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ABSTRACT

Online educational videos offer an accessible means for persons
without formal training to learn software engineering concepts be-
yond programming alone. However, it is difficult to get an overview
of what software engineering training content is available, which
is a prerequisite for more detailed analysis such as on how that
content influences the perspectives of these citizen developers. In
this paper, we report on our attempt to systematically map the offer
of such videos on YouTube. Our contributions are twofold: (1) We
design and implement a pipeline for the automated retrieval and
relevance scoring of YouTube videos; and (2) we use this pipeline to
perform two mappings of software engineering training videos. We
identify considerable challenges in performing this type of study
and provide advice for future research using this methodology.
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1 INTRODUCTION

As a software engineering community, we increasingly expect cit-
izens to be more self-reliant in their involvement with software
engineering activities such as requirements elicitation [14] and
even software development as citizen developers [1]. This reliance
can be expected to only increase in the future under the influence
of large language models (LLMs). Tools such as Lovable! are aimed
towards supporting software development by such persons without
formal software engineering training. For learning programming,
there is plenty of material available online, such as in Q&A websites,
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blogs, LLM-powered chat-bots, and video tutorials. There is, how-
ever, a lot more to software engineering than just programming.
For example, software engineers must incorporate in their work
ethical concerns, regulations surrounding safety and cybersecurity,
and much more.

We are interested to learn what type of software engineering
training is available for those members of the public who have not
received a formal software engineering education. Therefore, we
look for training material available in informal form, specifically
YouTube (YT) videos and not for other forms such as massive open
online courses (MOOCs) on other platforms. YT is the biggest online
video platform hosting billions of videos and thus it has the potential
to serve as a resource for self learning [26]. Our premise is that
among all those videos, there must be suitable training material for
learning software engineering topics. Nevertheless, it is not so easy
to get an overview of what content there is for citizen developers.
Therefore, we perform a mapping study of YT videos, adapting the
traditional approaches for mapping the scientific literature.

The goal of this research is to map educational software engi-
neering content on YT. This is a vast search space and therefore
the secondary goal of this research is to provide automated means
to perform such a mapping. We report on our process of doing
this research, which includes developing a method on how to do
such a mapping study in the first place, and show how that has
also impacted the scope of what we could research. Throughout
the research, we narrowed our scope guided by feasibility of doing
the mapping, starting from software engineering as a whole and
later focusing on specific aspects within that.

We define the following two research goals:

RG1. To develop automated support for mapping studies of YT.
RG2. To apply the resulting tooling from RG1 to discover trends
in videos about software engineering topics on YT.

As a part of trying to understand how to do such a mapping study,
we need to understand the type of video that citizen developers
would be looking for and the way that they would look for these
videos (the latter is relevant because uploaders change their video
titles to match either search habits or clicking habits of viewers).
It is not obvious what search parameters need to be put in place
to find videos relevant to viewers. Therefore, as part of this study,
we conduct a questionnaire survey (see Section 3.2) among citizen
developers to elicit insights into how they use YT for their own
learning. We use the answers from the 52 respondents in the further
design of our mapping study.


https://orcid.org/0000-0003-0416-1787
https://orcid.org/0000-0002-1863-3987
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://lovable.dev/
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Mapping educational software engineering content on YouTube

This paper brings contributions in two aspects. First, we develop
a pipeline and guidelines for doing automated mapping studies
on YT. This answers many non-trivial open questions about doing
such work. The complete implemented pipeline is provided as sup-
plementary material to the paper [29]. Second, we show that this
pipeline can indeed result in an overview of the available videos on
a topic and show a heatmap of most popular software engineering
topics throughout the latest years. These mappings show an inter-
est in software maintenance as a video topic. Both aspects together
show the potential for this research method as a way to research
available software engineering training videos.

The remainder of this paper is structured as follows. We relate
our work to the literature in Section 2. We list requirements for our
mapping study and apriori challenges to overcome in Section 3. We
detail our method, its implementation and validation in Section 4.
We present results in Section 5 and discuss further encountered
challenges, limitations, and threats to validity in Section 6. We
conclude and propose future work in Section 7.

2 RELATED WORK

In this section, we discuss previous mapping studies of YT and
previous studies on software engineering training videos.

Reported sources of data other than the video itself to judge
YouTube videos include number of views and likes, comments, and
metadata [12, 28]. The possibly available metadata is extensive and
includes also view patterns of the audience. It has been shown that,
in general, longer-watched videos also attract more likes per view
and more comments, thus view duration is logically a good proxy
for the relevance of the video to the audience [19]. However, what
is missing in this perspective is an indication of the relevance of
the content of the video for a certain topic, which is what we focus
on in this paper.

Researchers from other domains than software engineering have
performed various types of mappings of YT. One study gathered
metadata from more than 36 million channels to chart genre hierar-
chies and national clusters across the platform as a whole [22]. This
study was exclusively quantitative, based on metadata of videos
and did not include a judgment on relevance of the videos. Another
study considered 317 videos on sleep apnea to understand what
information patients are exposed to [31]. The study showed that
certain metadata such as video duration and number of views can
be used as a proxy for video quality.

When comparing software engineering curricula and the needs
of employers, researchers found a good correspondence between
what is taught and what is needed in the area of coding and design,
but a lack of teaching in project management, configuration man-
agement, and other practical process areas [11]. Our starting point
is that we expect that professionals as well as citizen developers
search for more knowledge on these topics from alternative sources,
and that one of these sources may be YT videos. In part due to the
COVID-19 induced move to online classes, lecturers have published
YT tutorials to replace in-person demonstrations [10]. Indeed, YT
is reported as a source of learning material for both formal and
informal learning [27]. Despite the popularity of the medium still,
a common concern is the quality of the content [27].
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3 REQUIREMENTS FOR A MAPPING STUDY
OF YOUTUBE

In this paper, we consider YouTube videos on software engineering
topics beyond programming and are interested to find out what
SE topics receive the most attention and what areas are under-
represented. We therefore design and perform a mapping study to
identify trends in published videos.

3.1 The need for automation

The volume of YT (20 billion videos as of April 2025 [5]) prevents a
manual search and comprehensive mapping of all content related
to such a broad topic as software engineering. Moreover, given the
frequency with which new videos appear (recent estimates state 20
million videos are uploaded daily [5]), such an analysis would risk
to be outdated before it is finished, much more so than in traditional
mapping studies of the scientific or even gray literature. Manually
retrieving metadata, transcripts, and engagement statistics for every
candidate video is time-consuming and practically impossible due
to this scale. Therefore, we develop an automated pipeline that
retrieves this information, applies consistent filters, and periodically
refreshes the dataset, aiming for reproducibility and up-to-date
information as much as possible in such a dynamic setting.

A core challenge of automating the mapping is judging the rele-
vance of videos. It is not about number of views or likes, it is rather
about: is this video a good fit for the topic we are trying to map?

In our mapping study, we adapt the methodological guidelines
for systematic mapping studies provided by Petersen et al., and
consider instead YT videos as the equivalent of “primary studies”
from the literature [20]. Table 1 lists our adaptations, and they are
further elaborated in Section 4.

3.2 Relevant topics and search strategies — a
survey among citizen developers

Searching YT requires a different focus than searching the litera-
ture, making the usual experiences of secondary studies not always
applicable. For example, a number of results for a given search
string is not readily available in searching YT, due to the impre-
cision of the “totalResults” parameter that the API reports (more
in Section 4). Searching is also perilous since there is not a similar
predictability of terms used in video titles as there is for academic
papers. Moreover, there is limited insight into what people who
would be interested in these topics would actually search for. There-
fore, we have conducted a questionnaire survey among persons
self-identifying as citizen developers to find out (1) topics of interest
to citizen developers, and (2) search strategies of citizen developers.
The complete results of the survey are available as supplementary
material [29]. We used the insights from this survey as input to
narrow down feasible and relevant topics for a mapping study.

To save space in this paper, we limit the reporting about this
questionnaire survey to its main results as follows. We spread a
questionnaire survey through student networks to explain the in-
tent of the research and to solicit responses. Eventually, we got 52
responses from persons self-identifying as citizen developer, which
we verified using the first two questions in which we asked (i) what
software they had built or maintained in the past year (they should
have), and (ii) whether they had received any formal SE education
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Table 1: Contrasting aspects of typical Systematic Mapping Studies with this paper.

Aspect Typical SMS [16]

Our mapping study of YouTube

Corpus / search space

Digital libraries such as Google Scholar, Scopus, Single venue: YouTube (accessed through its Data
ACM digital library, and IEEE Explore

APIv3)

Unit of analysis Peer-reviewed publication

Individual video (with auto-generated transcript)

Topic identification

Manual coding / keyword tagging by researchers LDA topic-modeling + entropy-weighted TF-IDF,

topics mapped to SWEBOK [30] areas

Classification facets
cation venue, publication year

Topic, contribution type, research method, publi- SWEBOK [30] knowledge area, publication date

Data extraction

Metadata + researcher-assigned codes

API metadata + mined transcript text (no human
coding)

or training (they should not have). We asked respondents to express
their interest in software engineering topics selected from Software
Engineering Body of Knowledge (SWEBOK) [30] chapter titles.
The three topics of most interest were “Software Requirements”,
“Software Maintenance”, and “Software Quality”. Conversely, the
three topics of least interest were “Software Engineering Opera-
tions”, “Software Architecture”, and “Software Management”. The
respondents reported various search strategies to find videos corre-
sponding to their interest area.

The respondents were further asked about their criteria for choos-
ing to watch certain videos over others. The most often mentioned
video selection criterion was its relevance to the person’s current
project (34/52 responses, 65%). Other factors were mentioned fewer
times: the presenter’s experience (26/52, 50%), the video’s popularity
(26/52, 50%), and the video length (16/52, 31%).

Lastly, we asked the respondents an open question about their
search string: “How would you look on YouTube for a tutorial on
writing a formal requirements document?” We found that the search
strings people use (1) commonly include concrete SE terms such as
“requirements document”; (2) typically begin with indicators about
the type of instruction content they are looking for, such as “how
to”, or “tutorial on”; and (3) typically include audience qualifiers,
such as “for beginners”, or format qualifiers such as “template” or
“guidelines”.

The input from the questionnaire gives us insight into topics that
citizen developers would find interesting and the way they would
search for corresponding training videos. It does not yet help us to
decide a feasible level of granularity of a mapping study, which we
continue to experiment with in Section 4.

4 METHOD

In this section, we first provide a high-level overview of our map-
ping study, and then detail each step. Our starting point was that
we wanted to create a repeatable and automated means of mapping
content on YouTube to be able to manage the scale of the platform.
Such an approach should be able to collect videos, assess their rele-
vance, and store metadata for further study. We used the newest
available version of the YouTube Data API v3 [13] as the primary
data entry point, enabling programmatic access to video metadata
and perform several steps to automatically process the transcripts.
Figure 1 shows an overview of the followed steps for this work,
which are illustrated in details in the following subsections.

Mapping pipeline

Data collection
Inclusion and

exclusion criteria
definition

Topic selection & YouTube Video

Search string filtering
definition Data
API v3

Transcript analysis
(l'erm selection\
and weighting

Text
preprocessing

Topic modeling

(o ]

[Normalization] [ TF-IDF ]

[ Filtering ] [Entropy factor] [ post- ]
processing
Tokenization Bigra’T‘
collocation

Video relevance scoring

Topic Title-content |[Depth of topic
coverage relevance exploration

Figure 1: Overview of the research pipeline followed for au-
tomated mapping of SE videos on YouTube, the steps after
the initial two are automated.

4.1 Data collection

We used the YT Data API v3 [13] to collect videos’ metadata and
stored the collected data, including titles, descriptions and publica-
tion dates in a structured JSON format for further analysis.

Following the methodology of a mapping study, we formulated
the following inclusion criteria:

I1. Video shall be relevant to the selected topic (one of the SWE-
BOK topics: Software Requirements, Software Design, Software
Testing, Software Maintenance and Software Quality).

I12. Video shall have English language audio.
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I3. Video shall be published between January 1st 2015 and May
1st 2025.

And these exclusion criteria:

E1. Video has duplicates in the collected dataset.

E2. Video is not publicly available (e.g., YT premium).
E3. Video is flagged for YT policy violations.

E4. Video lacks an automated transcription.

The search is automated using a script that encodes the inclusion
criteria and queries the API. Videos that met any of the exclusion
criteria or did not meet one or more inclusion criteria were dis-
carded.

4.1.1 Topics and search strings. A study analyzing the transcripts
of 130 software engineering vlogs showed the potential of using this
data as a means to categorize videos [6]. One challenge to overcome
is the skew of the YT recommendation algorithm, which is known to
be biased, e.g. towards pseudo-scientific content [18]. Following the
personalized “watch-next” suggestions also shows how conspiracy
theories show up in a person’s recommendations [9]. Indeed, a study
using persona-based crawling showed the emergence of content
“bubbles” of one-sided political content [17]. We therefore avoid
relying on any personalized recommendations in our study and
query the YT Data API without cookies nor personal account.

A search in the API takes as input a search string. To find our
search string for the broad domain of software engineering, we
consider the knowledge areas defined by the SWEBOK [30]. We
have performed a unique search for each individual knowledge area.
Our mapping study is then the union of these searches. To limit
the scope and required number of API calls, we selected five topics
from SWEBOK that were most of interest for the respondents to our
questionnaire (see Section 3.2). The search strings for each sup-topic
are taken to be identical to the chapter names in SWEBOK.

4.1.2  Video filtering. Videos were collected through paginated
API requests. Each page contains up to 50 videos and we have
chosen to limit our collection to at most 10 pages per topic, if that
many existed. We have used the default order setting, by which the
API returns results in order of relevance to the search query [13].
Collecting at most 500 videos per topic is a limitation we accept in
our mapping due to the limited availability of API tokens. Moreover,
we do not aim for an exhaustive dataset of videos on a topic, but
rather try to map the way topics are covered in the most relevant
videos. In any such study, there is a trade-off to be made considering
the amount of data that can be collected, in this case also limited
by the number of available API tokens.

4.2 Transcript analysis

The second stage of the pipeline is to analyze the videos transcripts
with the goal of assessing their relevance to the topic. YT offers
automatic transcripts for English-language videos, but their avail-
ability and reliability depends on audio quality and uploaders are
able to disable the feature for their videos.

The pipeline for processing the textual transcripts includes four
steps, with the goal of extracting only terms useful for judging the
video’s relevance. First, we pre-process and normalize the text to
remove noise and ensure uniformity (Section 4.2.1). Second, we
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extract domain-specific terms, which highlight the technical vo-
cabulary necessary for accurate analysis (Section 4.2.2). Third, we
apply topic modeling using Latent Dirichlet Allocation (LDA) to un-
cover themes within the text (Section 4.2.3). Fourth, the topic model
is refined through topic coherence enhancement (Section 4.2.4). We
now detail the implementation of each step.

4.2.1 Text preprocessing. The text processing stage consists of
three steps: normalization, filtering, and tokenization.

The transcripts generated by YT contained timestamps and
speaker labels that we can remove to obtain a cleaner starting
point for the analysis. Therefore, we begin with normalization of
the transcripts by stripping timestamps, punctuation, numbers, and
any characters between parenthesis, and converting all characters
to lowercase.

We further filter out platform-specific filler words such as YT
calls to action (e.g., “like and subscribe”). Prior work has shown that
building a corpus specific stop-list significantly improves model
interpretability: for example, one study demonstrated that remov-
ing empty and domain irrelevant words before and after training
can enhance topic coherence without losing relevant content [24],
and benchmarks of filler word detection have emphasized the im-
portance of filtering non informative speech phrases to sharpen
analyses [32]. Table “stopwords” in the supplementary material [29]
features of all words and phrases we filter out from the video tran-
scripts we collect. This filtering removes language that is character-
istic of the YouTube platform rather than the software-engineering
domain, preserving the accuracy of subsequent weighting and topic-
modeling stages.

Next, we prepare the input for term frequency-inverse document
frequency (TF-IDF) and topic modeling of the transcript using
the word_tokenize function from NLTK [2]. For each token we
generate n-grams, continuous sequences of n words. Unigrams (sin-
gle words) capture the basic vocabulary, while bigrams (two-word
sequences) such as “version control” often encode concepts that
cannot be inferred from their parts alone. Not every bigram is
meaningful. We measure the strength of association between its
two words using Pointwise Mutual Information (PMI) [7]. PMI com-
pares the observed joint frequency with the frequency expected if
the words were independent, a high PMI value signals a collocation
worthy of further analysis. The final output of this pre-processing
stage is thus a cleaned list of unigrams and high-PMI bigrams that
can now be ranked for specificity and weighting.

4.2.2  Term selection and weighting. After pre-processing, the re-
maining unigrams and bigrams need to be assigned a weight to
determine their relevance to the topic. To answer this, we rank to-
kens with a two-stage weight that combines TF-IDF and an entropy
bonus.

TF-IDF assigns a high score to words that occur often in one
document but rarely across the whole collection [23]. Although TF-
IDF already rewards distinctiveness, it does not distinguish based on
frequency of occurrence across multiple documents. We therefore
add an entropy factor [21, 25]: the Shannon entropy of a term’s
document-frequency distribution. Low entropy means the word is
concentrated in a small subset of videos and is therefore more likely
to mark a specific subtopic. Our proposed weighting procedure is:
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(1) Compute the standard TF-IDF matrix.

(2) Calculate Shannon entropy for every term.

(3) If a term’s entropy falls below a tuned threshold, multiply
its TF-IDF by 1.5 to obtain the final importance score.

We selected this 1.5 boost after experimenting with a range of fac-
tors between 1.2 and 2. In particular, a balance is needed: too much
boost causes a dip in term diversity, while too little boost yields
more noise. We found that 1.5 yields the best recall of niche termi-
nology; the relevant terms are clearly visible to the final output and
irrelevant terms, when still present after filtering, are suppressed.

The remainder of our designed procedure is detailed as follows.
Single words alone might miss many technical expressions that
are only meaningful as fixed phrases, e.g., version control and test
harness. To retrieve these we propose to run a bigram collocation
module:

(1) A bigram finder enumerates adjacent non-stopword tokens
that survive pre-processing and appear at least five times.

(2) Each candidate bigram is scored with Pointwise Mutual In-
formation (PMI), which measures how much more often the
pair co-occurs than chance would predict [7].

(3) Bigrams that exceed a PMI threshold and pass the domain-
specificity filter are added to the vocabulary and weighted
with the same TF-IDF + entropy scheme.

Including statistically significant collocations ensures that multi-
word software engineering concepts enter the analysis with ap-
propriate weight, preventing their component words from being
treated as independent and diluting the transcript analysis.

4.2.3 Topic modeling implementation. Topic modeling clusters co-
occurring terms and assigns each document a proportion over those
clusters [3]. We can use this technique to discover themes from
our weighed terms. We choose Latent Dirichlet Allocation (LDA),
a generative Bayesian model that represents every transcript as a
mixture of K topics and every topic as a probability distribution
over the vocabulary [4]. LDA is well suited here because it scales
to thousands of moderately sized documents, produces human-
interpretable term lists, and is implemented efficiently in the Python
library scikit-learn.

Raw LDA output often contains duplicate stems or overly general
words. We therefore apply three cleaning passes: (i) stem matching
merges near-duplicates; (ii) bigrams are preferred over unigrams
when both appear in the same topic list, because phrases such as
version control convey more precise meaning; (iii) any remaining
generic tokens are removed by cross-checking against the stop
list. For every surviving term we record its corpus-wide frequency
and its normalized topic weight so results can be compared across
topics.

4.2.4  Video-level relevance scoring. The topic model summarizes
vocabulary, but does not yet judge the relevance of videos for the
searched topic. To do so, we need to distinguish videos by the depth
of coverage of topics. We developed a scoring scale for each video
on three criteria: (i) topic coverage (0-4 points), (ii) title-content
relevance (0-3 points), and (iii) depth of topic exploration (0-3
points).

To evaluate the consistency between a video’s metadata and its
spoken content, the relevance scoring algorithm concatenates the
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title, description and tags, then performs three independent overlap
checks. It calculates the proportion of relevant title words (words
longer than three characters) that also occur in the transcript. It
verifies whether the explicit SWEBOK topic name appears in the
transcript and it measures how many of the topic’s key phrases can
be found in the combined metadata.

The depth component measures how thoroughly a video treats its
topic by combining observable features of the transcript. First, the
algorithm derives a technical term density score by computing what
fraction of the unique words drawn from the topic’s key phrase list
also appear in the transcript. Second, it awards up to 0.5 point for
sheer length, scaling the score linearly until the first one thousand
words have been reached, beyond which additional text no longer
increases the total. Third, it adds 0.5 point when it detects discourse
markers that signal an organized structure (for example, phrases
such as “first”, “finally” or concluding statements like “in summary”).
A further 0.5 point is granted if the transcript contains phrases that
introduce practical illustrations, such as “for example” or “case
study”, assuming these indicate applied rather than purely abstract
treatment. Finally, another 0.5 point is available when technical
cue words such as “algorithm”, “architecture” or “framework” are
present, reflecting a deeper, more specialist discussion.

4.3 Validation of the relevance scoring

To validate the automated relevance scoring system, we compared
its output with a manually graded sample of videos, following the
same rating guidelines as described in Section 4.2.4. Two indepen-
dent human raters judged a stratified random sample of 30 videos
from one of our collected datasets, 10 videos from 3 randomly
chosen SE topics, used in the data collection phase.

We pre-determined guidelines for giving certain scores on these
scales. These guidelines are available in supplementary material [29].
After viewing each of the 30 videos, raters assigned three separate
ratings for the three criteria. The complete tables of ratings are
provided in supplementary material, too.

To ensure the reliability of the human scores, we applied the
quadratic-weighted Cohen’s k coefficient to the first round of rat-
ings. According to the conventional Landis—Koch interpretation,
the first value indicates substantial agreement (x > 0.70), while the
second and third fall into the moderate-agreement band (0.41 <
Kk < 0.70). Inter-rater reliability exceeded the generally accepted
threshold of ¥ > 0.70 in all categories—main coverage (x = 0.708),
title-content match (x = 0.730), and depth of topic exploration
(k = 0.739). For each video, the two human raters’ scores were first
summed across the three categories and then averaged, yielding a
single composite score. Cohen’s k was subsequently recomputed
between these averaged human scores and the predictions gen-
erated by the proposed tool, resulting in x = 0.642. This value
indicates moderate agreement between the humans and our system
and therefore we conclude that our automated pipeline is mod-
erately suitable for assessing relevance according to our criteria.
Human raters typically disagreed with the tool in cases of videos
that are advertising or are shorts, that score high due to matching
the predefined phrases and words, but humans find irrelevant (and
rightfully so).
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5 RESULTS

We demonstrate our automated pipeline by performing mappings
at two levels to get a better insight into what a good level of granu-
larity would be for a mapping study of YT. This is needed since, as
opposed to literature reviews, there is a lack of reference studies and
researcher experience that would indicate an appropriate level of
granularity of a mapping study. Moreover, the two mappings show
two distinct capabilities of the pipeline, providing a broad overview
of the field and distinguishing more nuanced topics. Lastly, the
collection of two datasets is a compromise driven by the practical
limitations explained in Section 4. A single comprehensive dataset
could simultaneously show the distribution of all SWEBOK areas
without loosing data about subtopics present within them, but such
a dataset is infeasible to create taking into account the limitations
of the Data APL

We now describe the results from the two mapping studies. The
first is a “high-level” mapping in which we took five different SWE-
BOK topics and used them as search strings. The second is a “low-
level” mapping and was made by taking the most popular topic
from the first dataset and searching for their sup-topics in SWE-
BOK. We detail the quantitative distributions of videos across years
and topics, the term patterns extracted from transcripts, and the
quality scores assigned to individual videos. The results provide
insights into what kind of software engineering learning material
is available for citizen developers on YT.

5.1 High-level dataset overview

For the high-level dataset we collected 2500 videos, 500 videos
on each of the five SWEBOK areas of Software Design, Software
Maintenance, Software Quality, Software Requirements and Software
Testing.

Video Frequency by Concept and Year (Total Videos: 2500)

200
Software Design - 6 9 6 51 21 51 49 49 66 61 175
. 150
Software Maintenance- 5 10 9 15 11 20 21 38 58
125

a
O
3
2
S
™ Software Quality- 4 6 8 10 12 67 62 76 95 82 78 L 100
2
= -75
U Software Requirements - 44 22 20 23 21 51 45 74 54 46
-50
Software Testing- 0 1 15 9 35 65 71 66 68 75 95 -5

] ] J J J i i i J i T
201520162017 201820192020 2021 2022 2023 2024 2025
Year

Figure 2: Heatmap of “high level” set

Figure 2 shows the frequency of uploaded videos by year. The
total number of yearly uploads across all topics is the lowest in
2016 with 48 videos (2% of the dataset) and the highest in 2024 with
475 videos (19% of the dataset). We see a trend in upload frequency,
increasing since 2020. The total number of videos published from
2015-2019 is 373 (15% of the dataset), the most recent six years
account for 2127 videos (85% of the dataset). More than half (54%,
1322 videos) of the dataset represents uploads between 2023 and
2025.
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5.2 High-level transcription analysis results

All 2500 videos in the high-level dataset were analyzed using the
transcript analysis pipeline detailed in Figure 1. The result is an
overview of relevant key terms collected from the videos, an overview
is shown in Figure 3. All these 20 most relevant terms achieved
an automatically calculated relevance score of 100%. We observe
technically relevant terminology and an apparent interest in re-
quirements, with it being the most frequently occurring term, and
several related terms occurring in the top 20 too.

Top 20 Key Terms with 100% Relevance Score

4000

3500

3000

~N
@
=
S

2000

Total Frequency

-
I
=
S

1000

Figure 3: Bar chart of the most frequent key terms detected
from the dataset

The five most common terms together represent 62% of the
total, while the bottom ten terms represent only 20%. This could
indicate that the videos stay largely on-topic. Essentially, the filtered
transcripts emphasize a handful of key concepts and stray from
them relatively little, providing a focused coverage.

5.3 Low-level dataset

We collected the low-level dataset with an identical pipeline config-
uration, including the same YouTube Data API endpoint, English
language filter, and 2015-2025 date range. Moreover, we repeated
the full pre-processing, term-weighting and topic-modeling steps.
The only adjustment lies in the five narrower search strings, again
taken from the SWEBOK, but now as subtopics under Requirements
Engineering: “Functional Requirements”, “Requirements Analysis”,
“Requirements Elicitation”, “Requirements Management” and “Re-
quirements Specification”. These more narrow search strings yield
fewer search results too: in this second mapping, we collected 275
distinct videos. The resulting imbalance across topics is therefore
a consequence of the available content as returned as results by
the API for each corresponding search string, and unrelated to the
implementation details of our pipeline. We show the frequency of
videos by topic in the low-level dataset in Figure 4.

Figure 4 shows that Requirements Management is the largest cat-
egory with 85 items (31% of the dataset). Similar to the high-level
dataset, the trend shows a higher number of videos in the dataset
from more recent years. The year 2023 has the most uploads, 73
videos (27% of the dataset). Together, 2022 through 2024 supply
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Video Frequency by Concept and Year (Total Videos: 275)
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Figure 4: Heatmap of “low-level” set

56% of the dataset. As in the high-level dataset, earlier years con-
tribute fewer videos. The distribution of results is thus uneven, with
both concept totals and yearly totals skewed toward Requirements
Management and toward the most recent three-year period.

One observation from these results is an apparent interest in
process-oriented material. Videos on Requirements Management
alone supply almost one-third of the corpus, roughly double the
number devoted to Functional Requirements or Requirements Speci-
fication. This might suggest that YouTube creators emphasize how
to organize and track requirements more than how to write or
structure them.

5.4 Low-level transcription analysis results

We performed the same transcript as before on the low-level dataset
of 275 videos. The outcomes of this run are reported in Figure 5.

Top 20 Key Terms with 100% Relevance Score

2833

25001

20001

15001

Total Frequency

1000 4

Figure 5: Bar chart of the most frequent key terms detected
from the dataset

The low-level requirements corpus contains 7227 appearances
of the top twenty most frequent terms which achieved a 100 %
relevance score. We see as most frequently occurring keywords
those that are relevant to the discussed requirements engineering
topics, such as Stakeholder, Functional, Elicitation, and Traceability.
These five words together account for 80% of the frequent terms.
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The data implies, similarly to our findings in the high-level
dataset, that videos stick to a few topics at a time. This data also
suggests that most presenters concentrate on defining what the
system must do and on identifying who owns those needs. Other
concepts, such as interview techniques and documentation nuances,
appear to be discussed less frequently.

6 DISCUSSION

In this section, we discuss challenges encountered during the map-
ping study, which are an important part of the results of this work
as they explain some of its limitations and provide a perspective
for future mapping studies of YT and similar platforms.

6.1 Challenges and threats to validity in
mapping a video platform

We now discuss findings from the first research goal introduced in
Section 1: RG1. To develop automated support for mapping studies of
YT

In this paper, we have shown a possible way of performing such
a mapping study. Our approach focuses on automated means to
manage the scale of the platform. There are many challenges to
overcome and many other ways a mapping study could be per-
formed. Even a completely manual mapping could be imagined,
provided that the topic under study is sufficiently narrow. For topics
such as the one in our work however, it almost certainly needs to
be done in an automated way to deal with the scale and dynamics
of YouTube, and we have seen that this can yield interesting results
about the division of content over topics on the platform.

When designing and executing our mapping method (as de-
scribed in Section 4), we encountered challenges in retrieving videos
for analysis. Overall, making a study like this yield results at all
requires to make a number of assumptions, thus yielding a number
of threats to internal and construct validity. Throughout this study
we have documented these choices and justified them as best we
can and reflect in the following on our findings. We describe each
of them below and discuss implications for this mapping study and
future ones of the same sort.

6.1.1 Challenges in study design. A first category of challenges is
related to the study design.

Finding the right granularity. It is not straightforward to identify
the feasible level of granularity for a mapping study on YT. As with
any mapping of the literature, a too narrow search string would
result in too few videos and a too broad search string would result
in too many videos. In contrast to the literature however, it is more
difficult to get a reliable overview of the real total number of results
of a particular search, and an intuition of an appropriate level of
granularity is not present due to little experience and references
in the literature. We have collected two datasets at different levels
of granularity to explore a suitable level for future work. However,
we cannot give a definitive recommendation.

Topic selection. Search strings for mapping studies differ based
on their target platform, utilizing the specifics of each platform to
maximize the possible results. Academic databases provide field-
specific indexing, controlled vocabularies, and full Boolean logic for



Mapping educational software engineering content on YouTube

including and excluding certain words from the search, allowing re-
searchers to build a single, highly expressive query that maximizes
precision across well-defined documents. In contrast, YouTube’s
public APT applies each keyword query indiscriminately to titles,
text descriptions, and user-supplied tags. It lacks proximity opera-
tors and nested Boolean clauses, and returns only a limited subset
of videos the algorithm deems worthy to watch.

This means that broad terms that can be safely refined syntac-
tically in scholarly databases quickly saturate YouTube’s narrow
results window with popular but off-topic videos, while the absence
of controlled vocabulary and the diversity of user tags further de-
grade how precise the search is. All of these reasons mean that
researchers conducting a mapping study on YouTube need to work
around this lack of structure by making their own video filtering
methods, as we have shown in this paper.

Future research implementing similar filters should focus on
comparing the effects of different ordering of the results as returned
by the APL By using other filters than relevance, the results avoid
the opaque implementation of the search engine and instead rely on
objective metadata, at the cost of potentially finding fewer relevant
videos.

Choice of search strings. Search strings naturally affect the num-
ber of search results. However, we found titles and tags are often
inconsistent, leading to additional difficulty in composing an effec-
tive search string. A good search string needs to find an appropriate
balance between being too detailed and too general. Recent method-
ological guidance for researchers who want to use YouTube as a data
source warns that “keyword inflation, synonym gaps and polysemous
terms can materially change recall” and recommends multi-term,
iterative search strategies to curb this loss [28]. Empirically, Jeong’s
large scale audit of 16 thousand videos shows that more than half
of all words in tags, titles and descriptions overlap, meaning that a
single unnoticed synonym can hide large sections of content from
keyword queries [15]. In our pipeline, every SWEBOK topic is rep-
resented by a search string. As a result, the effective recall ceiling
is already lower than the headline pagelnfo.totalResults numbers
reported by the API.

Restrictive filtering. As part of our selection criteria, we selected
only English language videos published in 2015 or later. Internal
logs (see supplementary material [29]) show that the language filter
removes about 45% of the 500 candidates per page, and the publish-
ing date threshold a further 30%. After all filters are applied, about
20% of the raw search results are left. This means that 80% of videos
are discarded due to our filtering strategy. For our exploration of
available educational content, this is acceptable since we still find
relevant videos, but future work should be done to study what the
effect of filtering out these videos is.

6.1.2  Challenges due to the available data on the platform. Secondly,
there are challenges due to the availability of data on YT, and the
way the YT data API works.

Availability of videos. Beyond the design choices for searching,
the results are also impacted by limited availability of videos. Not
all videos that appear in the search results are available for retrieval,
they can be deleted, set to private, be region-blocked for the API’'s
default region (US), or possibly be age-restricted. Such items are
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omitted from the paged response. These mismatches explain part of
the discrepancy between the API’s headline counts of totalResults
and the stable IDs we ultimately store. This is one factor that com-
plicates reliance on totalResults as a reliable indicator of the number
of real available search results from a query, thus complicating the
above challenges, too.

Inconsistent video metadata. When videos are available, their
metadata may still present challenges for analysis. In contrast to a
traditional population of publications in typical systematic mapping
studies where publications follow a common format, YouTube is
unstructured. Video titles can be specific and to-the-point (e.g.,
“Binary Search Explained”) to rather broad and non-descriptive
(e.g., “TOP 5 Coding Hacks THEY Don’t Want You To Know”).
Video metadata often misses tags or they are misspelled. Moreover,
the same concept may be filed under different categories such as
Education, Science & Technology, or simply People & Blogs. This
redundancy inflates the totalResults value that the API returns.
The number of results should be seen as an upper bound rather
than an exact number. A mapping study as ours needs to manage
these shaky grounds and cannot rely on the solid foundations of
bibliographic databases.

Recommender algorithm impact. YouTube’s video recommenda-
tion algorithm orders search results in a non-transparent way. In a
conventional systematic mapping study, the researcher records the
total number of documents returned by each search string. Even
when a video contains the exact parameters we look for, the search
endpoint does not return a full dump of results. Instead, it yields
the n items that the ranking layer scores highest by weighting
freshness, engagement signals, and click-through history [8]. This
means we cannot know how many potentially relevant videos lie
beyond the returned window, nor can we guarantee that repeated
calls with pagination tokens will eventually exhaust the result set,
the algorithm may keep reordering or filtering items as recommen-
dations change. As a consequence, no precise number can be given
for how many videos exist on a given topic and this is one of the
reasons we limit apriori our dataset to 500 videos on each topic.

Moreover, there is a risk of missing relevant videos. Because each
of our SWEBOK-inspired search strings is broad, the ranking filter
skews the results, popular generalist videos are listed above niche
but topic-wise relevant ones. To improve the recall, we focused
on relative coverage rather than on absolute number of videos. We
compare the distribution of retrieved videos across SWEBOK topics
and interpret gaps as lower bounds or under-representation.

A possible solution to this narrow scope could be to use multiple
similar search strings for collecting videos on a topic instead of just
one, like our study did. Using many search strings to collect videos
on the same topic could collect a more representative sample pool
and mitigate recommender bias, at the cost of expanding the search
space.

YouTube data API limitations. API pagination limits and video
response caps impose practical limits on this kind of study. The
API paginates at 50 results per call. While the search result value
pagelnfo.totalResults can display six-digit counts, developers’ docu-
mentation and our own tests confirm that only the first 500 videos
are actually accessible by page token for a given (query, channelld)
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tuple. This means that a query can result in at most 500 items for
further processing, regardless of any other number of found results.
The API’s daily quota of ten thousand tokens imposes a practical
limit to what data can be collected and how much of it can be col-
lected. In practice, we circumvented this by collecting the data for
this paper over multiple days. Collecting at most 500 videos per
topic was a pragmatic decision and a threat to the validity of our
study. We consider it as acceptable because our mapping is rather
exploratory in the first place.

Finally, the API returned only coarse approximations of the
number of videos available for a given search query, which limited
the precision of our estimates regarding the total volume of content
on specific topics. Despite these constraints, we used the available
metadata to map software engineering content on YouTube, albeit
with trade-offs in granularity and scale.

Snowballing. Mapping studies of the literature make use of for-
ward and backward snowballing techniques [20] to gather further
relevant papers that did not yet appear in the initial search. It is
an interesting challenge to try to implement a similar mechanism
on a mapping study of YT. Of course, citations are not part of this
dataset, but substitutes could be imagined in the future. One option
could be to look at playlists, considering that if a video appears in
a playlist, the other videos on that playlist may be of interest too.
Another option could be to consider explicit references to other
videos in the description of a found video. These ideas are not yet
implemented in the current pipeline but could be an interesting
direction for future work.

6.2 Trends in software engineering topics on YT

We now discuss findings from the second research goal introduced
in Section 1: RG2. To discover trends in videos about software engi-
neering topics on YT.

We have seen video upload trends with more videos in the dataset
from recent years (in Figures 2 and 4). This data suggests a focus on
early stages of the development life-cycle, with videos on Software
Requirements being the most frequently occurring in the dataset.
The data also contains terms which describe individual tools com-
monly used in practice, implying that there is also a strong degree
of tool-assisted concepts being discussed. Videos about specific
tools are more concrete and therefore easier to discuss and possibly
better appreciated by persons starting out and learning by example,
rather than learning at the conceptual level.

To further understand the trends in these videos, we analyzed
what type of YT channels publish them, and what type of con-
tent these channels focus on. We calculated a specialization score
based on video relevance to determine the top five channels in each
category. The specialization score is built up from four weighted
elements: the average relevance score of videos on the topic (40%),
the maximum relevance score of videos by the channel on the topic
(30%), the ratio of highly relevant videos (relevance score greater
than 5.0) as portion of the total number of videos by the channel
on the topic (20%), and a volume score for the number of videos by
the channel on the topic (10%).

The results of this scoring mechanism are shown in Figure 6;
from it, we can identify most high-scoring channels as dedicated
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education channels. We have not specifically sought out such con-
tent, but it has emerged automatically from the analysis. Initially,
we have considered YT as the search platform and not considered
more formal education content such as MOOCs. Nevertheless, the
videos in the collected dataset may be publicly available educational
material of this kind.

Our specialization score is one way to visualize these results and
there are certainly other ways to look at them. Our main goal with
this visualization is to show that our topic analysis and automated
mapping can result in interesting insights about the coverage of
the searched topics on YT.

6.3 Reflections

Given these results of the mapping study, we can now reflect back
to the starting point of the paper. What did we learn about what
content is available for citizen developers on YT? We see that there
is a broad set of videos that provides a solid basis for learning soft-
ware engineering concepts. These videos are of sufficient relevance
to occur in our dataset and seem of sufficient quality to serve as
educational material. Whether these videos are indeed used as such
is a different question, that may be possible to answer in future
research.

Other open questions from this reflection relate to what could
be concluded with more detailed analysis of the videos themselves.
Our current analysis is focused on textual transcripts, and therefore
we miss rich information contained in visual aspects of the video.
Future research could focus on a very narrow set of these topics and,
instead of mapping them as we did, focus more on understanding
what a good video is for this target audience. This would require
manual analysis.

Related to the popular topics of the videos, we observe that
the current videos focus on requirements and maintenance; why
is that? Are these perhaps common starting points for extending
learning beyond just programming? Or are these perhaps well tool-
supported aspects that therefore attract more views? There is more
research that can be done about the observed video publication
trends, too. The current numbers in the dataset could be influenced
by the search algorithm having a preference for more recent videos.
This may skew the results. Another way of looking at this is that
it could be interesting to perform several mappings, each with
different time windows. This could be used to reconstruct a timeline
of when a certain topic emerged as popular in videos.

Lastly, we consider the potential impact of studies such as these.
Beyond just our interest, we believe that one of the responsibil-
ities of our community is to improve the general knowledge of
software engineering and access to educational materials beyond
dedicated software engineering programs. Informal sources such as
YT videos can greatly contribute to this mission. Indeed, the citizen
developers who answered our questionnaire indicated to use YT for
learning, and indicated how they search for content. It is thus rele-
vant to extend this work to understand what makes videos useful
for citizen developers, and where are gaps in topics that are not yet
sufficiently covered. From the educational perspective, what could
be considered in addition is how to reach citizen developers with
“unknown unknowns”, that is, aspects that we consider important
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Figure 6: Top five channels per topic, and their specialization scores, determined by video relevance.

about software engineering but that the these citizen developers
may be completely unaware of.

7 CONCLUSION

In this paper, we reported on a mapping study of YT with the goal of
finding educational software engineering content aimed at citizen
developers, to understand how they learn about crucial software
engineering topics, beyond programming alone. The topics in our
mapping were selected from the Software Engineering Body of
Knowledge (SWEBOK), based on the input of 52 citizen developers
that replied to our questionnaire survey. This resulted in topics
for two mapping studies, one for high-level and one for low-level
analysis, by which we refer to the level of granularity of the search
terms.

The core objective of this work was to identify the informal
software engineering educational content available for citizen de-
velopers on YT. Due to the scale of the platform, this was not
possible to achieve manually and therefore we aimed to provide au-
tomated means for this and future mapping studies of YT. A custom
script was developed for collecting relevant videos and generating
transcripts in order to assess the relevance of each video to the
chosen topic. Language processing techniques were used in the
transcription process. All implemented scripts are documented and
available in the supplementary material to this paper [29].

A significant part of the automated pipeline was to automatically
assess the relevance of a given video for the searched topic. We
developed our own analysis mechanism and performed a manual
validation of this video relevance scoring.

Our mappings showed that there is a broad selection of educa-
tional software engineering content on YT. Across five high-level
SWEBOK areas the number of videos in our dataset uploaded after
2020 is clearly increased with respect to older videos. Most growth
is concentrated in the topic of Software Maintenance, while Software
Testing and Software Quality receive far less attention. When we
further explore more detailed topics in the low-level map, we see
the same imbalance inside a single knowledge area. Videos about
managing and analyzing requirements occur most often, whereas
specification and functional-detail tutorials are more scarce. The
automated transcript analysis that we implemented in our pipeline
indicated that videos focus on a small cluster of practical tasks and
rarely branch into deeper or longer-term quality topics.

While our results give a first indication of the landscape of ed-
ucational content available to citizen developers, we also discuss
significant limitations to this and other automated mappings. The
scale of the platform, as well as our high-level dataset, show that
there is a strong base of software engineering videos. Our results
also show that high-level queries return more videos than even an
automated mapping study can analyze meaningfully. Conversely,
our mapping at lower level of granularity contained more useful
insights, due to a more manageable volume of results in therefore
more clearly discoverable trends in topic coverage and video rele-
vance. Part of our results are suggestions for future mapping studies,
and we hope that our experiences can contribute as input to them,
too.

In conclusion, this mapping of YT is a first step towards getting
more insight into the available educational software engineering
content, and provides automated means for future mapping studies
on this and other topics. We consider our results as mixed; while we
show the concrete results of mappings at two levels of granularity,
we also describe in detail the challenges we encountered in doing
so, and the limitations for such studies. We hope that these, and the
corresponding suggestions for future studies are still interesting
for the community.

This paper can serve as a foundation for future mapping studies
of YT for other topics. It is possible to run such studies for longer
time or to apply for more generous API limits, but this will not
fundamentally change the type of results that are obtainable, just
the volume that is possible to analyze. A larger volume could allow
for a clearer view of the overall landscape of content available
on the YT platform, with the ultimate goal of identifying more
distinct trends. The methodology remains tricky though, this paper
shows several challenges we encountered and that would need
improvement in future studies.

For future work on the topic of citizen developers’ learning, we
believe it would be highly valuable to investigate the other side as
well, e.g. user studies on how citizen developers engage with this
content to validate its educational relevance.
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