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This book is about using data to understand how social media services are used. 
Since the advent of Web 2.0, sites and services that give their users the power to 
actively change and contribute to the services’ content have exploded in popu-
larity. Social media finds its roots in early social networking and community 
communication services, including the bulletin board systems (BBS) of the 1980s, 
then the Usenet newsgroups, and Geocities in the ’90s, whose communities 
organized around topical interests and provided their users with either email 
or chat room communications. The worldwide information communication 
network known as the Internet gave rise to a higher-level networking: a global 
web of connections among like-minded individuals and groups. Although the 
basic idea of connecting people across the globe has changed little since then, 
the scope and influence of social media services have attained never-before seen 
proportions. Although it’s natural that a large part of the conversation is still 
happening in the “real world,” the shift toward electronic information exchange 
on the level of human interactions has been getting stronger. The proliferation 
of mobile devices and connectivity puts the “Internet in our pockets,” and with 
it the possibility to get in touch with our friends, families, and preferred busi-
nesses, anytime, anywhere.

No wonder that a myriad of services has popped up and started serving our 
needs for communication and sharing, which led to a transformation of public 
and private life. Through these services, we can immediately know what others 
think about politics, brands, products, and each other. By sharing their ideas 
privately or anonymously, people have the choice to speak their minds more 
freely than they would in traditional media. Everybody can be heard if they 
choose, so it’s also become the responsibility of these services to find the needle 
in the haystack of people’s contributions, so to speak, in delivering relevant and 
interesting content to us.

Introduction
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What’s common to all these services? They are dependent on us, as they’re 
only the mediators between humans. This means that in a way the mathematical 
regularities that we may discover through analyzing their usage data reflect our 
own behavior, so we can expect to see similar insights and challenges when we 
work with these datasets. The purpose of this book is to highlight these regulari-
ties and the technical approaches that lead to an understanding of how users of 
these services attend to them through the lens of the data these services collect.

Human Interactions Measured

Social media, as its name suggests, is driven by social interactions around 
the content that the online service provides. Social networking, for instance, 
makes it easy for individuals to connect with each other and share pictures and 
multimedia, news articles, Web content, and various other bits of information. 
In the most common usage scenario of these services, people go to Facebook 
to get updates about their friends, relatives, and acquaintances, and to share 
something about their lives with them. For example, on Twitter, because the 
follow relationship doesn’t have to be reciprocated, users can learn about what 
any other user thinks, shares, or communicates with others. With LinkedIn, a 
professional social network, the goal is to connect like-minded professionals 
to each other through its network and its groups, and to serve as an interface 
between job seekers and companies looking to hire.

There are other social media services where the networking aspect of social 
interactions is used more as a facilitator rather than an end to co-create or enjoy 
shared content (for instance on Wikipedia, YouTube, or Instagram). Although the 
connections among users can be present, their purpose there is to make content 
discovery manageable for the users and to make the creation of content—for 
instance, Wikipedia articles—more efficient.

Of course, there are many other social media sites and services, usually target-
ing a specific interest or domain (art, music, photography, academic institutions, 
geographical locations, religions, hobbies, and the list could go on), which just 
shows that online users have the deepest desire to connect to people based on 
their shared interests or commonalities.

One thing among these services, their vastly different areas of focus notwith-
standing, is common: They exist only because their users and audience are there. 
This is what makes them different from “pre-created” or static Internet locations 
such as traditional media news sites, company home pages, directories, and just 
about any Web resource that is created centrally by a relatively small group of 
authorized content creators (“small” at least in comparison to the crowds of 
people that use social media services with numbers generally in the millions). 
The result of the collective dynamics of these millions of social media users is 
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what we can observe when we dig deep into the usage patterns of these services, 
and this is what we’re interested in understanding in this book.

Online Behavior Through Data Collection
When we collect usage log data from social media services, we have a glimpse 
into the statistical behavior of many human beings coming together who have 
similar motivations or expectations or act toward the same goal. Naturally, the 
way the given service is organized and how it highlights its content has a great 
influence on what we’ll see in the logs about the users’ activities. The access and 
usage logs are stored in the databases of the service, and, therefore, the statisti-
cal patterns by which we all interact with others and the content the service 
hosts are bound to show up in these traces. (Provided there are such patterns, 
and we don’t just carry out our daily activities in a completely inconsistent and 
random way! We’ll see that—as perhaps expected by common sense—statistical 
regularities are abundant everywhere.)

Fortunately, the services (in most cases) don’t differ so radically from each 
other in their designs that they would give rise to completely different user 
behavior characteristics. What do we mean by this? Let’s say, for example, that 
we want to measure a simple thing: how frequently users come back to our ser-
vice within a week and take part in some activity. This would be just a number, 
ranging from 0 to (in theory) infinity, for every user. Of course, we won’t see 
anyone undertake an infinite number of actions on our service within a limited 
amount of time, but it may still be a large number. So, having set our mind to 
measuring the number of activities, can we expect to have different statistical 
results for two different systems: users posting videos to their YouTube chan-
nels and users uploading photos to their Flickr accounts?

The answer, obviously, is a resounding yes. If we looked at the distributions of 
the number of times people used either YouTube or Flickr, respectively, we would, 
of course, see that the fraction of YouTube users who upload one video per week 
is different from the fraction of Flickr users who upload one image per week. 
This is natural, as these two different services attract different demographics 
with different usage scenarios, so the exact distributions, consequently, will be 
different. However, what is not perhaps straightforward is that in most online 
systems that researchers have looked at we find a similar qualitative statistical 
behavior for these distributions.

By “qualitative” we mean that although the exact parameters of the usage 
model may be different for the two respective services, the model itself, through 
which we can best describe user behavior in both systems, is still the same or 
very similar between the services (with perhaps slight variations).

The good news about this is that we can be reasonably confident that what 
we’re measuring with the data in the activity logs is indeed the underlying 
human behavior that drives the content creation, diffusion, sharing, and more, 
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on these sites. The other piece of good news is that from this we can extrapolate 
and if we encounter a new service operating on user-generated content, we can 
make educated guesses about what we can measure in it. Therefore, if we see 
something unexpected in the graphs that’s different from the general pattern 
we have seen before, we should look for a service-specific reason for it that we 
can be inclined to explore further.

So, in a way, the methods and the results that we highlight in this book may 
well apply to a completely new service if it’s also governed by the same underlying 
human behavior. With few exceptions, this is true of the social media services 
for which we’re aware research exists, and therefore we like to think of these 
systems as providing insight into human behavior. The opportunity, then, to 
observe and describe many people acting loosely together is unprecedented; 
this is because of the digital footprints they leave behind in the services’ logs. 
(Privacy issues are, of course, a valid practical concern, but here we’re interested 
only in the large picture and not how specific individuals behave.) The next 
sections look at what kinds of data can be of interest in various social media 
services and which public datasets we’ll be using for examples in this book.

What Types of Data Are Essential to Collect?
The questions we would like to ultimately answer with data determine the types 
of data you need to collect, but in general, the more data you have at your dis-
posal, the better you can answer those and future questions as well. You never 
know when you want to refine or expand the data analysis, so if you design a 
service, it’s better to think ahead and log all or almost all the interactions users 
have with the service and each other. These days, storage is inexpensive, so it’s 
wise to cater to as many future data needs as possible by not trying to optimize 
too early for storage space. Naturally, as the service evolves and it becomes 
clear what the focus areas are, it’s possible to trim the data collection back and 
refactor the existing data sources, if necessary.

To better understand the user activity data we generally require, let’s look at 
some typical questions around social media usage that we could be interested 
in answering:

■■ Who are the most active/inactive users? How many of them do we have?

■■ How does usage evolve over time? Can we predict usage per user segment 
(by geography, demographics, type of usage) ahead of time?

■■ How do we match users to content? Users to users? How do we surface 
content of interest to the user in a timely manner?

■■ What do users’ networks look like? Do more engaged users form differ-
ent kinds of networks?
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■■ Why do people leave the service, if they do (churn)? Are there precursors 
to this churn, and can we predict it?

■■ What brings new users to the service to join? Do they like it, and if not, 
what makes happy users different from dissatisfied ones?

■■ Are there users who exploit our service in any way? Is there any spamming, 
unscrupulous usage, and deceptive behavior going on among the users?

■■ What are the most “interesting” or “trending” pieces of content at any 
given time? Who are attending to it from among our users, how can we 
find it, and what is it about?

■■ Can we find specific content of interest to us among the sheer amounts of 
streaming or historical data that the users produce? For instance, can we 
find users who mentioned a specific word or subject recently?

■■ What pieces of content are “popular” among the users? Are there big 
differences among their popularities, and if so, how big?

The chapters in this book address some of these questions and offer answers 
for specific services. As may be apparent, some of these can be best answered 
by doing active experiments with our users, in particular A/B testing experi-
ments. (In an A/B testing experiment we show one feature or use one algorithm 
for one set of users A, and another for another set of users B. By measuring the 
differences in user activities between the A and B groups we can decide what 
influence the change in the feature had on users.) However, because we focus 
more on analyzing data that has been collected previously and learning as much 
about it as possible, we won’t cover this powerful technique generally used to 
optimize the user experience on the service.

What kind of data should we collect either from the service we run or from 
other social media services we have access to, then? Guided by the previous 
questions, a few aspects of log data should be required for our analysis: 

	 1.	 As users come to our service, they carry out specific actions: reading 
articles, viewing pictures, tagging photos, and sharing status updates. 
The (anonymized) identity of the users is what we want to know when 
we ask ourselves about what they are doing, along with a description of 
the actions.

	 2.	 We also need to know when they are taking the actions. Sub-second reso-
lution for data collection (milli- or microseconds) usually suffices.

	 3.	 Obviously, for each action there could be a multitude of different kinds 
of metadata pieces that go along with it. If, for instance, the user favors or 
likes a post, we obviously want to store the unique identifier of that post 
together with the action.
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As any of the users may have many actions over a period, the raw data logged 
in such a way may ultimately take a large amount of backend storage to save. 
This could take a long time to process for even simple questions; also, we don’t 
always need all the information for the most common questions. Therefore, we 
normally create snapshots of aggregated data through automated ETL (extract, 
transform, load) processes in a production environment, for instance about the 
current state of the social graph with all the relationships among the users, the 
number of Tweets, posts, and photos that they have created or shared, and so 
on. When we want to analyze the data to gain certain insights, these aggrega-
tions are frequently the first source of information to turn to.

Although we need to think about how to best store all this data in appropriate 
databases, the design and implementation of such schemas is a science and is 
beyond the scope of this book. Also, we would like to rather focus on the way 
insights can be derived from the data and will use publicly available data from 
social media services to illustrate how we proceed with the different types of 
analyses.

Asking and Answering Questions with Data

Our goal is to expose you to several common situations you will encounter 
while making sense of data generated by social media services. The usual way 
of studying empirical phenomena (not necessarily just related to social media) 
has been following the centuries-long tradition of the scientific method: 

	 1.	 Asking the question comes first, in generic terms. This doesn’t yet have 
to involve any further assumptions about the data; we’re just formalizing 
what we’d like to know about a specific behavior. For instance, “What are 
the temporal dynamics of users coming back to the service so that we can 
predict how long their session on the service will last?”

	 2.	 Optionally formulate a hypothesis about the expected outcome. This is 
useful for verifying whether your preconceptions make sense. Also, if 
you have a model in mind that you think best describes the quantitative 
outcome, you can check this. After you have formulated a hypothesis,  
predict what the result should be if the hypothesis holds. This step is 
optional because, if you don’t want to build a model around the ques-
tion and your goal is to use the result only to gain insights, you can skip 
this step. A hypothesis to the question in step 1, for instance, can be that 
“users come back to the service in a random manner, independently of 
whether they used it recently.” (Whether this actual hypothesis is true in 
real services, you’ll see later in Chapter 3.)

	 3.	 Determine the procedure to follow and what input data to collect to 
answer the question asked in step 1. Although the procedure is usually 
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straightforward given the computational tools and existing techniques 
you have, you usually have a lot of freedom in social media to select the 
test data set. Do you want to take samples from among the users or use 
everyone? What date range will you use? Do you filter out certain actions 
you consider undesirable? You obviously want to be thorough and explore 
as much about the data as possible to gain confidence about the results, 
for instance by taking different periods for the dataset or looking at dif-
ferent user cohorts. For the question you want to answer (see step 1), you 
may want to take the timestamps of any action generated by the users 
for a given month, for instance, and then take time differences between 
subsequent timestamps and analyze their temporal correlations.

	 4.	 Perform the data analysis! Ideally, the data collection has been already 
done by you or for you so that you don’t have to wait for that. If your goal 
is to test your hypothesis, you also want to perform statistical testing. If 
you just want to gain insights, your numerical results are the answer to 
the question you asked.

The Datasets Used in This Book

To elucidate the processes and regularities that you can observe in social media 
due to human interactions, you naturally want to use some existing data coming 
from such systems, downloadable from various places on the Internet. Although 
most of the social media services keep their data private (privacy concerns being 
the paramount reason but also because these datasets can become huge), some 
services, most notably Wikipedia, make all their data available to the public. 
In other cases, academic researchers have collected data from these services 
through crawling or data sharing. The following sections list the data sources 
that we used throughout the book. We encourage you to try (and expand on) 
the examples for which having these datasets at hand is a prerequisite.

We selected a few services that have public, widely available, and easily 
obtainable datasets about their users and their content, to show what results we 
can expect in actual social media services for the questions we’ll be asking. The 
names of these services should be familiar, and we also wanted to ensure that 
the datasets are at least medium-sized for users and the time range they span, 
and thus are amenable to analysis to draw meaningful conclusions. Follow the 
practical examples showcased throughout the book; to this end, the following 
sections describe the datasets used. As a summary, Table I.1 provides short 
descriptions of the example datasets we use. 
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Table I.1: Descriptions and Locations of the Datasets Used in This Book

SERVICE MAIN PAGE DATASET

Wikipedia wikipedia.org Revision and page meta information, no 
actual text

Twitter twitter.com Tweets created

Stack Exchange scifi.stackexchange 
.com

Questions and answers from Stack 
Exchange’s Science Fiction & Fantasy 
category

LiveJournal livejournal.com Directed social network connections

Cora dataset Scientific documents from an academic 
search engine

MovieLens movielens.org Sample of movie ratings

Amazon Fine 
Food Reviews

Historical reviews on Amazon for “Fine 
Foods”

N O T E 	 Wikipedia and Stack Exchange content are licensed under the Creative 
Commons Attribution-ShareAlike 3.0 License, https://creativecommons 
.org/licenses/by-sa/3.0/; Livejournal data collected are due to Mislove et al., 
“Measurement and Analysis of Online Social Networks,” IMC 2007, http://social-
networks.mpi-sws.org/data-imc2007.html; the MovieLens dataset is from 
GroupLens Research, http://grouplens.org/datasets/movielens/; and 
Cora appeared in McCallum et al., “Automating the Construction of Internet Portals 
with Machine Learning,” Information Retrieval vol 3, issue 2, 2000.

We made it easier for you to obtain these datasets: run data/download_all 
.sh, available from the book’s downloads to get all the data files that the examples 
build on. (Note that due to the large size of the datasets, especially the Wikipedia 
dataset, at 50-60 GB the downloads take some time to complete). The location 
of the source code is given at the end of this Introduction.

Wikipedia
The biggest dataset we use is the English-language Wikipedia’s revision histo-
ries of the several million articles it hosts. Wikipedia is a collaboratively edited 
encyclopedia, and the English version has approximately 5.7 million articles in 
2018, with approximately 300,000 monthly active editors (http://en.wikipedia 
.org/wiki/Wikipedia:Statistics). A screen shot of the article “Wikipedia” 
can be seen in Figure I.1.

Twitter
On Twitter (Figure I.2), users can send out status updates of at most 140 char-
acters in length (until 2017, when the service increased the maximum length of 
updates). Other users, who “follow” the sender, will receive these short messages

https://creativecommons.org/licenses/by-sa/3.0/
http://wikipedia.org
http://twitter.com
http://scifi.stackexchange.com
livejournal.com
movielens.org
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Figure I.1: An entry from the online encyclopedia Wikipedia about Wikipedia

in their so-called timeline. Pictures and short videos can also be attached to the 
status update. Many users follow news sources, celebrities, or their friends and 
family. Often, Twitter is considered an “information network” where users can 
follow anyone who they’re interested in getting updates from, and those users 
do not have to follow them back.

We will collect Tweets using Twitter’s API to analyze the activity of a sample 
of the users in Chapter 1.

Stack Exchange
Stack Exchange (Figure I.3) is a federated network of websites following the 
model of question answering, where users ask a question on a variety of dif-
ferent topics, and other users can answer these questions and vote both on 
questions and answers. This way high-quality content (at least in the eyes of 
the users) rises to the top. As of 2018, the Stack Exchange network consists of 
more than 350 sites covering different topics from software programming to 
astronomy to poker. The most well-known of these sites is the one that the 
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network started with in 2008, Stack Overflow, focusing on various topics in 
computer programming. In Chapter 4, we take one of the topical Stack Exchange 
sites, the Science Fiction & Fantasy category, and look at the various properties 
of the posts that users submit there.

Figure I.2: A screen shot of a typical Twitter search timeline. Tweets appear in the main section, 
whereas trending topics and “who to follow” recommendations are shown on the side.	

LiveJournal
LiveJournal (Figure I.4) is an online journal keeping and blogging service, in 
which users can make either mutual or unilateral connections to other users. 
Friends of users can read their protected entries, and conversely, the blog posts 
of friends show up on their “friends page.” We’ll use this dataset to study the 
directed connection structure of a social network in Chapter 2.
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Figure I.3: Stack Exchange is a question answering service with a lot of topical sub-sites. We 
chose the Science Fiction & Fantasy category as it is not overly technical in nature (compared to 
computer-related categories or those focused on mathematics, for instance), yet has a decent 
number of users and amount of content.

Figure I.4: The main page of LiveJournal, a blogging platform that encourages the creation of 
communities as well
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Scientific Documents from Cora
This is a smaller dataset, containing the texts of 2,410 scientific documents from 
the Cora search engine. (This search engine has been deprecated; it was a proof-
of-concept search engine for academic publications in computer science.) We use 
this dataset to illustrate the topic modeling approach for natural language texts 
in Chapter 4. The dataset comes bundled with the lda R package; no additional 
download will be necessary.

Amazon Fine Food Reviews
This is a dataset containing “Fine Food” reviews from Amazon, including prod-
uct review summaries, scores, and some user details. The dataset has data for 
10 years, through October 2012. For more details, see https://snap.stanford 
.edu/data/web-FineFoods.html.

MovieLens Movie Ratings
This dataset contains movie ratings from the MovieLens service (https://
movielens.org/) on a scale ranging from 1 through 5, left by 938 users on 1,682 
movies. Chapter 6 uses this dataset in the examples to predict how users would 
likely rate a movie that they haven’t seen yet, given how other users like them 
have rated the movie before.

The Languages and Frameworks Used in This Book

The examples in this book are predominantly written in three programming 
languages and frameworks: R, Python, and Scalding. We use R for its excel-
lent capabilities in statistics, machine learning, and graphics; Python because 
preprocessing large datasets and interfacing with service APIs is easy and fast 
in this language; and Scalding because it’s a flexible and robust framework for 
carrying out distributed computations on MapReduce.

In general, we also believe these tools are great to know for data mining; 
therefore, we assume that you are familiar with them, or at least can understand 
code written in them. They provide a rapid development path for prototyping 
algorithms and writing quick tests around data, and through the extensive com-
munity support available for them, answers to almost any common technical 
challenge are readily available on online forums.

The titles of the code examples in this book reference the example’s source 
code file (unless the code snippet is very short). The source files are in the src/
chapterX subfolder of the book’s code repository, where X refers to the chapter 
where the code example appears.

https://snap.stanford.edu/data/web-FineFoods.html

