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As the internet’s largest video platform, YouTube and its users create vast amounts of data
across a diverse range of content. Over the last years, these data have become of great in-
terest to social scientists to study production and reception of content and social interac-
tions. When starting out, however, accessing YouTube data can present significant chal-
lenges. This guide introduces researchers to YouTube as a source of data and provides an
overview on how to get started with collecting and working with YouTube data. In addition
to instructions on accessing the YouTube API, this guide contains an overview of tools that
can be used for collecting YouTube data and recommendations for processing and han-
dling it.

This guide is written for readers who want to get a first overview of what kind of data can
be collected from YouTube, how to access them, and how to work with these data. Readers
do not need any technical or coding skills; however, they should have a basic understanding
of what an APl is and what web scraping means.

Keywords: data collection, web API, web scraping, social media data, platform data,
YouTube, YouTube APIs, YouTube tools

1 YouTube and social science research

YouTube is currently by far the largest video platform on the internet and the world’s
second-most visited website, with over 113 billion monthly visits (Statista, 2023), second
only to Google Search in terms of traffic, and second to Facebook in terms of user base.
It is often used for entertainment and music, but many also use it as a source of informa-



tion and news. Regarding its main functionalities, YouTube allows users to upload or live-
stream and watch videos, like or dislike them, and comment on them. Given its popula-
rity and relevance as a source of various types of content, YouTube has also become a
platform of interest for social science research.

Broadly speaking, social science research on YouTube can be categorized into studies
that focus on communicators or creators, content, or the platform audience (Breuer et
al., 2023). These perspectives can also be combined. Similar to the content on YouTube,
the topics investigated in social science studies on the platform are quite diverse. While
there is some macro-perspective research on the structure of the platform as awhole and
the quantity and development of its content, such as the recent study by McGrady et al.
(2023), most studies focus on specific types of content, user groups, or phenomena.

Research on the content of videos on YouTube has, for example, focused on education
(Kohler & Dietrich, 2021; Utz & Wolfers, 2022), health information (Bopp et al., 2019; Gaus
etal., 2021), or politics (Bringula et al., 2023; Lai et al., 2024). Other research investigates
the recommendation algorithm on YouTube, e.g., regarding news vs. entertainment
(Huang & Yang, 2024), misinformation (Tang et al., 2021), or radicalization (Haroon et al.,
2022). Several studies have also specifically looked at user comments, e.g., by investi-
gating hate speech, political ideology, gender differences or sentiment for specific topics
(Doring & Mohseni, 2019; McLellan et al., 2022; Rauchfleisch & Kaiser, 2020).

As in the topics, there also is quite some variation in the data used as well as data collec-
tion, processing, and analysis methods in social science research about YouTube. While
many studies on YouTube, especially those on its use and effects, rely on self-reports
(from surveys or interviews), others also use data from YouTube itself. Thus, the platform
is not only of interest as a subject but also as a data source for social science research.

What kinds of data exist on YouTube?

Data from YouTube can come in various forms and formats. We will briefly describe some
of the types of data available from YouTube, while focusing on textual and numeric data
stored in the databases underlying the YouTube website. Many of those are accessible
via the Application Programming Interfaces (APIs) that YouTube offers (see sections 2 and
3in this guide). However, we will also mention other types of YouTube data that are not
available via platform APIs. One important thing to consider is that content on YouTube
and, hence, also the data associated with this content is organized in a nested and partly
hierarchical structure. Figure 1 depicts different types of content and data on YouTube
and their relationships.
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Figure 1: Different types of content and information on YouTube and their relations

User profiles: For each user, YouTube stores, e.g. information on subscriptions, liked
videos, watch history and user preferences, which are used for personalization and
recommendation features. These data are mostly private, i.e., only visible to the user and
not accessible for external users through the API.

Channels: Users can, but do not have to create one or more channels. Channels also have
their own attributes, such as a description, the number of subscribers, the number of
videos, and other linked channels. Figure 2 displays this information for the GESIS
YouTube channel.
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Figure 2: Exemplary depiction of public channel data
Video data: For every video published by a channel, YouTube maintains various kinds of

metadata. This includes title, description, duration, upload date, view count, likes, and
tags. If activated, a video is also associated with subtitles and captions (of which there
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can be different types) and comments (as well as replies to comments). Also, the videos
themselves can be considered and used as sources of data as they contain visual and
auditory information.

Comments: If activated by the producer or channel, videos can contain comments and
replies to comments. On YouTube, everyone who holds a user profile or a channel can
comment on another video unless the uploader disables the feature. Comments can also
be liked and disliked by other users.

Subtitles/captions: Videos on YouTube can have different types of subtitles and cap-
tions. Usually, all videos have subtitles created with automatic speech recognition (ASR).
Those are always in English, even if the video language is not English. Videos can also
have manually created subtitles and subtitles in multiple languages.

Recommendations: Based on different factors, such as user personalization, geoloca-
tion, relevance, and popularity, YouTube’s recommendation system provides sugges-
tions for other videos that users may be interested in. Recommendations are generated
dynamically and, hence, not accessible via APlIs.

2 Options for collecting YouTube data

Researchers have different options for collecting YouTube data (Breuer et al., 2020). Two
important dimensions that these options differ on are the type of data they can collect
and the resources they require.

Manual approaches

For many types of YouTube data, it is possible to collect them manually. This can entail
the manual recording of subscriber, viewer, or like counts, copy-pasting video descrip-
tions or comments from the YouTube website or the manual coding of visual or auditory
content from videos. While such manual approaches are quite versatile regarding the
kind of data they can generate, their major limitation is that they do not scale well and
require a substantial number of resources in terms of human labor.

Existing data collections

While archiving and sharing YouTube data presents challenges (Breuer et al., 2023), some
researchers have created extensive collections of YouTube data that are available for use.
One notable collection is the YouNiverse collection, which comprises metadata for over
136,000 channels and 72.9 million videos published between May 2005 and October 2019.
This collection also includes channel-level time-series data of weekly subscriber and view
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counts. The main advantage of using existing data collections is, of course, that resear-
chers do not have to collect data themselves. On the other hand, it may not be suitable
for answering their specific research questions.

Data donation

Since individual-level YouTube user data are not publicly available, researchers inte-
rested in such data must collaborate with platform users (Halavais, 2019) and employ the
method of data donation (Boeschoten et al., 2022), meaning that users export their
personal data (or parts of it) from YouTube and share it with the researchers. While seve-
ral technical frameworks for data donation have been developed and made available for
the research community (see, e.g., Araujo et al., 2022; Boeschoten et al., 2023), this
method requires substantial effort on the side of the researchers as well as the study
participants. Another limitation of this method is that the self-selection of participants
and the required effort on their part can introduce various biases in the sample and, thus,
the data (Pfiffner & Friemel, 2023; Silber et al., 2024). A strength of data donation is that
it can provide in-depth data about users, representing what Menchen-Trevino (2013)
called “vertical trace data”. From an ethical perspective, data donations also have the
advantage of being transparent for study participants and requiring active opt-in con-
sent.

Web scraping

Web scraping includes all methods and techniques for extracting data and information
from the web (Dewi et al., 2019). This approach is sometimes also called “screen scra-
ping”. In short, this method entails that researchers store the HTML files used by the web
browser to display YouTube content and extract the parts they are interested in with XML
parsers. This data collection method offers the advantage of being able to extract
virtually any visible information from a website.

In theory, there are no strict limitations on the amount or type of publicly available infor-
mation that can be gathered. However, in practice, websites often implement measures
to deter automated scraping, such as CAPTCHA challenges, mandatory user login, or
unnecessarily complex document structures. With the recent success of Large Language
Models (LLMs) that are largely trained on publicly available data, this has become even
more pronounced. User-created content has become even more of a valued asset to
social media platforms, showcased, e.g., by recent efforts of reddit to employ technical
measures to limit the amount of data that can be gathered either through the APl or web
scraping (reddit, 2023).

Additionally, many websites explicitly prohibit web scraping in their Terms of Service
(ToS). The legality of web scraping can vary depending on several factors, including the
researcher’s country of residence, the type of data being scraped, the purpose of the
scraping, and how the scraped data is shared with third parties (Whittaker, 2022). A key

GESIS Guides to Digital Behavioral Data #12 | 5



strength of web scraping is its versatility with the type of data it can generate. In contrast
to APl-based data collection on YouTube, it is, e.g., possible to collect video subtitle data
via web scraping (e.g. Kramer, 2021). Besides the types of data listed in Figure 1, web
scraping also allows for collecting data on video recommendations via approaches that
have been described as “algorithmic auditing”, “simulated users” or “sock-puppet
accounts” (for an example not related to YouTube, see Hase et al., 2023).

A tool that has been specifically created by the digital human rights organization
“AlgorithmWatch” to investigate the YouTube video recommendation algorithm is
DataSkop. Notably, this specific tool relies on data donations instead of web scraping.
Platforms like YouTube are often not in favor of scraping-based algorithmic auditing or
simulated user approaches to studying their recommender systems. The main disadvan-
tage of web scraping, besides legal questions (also see German Data Forum (RatSWD),
2020), is the programming and technical expertises that are required.

YouTube Application Programming Interfaces (APIs)

An Application Programming Interface (API) is “a way for two or more computer pro-
grams or components to communicate with each other. Itis a type of software interface,
offering a service to other pieces of software” (Reddy, 2011). Researchers can use APIs to
access and automatically collect large amounts of data from various sources, such as
social media platforms (Perriam et al., 2020). A helpful resource for this is the online guide
“APlIs for social scientists”.

Notably, APIs also have limitations. In the case of YouTube, an example for this is the
availability of video subtitles. Although the YouTube platform provides at least automa-
tically created subtitles for most videos, the YouTube API does not allow accessing the
subtitles of videos (apart from those that the person using the API has uploaded them-
selves). APIs usually also place restrictions on the amount of data that can be gathered
within a specific timeframe. Further, short-term changes or shutdowns of API functio-
nalities can lead to a fragile data access pipelines that may be too unstable for longi-
tudinal studies (Perriam et al., 2020). Considering such API changes or closures, some
researchers have diagnosed an “APIcalypse” (Bruns, 2019) or a "post-API age" (Freelon,
2018).

Despite these limitations, this method has several advantages. In addition to being allo-
wed by the platform, working with an API is generally more straightforward than web
scraping and results in more structured data. Hence, we will focus on YouTube data
collection via APl in more detail for the remainder of this guide.
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Figure 3: Schematic illustration of the differences between web scraping and API harvesting

YouTube offers several APIs that serve different purposes. The main APIs likely of interest
to social science researchers are listed in Table 1. To collect YouTube data via API, resear-
chers need to use the “YouTube Data API v3”. It offers various data retrieval capabilities,
such as searching for video IDs with specific keywords or obtaining metadata (e.g.,
comment count, view count, likes) and comments for one or multiple videos.

YouTube
Data API (v3)

YouTube
Analytics API

YouTube
Live Streaming API

Description and functionalities

It provides access to public YouTube data and, thereby, the retrieval of information
about YouTube videos, channels, playlists, and other resources.

The API provides functionalities, such as searching for videos, retrieving video
metadata, uploading and managing videos, accessing user activity data, and man-
aging playlists. Link

It provides access to analytics data and metrics associated with YouTube videos,
channels, and playlists, such as viewing statistics or other popularity metrics.

This API helps in analyzing and monitoring the performance of one’s own YouTube
channels and videos. Link

It enables to manage and control YouTube live streaming functionalities.

The API allows creating, updating, and managing live broadcasts, monitoring live
events, and retrieving information about live broadcasts, including chat messages,
viewer statistics, and stream status. Link

Table 1: Overview of YouTube APIs and their functionalities.
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3 Finding theright approach

When planning a data collection via the YouTube API, it is important for researchers to
familiarize themselves with the API, the data it offers, and its limitations. The API
documentation is a useful resource for that purpose. Another helpful resource for getting
started is the respective chapterin the online guide “APIs for social scientists”. In addition
to that, researchers should be clear about what data they need and how they can gather
it. For that, it helps to answer a few questions before starting with any kind of data

collection:

4+ What kind of data do | want to collect?

o+ 4+ 4+

What do | want to do with the YouTube data?
Does the API provide the data | need?
What do | need to access specific data via the API?

resulting data? If so, how can these be implemented?

Can | or do I need to do further specifications in my API calls to narrow down the

To provide some more specific examples, in Table 2, we outline five common research
scenarios for analyzing YouTube data. These scenarios are examples and not exhaustive.

I want to
analyze...

topics

video channels

comments

subtitles

recommendations

What do |
need?

keywords

channel IDs

video IDs

video IDs or

URLs

video IDs or
‘seed video(s)’

What to consider?

timeframe,
number of videos,
sorting

timeframe,
number of videos,
sorting

number of com-
ments

web scraping re-
quired, works best
for English lan-
guage videos

depth, levels of rec-
ommended videos

Table 2: Typical scenarios for collecting YouTube data.

What (type of) data
do | get?

list of videos; metadata
(e.g., video ID, title, num-
ber of likes, view count,
channel name)

list of videos; metadata
(e.g., video ID, title, num-
ber of likes, view count,
channel name)

comments and replies
(text data)

video captions
(text data)

list of videos and their
metadata; (potential) net-
work data

Research examples

Bopp et al., 2019;
Kohler & Dietrich,
2021

Miller, 2017

Déring & Mohseni,
2019; Rauchfleisch &
Kaiser, 2020; Thelwall,
2018

Soldner et al,, 2019

Huang & Yang, 2024:
Ribeiro et al., 2020;
Tang etal,, 2021
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Tools for collecting YouTube data

As with the collection methods, there are various tools for collecting YouTube data. This
section presents different types of such tools: web-based tools, standalone tools, and
packages for specific programming languages (see Table 3). The only web-based tool on
our listis YouTube Data Tools. It offers a user-friendly interface and leverages a generous
quota provided by its creator, enabling the download of a substantial number of com-
ments. For more flexibility, standalone tools, such as Webometric and Facepager, can be
used. However, these tools have a steeper learning curve and require the use of a
YouTube account for APl authentication. One limitation of these options is that they are
primarily used for data collection and do not offer extensive processing and analysis
capabilities.

This is where packages for programming languages prove more advantageous, as they
can be combined with other packages to create a pipeline from data collection to
cleaning, filtering, preprocessing, and statistical analysis. However, with these packages
or libraries, the data collection process is more complex, and researchers need at least
basic coding skills. As a benefit, such packages are generally more flexible with the types
of data they can collect.

Notably, however, there are differences between packages in this respect. For instance,
the R package “tuber” does not support sorting search results obtained via the API by
anything other than relevance. A special case is the R package YouTube Caption. As the
retrieval of subtitles is not possible through the YouTube API, this web scraping-based
tool can be used to download subtitles in text form.

Alist of tools can be found below in Table 3. However, please note that tools may become
deprecated and, hence, cease to function over time. For introductions on how to use the
tools, researchers should consult their documentation. For the R package tuber (and in
parts also for vosonSML), we also provide explanations on how to collect YouTube data
in our workshop materials on GitHub.

Questions to be answered for choosing a tool:
<+ Which tool provides the required data?

<+ Do | have coding skills, if yes, in which programming languages?
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Tool

Facepager

Webometric
4.3

YouTube Data
Tools

Python-
YouTube

youte

python-
youtube-api

youtube-easy-

vosonSML

YouTube Cap-
tion

PHP8 YouTube
API

Table 3: Tools for collecting YouTube data.

API-
based

v

v

Web
Scraping

v

Authenti-
fication
method

APl Key

API Key

APl Key

APl Key

APl Key

APl Key

oAuth 2.0

APl Key

O

APl Key

GUI

N

N

N

Program-
ming
required?,
language

N

Python

Python

Python

Python

o N\

ESIN

Python

Form

standalone

standalone

web-based

package/
library

package/
library

package/
library

package/
library

package/
library

package/
library

package/
library

package/
library

Data types

video metadata,

comments, channel

and playlistinfor-
mation

channel metadata,
video metadata,
comments

channel metadata,
video metadata,
comments

Data formats

csv file

txt file

csv file

channel metadata,
video metadata,
comments

channel metadata,
video metadata,
comments

channel metadata,
video metadata,
comments

video metadata

channel metadata,
video metadata

comments

video subtitles

channel metadata,
video metadata,
playlist info

Python data for-
mats; export as
csv file

Python data for-
mats, export as
csv file

Python data for-
mats, export as
csv file

Python data for-
mats, export as
csv file

R data frame,
export as
csv file

R data frame,
export as csv file

R data frame,
export as csv file

JSON file

Disclaimer: Please note that GESIS and the authors of this guide are not responsible for
the functioning or ethical or legal issues that may potentially arise from using the tools

listed above.
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Preprocessing YouTube data

Depending on what types of data are collected and how, the data may require different
degrees of preprocessing before it can be analyzed. Again, the use of packages and libra-
ries for programming languages like R or Python has the advantage that this step can be
combined with the data collection in the same software environment. For the specific
case of user comments, researchers may, e.g., want to extract certain elements from
those, such as user mentions, URLs, or emojis. For that purpose, we have developed a
small R package called tubecleanR that is available via GitHub. The main function of this
package takes an R dataframe containing comments collected with the packages tuber
or vosonSML as input, and extracts and parses several pieces of information from the
comments, including URLs and emojis. Of course, what types of preprocessing are requi-
red heavily depends on the research question and the analysis methods to be used.

Analyzing YouTube data

The ways YouTube in which data can or should be analyzed depend on their nature and
the research questions they are supposed to answer. Given the heterogeneity in data
types and potential research questions, it is not possible to provide an overview of all
analysis methods that can be applied to YouTube data. Methods applied to YouTube
comments in previous research include sentiment analysis, topic models, network
analysis, stance or hate speech detection.

For text data, such as comments or subtitles, there are many helpful introductions, tuto-
rials and guidelines available online, focusing on different tools/programming languages
and methods. For R, such resources are, e.g., “Text Mining with R: A Tidy Approach” by
Julia Silge & David Robinson, “Automated Content Analysis” by Chung-hong Chan, or the
documentation and tutorials for the quanteda package. As examples for specific applica-
tions, the vosonSML package provides different functionalities for network analyses and
the package peRspective can be used for the automated detection of toxicity in YouTube
comments (using the Perspective API). Recently, LLMs have received increased attention
as tools for automated text analysis in the social sciences. The guideline by Térnberg
(2024) can serve as a good starting point here. As YouTube comments are often in
different languages, multilingual approaches might be required for this type of textual
data. The materials from the GESIS Training workshop on multilingual text data by Hauke
Licht and Fabienne Lind can be a useful resource for that purpose. Recent work by Rathje
et al. (2024) suggests that LLMs can also be used for multilingual text analysis.

4 Limitations of YouTube data

While YouTube data has large potential for social science research, like other types of
digital trace data, they have specific limitations that researchers need to consider. To
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begin with, data collected via the APl or web scraping only provides very limited informa-
tion on individual users. For gathering detailed individual-level user information, data
donation approaches are necessary. These also allow for a linking of these data with
individual additional data, e.g., from surveys (Stier et al., 2020). In general, platform data
can be affected by different types of biases on the sampling and the measurement level
(Sen et al., 2021). Additionally, YouTube data can be noisy and incomplete, as they may
contain irrelevant or duplicated content, and not all user activities or interactions are
captured (Cesare et al., 2018).

5 Ethical and legal considerations

Besides the technical and methodological considerations discussed above, collecting
and working with YouTube data also raises legal and ethical questions. With regard to
legal aspects, two relevant things to consider are the platform’s Terms of Service (ToS)
and its developer policies. Notably, these were originally not designed with academic
research in mind, making them challenging to interpret for researchers and their use of
the API. Given that the Terms of Service (ToS) of a platform may undergo modifications
over time, it is advisable for researchers to save a copy of the ToS as it existed during the
data collection period. This precautionary measure ensures they have a reference point
in case inquiries arise at a later stage.

Researchers may also encounter questions and issues related to copyright or intellectual
property rights when working with video content. Since local legislation varies and can
change, seeking legal counsel is generally advisable to ensure the legality of different
methods of accessing and publishing data. While YouTube content is considered public
once it is published, including metadata and user comments, it is important to note that
also for public data ethical considerations regarding their use and distribution need to
be made. Hence, itis generally recommendable to seek ethics review, e.g., via Institutio-
nal Review Boards (IRBs), also when collecting public data from YouTube.

Further legal and ethical questions arise when it comes to sharing/publishing data from
YouTube (see Breuer et al., 2023). Again, how these can be addressed strongly depends
on the type(s) of data and how they were collected. As is usually the case with legal and
ethical questions, there can be no general guidance, but decisions need to be made on a
case-by-case basis. Still, some existing resources on ethics in social media research and
data sharing can also be informative for studies using YouTube data (see, e.g., Bishop &
Gray, 2017; Franzke et al., 2020; Samuel & Buchanan, 2020; Townsend & Wallace, 2016;
Williams et al., 2017).

Authors’ Note: This guide is based on a workshop that the authors have previously taught within
the GESIS Training program, and another guide on tools for collecting social media data (Deubel
etal., 2023).
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