistically significant (p=0.0). Nevertheless, the story is different

for male teachers. According to Figure 4.8c, there is no correlation between the topic entropy and

the number of pins for male teachers. However, since the p-value is large (p=0.24), we cannot

categorically assert no correlation. This motivated us to dig deeper into the relationship between

the topic entropy and the number of pins. To this end, we discretized the number of pins into

three distinct ranges for both male and female teachers. Afterward, we determined the relationship

between the topic entropy and the number of pins in each range. Next, we present the results of

these experiments.
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(d) Boxplots of the topic entropy for each range of the number of pins

Figure 4.9: The topic entropy for male teachers across three distinct ranges of the numbers of pins.

4Hereafter, we consider p < 0.05 as statistically significant.
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Figure 4.10: The topic entropy for female teachers across three distinct ranges of the numbers of
pins.

Figure 4.9 illustrates the results for male teachers.5 Here, we can observe an interesting pattern:

in the low range of the number of pins, i.e., in Figure Figure 4.9a, when the number of pins

increases, male teachers tend to try their hand in different topics, thus increasing the topic entropy.

However, for the middle range, shown in Figure 4.9b, the correlation, while still being positive,

drops significantly. Eventually, for the high range of the number of pins demonstrated in Figure 4.9c,

the correlation becomes negative, which indicates that male teachers tend to become more topic-

specialized. Hence, overall, we can conclude that the more prolific a male teacher becomes, the

more he focuses on specific topics, i.e., becoming more topic-specialized. This can be observed

from the boxplots in Figure 4.9d as well.

5The first ranges start from 20 since we filtered out those teachers with less than 20 pins in their
accounts– See Section 4.2.
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We conducted the same experiment for female teachers and the results are shown in Figure 4.10.

Similar to male teachers, by moving from the lowest range of the number of pins (Figure 4.10a) to

the highest range of the number of pins (Figure 4.10c), the correlation between the topic entropy

and the number of pins drops significantly. However, unlike the male teachers’ case, the correlation

always remains positive regardless of the number of pins. This shows that prolific female teachers,

similar to prolific male teachers, tend to focus on specific topics (being more topic-specialized)

while, compared to males, the extent of this specialization is consistently smaller.

4.3.2.3 Topic Oscillation

Teachers might exhibit topic variation in the sequence of their pins over time. Capturing this vari-

ation can help us understand how much teachers stay on-topic while curating resources. However,

the topic entropy (Eq. 4.1) cannot capture this variation since it calculates the entropy in a set

of pins without considering the sequential order between them. More specifically, a user can be

topic-specialized (i.e., focusing on certain topics) while still frequently drifting in these topics. To

fix the idea, consider a simple example where a user has curated 8 pins having this sequence of

topics [21, 22, 21, 22, 21, 22, 21, 22]. Further, suppose the total number of topics is 10 (: = 10). )�

for this user is 0.13. Compared to the maximum value of the topic entropy, i.e., 2.30,6 this is a low

value for the topic entropy of a user. However, while this user is topic-specialized to a large degree,

they have varied from one topic to another in every two consecutive pins. Therefore, to capture

the variation in topics of pins, we propose the topic oscillation. Let ( = [21, 22 · · · 2=] denote the

chronologically ordered sequence of topics of pins for a given user where 28 ∈ T . Then, the topic

oscillation ()$) of a user is defined as follows:

)$ (D) = 1
= − 1

×
=−1∑
8=1

1(28 = 28+1) (4.2)

6;=(10) = 2.30.
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where 1 is the indicator function.7 The minimum value of )$ (.) is 0 and it occurs when the user

has pinned resources from a single topic. The maximum value of the )$ (.) is 1 and it occurs when

the topic has changed for every two consecutive pins.

0.0 0.2 0.4 0.6 0.8 1.0
Topic oscillation (X)

0.0

0.2

0.4

0.6

0.8

1.0

P(
X>

x)

Female Teachers
Male Teachers

Figure 4.11: The CCDF of the topic oscillation (Eq. 4.2).

Figure 4.11 shows the CCDF of the topic oscillation for male and female teachers. As it can be

observed from this figure, female teachers exhibit a smaller degree of the topic oscillation. In other

words, overall, compared to female teachers, male teachers stay more on-topic while curating pins.

(a) Male & female teachers (b) Female teachers (c) Male teachers

Figure 4.12: The topic oscillation based on the number of pins.

Does having a high or a low number of pins in a user’s account is correlated with their topic

oscillation? To answer this, similar to the topic entropy, we investigated the relationship between

the topic oscillation and the number of pins, as shown in Figure 4.12. When we combined the data

7https://en.wikipedia.org/wiki/Indicator_function
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(d) Boxplots of the topic oscillation for each range of the number of pins

Figure 4.13: The topic oscillation for male teachers across three distinct ranges of the numbers of
pins.

of male and female teachers (i.e., Figure 4.12a), there is almost no correlation between the topic

oscillation and the number of pins. However, the p-value is relatively high, and thus the Pearson

correlation in Figure 4.12a is not statistically significant. A closer look at Figures 4.12b and 4.12c

reveals why the combined data of male and female teachers exhibit no correlation, and the p-value

is high. The reason is that the data of female teachers and male teachers contains two distinct

patterns in terms of the correlation between the topic oscillation and the number of pins where

the former, in general, shows almost no correlation while the latter is associated with a negative

correlation. Therefore, to understated the behavior of male and female teachers regarding the topic

oscillation, we investigated the correlation between the topic oscillation and the number of pins in

the three ranges similar to what we performed for the topic entropy in Section 4.3.2.2.
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(d) Boxplots of the topic oscillation for each range of the number of pins

Figure 4.14: The topic oscillation for female teachers across three distinct ranges of the numbers
of pins.

Figure 4.13 shows the correlation between the topic oscillation and the number of pins for male

teachers in the three ranges of the number of pins. Here we observe a similar pattern with the

topic entropy. For the low range of the number of pins illustrated in Figure 4.13a, the correlation

is positive. For the next range (Figure 4.13b), the correlation decreases, yet it remains positive.

However, the correlation becomes negative for the last range (Figure 4.13c). Hence, based on the

results shown in Figure 4.13, we can conclude that industrious male teachers are more likely to stay

on-topic in their pinning endeavor.

The correlation between the topic oscillation and the number of pins for female teachers in the

three ranges is shown in Figure 4.14. The correlation is positive for the first two ranges, while

for the last one, it becomes negative. Also, the correlation decreases as we move from a range to
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the adjacent one. Thus, as far as female teachers are concerned, they exhibit two distinct patterns

regarding the topic entropy and the topic oscillation. While they accumulate a larger number of

pins, they tend to become less topic-specialized, whereas they manage to stay on-topic.
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(b) The topic oscillation in the three ranges

Figure 4.15: A summary of the topic entropy and the topic oscillation for male and female teachers
(values are median in ranges).

Finally, Figure 4.15a summarizes the topic entropy and the topic oscillation values for the

three defined ranges of the number of pins. We have labeled the three ranges as low, medium,

and high, signifying their relative coverage of the number of pins. In summary, we can conclude

that, compared to female teachers, male teachers are more topic-specialized and tend to stay more

on-topic in their pinning endeavor.

4.3.3 Domain of Pins

As demonstrated in Section 2.2.1, a Pinterest user can pin (save) an image/video from virtually

anywhere on the web in their account. Because of this feature, Pinterest has been referred to as a

social curation website [83, 84, 85, 86, 87, 88]. The social curation nature of Pinterest has made it

very appealing to teachers [4, 80]. Moreover, since the source of a resource can be practically any

place on the web, it is very important in the context of teachers in social media. More specifically,
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the source informs us whom teachers turn to for obtaining educational resources. Then, through

this knowledge, we can characterize the educational resources curated by teachers and assess their

quality which ultimately paves the way to determine the teacher’s quality [79]. Additionally, not

only for teachers but also for the general Pinterest users, the sources of pins play an essential role

in understating the behavior of users [125, 129, 86]. This is because the sources of pins essentially

embed crucial information about the user’s preference and pinning behavior. Hence, in this part

of the dissertation, we investigate the sources of pins. While doing so, we go one step further and

incorporate the gender of teachers in our investigation. Pinterest records the source of a pin, a URL

(Uniform Resource Locator) of the image/video– See Figure 2.2. This URL includes the domain

of the source, e.g., teacherspayteachers.com. Therefore, we investigate the sources of pins via their

domains.

4.3.3.1 Top Domains

Figures 4.16 and 4.18 demonstrate the percentage of each of the top 20 domains of pins for male

and female teachers, respectively. In addition, we calculated the distribution of the top domains

across topics, as shown in Figure 4.17 for male teachers and Figure 4.19 for female teachers. More

specifically, we created the domain-topic matrices �)< and �) 5 for male teachers and female

teachers, respectively. Then, an entry �)<(3,C) or �)
5

(3,C) represents the percentage of pins whose

domain is 3 and topic is C where 3 is a domain from the 20 top domains and C is a topic from 34

existing topics i.e., T . For instance, �)<(4CBH.2><,38H_2A0 5 C) in Figure 4.17 is 75.2, which means the

topic of 75.2% of male teachers’ pins coming from etsy.com is diy_craft. We make the following

observations from these figures.

• First of all, we can observe that the predominant domain for male and female teachers is teachers-

payteachers.com. This seems reasonable since, as mentioned before, teacherspayteachers.com

is the largest marketplace of online educational resources and is very popular among American

educators. In fact, teacherspayteachers.com is colloquially considered ebay.com for educational

resources.
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Figure 4.16: The top 20 domains of pins for male teachers.

• Although the predominant domain for both gender groups is teacherspayteachers.com, its per-

centage is significantly higher for male teachers (21.77%) than for female teachers (7.88%).

Similar to what we observed for topics of pins in Section 4.3.2, this indicates that male teachers

have focused more on certain domains while female teachers have diversified their attention on

different domains.

• Following on the previous point, we can observe from Figure 4.19 that although male teachers

have curated resources from various domains, their attention has been fairly concentrated on

educational content from these domains. On the contrary, female teachers have explored curating

other types of resources from their domains of interest. For instance, 81.7% of pins from

polyvore.com curated by female teachers are related to women’s fashion. In other words, the

domain-topic matrix �)< shown in Figure 4.17 is more sparse than �) 5 in Figure 4.19. As a

simple measure of sparsity, we calculated the number of zero elements in each matrix divided

by 680, the number of entries in a matrix, since 20 domains × 34 topics = 680. The sparsity for

�)< is 0.62, while its value for �) 5 is 0.47.

73



an
im
al
s

ar
ch
it
ec
tu
re

ar
t

ca
rs
_m

ot
or
cy
cl
es

ce
le
br
it
ie
s

de
si
gn

di
y_
cr
af
ts

ed
uc
at
io
n

fil
m
_m

us
ic
_b
oo
ks

fo
od
_d
ri
nk

fo
r_
da
d

ga
rd
en
in
g

ge
ek

ha
ir
_b
ea
ut
y

he
al
th
_f
it
ne
ss

hi
st
or
y

ho
lid
ay
s_
ev
en
ts

ho
m
e_
de
co
r

hu
m
or

ill
us
tr
at
io
ns
_p
os
te
rs

ki
ds

m
en
s_
fa
sh
io
n

ot
he
rs

ou
td
oo
rs

ph
ot
og
ra
ph
y

pr
od
uc
ts

qu
ot
es

sc
ie
nc
e_
na
tu
re

sp
or
ts

ta
tt
oo
s

te
ch
no
lo
gy

tr
av
el

w
ed
di
ng
s

w
om

en
s_
fa
sh
io
n

Topics

teacherspayteachers.com
Uploaded by user

youtube.com
etsy.com

sharingkindergarten.com
options-trading-mastery.com

mrswillskindergarten.com
theintentionalmom.com

flickr.com
instagram.com

fernsmithsclassroomideas.com
igamemom.com

buzzfeed.com
blog.maketaketeach.com

hojosteachingadventures.com
notconsumed.com

upperelementarysnapshots.com
missgiraffesclass.blogspot.com

bloglovin.com
bookunitsteacher.com

To
p 

20
 d

om
ai

ns

0.0 0.0 0.0 0.0 0.0 0.0 0.3 99.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.3 0.0 0.5 0.0 0.1 0.0 2.4 89.9 0.3 0.8 0.0 0.1 0.1 0.1 0.7 0.1 1.0 0.4 0.9 0.0 0.3 0.0 0.5 0.0 0.0 0.2 0.8 0.0 0.1 0.0 0.0 0.1 0.0 0.3

0.2 0.0 0.4 0.0 0.0 0.0 0.8 95.3 1.2 0.2 0.0 0.0 0.0 0.1 0.1 0.1 0.1 0.0 0.2 0.0 0.5 0.0 0.3 0.0 0.1 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.1 0.0 2.5 0.0 0.0 0.5 75.215.1 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 1.3 0.7 0.2 0.0 0.5 0.0 0.3 0.0 0.0 1.6 0.7 0.0 0.3 0.0 0.0 0.1 0.4 0.3

0.0 0.0 0.0 0.0 0.0 0.0 0.4 99.4 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 1.3 0.4 0.0 0.0 16.756.5 0.4 2.1 0.0 0.0 0.4 0.4 0.8 0.0 0.0 1.3 0.0 0.0 0.4 0.0 0.0 0.0 0.4 8.4 7.9 0.4 0.0 0.0 2.1 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.4 99.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.3 0.0 0.0 0.0 0.0 0.0 38.2 6.5 0.0 4.7 0.0 0.0 0.0 0.0 0.7 0.0 0.1 2.8 0.0 0.0 43.5 0.0 0.1 0.1 0.0 0.0 2.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0

1.2 0.0 1.1 0.0 0.2 0.5 13.575.5 0.5 1.1 0.0 1.1 0.0 0.2 0.0 0.2 0.9 1.1 0.2 0.0 0.2 0.0 1.2 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.2 0.6 0.0 0.2

0.0 0.0 0.0 0.0 0.0 0.0 1.2 91.4 0.1 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 6.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 1.1 98.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 3.5 91.9 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.0 3.4 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0

0.6 0.0 0.2 0.0 0.0 0.0 7.4 78.3 2.0 2.6 0.0 0.2 0.1 0.2 0.1 0.1 2.1 1.2 1.7 0.0 0.5 0.0 0.7 0.2 0.1 0.0 1.1 0.0 0.0 0.0 0.0 0.5 0.2 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.1 99.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 1.1 98.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 13.028.0 0.7 3.4 0.0 0.0 0.0 0.0 1.0 0.0 3.6 0.3 0.0 0.0 41.7 0.0 0.0 0.0 0.0 0.0 8.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 99.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.0 0.0 0.0 0.0 0.1 99.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 0.3 0.0 0.0 0.0 2.3 95.4 0.0 0.4 0.0 0.1 0.0 0.0 0.0 0.0 0.3 0.1 0.2 0.0 0.1 0.0 0.2 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.2

0.0 0.0 0.0 0.0 0.0 0.0 0.0 99.3 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0

20

40

60

80

100

Figure 4.17: The distribution of the top 20 domains for male teachers across topics (�)<).

• Despite the difference in sparsity between �)< and �) 5 , for both gender groups, the pre-

dominant topic of pins coming from the top 20 domains is still education– See the column

corresponding to education in �)< (Figure 4.17) and �) 5 (Figure 4.19). While some of these

domains are evidently educational websites such as missgiraffesclass.blogspot.com, both male

and female teachers have curated a significant number of educational resources from the general-

purpose sources as well e.g., youtube.com, amazon.com. This indicates that, overall, both gender

groups seek educational materials from most sources they encounter. Figure 4.20 illustrates an

example of an educational pin curated from youtube.com.

• A relatively large portion of pins for both gender groups does not have a domain from the web

as the user has directly uploaded them, namely 3.59% for male teachers and 5.72% for female

teachers.8 To put these numbers in perspective, we processed the data of non-teachers in our

dataset9 and discovered that there is a tiny percentage (0.23%) of pins whose domain is “Uploaded

8Technically, the domain for these pins in our dataset is “Uploaded by user”–See Table 2.1.
9For non-teachers, we used a similar procedure described in Section 4.2 and considered a user

as non-teacher if ? < 0.05.
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Figure 4.18: The top 20 domains of pins for female teachers.

by user”. Furthermore, results presented in Figures 4.17 and 4.19 reveal that the topic of most

of these pins is education (89.9% and 80.4% for male and female teachers, respectively). Given

this, we can state that both male and female teachers actively curate educational resources not

only by acquiring them from online sources but by directly creating and sharing them with their

peers.

Consistent with Torphy et al. [79], our findings indicate that teachers frequently turn to their

fellow teachers online for educational resources and professional materials. We mentioned “fellow

teachers” because online educational resources are mainly prepared by other teachers/educators.

For example, resources from teacherspayteachers.com are primarily curated by teachers themselves.

However, compared to Torphy et al. [79], our investigation has three distinct differences. First, we

performed the domain analysis of teachers’ online resources in a significantly larger scale fashion:

ours includes 80,731,782 pins from 13,267 teachers (male and female teachers combined) while

[79] included 140,287 pins from 197 teachers. Second, they found out that educator blogs were

the predominant sources of pins, followed by “Teacher-to-Teacher Consumption Markets (TTM)”

websites. However, according to our findings, TTMs, especially teacherspayteachers.com are the
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Figure 4.19: The distribution of the top 20 domains for female teachers across topics (�) 5 ).

predominant sources of pins. According to [79], “educator blogs include independent websites

created by individuals or groups of teachers who openly reflect and share their professional values,”

e.g., missgiraffesclass.blogspot.com. Finally, we incorporated the gender of teachers in our domain

analysis and demonstrated male and female differences and similarities regarding the sources of

their pins.

4.3.3.2 Domain Entropy

Similar to the topic entropy in Section 4.3.2, we also investigated the domain specialization. A

completely domain-specialized user gets their pins from a single domain while a less domain-

specialized user tries out different domains.10 LetD = [31, 32 · · · 3: ] denote the set of : domains.

In the dataset used in this chapter, combining the domains of pins of male and female teachers, in

total, we have 46, 377 unique domains (i.e., k= 46, 377). Further, for a given user, let ?38 denote

10The term “domain-specialized” is used in the context of this dissertation and the domains of
teacher-curated resources on Pinterest. Therefore, it should not be confused with the term domain
expert (https://en.wikipedia.org/wiki/Subject-matter_expert).
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Figure 4.20: An example of an educational pin curated from youtube.com.

the fraction of pins whose domain is 38. Then, we define the domain entropy (��) as follows:

�� (D) = −
∑
∀38∈D

?38
× ;=(?38 ) (4.3)

Compared to the topic entropy in Eq. 4.1, here we do not account for the number of domains from

which a user has at least one pin, i.e., an equivalent of the term <
:
in Eq. 4.1 is omitted from the

definition of the domain entropy. The reason is we havemany unique domains (specifically 46, 377),

and such a term would be almost zero and consequently would zero out the domain entropy.

Figure 4.21 shows the CCDF of the domain entropy for male and female teachers. As it can

be observed from this figure, female teachers exhibit a smaller degree of domain specialization.

Combined with what we found out in Section 4.3.2, male teachers are more specialized in both

topic and domain. Since the range of existing domains is significantly larger than existing topics

(46, 377 versus 34), the domain entropy has a larger scale than the topic entropy. More specifically,

the maximum value for the domain entropy is ;=(46377) = 10.74 while for the topic entropy the

maximum value is ;=(34) = 3.52.

Similar to Section 4.3.2, here we attempt to determine the relationship between the number of

pins and the domain entropy. Figure 4.22 demonstrates the plots of the domain entropy versus the
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Figure 4.21: The CCDF of the domain entropy (Eq. 4.3).

(a) Male & female teachers (b) Female teachers (c) Male teachers

Figure 4.22: The domain entropy based on the number of pins.

number of pins with fitted regression lines for three cases: male and female teachers combined

(Figure 4.22a), female teachers only (Figure 4.22b), and male teachers only (Figure 4.22c). The

overall trend shown in Figure 4.22a shows that the more pins a user has, the higher the domain

entropy is. Nevertheless, this trend is driven by two opposite forces from the data of male and

female teachers. More specifically, for female teachers, the higher number of pins results in the

higher domain entropy, whereas for the male teachers, the domain entropy decreases when the

number of pins increases. This can be further confirmed by the positive (negative) correlation as

well as the positive (negative) slope for the fitted regression lines in Figures 4.22b and Figures 4.22c,

respectively.

The distinct patterns that emerged from the data of male and female teachers regarding the

relationship between the domain entropy and the number of pins motivated us to dig deeper into
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(d) Boxplots of the domain entropy for each range of the number of pins

Figure 4.23: The domain entropy for male teachers across three distinct ranges of the numbers of
pins.

this relationship, similar to what we performed in Section 4.3.2. To this end, we investigated this

relationship in three ranges of the number of pins. Figure 4.23 and 4.24 show the results for male

and female teachers, respectively. For male teachers, we can observe a similar pattern with what we

presented in Section 4.3.2. At the first range, demonstrated in Figure 4.23a, the correlation between

the number of pins and the domain entropy is positive and relatively large. This correlation remains

positive yet drops significantly in the middle range (Figure 4.23b) and eventually becomes negative

in the last range (Figure 4.23c). Hence, the more prolific male teachers become, the more they

tend not to explore more domains, i.e., they prefer to focus on a smaller set of domains. Regarding

the changes from a range to the next one, female teachers exhibit a similar behaviour where the

correlation from the first range (Figure 4.24a) to the second range (Figure 4.24b) and eventually
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(d) Boxplots of the domain entropy for each range of the number of pins

Figure 4.24: The domain entropy for female teachers across three distinct ranges of the numbers of
pins.

to the third one (Figure 4.24c) decreases monotonically. Nevertheless, compared to male teachers,

there exists a major difference: at each range, the magnitude of the correlation is significantly

higher for female teachers, i.e., 0.8 vs. 0.47, 0.33 vs. 0.16, and −0.03 vs. −0.36, respectively.

4.3.3.3 Domain Oscillation

Although teachers might focus on certain domains (i.e., being domain-specialized), they might

frequently switch from one domain to another. The domain entropy cannot capture this variation

based on the same reasoning discussed for the topic entropy. Hence, similar to the topic oscillation

defined in Eq. 4.2, we define the domain oscillation. Suppose ( = [01, 02 · · · 0=] denote the

chronologically ordered sequence of domains of pins for a given user where 08 ∈ D. Then the

80



0.0 0.2 0.4 0.6 0.8 1.0
Domain Oscillation (X)

0.0

0.2

0.4

0.6

0.8

1.0

P(
X>

x)

Female Teachers
Male Teachers

Figure 4.25: The CCDF of the domain oscillation (Eq. 4.4).

domain oscillation (�$) is defined as follows:

�$ (D) = 1
= − 1

×
=−1∑
8=1

1(08 = 08+1) (4.4)

where 1 is the indicator function. The minimum value of �$ (.) is 0 and it occurs when the user

has pinned resources from a single domain. The maximum value of the �$ (.) is 1 and it occurs

when the domain has changed for every two consecutive pins.

Figure 4.25 demonstrates the CCDF of the domain oscillation for male and female teachers. As

shown in this figure, female teachers exhibit a smaller degree of domain specialization, i.e., overall,

they are less domain-specialized.

(a) Male & female teachers (b) Female teachers (c) Male teachers

Figure 4.26: The domain oscillation based on the number of pins.

Again, we attempt to look into the domain oscillation for male and female teachers while con-
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sidering the number of pins. In other words, does the number of pins is related to the domain

oscillation? The same as before, we performed this investigation for three cases as shown in Fig-

ure 4.26: male and female teachers combined (Figure 4.26a), female teachers only (Figure 4.26b),

male teachers only (Figure 4.26c). Interestingly, for all three cases, the domain oscillation nega-

tively correlates with the number of pins. In other words, the more pins a teacher has, the less they

oscillate from a domain to another. Here, unlike the domain entropy, male and female teachers

show similar behavior.

(a) Range [20, 1461] (b) Range [1462, 5762] (c) Range [5762, 244333]
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(d) Boxplots of the domain oscillation for each range of the number of pins

Figure 4.27: The domain oscillation for male teachers across three distinct ranges of the numbers
of pins.

To deepen our understating of the relationship between the domain oscillation and the number

of pins, again, we discretized the number of pins into three equal-size ranges for male and female

teachers and then inspected the relationship. Figure 4.27 shows the results for male teachers. There
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is no correlation between the domain oscillation and the number of pins for the first two ranges

(i.e., Figures 4.27a and 4.27b). Nevertheless, the p-values for these two ranges are large, and thus

they are not statistically significant. The main reason that the correlations in these two ranges are

not statistically significant is the presence of a relatively large number of outliers. The outliers are

visually visible in Figures 4.27a and 4.27b, which are the data points whose domain oscillation is

less than 0.8. Later, we will discuss more about the observed phenomenon in these two ranges

for male teachers (i.e., the results shown in Figures 4.27a and 4.27b) and how to make sense of

it. However, the story for the third range, shown in Figure 4.27c, is different, where we observe

a moderate negative correlation (−0.36), which is also statistically significant. Hence, for prolific

male teachers, the more they pin, the less they tend to vary in the domains of the pins.

(a) Range [20, 1716] (b) Range [1716, 5067] (c) Range [5068, 173103]
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(d) Boxplots of the domain oscillation for each range of the number of pins

Figure 4.28: The domain oscillation for female teachers across three distinct ranges of the numbers
of pins.
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Figure 4.28 shows the results of the correlation between the number of pins and the domains

oscillation across the three defined ranges of the numbers of pins for female teachers. The first

range (Figure 4.28a) shows a small positive correlation between the domain oscillation and the

number of pins. This correlation becomes almost zero in the second range (Figure 4.28b). Hence,

if the number of pins for female teachers is not very large (i.e., the first two ranges in Figure 4.28),

the more they pin does not have an impact on their behavior regarding the domain oscillation.

For the last range, we observe a similar pattern with that of males teachers: a moderate negative

correlation between the domain oscillation and the number of pins. Hence, similarly, for prolific

female teachers, the more they pin resources, the less they tend to vary in the domains of pins.

Referring back to the results demonstrated in Figure 4.27, we can discern an interesting similarity

between the plots in the first two ranges for male teachers and female teachers i.e., Figure 4.27a

with Figure 4.28a and Figure 4.27b with Figure 4.28b. It seems the data in male-related ranges

are the sparse versions of female-related ranges, where for male teachers, we only have fewer data

points while its pattern is similar to female teachers. This fewer number of data points consequently

made the p-value high. Furthermore, in the first two ranges for female teachers, more data points

helped obtain statistically significant correlations. Hence, for the first two ranges, male and female

teacher data distributions are very similar, and we can generalize our findings for female teachers

to male teachers. Based on the above discussion, it is safe to state that when the number of pins for

male teachers is not very large (i.e., the first two ranges in Figure 4.27), the more they pin does not

have an impact on their behavior regarding the domain oscillation.

Figure 4.29 summarizes the domain entropy and the domain oscillation values for the three

defined ranges of the number of pins. We have labeled the three ranges as low, medium, and high,

signifying their relative coverage of the number of pins. In summary, we can conclude that male

teachers are more domain-specialized than female teachers and tend to vary less in sources of pins

they curate.
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Figure 4.29: A summary of the domain entropy and the domain oscillation for male and female
teachers (values are median in ranges).
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Figure 4.30: The top 30 words of pin descriptions for male and female teachers.

4.3.4 Language of Resources

To further investigate pins and boards curated bymale and female teachers, we now look into the top

words associated with pins and boards. For pins, we acquired the top words from pin descriptions

and for boards from board names. For both of these textual inputs, we used the NLTK package [104]
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Figure 4.31: The top 30 words of board names for male and female teachers.

and performed appropriate pre-processing, e.g., removing punctuations and stop words (e.g., ‘!’,

‘the’), stemming the tokens (e.g., ‘education’ to ‘educ’). As a result, figure 4.30 demonstrates the

top 30 words associated with pins curated by male and female teachers. Similarly, Figure 4.31

shows the top 30 words associated with board names for male and female teachers.

According to Figures 4.30 and 4.31, almost all the top words associated with pin descriptions

and board names curated by both male and female teachers are related to education and teaching

e.g., student, classroom, grade, school, math. This signifies that both male and female teachers

predominately leverage Pinterest to curate resources related to their teaching profession. In other

words, in line with previous studies [28, 5, 34], teachers utilize Pinterest for professional purposes.

However, our study in this chapter is the first one corroborating this fact for both male and female

teachers. Furthermore, similar to our findings in Section 3.5.4, some words like ‘fun’ and ‘idea’ are

among the top words in the board names and pin descriptions of both gender groups. Again, this

demonstrates the distinct way that teachers leverage social media for education-related purposes.

A closer look at Figure 4.30 reveals that 25 out of the top 30 pin-related words are common

betweenmales and females. Regarding board-related words, 22 out of the top 30 words are common

between the two gender groups. These two observations indicate that male and female teachers
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Figure 4.32: Similarity of the top-k pin-related word lists using Rank-biased Overlap (RBO).

employ a very similar professional vocabulary in their pin and board curation activities. However,

the order of the top pin-related (and board-related) words for male teachers is different from that of

female teachers. Therefore, to more rigorously compare the ranked list of the top words for male and

female teachers, we used Rank-biased Overlap (RBO) [130]. RBO takes two ranked lists as the input

and returns a numeric value (0 ≤ A ≤ 1), indicating the similarity between the two lists. The closer

A is to 1, the more similar the two ranked lists are. Compared to traditional ranked list comparison

methods like Kendall tau11, the main advantage of RBO is that it can handle non-conjointness, i.e.,

the items in the two ranked lists do not necessarily need to overlap (for more detail about RBO,

refer to [130]). We calculated the similarity between the two ranked lists of words while varying

the length of lists. Figures 4.32a and 4.32b demonstrate the result of this experiment for the top

words of pins and boards, respectively. When the size of lists is small, the similarity between the

male-related ranked list and the female-related ranked list is small. This seems reasonable since

for a small list, the two list are very different as can be seen in Figures 4.30 and 4.31. Nevertheless,

once we expand the ranked lists, the similarity increases. This indicates that, overall, male and

female teachers act similarly in terms of the language of their curated resources.

11https://en.wikipedia.org/wiki/Kendall_rank_correlation_coefficient
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4.3.5 Resource Curation Over Time

Another aspect of teachers in social media is concerned with when teachers participate in online

activities. Studying time helps us understand how teachers interactwith space outside of their class-

room. This is particularly important since teachers spend a considerable amount of time seeking out

educational materials for their pedagogical needs, e.g., up to 12 hours, according to [131]. Given

this, characterizing when teachers interact with social media has been investigated in the literature.

For instance, Rosenberg et al. [75] considered the conversations around state-level education-related

hashtags on Twitter as affinity spaces and further answered when teachers/educators participate in

these spaces. They analyzed, for example, the percentage of participants per day of the week, which

helped understand the unique ways that their sampled teachers are using Twitter for professional

purposes. We have performed similar analyses, as will be explained in this part. In another relevant

study, Greenhalgh and Koehler [126] characterized the timing around #educattentats, a hashtag

about Paris terrorist attacks that occurred in November 2015. #educattentats attempted to organize

teachers on how to discuss the attacks with their students.

Our investigation in this part has several unique characteristics. First, the social media data in the

previous studies are associated with a specific scenario or project that gathers teachers, e.g., specific

hashtags [126, 75]. Nevertheless, our data reflects the entire timeline of thousands of teachers on

Pinterest from the day they joined until November 2019. Given this, we have a better picture of

teachers’ interaction with social media. Second, most previous studies looked into the interaction

of teachers with social media through inter-teacher online conversations, e.g., tweeting about a

specific topic or posting in a specific teacher-related Facebook group. This has its own merits e.g.,

helping to understand teacher professional development process [47, 46, 48, 49]. However, we

believe approaching the temporal analysis of the interaction of teachers with social media through

the lens of their curated resources is closely related to teachers’ classroom pedagogical activities

and, thus, educationally carries more weight. Third, for the first time, we have incorporated the

gender of teachers in the temporal analysis of teachers’ interaction with social media.
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Figure 4.33: The average percentage of pin curations on each day of the week for male and female
teachers.

4.3.5.1 Days of the Week

Figure 4.33 demonstrates the average percentage of pins curated on each day of the week for male

and female teachers. Similarly, Figure 4.34 demonstrates the average percentage of boards curated

on each day of the week for male and female teachers. Regarding the gender of teachers, there

is no significant difference between male and female teachers, neither for pins nor for boards.

However, during the weekends, female teachers tend to become slightly more active in pin and

board curation than male teachers. Moreover, interestingly, distributions of pin and board curations

are very similar. This suggests that teachers have a specific weekly schedule to utilize social

media for resource curation. Another crucial observation from Figures 4.33 and 4.34 is that

during weekends, teachers (both males and females) are more active. Considering being busy at
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Figure 4.34: The average percentage of board curations on each day of the week for male and
female teachers.

school during weekdays, it seems logical that teachers allocate more time on their weekends to use

Pinterest. This finding is especially outstanding since the higher activity of teachers on Pinterest

during the weekends is in contrast with the overall usage pattern of Pinterest, where weekends have

the least amount of traffic [132]. Similarly, Rosenberg et al. [75] found a distinct weekly pattern

of tweeting for teachers on Twitter, which happened to be at odds with the overall Twitter usage

pattern.

4.3.5.2 Months of the Year

Continuing the temporal analysis of pin and board curations, in this part, we look into months of the

year (i.e., January, February, · · · , December). Figure 4.35 demonstrates the average percentage of

90



Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month of Year

0

2

4

6

8

10

Pr
op

or
tio

n 
of
 P
in
s (

%
)

Male Teachers
Female Teachers

Figure 4.35: The average percentage of pin curations in each month of the year for male and female
teachers.

pin curations in each month of the year for male and female teachers. Similarly, Figure 4.36 shows

this for board curations. According to these figures, there is no significant difference between male

and female teachers concerning the number of curations in months of the year. An interesting

observation is the higher curation activity in the summer months, namely June, July, and August.

In this period of the year, teachers have more free time, and they can curate more educational

materials and thus prepare themselves for the next teaching semester in August/September. Another

pattern is a relatively high degree of board curations in January. Note that boards are essentially

organizational folders representing teachers’ professional perspectives regarding pins worth saving

and sharing [79]. Given this, perhaps at the beginning of the year, teachers start to create more

boards to collect resources for the rest of the year.
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Figure 4.36: The average percentage of board curations in each month of the year for male and
female teachers.

4.3.5.3 Days of the Month

Finally, in this part, we investigate the curation pattern for each day of the month, i.e., 1, 2, · · · 31.

Figure 4.37 demonstrates the average percentage of pin curations on each day of the month for male

and female teachers. Similarly, Figure 4.38 shows this for board curations. Since in the Gregorian

calendar, the months are either 28, 29, 30, or 31 days long, there is less amount of activity for

days 29, 30, and 31. For the rest of the days, we can observe that, on average, teachers perform

resource curation across all days without any significant variation. However, the numbers for male

teachers exhibit more variation than for female teachers. We believe the reason is the artifact of the

underrepresentation of male teachers, where we might not have enough data to populate each day

as much as we do for female teachers.

92



01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
Day of Month

2.0

2.2

2.4

2.6

2.8

3.0

3.2

3.4
Pr
op

or
tio

n 
of
 P
in
s (

%
)

Male Teachers
Female Teachers

Figure 4.37: The average percentage of pin curations in each day of the month for male and female
teachers.

In conclusion, our large-scale temporal investigations in Sections 4.3.5.1, 4.3.5.2, and 4.3.5.3

indicates three crucial findings:

• Teachers are committed to using social media for educational purposes. This commitment

is especially notable since our analysis showed that they spend time from their leisure to

interact with social media (here Pinterest), e.g., over the weekends.

• Teachers’ usage of social media is persistent and perpetual, as demonstrated in previous

studies as well [4, 92].

• Teachers shape their unique pattern of using social media compatible with their teaching

schedule and the school-year calendar.
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Figure 4.38: The average percentage of board curations in each day of the month for male and
female teachers.

4.4 Social Network Analysis

In Chapter 1, we discussed the importance of teachers in social media and how they improve

education. In particular, online social media helps teachers share information and resources. These

resources can be diffused rapidly to them classroom. What has made this rapid diffusion possible

is the network formed among teachers. Within this network, teachers form ties (connections) and

communities (or socialized knowledge communities [78, 133]) to exchange knowledge. Not only

online networks but also traditional school-level teacher networks have been shown to provide

educational opportunities [25, 134]. Hence, to better understand teachers in social media, we

need to investigate the network that embeds teachers. To this end, social network analysis offers

us analytical approaches to study the network. Social network analysis is widely used in various

areas [102, 135, 136, 137, 138]. In particular, it has been used an analytical framework to study

teachers in social media [6, 139, 140, 141, 8, 142].

In this section, we utilize social network analysis and study our Pinterest network from multiple
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perspectives. While performing the network/graph analysis, we consider the gender of teachers

as well. In Section 4.4.1, we look into the distribution of online connections for male and female

teachers. Then, in Section 4.4.1, we investigate centrality measures. Eventually, In Section 4.4.3,

we investigate the gender homophily among male and female teachers.

4.4.1 Distribution of Connections
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Figure 4.39: The CCDF of number of connections for male and female teachers. x-axes are in
log-scale.

Figures 4.39a, 4.39b, 4.39c demonstrate the CCDF of the number of followers, the number of

followees, and the total number of friends (i.e., the followers and followees combined), respectively.

As it can be observed, when the number of followers and the number of followees are small, the

distributions are almost identical for male and female teachers. Nevertheless, the probability of

having many followers/followees is slightly more for male teachers than females. Also, in general,

male teachers tend to have more friends.

To go deeper into the distribution of the number of connections, Figure 4.40 shows the CCDF

of the number of followers and the number of followees for each gender group separately. First,

regarding the distributions of the number of followers vs. the number of followees, we can observe

fromFigure 4.40b that, in general, female teachers havemore followees than followers. According to

the CCDF curve, it means: ∀ = %(# 5 >;;>F4AB > =) ≤ %(# 5 >;;>F44B > =). We face a different
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Figure 4.40: The CCDF of number of connections based on their types for each gender group
separately. x-axes are in log-scale.

scenario formale teachers demonstrated in Figure 4.40a. We see the same pattern when the numbers

of followers and followeess are low: male teachers have more followees than followers. This

technically means∀ = ∈ [1, =1] %(# 5 >;;>F4AB > =) < %(# 5 >;;>F44B > =) where =1 in our data

is 126. However, when the number of followers and followees increases, the chance of having more

followers is higher than followees, i.e., ∀ = > =1 %(# 5 >;;>F4AB > =) > %(# 5 >;;>F44B > =).

Hence, we can conclude that when male teachers expand their networking, they can have more

people follow them.

Is there any correlation between the number of followers and followees? Furthermore, how do

male teachers and female teachers differ regarding that correlation? To answer these questions,

Figure 4.41 illustrates the regression plot between the number of followers and the number of

followees for male and female teachers. For both gender groups, the correlation is positive, not

very large, however. This means that more number of followees leads to more number followers.12

This correlation is higher for male teachers than for female ones. Another question is, does the

12The reason we mentioned the causality from followee to follower stems from the usual online
user behavior where they follow more people to get more followers, not the other way around.
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(a) Male teachers (b) Female teachers

Figure 4.41: Regression plots of the number and the number of followees.

increase in the number of followers come from those who have already been followed? More

specifically, are friendships reciprocal in a way that if a user (teacher) follows someone, that person

follows the user back? To answer this question, we define reciprocity for a user as follows:
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Figure 4.42: The CCDF of the reciprocity for male and female teachers.
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A428?A>28CH(D) = |�! (D) ∩ �$ (D) ||�$ (D) | (4.5)

where �! (D) denotes the list of followers for user D and �$ (D) denotes the list of followees.

Essentially, A428?A>28CH(D) determines out of those whom D follows what fraction have followed

them back. Note that A428?A>28CH(D) ∈ [0, 1]. Figure 4.42 demonstrates the CCDF of reciprocity

index for male and female teachers. We can observe that, in general, male and female teachers have

a close reciprocity value. The reciprocity of female teachers is slightly higher, though (the average

values of reciprocity for male and female teachers are 0.24 and 0.27, respectively). A previous

study on some general users on Pinterest found similar results regarding the reciprocity of males

and females [125]. Furthermore, to put the reciprocity of male and female teachers in perspective,

the average value of reciprocity for non-teachers in our dataset is 0.35, which is not very high either.

Hence, overall, both male and female teachers do not have a high reciprocity value. We speculate

this is related to the social curation nature of Pinterest, where users might not feel “obligated” to

follow back since the formation of friendship in order to receive information is not as crucial as

other social media platforms such as Facebook and Twitter. We will leave further investigation

about the exact reasons behind the relatively low reciprocity on Pinterest, especially for teachers,

in the future.

4.4.2 Centrality

Centrality is one of the most important notions in social network analysis. It essentially assigns

a node a number based on their position in the network. Centrality has many applications in

various networks [143, 144, 145]. As will be discussed in the next chapter, centrality significantly

influences the diffusion of information. Hence, as part of our investigation of male and female

teachers on Pinterest, it is essential to compare their centrality. To this end, we computed three

notable measures of centrality, namely eigenvector centrality, closeness centrality, and betweenness

centrality. Eigenvector centrality assigns a high score to a node if connected to other high central

nodes. Closeness centrality is the average length of the shortest path between the node and all other
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Figure 4.43: The CCDF of centrality measures for male and female teachers. x-axes are in log
scale.

nodes in the graph. Thus the more central a node is, the closer it is to all other nodes. Finally,

betweenness centrality quantifies the number of times a node acts as a bridge along the shortest

path between two nodes. Figure 4.43 demonstrates the CCDF of these three centrality measures

for male and female teachers. As it can be observed from this figure, both gender groups enjoy

very similar values of centrality. However, the betweenness centrality is slightly higher for male

teachers. Regardless of the gender, we can observe that centrality measures follow a power-law

distribution where most nodes have low centrality while a small percentage has massive scores. In

conclusion, based on our findings, the positional importance of teachers on Pinterest is not driven

by their gender.

4.4.3 Gender Homophily

Homophily is a notion that individuals with similar personal or social traits tend to have a relation-

shipwith each other [146], as eloquently put in the famous proverb “birds of a feather flock together”.

Homophily-driven relationships and interactions based on different attributes such as race, gender,

religion, and education level have long been identified and studies in the sociology literature [147].

With the advent of online social media platforms and the formation of friendships/ties on these plat-

forms, homophilic behaviors have been identified and measures on these networks [148, 149, 150].

Some studies have pointed out positive impact of homophily e.g., improving coordination [151],
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enhancing tolerance and cooperation [152], formation of social norms [153], better diffusion of

information [154, 155]. However, it has been shown that homophily causes negative effects, e.g.,

political polarization [150], reducing diversity and negatively impacting minorities [156, 157].

Regarding teachers in social media, as explained by Frank et al. [25], social media networks

provide a great potential to reduce differences among teachers by diffusion of information and

exchange of social capital. Nevertheless, because of the homophilic behavior of teachers (like

other human beings), such potential can be disrupted [25]. To devise effective measures to prevent

or at least mitigate this disruption, the first and essential task is to understand and characterize

homophily among teachers in social media. Therefore, in this part of the dissertation, we analyze

gender homophily among our identified teachers on Pinterest .

We perform our homophily analysis through the lens of dyads and triads in the network. A dyad

is a pairwise relationship between two individuals, which is the basic structure within a network and

the core of any “intersubjective relationship” [158]. A triad or triangle is the relationship between

three individuals, which acts as the building block of social order and society [159]. Dyadic and

triadic relationships play an essential role in classic sociology [160]. Hence, studying gender

homophily through dyadic and triadic relationships offers a better picture of homophilic structure

in the network.

To characterize dyads, we recognize seven types of such relationships as demonstrated in

Figure 4.44. Each circle denotes either a male or female teacher. We have three types of male-

female relationships: a male follows a female, a female follows a male, both follow each other

(reciprocal), which, respectively, are denoted as Type 1, Type 2, and Type 3 in Figure 4.44. These

three types are non-homophilic relationships since connections have been established between

the opposite genders. Type 4 denotes a female teacher follows another female teacher and Type 5

represents a bidirectional relationship between two female teachers. These two types are homophilic

relationships since they involve only the same gender. Similarly, we define Type 6 and Type 7 for

male-only relationships as illustrated in Figure 4.44.

Figure 4.45a demonstrates the proportion of each type in our dataset. Since the number of
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Figure 4.44: Dyad types.

male teachers and female teachers is not equal, we normalized each type and divided it by the total

number of such types that could potentially exist. More specifically, the number of relationships of

Type 1, Type 2, and Type 3 are divided by
(11675

1
)
×

(1592
1

)
since we have 11675 female teachers and

1592 male teachers–See Table 4.1. The number of relationships of Type 4 and Type 5 are divided

by
(11675

2
)
. Finally, for Type 6 and Type 7, the normalization factor is

(1592
2

)
. As it can be observed

from Figure 4.45a, Type 6 has the highest value. One might wonder that this is due to the artifact of

the lower normalization factor for Type 6 since the number of male teachers is significantly smaller

than female teachers. Nevertheless, Type 7 has the same factor while its proportion is smaller than

Type 6. The high value for the percentage of dyads of Type 6 indicates a high degree of homophily

between male teachers. We speculate this behavior is due to the low representation of male teachers
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Figure 4.45: Gender homophily in dyadic relationships.

on Pinterest, which encourages them to seek each other actively on this platform. Figure 4.45b

aggregates the results in Figure 4.45a based on homophilic and non-homophilic relationships. We

can observe that homophilic relationships prevail over non-homophilic ones—nonetheless, there is

a considerable percentage of non-homophilic relationships between male and female teachers.
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Figure 4.46: Triad types.

In addition to dyads, we also investigated triads. Similarly, we identified four types of triads as

shown in Figure 4.46. Type 1 denotes a relationship between two male teachers and a female one.

Type 2 denotes a relationship between two female teachers and a male teacher. Type 3 and Type 4

are all-female and all-male relationships, respectively. We normalized the number of occurrences

of Type 1, Type 2, Type 3, and Type 4 through dividing them by
(11675

1
)
×

(1592
2

)
,
(11675

2
)
×

(1592
1

)
,(11675

3
)
, and

(1592
3

)
, respectively. Figure 4.47a demonstrates the proportion of different types of
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Figure 4.47: Gender homophily in triadic relationships.

triads in our network. As can be observed from this figure, all-male triadic relationships are the

most common type of relationship. Interestingly, the proportion of Type 1 is higher than Type

2, which means while two males establish homophilic relationships, their higher-order structure

is less homophilic. Figure 4.47b shows the proportion of homophilic vs non-homophilic triadic

relationships. Based on this figure, homophilic relationships prevail over non-homophilic ones.

In conclusion, our empirical evaluation shows that both in dyadic and triadic relationships,

homophily between teachers exists. Nevertheless, non-homophilic relationships have also been

established. Knowing the fact that more male teachers are being introduced in K-12 education [119,

120], it would be interesting to investigate whether the same homophilic patterns persist or not in

the future.
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CHAPTER 5

DIFFUSION OF TEACHER-CURATED RESOURCES ON SOCIAL MEDIA

Asmentioned before, teachers’ primary motivation to join online social media, especially Pinterest,

is to curate resources for their pedagogical activities. These resources come from other teachers

who have joined social media and established ties with their peers. These ties promote diffusion

of information on social media and help teachers access an extensive collection of educational

resources [45]. Given this, what makes social media very efficient for educational resource curation,

unlike, say, asking a colleague, is the fast and widespread diffusion of resources across the network.

Moreover, the fast and widespread diffusion of resources allow teachers to cross the traditional

school-level boundaries and facilitate large-scale collaboration. Hence, it is of great importance

to study the diffusion of teacher-curated resources on social media. Nevertheless, two challenges

need to be addressed. The first challenge is concerned with the data. We need to construct

the entire diffusion process of a sufficiently large sample of resources so we can perform an

effective data-driven study. This process should entail several key elements about the diffusion,

including the teacher who has initially curated a resource (i.e., the producer), other users who have

further re-pinned (adopted) the resource, and the time when the resource has been re-pinned by

a user. Essentially, we need to construct the diffusion tree of a resource, as will be explained in

Section 5.1. Figure 5.1 illustrates an example of diffusion tree. Unfortunately, a large-scale dataset

of diffusion trees is missing in current studies. Hence, to fill this gap, we construct the diffusion

trees of more than 1 million teacher-curated resources on Pinterest. The second challenge is how

we can characterize the diffusion process. More specifically, we need to have some measures

quantifying the dynamics of diffusion. To this end, we introduce three crucial measures about the

diffusion of resources on Pinterest. These measures consider several key aspects of the diffusion of

information on Pinterest, namely the number of users who have received a teacher-curated resource,

the popularity of a resource, and how fast a resource has been diffused. Using these measures, we

perform a large-scale analysis of the diffusion of teacher-curated resources and answer two crucial
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research questions: a) do different resources (e.g., in terms of their topics) affect the diffusion?,

and b) how teacher attributes (e.g., the number of followers) affect the diffusion?

The remainder of this chapter is organized as follows. First, in Section 5.1, we discuss the

constructed dataset of diffusion trees. Then, in Section 5.2, we introduce three measures to

characterize the diffusion. Finally, in Section 5.3, we present the results of our diffusion analysis

and answer the two research questions.

u1

u2

u3

u4

u6

u5

Sat, 13 Jun 2015 00:05:36

Thu, 18 Jun 2015 11:22:03

Sun, 14 Jun 2015 05:22:45

Wed, 17 Jun 2015 22:37:44

Sat, 13 Jun 2015 05:16:19

Sat, 13 Jun 2015 14:47:40

Figure 5.1: An example of diffusion tree.
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5.1 Dataset: Diffusion Trees

As mentioned above, to investigate the diffusion of curated resources on Pinterest, we need

to construct diffusion trees of resources. A diffusion tree is a tree representing the cascade of

information among users. Formally, we define a diffusion tree as a directed graph ) = (*, �, ?, A),

where* is the set of users participating in the diffusion, � is the set of directed edges between users

*, ? is the pin being diffused among *, and A is the root of the tree– a teacher who has initially

curated pin ?. Each edge 4 = (D8, D 9 ) ∈ � indicates that user D8 ∈ * has re-pinned (received) pin

? from user D 9 ∈ *. Figure 5.1 demonstrates an example of diffusion tree. In this Figure, user D1

(the root) has curated a resource, which has been diffused in the network and further re-pinned by

users D2, D3, D4, D5, and D6.1 In this example, we have also shown the curation time below each

node. As it can be seen, this pin has been diffused very fast, which signifies the power of social

media in the rapid diffusion of (educational) resources.

We created diffusion trees for 1,162,983 unique pins curated by our identified teachers.2 To

create an edge, we used the parent pin field in our dataset, which holds the previous pin (refer to

Table 2.1). If a pin does not have the parent pin, it means it is in the root of the tree, e.g., the one

curated by user D1 in Figure 5.1. Note that the content of a pin (i.e., image/video, description, etc.)

does not change when it gets diffused. However, Pinterest assigns a unique identifier to each pin

once a user re-pins it. Using these identifiers, we could trace back pins and construct diffusion

trees. Moreover, we created trees for all types of resources curated by teachers, either educational

or non-educational. We did this for two reasons. First, through incorporating non-educational

pins, we can effectively contextualize how educational resources, compared to non-educational

ones, are diffused. Second, in addition to investigating the diffusion of teacher-curated resources

on Pinterest, the overarching goal of this dissertation is the behavior analysis of teachers in social

media. Therefore, we believe investigating the diffusion of all types of teacher-curated resources

is contributing to this goal. Finally, it is worth mentioning that our dataset of diffusion trees is the

1Names of the users have been redacted for privacy purposes.
2Identified teachers are the same teachers used in Chapter 4.
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largest dataset of teacher-curated resources on Pinterest, which can foster future research on the

diffusion of resources on social media.

5.2 Characterizing Diffusion

Now we have diffusion trees; we need to characterize them based on some measures. These

measures should signify what previous studies have emphasized about the diffusion of educational

resources on social media, particularly Pinterest, namely a) educational resources are diffused in

a large scale manner among teachers, and b) the diffusion of educational resources is fast [4, 133,

45, 78]. We adopted these measures from Han et al. [161]. They introduced them to study the

diffusion of information on Pinterest.

5.2.1 Volume

The first measure is the volume (+!), which is defined as the number of nodes in a diffusion tree:

+! ()) = |* | (5.1)

For instance, the the volume of the tree in Figure 5.1 is 6. Despite its simplicity, the volume

has a significant implication since it informs us how widely a piece of information has been

diffused. In particular, the number of users who have received a piece of information is used in

the popularity prediction/assessment of information on social media, e.g., the number of retweets

on Twitter [162, 163]. Pertinent to this chapter, by determining the volume, we can ascertain how

much other users/teachers are interested in a teacher-curated resource.

5.2.2 Virality

The volume, while still being important, reports the number of individuals who have adopted

a resource. Nevertheless, depending on the structure of a diffusion tree, this adoption can take

different forms. To fix the idea, Figure 5.2 demonstrates three distinct diffusion trees, all having

volume 8. In)1, there is a broadcast from the root to other nodeswhere only the root has participated
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T1 T2 T3

VI (T1) = 0.875 VI (T2) = 1.26 VI (T3) = 1.5

Figure 5.2: Three structurally different trees with the same volume but different virality values.

in the information propagation. However, in )2, the resource has been relayed by different nodes

where more nodes have participated in the diffusion. )3 is an extreme scenario where we see a

chain-wise ‘deep’ tree, and the message has been passed on consecutively. Distinguishing between

diffusion scenarios based on their tree structure informs us about the virality and penetration of

a message across the network [161]. Furthermore, such distinction is important in the context of

teachers in social media as we can specify how others have responded to a teacher-curated resource.

To this end, we define the virality (+�) of a diffusion tree:

+� ()) = 2
( |* |) × (|* | − 1)

∑
∀D8,D 9 ∈*

3 (D8, D 9 ) (5.2)

where 3 (D8, D 9 ) is the shortest distance between two users D8 and D 9 in the diffusion tree ) . The

sum of shortest distances between nodes in a graph is known asWiener Index [164, 165]. Han et al.

[161] used a similar metric for the virality. The term 2
( |* |)×(|* |−1) normalizes the Wiener Index.

5.2.3 Velocity

In addition to the number of people who have received a resource and how viral the resource has

become, the speed of the diffusion is also important. In particular, previous studies have pointed

out that the fast diffusion of educational resources on social media and then to the classroom is

what makes online social media very appealing to teachers [4, 91, 166]. Hence, the third diffusion
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measure is about the velocity (or speed) of diffusion. To this end, we introduce two metrics. The

first metric is the average re-pin time, which calculates the average time between two re-pins in the

diffusion tree. The average re-pin time (�')) for a diffusion tree is defined as follows:

�') ()) = 1
|* | − 1

∑
∀4∈)

D 9 (C) − D8 (C) (5.3)

where (D8, D 9 ) is an edge in the diffusion tree and D8 (C) (D 9 (C)) denotes the re-pin time by user D8

(D 9 ). Note that, in Eq. 5.3, we have subtracted D8 (C) from D 9 (C) since user D8 has received the pin

earlier. Given the fast diffusion of information on social media, we use an hour as the scale of

time. �') for the example tree demonstrated in Figure 5.1 is 46.2 hours. Sometimes a resource

can continue to get further diffused for a long time (say months), and thus makes �') ()) large.

Therefore, to better capture the velocity of diffusion, we additionally define the first re-pin time

(�')). It is the amount of time from the initial curation of a pin to when someone re-pins it for

the first time:

�') ()) = <8={D8 (C) − A (C)} B.C. (A, D8) ∈ � (5.4)

where A (C) denotes the time that the root has curated the pin. �') for the example tree in Figure 5.1

is 5.16 hours.

5.3 Diffusion Analysis

In this section, we analyze the constructed diffusion trees. First, in Section 5.3.1, we present

some statistics about diffusion measures. Then, in Section 5.3.2, we present the results of our

investigation regarding how different types of resources are diffused. Finally, in Section 5.3.3, we

analyze the relationship between the introduced diffusion measures and some teacher attributes.

5.3.1 Distribution of Diffusion Measures

In this part, we look into the statistics and distributions of the three diffusion measures. Figure 5.3

demonstrates the CCDF of the volume and vitality for all resources. We can observe that both the
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volume and virality follow a power-law distribution where most resources have low volume and

vitality, and a small percentage has very high values for these two measures. In addition, Table 5.1

shows some statistics about the virality, volume, and velocity measures. According to this table,

only the top 0.1% of diffused resources have the volume and virality larger than 174 hours and 5.99

hours, respectively. This means that there are a handful of resources curated by teachers that have

become extremely popular. This is in line with previous studies on the virality and popularity of

information on social media, where they have shown that some information becomes significantly

viral across the network [167, 168, 161]. Finally, on average, around five people have adopted each

teacher-curated resource on Pinterest.
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Figure 5.3: The CCDF of the volume and virality. x-axes are in log scale.

Table 5.1: Some statistics of the introduced diffusion measures of the constructed diffusion trees.

Measure Min Max Mean Median Std top 0.1% top 0.01%
Volume 2 1,129 5.4 2 13.58 > 174 > 434
Virality 1 29.72 1.33 1 0.54 > 5.99 > 11.45
ART 0.0012 2,159.4 192.4 35.8 317.3 > 1,950.7 > 2,113.2
FRT 0.0008 65,655.0 1,814.4 12.5 4,975.0 > 45,020.7 > 56,960.9
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Figure 5.4: The CCDF of the velocity measures. x-axes are in log scale.

Figure 5.4 shows the CCDF of the velocity measures: the average re-pin time (�')) in

Figure 5.4a and the first re-pin time (�')) in Figure 5.4b. Unlike the volume and virality, neither

of the velocitymeasures follows a power-law distribution. Moreover, there is a significant difference

between the mean and median for �') and �') . Specifically, while pins have a small median of

the average re-pin and the first re-pin times (35.56 and 12.56 hours, respectively), their means have

been skewed because of some outliers.

From the results presented in Figures 5.3 and 5.4 and Table 5.1, we can conclude that teacher-

curated resources diffuse rapidly and are received by a significant number of other users on Pinterest,

including other teachers. While this finding has been reported before [4, 133, 45, 78], this is the first

study that confirms it through a large-scale data-driven assessment. In the next part, we perform

a more detailed evaluation of the diffusion of teacher-curated resources based on the resources’

attributes.
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5.3.2 Resource Attributes and Diffusion Measures

In this part, we analyse the diffusion measures based on two crucial attributes of pins, namely the

topic and the domain.
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Figure 5.5: The average volume per topic.

5.3.2.1 Topic

Figure 5.5 shows the average value of the volume per topic. As shown in this figure, the pins whose

topic is education have the highest volume where on average, each of such pins is adopted by six

users on Pinterest. Interestingly, kids is the second topic in terms of volume. This can partially be

explained by the similarity of this topic with education and being attractive to teachers, especially

for pre-kindergarten or homeschooling-specific materials. Regarding the other topics, they all have

low volumes, mostly below 4. Also, since the predominant topic is education and there is a small

amount of data for the other topics, they exhibit high standard errors.

Figure 5.6 shows the average value of virality per topic. Similar to the volume, education has the

highest virality. This signifies the high penetration of teacher-curated educational resources across
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Figure 5.6: The average virality per topic.

Pinterest. The average value of virality for the topic kids is relatively high. Moreover, comparing

the volume and virality values in Figure 5.6 and Figure 5.5, we can infer that the high volume does

not necessarily mean high virality. For instance, the pins whose topic is quotes, on overage, have

relatively high virality while their volume is not very high.

Figures 5.7 and 5.8 demonstrate the median of the average re-pin time and the first re-pin time,

respectively. Here, we used the median to plot the charts since, as mentioned in Section 5.3.1, the

values of �') and �') of our constructed diffusion trees have some outliers. Furthermore, there

is a small amount of data for certain topics, and consequently, their velocity measures are very

skewed, as can be observed from Figures 5.7 and 5.8. Hence, for clarity purposes, in Figure 5.9,

we have included the median of the velocity measures for topics whose pin proportion is at least

10%. We make two major observations based on the results shown for the velocity measures.

First, education has a short average re-pin time and first re-pin time. In particular, the median of

the first re-pin time for education is only 12 hours. This means a teacher-curated resource takes

approximately only half a day to be adopted by another user on Pinterest, which signifies the fast

113



0 200 400 600 800 1000 1200 1400
Avg re-pin time

education
diy_crafts

kids
holidays_events

food_drink
home_decor
photography

womens_fashion
hair_beauty

quotes
humor

film_music_books
travel

health_fitness
history

art
outdoors
gardening
animals

weddings
products

geek
mens_fashion
technology

design
tattoos

illustrations_posters
sports

cars_motorcycles
science_nature

celebrities
architecture

To
pi
c

Figure 5.7: The median of the average re-pein time per topic.

diffusion of educational materials across Pinterest. Second, compared to the first re-pin time, the

average re-pin time is generally longer. We believe this occurs because a user quickly saves a pin

curated by the root, and then the pin is spread across the network at a lesser pace. There are a few

exceptions, however, e.g., travel, art. We speculate this is due to the special nature of these topics

to teachers, where their pins might take some time to attract someone’s attention, while once they

do, they eventually get diffused.

5.3.2.2 Domain

In this part, we investigate the diffusion of teacher-curated resources based on their domains. For

this analysis, we only included the top 10 domains utilized by teachers. Figure 5.10 shows the

average volume and virality values for the top 10 domains of teacher-curated resources. Figure 5.11

shows the median of the average re-pin time and first re-pin time for the same top 10 domains. We

make the following observations based on these results.

Except for youtube.com andUploaded byUser (directly uploaded from the user’s device), the rest

of the domains are specifically related to education, e.g., moffattgirls.blogspot.com. Interestingly,
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Figure 5.8: The median of the first re-pin time per topic.
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Figure 5.9: The median of the velocity measures for the top topics.

we can observe that pins from moffattgirls.blogspot.com have the highest volume. This blog is run

by a former elementary school teacher who exclusively produces educational materials. Our further

investigation reveals that this teacher is a prolific and influential user on teacherspayteachers.com.3

Hence, it is no surprise that her educational materials are of interest to many others. Moreover, the

pins from this domain have high virality and are diffused very fast. We have showcased an example

pin from moffattgirls.blogspot.com, which has been re-pinned by 936 other users on Pinterest.

3https://www.teacherspayteachers.com/Store/The-Moffatt-Girls
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(b) The average volume per domain

Figure 5.10: The average of the volume and virality for the top 10 domains of teacher-curated
resources.
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Figure 5.11: The median of the velocity measures for the top 10 domains of teacher-curated
resources.

These inspiring and active teachers signify the power of teachers in social media and how they can

impact their fellow teachers in this digital age.

Materials from teacherspayteachers.com also have high volume and virality, which indicates

the popularity of educational materials from this source. Interestingly, the velocity measures for

pins from teacherspayteachers.com have a short first re-pin time while relatively longer average

re-pin time. This is due to the artifact that pins from this popular source keep being diffused across

Pinterest for a long time; thus, the average re-pin time becomes long.

Another observation is the long first re-pin time for pins whose domain is Uploaded by User.

We believe this is because of the following reason. Since these pins have essentially no domain

(i.e., they do not come from a website on the Internet), other users might hesitate to adopt them

quickly, e.g., due to the lack of trust. Nevertheless, once they accumulate some initial popularity,
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Figure 5.12: A showcase of a popular pin from moffattgirls.blogspot.com adopted by 936 other
users.

they become more popular and diffuse across the network.

5.3.3 Teacher Attributes and Diffusion

In Section 5.3.2, we demonstrated that attributes of a teacher-curated resource, namely its topic

and domain, are related to its diffusion. In addition to the resource itself, a resource producer (here

a teacher) can also affect the diffusion process [169]. For instance, there is a rich literature on

identifying influential spreaders in social media based on the spreader’s attributes [170, 171, 172].

Hence, in this part, we investigate whether teacher attributes are related to the diffusion of the

resources they curate. To this end, we consider ten teacher-related attributes and inspect their

relationship to diffusion measures as explained in the following.

We consider the number of pins and the number of boards for the first two attributes, respectively.

The reason to include these two attributes is to assess whether a teacher’s activity level leads to

the widespread and fast diffusion of their materials. For the next attribute, we consider the number

of followers. The reason to include this attribute is that the resources of a teacher who has more

followers might enjoy a higher chance of being disseminated in the network. Following this

argument, we also include the number of followees and the total number of friends (i.e., followers
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and followees combined) to discover how these two attributes affect the diffusion measures. In

Section 4.4.1, we defined reciprocity, which captures the proportion of bidirectional connections

of a user. Here, we include reciprocity as a teacher’s attribute to investigate its relationship to

diffusion. The idea is to investigate whether having a stronger connection between a teacher

and their online friends, measured via reciprocity, affects the diffusion. Moreover, we include

three crucial centrality attributes, namely eigenvector, betweenness, and closeness centrality. As

mentioned before, centrality attributes calculate the structural importance (or influence) of a node

in a network. The question is, do resources of the more central teachers have a higher chance to be

adopted by other users and perhaps at a faster rate? The final attribute includes the local clustering

coefficient, which quantifies how close a user’s neighbors are to a complete graph (a clique).

Including the local clustering coefficient is particularly important since previous studies [25, 173]

have shown that cliques in school-level teacher networks can lead to a better diffusion of information.

To investigate the relationship between teacher attributes and diffusion measures, we perform

four regression analyses. In each analysis, teacher attributes are the independent variables used

to predict the corresponding diffusion measure, i.e., the dependent variable. Thus, we attempt to

determine how much information in each teacher’s attribute can explain a diffusion measure. Note

that we only investigate teachers who are the roots of the diffusion trees since we aim to determine

the attributes of the producers of pins, not others who further do the re-pinning. Given this, a teacher

can be associated with more than one diffusion tree as the root. Hence, to perform a teacher-level

analysis, we aggregated values of each diffusion measure for all diffusion trees associate with a

teacher. For the volume and virality, we computed the mean values. For the velocity measures, we

computed the median since it offers a better estimation than the mean, as discussed in Section 5.3.2.

Finally, we used the statsmodels package [174] in Python and fit ordinary least squares (OLS) for

each regression analysis.

Tables 5.2, 5.3, 5.4, and 5.5 show the results of the regression analysis for the volume, the

virality, the average re-pin time, and the first re-pin time, respectively. Each table has four columns.

The first column is the coefficient of each teacher attribute in the regression analysis. The larger
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Table 5.2: Regression analysis results of predicting volume using teacher attributes.

Attribute Coefficient Std error t P > |t|
#Pins 4.449e-07 2.44e-06 0.182 0.855

#Boards -0.0011 0.000 -3.049 0.002
#Followers -0.0005 0.000 -3.590 0.000
#Followees 0.0003 0.000 2.539 0.011
#Friends -0.0003 9.35e-05 -2.976 0.003

Reciprocity 0.2359 0.084 2.816 0.005
Eigenvector Centrality 54.8268 12.913 4.246 0.000
Betweenness Centrality 28.2263 75.308 0.375 0.708
Closeness Centrality 7.4408 0.190 39.110 0.000

Local Clustering Coefficient 1.7113 0.283 6.039 0.000
Mean squared error: 2.19 Adj. R-squared: 0.539

Table 5.3: Regression analysis results of predicting the virality using teacher attributes.

Attribute Coefficient Std error t P > |t|
#Pins -2.419e-06 2.29e-07 -10.574 0.000

#Boards -0.0001 3.31e-05 -3.861 0.000
#Followers -1.318e-05 1.41e-05 -0.936 0.349
#Followees -3.879e-05 9.63e-06 -4.029 0.000
#Friends -5.197e-05 8.77e-06 -5.923 0.000

Reciprocity 0.0894 0.008 11.379 0.000
Eigenvector Centrality 2.5898 1.211 2.138 0.033
Betweenness Centrality 24.0530 7.065 3.405 0.001
Closeness Centrality 3.5286 0.018 197.698 0.000

Local Clustering Coefficient 0.6131 0.027 23.064 0.000
Mean squared error: 0.04 Adj. R-squared: 0.965

the magnitude of the coefficient, the more impact the attribute has on the corresponding predicted

diffusion measure. The second column shows the standard error of the coefficient. The third

column is the t-value retrieved from a t-test. It essentially calculates the difference between the

predicted value of a diffusion measure using an independent variable and the actual value of the

measure. The last column is the p-value of the t-test, which is a measurement of how likely a

coefficient measured through a regression model is by chance. In the last row of each table, we

have included two major pieces of information. The first one is the mean squared error, which

measures the difference between the actual values of a diffusion measure and the predicted values.

The second one is the adjusted R-squared, which measures how much of the independent variables
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Table 5.4: Regression analysis results of predicting the average re-pin time using teacher attributes.

Attribute Coefficient Std error t P > |t|
#Pins -0.0015 0.000 -4.077 0.000

#Boards 0.1079 0.061 1.781 0.075
#Followers 0.0096 0.022 0.440 0.660
#Followees 0.0020 0.016 0.127 0.899
#Friends 0.0116 0.014 0.822 0.411

Reciprocity -143.8068 17.347 -8.290 0.000
Eigenvector Centrality -8090.1645 1884.586 -4.293 0.000
Betweenness Centrality 8936.4525 1.1e+04 0.811 0.417
Closeness Centrality 607.2976 36.660 16.566 0.000

Local Clustering Coefficient 410.1702 62.894 6.522 0.000
Mean squared error: 85667.98 Adj. R-squared: 0.263

Table 5.5: Regression analysis results of predicting the first re-pin time using teacher attributes.

Attribute Coefficient Std error t P > |t|
#Pins 0.0308 0.005 -6.450 0.000

#Boards 1.3398 0.691 1.940 0.052
#Followers 0.3589 0.294 1.223 0.222
#Followees -0.3620 0.201 -1.804 0.071
#Friends -0.0031 0.183 -0.017 0.986

Reciprocity -1005.0319 163.868 -6.133 0.000
Eigenvector Centrality -8.951e+04 2.53e+04 -3.544 0.000
Betweenness Centrality 1.404e+05 1.47e+05 0.953 0.340
Closeness Centrality 85375.8527 372.131 14.446 0.000

Local Clustering Coefficient 4871.5493 554.231 8.790 0.000
Mean squared error: 18323220.30 Adj. R-squared: 0.143

( i.e., teacher attributes) is explained by changes in a dependent variable (i.e., a diffusion measure).

We make the following observations based on the results presented in these four tables.

• The adjusted R-squared is high for the volume and virality. Nevertheless, its value is very low

for the velocity measures. This means teacher attributes can explain the volume and virality

while failing to do so for the velocity measures. This can also be inferred by looking at the

mean squared errors whose values are low for the volume and virality while they are high for

the velocity measures.

• As far as the number of pins is concerned, their coefficients are generally low for all measures.
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This indicates that the diffusion of pins is not related to the high activity rate of their producer.

This seems logical since merely saving more pins and creating more boards on Pinterest does

not guarantee that these resources will be diffused widely. The only exception is the number

of boards for the first re-pin time, for which the coefficient is positive and relatively large.

We think the reason is that Pinterest users can independently follow a board without even

following its curator. Hence, the more boards a user has, the higher chance someone can

quickly re-pin from any of these board. However, based on our results, such rapid adoption

has not necessarily led to the pin’s popularity (high volume) and virality.

• The coefficients of the number of connections (i.e., number of followers, followees, and

friends) are very low. While the coefficient of the number of followers is relatively high for

the first re-pin time, it is not statistically significant– See the P>|t| column. We think the low

value of coefficients of the number of connections can be explained by the fact that Pinterest

is essentially a social curation website where users can re-pin resources from others without

following them.

• Reciprocity has a low coefficient for the virality while it is relatively high for the volume.

A teacher with high reciprocity has a strong relationship with their online friends. Conse-

quently, their friends trustfully re-pin their resources. Nevertheless, virality is a complicated

measure that cannot be explained adequately by reciprocity. Moreover, as far as the velocity

measures are concerned, reciprocity coefficients have a large magnitude and negative sign.

The explanation behind this requires further investigation.

• The most critical finding of this part is the relationship between the centrality metrics and the

volume and virality. Except for betweenness centrality for the volume, the centrality metrics

can perfectly explain the virality and volume. The reason is that centrality metrics take into

account the network’s structure, which plays an essential role in how information is diffused.

For instance, a high eigenvector centrality means a teacher is connected to other high central

users. Therefore, after these central neighbors re-pin a resource, there is a bigger chance

121



the resource will be widely diffused because of their own high structural influence. Also,

closeness and betweenness centrality have to do with the shortest paths in the graph, which

play an essential role in the diffusion of information [175].

• As mentioned before, the local clustering coefficient is an important factor in the diffusion

of information in school-level teacher networks [25, 173]. Moreover, our results in the part

of the dissertation indicate that this attribute is also crucial in the diffusion of information

across the network of teachers on Pinterest.

Based on the above observations, we can conclude that teacher attributes significantly affect

the volume and virality of their curated resources. In particular, the network-level structural

characteristics of a teacher play an essential role in determining the volume and virality of their

resources. In contrast, how fast these resources are diffused cannot be adequately determined by

teacher attributes.
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CHAPTER 6

CONCLUSION AND FUTURE DIRECTIONS

In this chapter, we provide a summary of our research results and further present promising future

research directions.

6.1 Summary

In this dissertation, we proposed novel research in the three primary directions of teachers in

social media: automatic teacher identification, teacher gender analysis, and diffusion of teacher-

curated resources. Next, we summarize our contributions in each direction one by one.

To supplement their students’ educational needs and improve their teaching quality, many

teachers turn to online social media platforms where an enormous number of educational resources

have been curated. Such resources are precious materials for teachers and students, especially with

the COVID-19 pandemic affecting traditional education. Hence, for the past few years, teachers

in social media have been the subject of many educational studies. Despite the progress in this

line of research, one of the major obstacles is the limited number of teachers being investigated.

More specifically, the current studies usually suffice to at most a few hundred surveyed/interviewed

teachers. However, to offer a better picture of teachers in online socialmedia and enablemodern data

science approaches to find meaningful patterns in the teacher-related data, we need to identify more

teachers. Thus, in the third chapter of this dissertation, we proposed a framework to automatically

identify teachers on Pinterest-an image-based social media popular among teachers. For the first

time, our framework formulated the teacher identification as a positive unlabelled learning task

where positive samples are a small set of surveyed teachers, and unlabelled samples are their

friends on Pinterest. We performed extensive experiments on a real dataset of teachers on Pinterest

and showed that our framework outperforms strong baselines. Moreover, using our framework,

we reliably identified thousands of other teachers on Pinterest. Finally, we believe our proposed

framework can improve the quality of many research endeavors concerned with studying teachers
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in social media.

Some studies in the education literature have shown that the gender of teachers affects their

behavior [43, 176, 177, 178]. For instance, male and female teachers may differ in the way

they structure their classroom, selecting topics and examples in their pedagogical practices [43].

However, while such behavioral differences between males and females have been investigated

before, there is a lack of study on how male and female teachers behave on social media. Such

investigation is crucial since online social media is now an integral part of the teacher’s professional

career development. Perhaps, one reason for the lack of such study had been the unavailability

of a rich and large-scale dataset of teachers on social media. Nevertheless, we addressed this

issue in the third chapter and identified a large dataset of teachers on Pinterest. Hence, we used

this dataset in the fourth chapter and performed a thorough exploratory analysis of male and

female teachers on Pinterest. We performed our study in two main parts: online activity analysis

of male and female teachers and their social network analysis. In the first part, we discovered

that male and female teachers curate similar types of resources and mainly utilize Pinterest for

educational purposes. Moreover, we performed a thorough investigation on the topic and domain

of the resources curated by teachers using several novel measures: the topic/domain entropy and

the topic/domain oscillation. As a result, we found out that male teachers are more focused on their

resource curation process while females are more receptive to exploring non-educational content.

We also identified the unique patterns that male and female teachers use social media in terms of the

time of their access. In the social network analysis part, we found out that male teachers tend to have

more connections and more actively follow other users on social media. Moreover, male and female

teachers showed having very similar structural centrality scores. Eventually, we investigated gender

homophily and identified some homophilic behavior, primarily by male teachers. In conclusion,

as far as teachers’ professional activities are concerned, based on our findings, males and females

behave very similarly and see social media as a means to advance their careers.

Previous studies have referred to the widespread and fast diffusion of online educational re-

sources on social media [4, 133, 45, 78]. Nevertheless, they have shown this using qualitative
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analysis (interviews/surveys with teachers) or anecdotal reports. Therefore, we recognized a need

to investigate the diffusion of resources on social media through a data-driven investigation. Thanks

to our proposed method in Chapter 3, we had access to a large set of teachers and their diffused

resources on Pinterest. Given this, in the fifth chapter, we performed an analysis of the diffusion

of teacher-curated resources on Pinterest. First, we built a large set of diffusion trees of these

resources on Pinterest. Then, we defined three crucial measures to characterize the diffusion pro-

cess, namely, i.e., volume, virality, and velocity. Our analysis of the diffusion of teacher-curated

resources showed that educational materials are disseminated across the network widely and in

a rapid manner. Eventually, we performed several regression analyses to determine what teacher

attributes affect the diffusion process. Our study showed that the structural attributes significantly

impact the diffusion of teacher-curated resources on Pinterest. We believe our large-scale data-

driven study in this chapter of the dissertation has deepened our understanding of the diffusion of

teacher-curated resources materials on Pinterest and can foster further research.

6.2 Future Directions

In this section, we present several possible future directions across the major areas of teachers

in social media and how data science can help these critical directions.

• Closing the loop in the automatic teacher identification. In the first chapter, we proposed a

method to identify teachers on Pinterest automatically. We showed that by using this method,

we could answer interesting research questions. However, it would be valuable to conduct

surveys/interviews with these newly identified teachers. The main reason to do this is that

we can benefit from both worlds: direct data of teachers in online social media as well as

obtaining detailed and controlled information via surveys/interviews. In fact, educational

researchers have recommended using both types of data to reach better conclusions [34]. It

is worth mentioning that conducting surveys/interviews with automatically identified teach-

ers is related to snowball sampling, where researchers recruit their samples (teachers) via

broadcasting an invitation on social media [72]. Snowball sampling, however, has a low
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response rate; while using our method, we can precisely control whom we should contact for

the survey/interview.

• Teachers in multiple social media platforms. Most current social media studies, including

this dissertation, have investigated teachers in a single platform. However, teachers, like other

people, use different platforms and probably for different purposes. Therefore, it would be

interesting to examine teachers on multiple social media platforms. For instance, it would

be interesting how information diffuses in different social media platforms, e.g., Pinterest

vs. Twitter. One of the challenges for this direction is identifying the same teachers on

multiple social media platforms. A preliminary solution to this challenge is to use network

alignment [138], where the same nodes across the two networks are mapped together.

• Quality assessment of online educational materials. As shown in this dissertation, on-

line educational resources are widely diffused across social media and are adopted by many

teachers and used in classroom activities. Given this, an important research direction is to

characterize the content of these educational resources and assess their quality. Moreover,

with the proliferation of online misinformation [179, 180], assessing the quality of online

educational material is particularly important. Moreover, as we press onward to utilize ma-

chine learning models for developing practical educational applications, e.g., recommending

educational materials to teachers and students, quality assurance of the disseminated on-

line materials is critical. In particular, machine learning algorithms have been shown to be

vulnerable to biased and low-quality content [181, 182].

• Unifying theoretical frameworks. Teachers in social media have been studied from the

perspective of several theories, e.g., the affinity space, the community of practice, the pro-

fessional learning network [46]. Despite this, there is no conclusive framework that could

delineate what social media is to teachers? We believe empirical evaluation using a large-

scale data-driven analysis, similar to this dissertation, can be a great help to demystify the

core notion of social media to teachers.
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THE ANNOTATION PROCEDURE

Asmentioned in Chapter 3, we annotated some users to teachers and non-teachers. In this appendix,

we describe the annotation procedure. Figure .1 illustrates the flowchart of this procedure. In the

following, we describe each component of the procedure.

Start Self-Descriptions
Specifying
Existing 

Occupations

List of 
Occupations

Specifying 
Potential 
Teachers

Specifying 
Potential 

Non-teachers

Teacher-related 
Keywords

Coder
Labeling 
Teacher 

Accounts

Coder
Labeling  

Non-teacher 
Accounts

End

Figure .1: The flowchart of the annotation procedure.

A.1 Specifying Existing Occupations

Website Self-description

Figure .2: An example of self-description and website URL in a Pinterest’s account.

On Pinterest, users can include a maximum of 160 characters about themselves. This textual

information, which we call self-description, is the basis of our annotation procedure. In addition,

users are allowed to include an URL to their website, which is visible in their profile. Figure .2

illustrates an example of self-description and website address in an account. We acquired these

two pieces of information through the provided Pinterest API (refer to Section 2.2). In our dataset,
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19,588 users had included the self-description (around 21% of users). In the following, we explain

how we used self-descriptions in our annotation procedure.

Sometimes users mention their occupation in their self-description, e.g., “I am an accountant

living in ...”. Self-declared occupations are trustworthy information that can help us determine

the person’s occupation effectively. To this end, first, we acquired a list of 965 common human

occupations from an online repository.1 This popular repository maintains lists of words related to

different entities, e.g., travel, sport, religion. Our investigation discovered that their maintained list

of occupations contains typical occupations in our modern society. Second, we performed keyword

matching and determined those occupations that appeared in the self-descriptions of users. We

found the match for 102 occupations, e.g., designer, singer, therapist.

A.2 Specifying Potential Teachers

After determining the existing occupations in self-descriptions, we specified potential teach-

ers. The process is as follows. We marked a user as a potential teacher if two conditions were

met: 1) the self-description contained several teacher-related keywords, and 2) the self-description

did not contain any of the existing occupations except ‘teacher’ and ‘instructor’. The reason for

enforcing the first condition was to comprehensively consider those accounts that potentially be-

long to teachers. Moreover, the purpose of the second condition was to exclude those accounts

that mentioned other occupations, e.g., designer. For the first condition, we used the follow-

ing keywords: ‘teacher’, ‘teachers’, ‘teach’, ‘teaching’, ‘teaches’, ‘math’, ‘educator’, ‘instructor’,

‘kindergarten’, ‘grade’, ‘school’, ‘classroom’, and ‘teacherspayteachers’ and ‘tpt’. The selection

of the keywords is based on the common words that appeared in the self-descriptions of the

surveyed teachers. Notably, we included ‘teacherspayteachers’, and ‘tpt’ since active (Ameri-

can) teachers usually mention their teacherspayteachers.com account on Pinterest, e.g., “visit my

store at TeachersPayTeachers http://www.teacherspayteachers.com/Store/X” or “find me on TPT:

https://www.teacherspayteachers.com/Store/X”. Two occupations were exempt from the second

1https://github.com/dariusk/corpora/blob/master/data/humans/occupations.
json
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condition, namely ‘teacher’ and ‘instructor’, since they are obviously related to teachers. After

applying these two conditions, we ended up with a list of 3,624 potential teachers. Two human

coders manually processed this list and determined the final labels, as will be explained later.

A.3 Specifying Potential Non-teachers

To specify potential non-teacher accounts, we did the opposite of what we performed for

potential teachers. More specifically, two conditions had to be met to mark an account as a

potential non-teacher: 1) if one of the existing occupations appeared in the self-description except

for ‘teacher’ and ‘instructor’, and 2) none of the previously mentioned teacher-related keywords

(i.e., ‘teacher’, ‘teachers’, ‘teach’, etc.) were in the self-description. The primary purpose of these

two conditions was to enhance the confidence in marking accounts as potential non-teachers. As

a result, we marked a list of 2,503 users as potential non-teachers. Similar to potential teachers,

two human coders manually processed this list and determined the final labels, as will be explained

next.

A.4 Labeling Potential Teachers and Non-Teachers

After preparing the lists of potential teachers and non-teachers, two coders manually labeled

the users. The first coder is the author of this dissertation and the second coder is a senior

computer science undergraduate student. The categories for labeling were teacher, non-teacher,

and uncertain. The first source of information for labeling was reading the self-description and

looking for definite cues about the person’s occupation. For instance, in self-descriptions, “I am a

middle school teacher, I welcome creative ideas and pins!” and “Wedding | Portrait | Real Estate

photographer in Lansing and serving all surrounding areas”, the occupations are teacher and

photographer, respectively. The second source of information was the included website of a user if

any, e.g., hamidkarimi.com in Figure .2. Therefore, the coders were allowed to refer to the user’s

website to infer their occupation, e.g., reading the ‘About’ page on the website. This was particularly

useful for potential teachers since teachers often mention their websites or blogs. The third source
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of information was other social media accounts mentioned in the self-descriptions, if any, e.g.,

Instagram or Facebook accounts. Therefore, the coders were allowed to visit a user’s other social

media accounts to determine the label. The fourth source of information was resources curated by

a user (i.e., pins and boards). For instance, boards such as ‘back to school’, ‘for the classroom’,

‘second-grade math’ in a user’s account indicate that the person’s occupation is teacher/educator.

Eventually, the coders were allowed to use other external sources such as Google search to specify

the label of an account.

The coders performed their labeling independently. Regarding labeling the list of potential

teachers, both coders agreed on 3,508 users to be teachers. For the list of potential non-teachers,

the agreement on the non-teachers was 2,079. Those users for which the coders’ labels did not

agree were added back to the unlabeled users.
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