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ABSTRACT

The proliferation of videos as a popular medium of engagement, influence, and
communication has made them an important source of user feedback for organizations.
Social media platforms, such as TikTok and YouTube, have witnessed a significant
surge in user-generated video content. These platforms have become a hub for users
to share their opinions, experiences, and feedback about various products and ser-
vices. This wealth of user-generated video content presents a unique opportunity for
organizations to utilize a vast source of feedback that can inform product development
decisions. Furthermore, social media platforms offer a wide reach, with millions of
users creating and sharing videos on diverse topics, industries, and products. Given
the potential of social media as a source of user feedback, this study aims to ex-
plore the potential of TikTok and YouTube, two widely used social media platforms
known for video content, for extracting requirements-relevant feedback from videos.
The study involves analyzing audio and visual text, as well as metadata (such as
descriptions and titles), from 6276 videos of 20 popular products across various in-
dustries. State-of-the-art deep learning transformer-based models are employed to
classify 3097 videos containing requirements-relevant information. Relevant videos
are then clustered to identify multiple themes of requirements-relevant feedback for
each of the 20 products. This feedback can subsequently be refined into requirements
artifacts. The findings reveal that product ratings (including features, design, and
performance), bug reports, and usage tutorials are persistent themes identified from
the videos. The study demonstrates that video-based social media platforms like Tik-
Tok and YouTube can provide valuable user insights, making them a powerful and

novel resource for companies seeking to improve customer-centric development.
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Chapter 1
Introduction

The rise of videos as a prominent form of communication and content creation cannot
be understated. Videos are a very popular medium for social media and communi-
cation [64]. Social media platforms, such as TikTok and YouTube, have witnessed
a significant surge in user-generated video content. With TikTok being one of the
world’s most popular video-based social media platforms [12,64], and YouTube reach-
ing astronomical magnitudes in terms of user-generated content [24]. These platforms
have become a hub for users to share their opinions, experiences, and feedback about
various products and services. Furthermore, online videos provide an immersive ex-
perience for viewers, allowing them to visually and audibly engage with the content
in a way that other forms of media may not offer. While previous research has
primarily focused on analyzing the comments section of videos to gather user feed-
back [14,29,39], it is essential to recognize that videos themselves possess a wealth
of valuable data. Videos combine both audio and visual components, providing a
comprehensive and multifaceted source of information.

Additionally, metadata associated with videos, including descriptions, titles, and
upload dates, can offer contextual insights into the content. we incorporated audio
transcripts, text from captions and subtitles, and metadata into our analysis to gain
an understanding of the information conveyed in videos. We converted the audio track
of videos into transcripts using OpenAl’'s Whisper [48] which is an advanced speech
recognition model, it employs a Transformer-based encoder-decoder architecture [60]
to provide highly accurate transcriptions. Captions and subtitles, when available,
further contribute textual information that can enhance the analysis. Furthermore,
metadata provides additional context that helps interpret the content and understand

factors such as the video’s creation date or the creator’s description. This approach



aligns with the growing recognition of the value of multimodal data analysis, which
combines different types of data to uncover deeper meanings and patterns [46].

Paying attention to the direction of CrowdRE (Crowdsourcing in Requirements
Engineering) research is of utmost importance for companies seeking to enhance their
requirements’ elicitation processes [19,21]. CrowdRE leverages the collective intelli-
gence of a diverse group of individuals to gather a wide range of feedback and perspec-
tives. Organizations can utilize a vast pool of user-generated videos by harnessing
the power of social media platforms such as TikTok and YouTube, thus exponentially
increasing the amount of feedback available for analysis [20]. The process we propose
in this study holds great potential for transforming video content into requirements-
relevant feedback that can significantly impact companies’ requirements and devel-
opment activities.

We present a data-driven exploratory study on leveraging user-generated videos
from TikTok and YouTube to identify requirements-related user feedback from 6276
videos of 20 popular products across 20 distinct products. We aim to capture a
wide spectrum of user feedback and extract valuable insights that can inform the
development and enhancement of these offerings by encompassing a diverse range
of products. Our approach involves extracting textual data from audio and visual
content from the videos and processing using natural language processing (NLP) and
machine learning (ML) techniques to uncover important user feedback that may not
be captured through traditional elicitation methods.

Our research adds to the existing body of knowledge by exploring the use of social
media as a valuable data source for product development and analyzing user feedback.
We uncover the advantages of leveraging videos as a rich data source and highlight
the potential of employing advanced techniques like NLP and ML to analyze video
content effectively. Through our study, we shed light on the strengths of utilizing
videos and demonstrate the opportunities that arise from leveraging NLP and ML in

video data analysis.

1.1 Motivation

The motivation behind this study stems from the increasing importance of online
videos as a medium for engagement, communication, and content creation [64]. With
the rise of social media platforms like TikTok and YouTube, videos have become a

significant source of user feedback that organizations cannot afford to overlook. These



platforms attract millions of users who share their opinions, experiences, and prefer-
ences through video content. Previous research has primarily focused on analyzing
the comments section of videos, neglecting the wealth of information present in the
videos [14,29,39] and analyzing sentiment of the videos [46]. By exploring the po-
tential of TikTok and YouTube as sources of requirements-related user feedback, this
study aims to bridge the gap in understanding and leveraging the data-rich nature
of videos. Furthermore, the application of natural language processing (NLP) and
machine learning (ML) techniques to analyze video data opens up new opportunities
for extracting relevant information and generating requirements artifacts. Leveraging
these advanced techniques can enhance the efficiency and accuracy of requirement
elicitation processes, enabling organizations to make informed decisions and improve

their product development strategies.

1.2 Research Questions

In this study, we aimed to address two primary research questions that guided our

investigation:

RQ1 How can video-based social media be used to identify requirements relevant
user feedback?

RQ2 What are the main users feedback themes that we can identify?

RQ3 How do the different social media platforms and their video content affect user
feedback?

These research questions formed the foundation for our investigation into the
potential of video-based social media as a valuable source of requirements relevant

user feedback.

1.3 Methodology

The methodology was designed to find the effective approach for identifying requirements-
relevant user feedback and extracting valuable insights that can inform product de-
velopment and improvement. To begin, we collected a diverse set of videos from the

two popular video-based social media platforms. We selected 20 different products



across various industries to ensure a representative sample. These products included
software applications, consumer electronics, automotive products, and more.

Next, we focused on the audio content of the videos. To extract the audio content,
we utilized automatic speech recognition techniques. This allowed us to transcribe the
spoken words within the videos and convert them into textual data for further analy-
sis. By capturing the audio content, we could gain insights into the specific comments
and opinions expressed by users regarding the products. In addition to the audio con-
tent, we employed optical character recognition (OCR) techniques to extract visual
text from the videos. This involved analyzing the textual elements that appeared
on-screen, such as captions, subtitles, and other visual annotations. By extracting
visual text, we aimed to capture additional user feedback that may not be explicitly
expressed in the audio content. To classify the extracted textual data, we utilized
deep learning models GPT-2 [49], BERT [16], RoBERTa [35], XLM-RoBERTa [13],
and ALBERT [32]. These models have shown effectiveness in natural language pro-
cessing tasks and can accurately classify user feedback into relevant and non-relevant
categories. We were able to develop a classification system that could automatically
identify user feedback that is specifically related to product requirements.

Finally, we applied clustering techniques to identify common themes and patterns
within the user feedback. This allowed us to group similar feedback together, pro-
viding a holistic view of the prevalent issues and concerns expressed by users across
different products and industries. By identifying these themes, we could gain insights

into the specific areas where products may require improvement or modification.

1.4 Research Contributions

This study provides four meaningful contributions for both researchers and practi-

tioners. This study

e demonstrates the efficacy of leveraging videos from popular video focused social
media platforms, namely TikTok and YouTube, as valuable sources of user

feedback for requirements elicitation.

e contribute to the methodological domain by exploring different approaches to

analyzing the textual and visual content of videos.



e presents the most effective machine learning models (GPT-2 and RoBERTa) to

classify the audio and visual content into requirements relevant user feedback.

e presents a list of requirements relevant user feedback themes for software, phone,
computer, and automotive industries which can be further refined into require-

ments.

1.5 Research Publications

Our research method and contributions culminated in the following publication:

e M. Sihag, Z. S. Li, A. Dash, N.N. Arony, K. Devathasan, N Ernst, A. Albu
and D. Damian, “A Data-Driven Approach for Finding Requirements Relevant
Feedback from TikTok and YouTube,” in 2022 IEEE 31th International Re-
quirements Engineering Conference (RE), 2023,

1.6 Thesis Outline

This thesis is organized as follows:

Chapter 1: Introduction chapter introduces the research topic, outlines the mo-
tivation for the study, provides an overview of the research methodology, and

highlights the contributions of the research.

Chapter 2: Background and Related Work chapter explores the relevant back-

ground information and previous studies related to the research topic.

Chapter 3: Methodology chapter describes the research methodology in detail,
including the data collection process, the selection of variables, the research

design, and the analytical techniques used.

Chapter 4: Research Findings chapter presents the findings of the study, show-
casing the results obtained from the data analysis. It highlights the key discov-
eries, patterns, and trends identified during the research process and provides

a comprehensive overview of the research outcomes.

Chapter 5: Discussion and Implications the research findings are discussed in-
depth, considering their implications and significance. It explores the implica-

tions of the research results for theory, practice, and future research directions.



Chapter 6: Threats to Validity chapter identifies and discusses the potential threats
to the validity of the research findings. It examines factors that may have in-
fluenced the accuracy, reliability, or generalizability of the results and provides

a critical assessment of the research’s Construct, internal and external validity.

Chapter 7: Conclusion and Future Work chapter summarizes the main find-
ings of the study, recaps the research objectives, and discusses the contribu-
tions of the research. It also offers insights into the practical implications of
the findings and suggests avenues for future research to build upon the current

study.



Chapter 2

Background and Related Work

In this chapter, we introduce the key concepts that provide the background for our
research. We discuss CrowdRE, an approach that involves engaging a large group of
users to gather feedback for product development. We also explore the limitations
of traditional requirements’ elicitation methods and highlight the influence of social

media in user feedback.

2.1 Requirement Engineering (RE)

Requirement engineering is a critical discipline in software development that involves
understanding, documenting, and managing the needs and expectations of stake-
holders. According to Zave [65], it encompasses the real-world goals, functions, and
constraints of software systems, along with their precise specifications and evolution
over time. The process of requirement engineering comprises multiple interconnected
steps, including elicitation, analysis, requirement description, system modeling, val-
idation, and management [56] [43] [37] [44]. Each of these steps contributes to the
overarching objective of capturing and defining the requirements necessary for suc-
cessful software development.

During the elicitation phase, stakeholders are engaged to discover and comprehend
their requirements, as well as establish the boundaries and scope of the system. To
ensure a comprehensive gathering of requirements, various techniques are employed.
Zhang [66] classified these techniques into four categories: conversational, observa-
tional, analytical, and synthetic approaches. Conversational techniques involve direct,

face-to-face interactions with stakeholders, such as conducting interviews and organiz-



ing brainstorming sessions. Through these conversations, valuable insights are gained,
allowing for a deeper understanding of stakeholder needs and perspectives. Observa-
tional techniques focus on observing and monitoring ongoing work. This can include
approaches like ethnography, where analysts immerse themselves in the environment
where the software will be used, observing user behavior, work practices, and interac-
tions. By studying users in their natural settings, analysts can gain insights into their
requirements and preferences. Analytical techniques rely on extracting information
from existing documentation or code. This can involve analyzing previous require-
ments documents, system specifications, or examining the codebase of an existing
system. By studying these artifacts, analysts can identify patterns, extract require-
ments, and leverage existing solutions or components. Synthetic techniques integrate
elements from various other approaches to create a comprehensive requirement elic-
itation process. The synthetic method form a coherent understanding by combining
conversation, observation, and analysis into a single approach [66] However, tradi-
tional requirement elicitation techniques often fall short when it comes to effectively

capturing the needs and expectations of large and distributed online communities

2.2 CrowdRE in Requirements Elicitation

The rapid evolution of technology and the widespread use of social media platforms
have posed challenges to traditional elicitation techniques in identifying, gathering,
and formulating requirements from the large online community [19]. In response to
this gap, Groen et al. [19] proposed CrowdRE as a semi-automated requirement en-
gineering approach that aims to obtain and analyze user feedback from a crowd, with
the goal of deriving validated user requirements. This approach leverages the collec-
tive intelligence of the crowd to address the limitations of traditional RE methods,
such as the limited scope and representation of user feedback [21]. The essence of
CrowdRE lies in transforming user feedback into requirements through either manual
content analysis or automated approaches [18,19,26]. Organizations can effectively
identify and prioritize user needs, leading to improved user engagement with their
products by utilizing the power of the crowd. [62]. To motivate stakeholders to ac-
tively participate in the crowd, CrowdRE offers various services and tools, including
gamification techniques, forums, and visuals [20].

Numerous studies have explored the potential of leveraging crowd engagement

on different platforms, such as app reviews and forums, to gain valuable insights



through the analysis of user-generated conversations, comments, feedback, and sug-
gestions [11,17, 38, 45, 58]. Additionally, researchers have examined social media
platforms as valuable sources for analyzing various aspects of requirement engineer-
ing [27,30,63]. For example, Li et al. [34] discovered privacy-related user feedback by
studying product-related subreddits on Reddit. Kengphanphanit et al. [30] classified
user feedback into requirements and non-requirements by scraping Twitter and Face-
book, and then utilized feature extraction techniques based on factors such as polarity,
subjectivity, and the number of requirement-related words. They further developed
a model using these factors and the Naive Bayes method to generate requirements
from user feedback.

However, despite the growing interest in leveraging user discussions on social me-
dia platforms, there is still limited research focusing on video-based social media
platforms like YouTube and TikTok to identify relevant user discussions that can be
refined as requirements. These platforms offer unique opportunities for capturing user
feedback in the form of video content, which presents new challenges and possibilities

in extracting requirements.

2.3 Social Media and User-Generated Content

Social media platforms have revolutionized the way people communicate, share in-
formation, and express their opinions. The abundance of user-generated content on
these platforms has become a valuable resource for understanding user perspectives,
preferences, and feedback. Extensive research has been conducted to explore the
impact of social media on user decision-making processes and its potential integra-
tion into software development practices. Studies by Seyff [53], Luca [36], Cao [10],
Narangajavana [42], and Meneghello [41] have highlighted the influence and impacts
of social media. Additionally Guzzi et al. [23], Begel et al. [8], and Treude et al. [59]
have put forward diverse approaches to incorporate social media into software devel-
opment and integrated development environments. Bajic and Lyons [7] found that,
particularly in the early stages, small companies utilize social media to gather feed-
back from customers. Singer et al. [55] investigated how developers stay updated
using Twitter, while Tian et al. [57] analyzed a random sample of tweets containing
hashtags related to development topics, they determined content categories, assessed
tweet popularity, and examined which categories received the most retweets. Prasetyo

et al. [47] developed an automatic classification system to categorize tweets according
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to their relevance to software engineering.

These studies and industry practices demonstrate the increasing recognition of
the potential benefits of incorporating social media into software development pro-
cesses. Social media data can provide valuable insights into user needs, preferences,
and trends, which can influence decision-making during the requirements engineering
phase. Researchers and companies have recognized the potential of social media data
for requirements engineering, with studies focusing on integrating social media into
software development practices and extracting valuable insights from user-generated

content.

2.4 Video Platforms

YouTube, boasting over 2.5 billion active users, and TikTok, with a user base ex-
ceeding 1 billion, have established themselves as the leading video-based social me-
dia platforms [1]. These platforms, have become significant outlets for user engage-
ment, providing opportunities to gather user discussions that are relevant to require-
ments [14, 39, 61].

Madden et al. [39] conducted a comprehensive analysis on a large dataset of
YouTube comments consisting of 66,637 comments. Through their analysis, they
were able to identify 10 major categories of user discussions, shedding light on the
opinions and attitudes of viewers towards the video content. This research demon-
strated the potential of classifying YouTube comments as a means of understanding
the sentiments and perspectives of users. Similarly, Das et al. delved into the analysis
of comments on YouTube videos, specifically focusing on the domain of autonomous
vehicles [14]. By utilizing natural language processing techniques, they were able to
categorize and extract insights from the comments related to autonomous vehicles.
Their findings revealed that YouTube can serve as a valuable resource for understand-
ing consumer opinions and concerns in this specific domain.

Expanding upon the potential of YouTube comments as a source of feedback,
Karras et al. [29] employed machine learning algorithms to analyze a substantial
dataset of 4,505 comments from a YouTube video. Their objective was to classify the
comments into product-relevant categories. Through their analysis, they identified
various types of discussions within the relevant comments, including feature requests,
problem reports, efficiency considerations, and safety concerns. This research demon-

strated how YouTube comments can offer valuable insights into user feedback and
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provide specific information related to product features and improvements.

In a study by Schneider et al. [51], the authors emphasize the effectiveness of dif-
ferent types of videos, such as linear videos, vision videos, and interactive videos, in
providing concrete situations related to a product and engaging users to elicit feed-
back. Vision videos, in particular, offer a glimpse into the future by portraying a
vision of a potential product or system. These videos play a crucial role in helping
stakeholders better comprehend and communicate their needs [28]. As a result, re-
searchers have delved into the use of vision videos to elicit user feedback, as users
tend to actively participate in discussions and provide valuable insights in response to
these videos [9,52]. However, despite the existing literature discussing the benefits of
vision videos in soliciting feedback, their full potential for CrowdRE (Crowdsourced
Requirements Engineering) remains relatively unexplored, as highlighted by Karras
et al. [29]. Their study brings attention to the fact that the extent to which videos
created by content creators themselves can offer valuable insights for companies is
still unclear.

Against this backdrop, our study aims to uncover the potential of video content
from popular platforms like YouTube and TikTok in identifying user feedback. We
focus on extracting pertinent themes from the user feedback, recognizing the signifi-
cance of filtering out irrelevant data that may arise from the vastness of the crowd’s
input. By identifying relevant themes, companies can then employ either manual
approaches, such as content analysis [18], or automated techniques, as demonstrated

by Kengphanphanit et al. [30], to generate requirements based on these themes.
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Chapter 3

Methodology

We conducted an exploratory study to investigate the feasibility of using video-based
social media platforms (i.e., TikTok and YouTube) for identifying requirements rele-
vant user feedback themes. Our approach involves extracting and analyzing textual
data from the audio, visual content, and metadata of these videos. By doing so, we
aim to identify key themes and patterns in the user feedback that are relevant to

requirements. The Figure 3.1 summarizes the methodology workflow.

3.1 Product Selection

In order to strive for the comprehensiveness of data collection, we endeavored to cover
a wide range of industries. As this was the first of its kind, our aim was to obtain an
understanding of requirement relevant user feedback across various sectors. To achieve
this, we conducted market research and analysis to identify the top-performing prod-
ucts in each industry. Our research involved examining industry reports, consumer
reviews, and market trends to pinpoint the most popular and widely used products
by each manufacturer of each industry. we selected four prominent industries: Soft-
ware, Computers, Mobile devices, and Automotive based on the most commonly used
products in North America. Within each industry, we identified the five most popular
products based on market research, customer demand, and industry rankings. For
example, we chose the most widely used software across different domains, including
browsers such as Chrome and Firefox, tutoring applications like Duolingo, networking
platforms like Discord, and productivity software like Notion. For the automotive in-

dustry, we chose the vehicles that had sold the most units in North America, while for
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Figure 3.1: Methodology workflow

mobile phones and computers, we selected the latest releases from the most popular
manufacturers. Table 3.1 shows the dataset characteristics. This approach allowed us
to gather insights and identify common themes and patterns that transcend specific
industries, providing a broader understanding of requirements-related user feedback.
The inclusion of a diverse dataset not only enhances the validity and generalizability
of our findings, but also enables us to make more informed recommendations for re-

quirements elicitation and product development processes across different industries.
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Category Products/Search TikTok Videos YouTube Videos
Term
Notion 280 232
Duolingo 224 217
Software Discord 94 103
Chrome 82 105
Firefox 50 189
Google Pixel 7 223 183
Apple Iphone 14 178 142
Phone Samsung Galaxy S22 162 214
Motorolla Edge 30 76 92
Oneplus 10 59 119
Microsoft Surface Pro 9 201 187
Apple Macbook Air M2 193 161
Computer Asus Zenbook 14 119 132
HP spectre x360 14 130 95
Dell XPS 15 30 49
Tesla Model 3 210 193
BMW X5 190 197
Automotive Ford F150 187 102
Toyota Rav4 177 305
Mercedes Benz GLC 154 239

Table 3.1: Products used for the analysis

3.2 Data Collection

In order to collect the necessary data for our study, we employed data scraping tech-
niques from both TikTok and YouTube, utilizing their publicly available APIs. The
data scraping process involved searching and downloading videos related to each prod-
uct of interest. It typically took approximately a day to complete the scraping process
for each product. To ensure accurate data collection, we utilized the exact name of
each product as the search term on both platforms. By doing so, we were able to
retrieve all available videos associated with the respective product. The search terms
used for scraping each product are presented in Table 3.1.

For scraping YouTube, we utilized the PyTube [3] library in Python, making
additional modifications to sort the search results based on views. This allowed us
to prioritize the most viewed videos, ensuring that we capture the most popular and

influential content related to each product. Regarding TikTok, we developed custom
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Sources Number Of Videos

TikTok 6080
YouTube 5261
Total 11341

Table 3.2: Total videos collected

code that emulated a web browser using the python library Selenium [4] and TikTok’s
publically available APIs, allowing us to extract data from videos and download them
based on the specified search terms. This approach enabled us to access and retrieve
videos from TikTok’s platform in an efficient and systematic manner.

Our data collection process aimed to achieve maximum coverage by gathering all
videos that were visible to an average user on both TikTok and YouTube. In total, we
successfully collected 11,341 videos, with 6,080 videos obtained from TikTok and 5,261
videos from YouTube. Table 3.1 represents the number of videos downloaded for each
product from both the sources. This dataset provided us with a substantial amount of
user-generated video content to analyze and extract requirements-related feedback.
By employing data scraping techniques from both TikTok and YouTube searching
for videos associated with each product, we ensured that our dataset encompassed a
wide range of videos, thereby increasing the representativeness and diversity of the
collected data.

3.3 Preprocessing

To ensure the focus of our dataset on genuine user-generated content and exclude
official promotional material, we implemented a robust preprocessing methodology
involving a two-level data filtration process. The purpose of this preprocessing was
to enhance the quality and relevance of the collected videos for our analysis.

In the first level of filtration, we excluded videos uploaded by official product
handles or accounts associated with the respective products. Such videos tend to
present information in a promotional manner and may not provide the authentic user
feedback. We aimed to focus solely on user-generated videos and eliminate any bias
introduced by promotional content and focus solely on user-generated videos. In the
second level of filtration, we focused on filtering the videos to include only those in

the English language. To achieve this, we employed Spacy FastLang [5], a language
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detection tool, to determine the language of the video description text. Additionally,
we utilized OpenAI Whisper [48], a speech recognition model, to detect the language
from the audio text extracted from the videos, which will be described in much detail
in Section 3.4.1. By leveraging these advanced language detection techniques, we were
able to identify and retain only the videos that were predominantly in English. After
the two-level data filtration process, we were left with a refined dataset consisting
of 6,276 videos. These videos represented authentic user-generated content in the
English language, ensuring the relevance and reliability of the collected data for our
analysis.

The preprocessing helped us to enhance the quality and credibility of our dataset,
ensuring that it consisted of genuine user-generated content and was focused on the
English language. This approach allowed us to proceed with confidence in our sub-
sequent analysis and requirement generation steps, knowing that the data we were
working with accurately represented the user feedback we sought to extract and an-

alyze.

3.4 Video Data Conversion

Videos are a rich source of information, encompassing audio tracks, metadata such as
descriptions, and text that appears within the video itself, like captions or subtitles.
In our study, we recognized the value of both the audio and visual elements of the
videos, as well as the information provided by the content creators in the form of
descriptions. The overview of the video data conversion processes is depicted in
Figure 3.2.

To extract meaningful insights from the videos, we employed a two-fold approach.
Firstly, we converted the audio content of the videos into text using advanced speech
recognition technology. This allowed us to transcribe the spoken words and capture
any verbal feedback expressed by the users. Secondly, we employed computer vision
techniques to analyze the visual aspects of the videos. By sampling visual frames,
we were able to extract any displayed text within the video, such as subtitles. This
visual text provided additional context and contributed to a more comprehensive
understanding of the user feedback. To augment the textual content from the audio
and visual sources, we also incorporated the metadata associated with each video,
including the video description and title. This information provided valuable context

and further enriched our dataset for analysis. To classify the videos based on their
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relevance to requirements, we employed state-of-the-art deep learning models. These
models allowed us to categorize the videos into two groups: those containing user
feedback that could be refined into requirements (referred to as "relevant”), and
those with user feedback that was not conducive to further requirement refinement
(referred to as "irrelevant”) discussed in detail in Section 3.5.

In the subsequent subsections, a detailed description of the extraction techniques
is provided. These methods form the foundation of our analysis and enable us to
extract relevant user feedback that can inform requirement refinement and contribute

to customer-centric product development.

Video

¥

Audio File

Video
Frames

- r - r
e r 'S
OpenAl Whisper oogle Cloud Vision
"Large" & Tr-OCR

Audio Text
— —

Figure 3.2: Video Data Conversion

3.4.1 Extracting Text from Audio

To extract text from the audio component of the videos, we employed OpenAl’s

speech recognition model called ”Whisper”. Whisper is a Transformer-based encoder-
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decoder model that has been extensively trained on a vast corpus of web data, en-
abling it to provide highly accurate transcriptions in multiple languages [48]. Whisper
is designed with a straightforward approach called the encoder-decoder Transformer
architecture. To process the input audio, it is divided into smaller 30-second chunks.
These chunks are then transformed into a log-Mel spectrogram, which captures the
acoustic features of the audio. The encoder component of Whisper takes this spec-
trogram as input and extracts relevant information. On the other hand, the decoder
is trained to predict the corresponding text captions for the input audio chunks [48].
In our study, we utilized the ”Large” Whisper model, known for its exceptional tran-
scription capabilities and suitability for high-quality transcription tasks.

We processed the audio content from the videos through the Whisper model to
generate transcriptions of the spoken words. To optimize processing efficiency for
longer videos, we transcribed only the first 30 minutes of audio. We made the as-
sumption that the core topic or premise of the video would be conveyed within this
timeframe. This approach helped us minimize processing time while still capturing the
essential content for analysis. One of the valuable features of the Whisper model is its
ability to detect the language being spoken during the transcription process. Leverag-
ing this capability, we utilized Whisper to filter out videos that were not in the English
language. This step was crucial to ensure the accuracy and relevance of the extracted
text for our subsequent analysis. By focusing solely on English-language videos, we
maintained consistency and effectively analyze the textual content in a language fa-
miliar to our research team. This approach enabled us to capture an understanding

of requirement relevant information conveyed through the audio component.

3.4.2 Extracting Visual Text from the Video

In addition to audio, we recognized the importance of capturing visual text that may
appear in the videos, such as subtitles or other relevant information displayed by
content creators. To achieve this, we implemented a multistep process for extracting
visual text from the videos. Since videos often contain repetitive or similar frames,
we initially reduced the number of frames to be processed using motion-based video
summarization techniques. This allowed us to select a representative subset of frames
for further analysis. From this subset, we examined each frame to determine if it con-
tained any visible text. To accomplish this, we utilized an Optical Character Recog-

nition (OCR) system, which automatically recognizes and extracts text from images.
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To select the candidate frames for text extraction, we modified the algorithm pro-
posed by Dash and Albu [15]. Their approach integrates motion and saliency analysis
with temporal slicing to identify frames of interest in a video. Instead of using their
frame summarization technique, we utilized the saliency energy map to determine the
probability divergence for the temporal slices. By calculating the Kullback-Leibler
divergence Dk (.), of each temporal slice, k € {vertical, horizonal, diagonal} at time
t — 1 and ¢, where ¢ is defined as the current frame. we obtained a vector s, € R?

(Eqn. 3.1) that represented the likelihood of containing text.

st = Dier (p(k).|[p(k) 1) (3.1)

where p(k) is the temporal slice k& , normalized as a probability vector. sgk) € R?
is then thresholded by values greater than T}, € R3 to select the candidate frame. For
this study, T}, = [le — 4, 1e — 4, 1e — 4].

candidate frame = Jo Vb€ {(Sgk) N Sgﬁ)l) > Tnl, (3.2)
() otherwise

When the movement distribution changes significantly, a new candidate frame is
selected. These candidate frames are then examined for text using CentripetalText
[54]. If we don’t find enough text of a suitable size, we discard the candidate frame.
Next, we consider two scenarios: (1) if there is an audio track, and (2) if there is no
audio track.

In situations where a video primarily relies on visual content without audio, we
employed Google’s commercial state-of-the-art OCR system called “Google Cloud
Vision” [6] to capture all the text present in the candidate frame. However, when the
video includes audio, we assume that the main content is conveyed through audio. To
enhance the audio information, we utilized an open-source OCR system called ”Tr-
OCR” [33] by HuggingFace, specifically using the ”trocr-large-printed” pretrained
weights to extract larger OCR text identified by CentripetalText. It’s important to
note that both OCR methods are not entirely accurate, so to improve the accuracy of
the extracted text, we also implemented a spelling error correction mechanism. OCR
systems can sometimes generate incorrect spellings, so we applied Peter Norvig’s
algorithm [2] to identify and rectify common spelling mistakes in the extracted text.

We chose to use multiple OCR algorithms due to budget limitations.
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3.5 Manual Labelling

To ensure the accuracy and effectiveness of our classification models, we conducted a
manual labeling process to create a ground truth dataset for training and evaluation.
This process involved randomly selecting a subset of videos (Extracted Text) from our
entire data pool and labeling them based on their relevance to our research objectives.
In total, we manually labeled 1079 videos for this purpose.

The labeling process consisted of categorizing each video as either "relevant” or
"irrelevant”. Our criteria for determining the relevance of a video encompass various
aspects that provide valuable insights to a company. These aspects include problem
reports, reviews of product features, feature comparisons with competitors, and fea-
ture requests, among others. In essence, whenever a video contains content that can
contribute to informed decision-making regarding positive or negative changes to a
product, we classify it as "relevant.” To illustrate this, consider the following exam-
ple: “To find out what the safest browser to use in 2022 is based on empirical testing
techniques So we re going to go through 200 of the latest malware links... Firefox only
blocked 145... Chrome not quite as good as Edge it blocked 198 links out of 200...”
(Firefox). This particular video was labeled as relevant because it provides valuable
information on the performance of different browsers in terms of blocking malware.

In contrast, videos that fail to provide a substantial or meaningful description of a
product, or merely touch upon the subject in a superficial manner, were categorized as
irrelevant. These videos lack the necessary depth and detail to contribute to informed
decision-making processes within a company. For instance, “The new M2 MacBook
Air is finally for sale. I'm not gonna buy one” (Apple MacBook Air M2). This video
exemplifies the kind of content that was classified as irrelevant. It offers minimal in-
formation about the product, consisting of a simple statement expressing the creator’s
personal decision not to purchase it. Such superficial commentary does not provide
any valuable insights or analysis that can be utilized by a company to understand
customer preferences, address potential issues, or make informed decisions regarding
their products. Table 3.3 presents an example from the coded data, highlighting the
disparity between requirement relevant and non-relevant content. Additionally, for
further illustration, Tables A.1 and A.2 showcase additional examples.

To ensure a comprehensive and unbiased approach in our video labeling process,
we implemented measures to prevent any potential bias towards specific products.

This involved labeling videos from each product that we analyzed, ensuring a di-
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Irrelevant Relevant

The new M2 MacBook Air is fi- To find out what the safest browser to use in
nally for sale. I'm not gonna buy 2022 is based on empirical testing techniques
one So we re going to go through 200 of the latest
Audio Text malware links... Firefox only blocked 145...
Chrome not quite as good as Edge it blocked
198 links out of 200...
Audio Text

Table 3.3: Example illustrating Relevant vs Irrelevant

verse representation across the dataset. To maintain consistency and reliability in
the labeling process, we enlisted the expertise of two team members who possess
extensive experience in requirement analysis. They collaborated through a pair cod-
ing methodology, working together to label a subset of 200 videos. The pair coding
process involved jointly reviewing the videos and independently assigning them the
labels of "relevant” or ”irrelevant”. After completing the pair coding process, we
evaluated the agreement between the coders using Cohen’s Kappa statistic [40], a
widely accepted measure of inter-rater reliability. Cohen’s Kappa assesses the level of
agreement beyond what could be expected by chance alone, providing an indication
of the reliability of the labeling process. To illustrate the concept, let’s consider an
example. Suppose two coders are tasked with labeling a set of videos as either "rele-
vant” or ”irrelevant.” Each coder independently reviews the videos and assigns them
labels based on their individual judgments. After labeling the videos, their responses
are compared to determine the level of agreement. Cohen’s Kappa takes into account
both the observed agreement between the coders and the agreement expected by
chance. It measures the extent to which the coders’ agreement exceeds what would
be expected due to random chance.

The analysis yielded an average Cohen’s Kappa score of 87%, indicating a high
level of agreement between the coders. This high inter-rater reliability suggests that
the criteria for distinguishing between "relevant” and "irrelevant” videos were well-
defined and clearly understood by both coders. Following the successful completion of
the pair coding phase, one member continued with the labeling process independently;,
classifying the remaining 897 videos. In total, out of the 1079 videos that underwent
manual labeling, 601 were categorized as "relevant” and 478 as "irrelevant.” These la-

beled videos formed the foundation of our subsequent analyses and provided valuable
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insights into the distribution of relevant and irrelevant content within the dataset.

3.6 Data Analysis of User Feedback

Data Analysis focuses on two primary objectives: identifying the best classification
model for distinguishing between requirement-relevant and non-relevant videos, and
uncovering feedback themes through clustering analysis within the relevant data sub-
set.

The classification task aims to accurately classify requirement relevant and non-
relevant videos. We trained and evaluated 5 classification models, to identify the
most effective approach to distinguish between videos that provide valuable insights
for informed decision-making and those that lack substantive content. Once we have
classified the videos into relevant and non-relevant categories, the next step involves
clustering analysis. Clustering allows us to group similar videos together based on
shared feedback themes, providing a deeper understanding of the prevalent topics
and concerns within the relevant video subset. Figure 3.3 illustrates the step-by-step

process of data analysis undertaken in this study.

3.6.1 Classification

We utilized the capabilities of state-of-the-art deep learning transformer-based models
to tackle the important task of video classification, distinguishing between relevant
and irrelevant content. To accomplish this, we selected five cutting-edge models
known for their remarkable performance in various natural language processing do-
mains: GPT-2 (Generative Pre-trained Transformer 2) [49], BERT (Bidirectional
Encoder Representations from Transformers) [16], RoBERTa (Robustly Optimized
BERT Approach)) [35], XLM-RoBERTa (Cross-lingual Language Model — Robustly
Optimized BERT Approach) [13], and ALBERT (A Lite BERT) [32]. Each of these
models represents a significant advancement in the field, incorporating innovative
techniques to effectively analyze and comprehend textual data. Given the signifi-
cance of video classification in our research, it was imperative to determine which of
these models would be most effective for our specific task. Therefore, we conducted an
evaluation and comparative analysis to identify the model that would yield optimal

performance in accurately categorizing the videos as relevant or irrelevant.
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Figure 3.3: Data Analysis Process

GPT-2

GPT-2, also known as Generative Pre-trained Transformer 2 [49], is a language model
developed by OpenAl. Unlike other models, GPT-2 specifically focuses on the decoder
blocks of the transformer architecture. Its main function is generating sentences,
treating text generation as a traditional language modeling task. The way GPT-2
works is by taking word vectors as input and estimating the probability of the next
word using an autoregressive approach. It considers each token in a sentence in-

dividually, taking into account the context provided by the preceding words. This



24

approach allows GPT-2 to generate coherent and contextually relevant sentences.
The architecture of GPT-2 primarily consists of stacked decoder blocks from the
transformer framework. In a typical transformer architecture, the decoder receives a
word embedding along with a context vector from the encoder. However, in GPT-2,
the context vector is initialized with zeros for the first word embedding. Addition-
ally, GPT-2 employs masked self-attention, which means the decoder can only access
information from prior words in the sentence, including the current word, through
obfuscation masking. GPT-2 is trained on an extensive web scrape corpus using the
standard transformer training process. It operates with a batch size of 512, a pre-
defined sentence length, and a vocabulary size of 50,000. One notable advantage of
using GPT-2 for classification is its ability to capture long-range dependencies and
understand the contextual relationships within the input text. By considering the
entire sentence and the connections between words, GPT-2 can extract meaningful
features that contribute to accurate classification. This is especially beneficial for
tasks where the context and the surrounding words play a vital role in determining
the class label. Despite its primary design for language generation, GPT-2 has shown
remarkable effectiveness in performing classification tasks [25]. This efficacy can be
attributed to its ability to learn intricate patterns and relationships within the data,

thereby enabling accurate categorization of inputs into predefined classes.

BERT

BERT, which stands for Bidirectional Encoder Representations from Transformers,
is a language model that utilizes the transformer architecture [16]. Unlike GPT-2,
BERT focuses on the encoder part of the transformer. This is because the transformer
decoder, which considers only previous tokens, is better suited for tasks like word em-
bedding learning. Including posterior context in determining a word can lead to target
leakage, where the model unintentionally gains knowledge about the future words it
is supposed to predict. Instead of predicting the next word directly, BERT learns by
filling in masked-out words in sentences, which acts as a form of regularization. This
prevents the model from relying solely on rote memorization and encourages it to
understand the context of the sentence. Additionally, BERT also undergoes training
on tasks that involve determining whether one sentence is likely to follow another.
This helps improve its ability to handle two-sentence tasks and comprehend semantic

relationships. By combining the transformer architecture, bidirectional training, and
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masked word prediction, BERT achieves state-of-the-art performance on natural lan-
guage processing tasks. Its ability to capture both prior and posterior context, coupled
with effective training techniques, makes it a highly effective tool for understanding
and generating language representations. For our specific task of classifying relevant
and non-relevant videos, we employed BERT’s pre-trained model. By fine-tuning the
model on our labeled dataset, which included both relevant and non-relevant video
examples, we were able to train BERT to distinguish between these two categories
with high accuracy. BERT’s contextual understanding of the videos’ textual content

enabled it to make informed predictions about their relevance.

RoBERTa

RoBERTa, short for Robustly Optimized BERT approach [35], is an advanced lan-
guage model that builds upon the success of BERT. RoBERTa adopts a similar lan-
guage masking strategy, where it learns to predict hidden sections of text within
unannotated language examples. However, it introduces key modifications to BERT’s
architecture [16] and training process, resulting in improved performance on down-
stream tasks. Implemented in PyTorch, RoBERTa makes important adjustments
to BERT’s hyperparameters. Notably, it removes BERT’s next-sentence pretraining
objective and employs larger mini-batches and learning rates during training. These
modifications enhance RoBERTa’s ability to perform masked language modeling, sur-
passing BERT in terms of downstream task performance. One significant advantage
of RoBERTa is its training on a significantly larger amount of data and for a longer
duration. In addition to leveraging existing unannotated NLP datasets, RoBERTa
incorporates a novel dataset called CC-News, which is extracted from public news
articles. RoBERTa achieves state-of-the-art performance on various benchmark tasks
such as MNLI, QNLI, RTE, STS-B, and RACE by capitalizing on this data. No-
tably, it demonstrates substantial improvements on the GLUE benchmark, achieving
a score of 88.5 [35]. By leveraging RoBERTa’s ability to understand the context and

semantics of text, we trained it on our labeled dataset of videos

XLM-RoBERTa

XLM-RoBERTa [13] is a remarkable language model that combines the strengths
of two influential architectures, namely Cross-lingual Language Model (XLM) and
RoBERTa [35]. Designed specifically for multilingual contexts, XLM-RoBERTa en-
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ables us to tackle the challenge of classifying videos that contain a mixture of lan-
guages, even though we have primarily focused on English videos. At the core of
XLM-RoBERTa lies a transformer-based architecture, similar to that of RoBERTa.
This architecture empowers the model to effectively capture and model complex lan-
guage patterns and relationships. A key feature of XLM-RoBERTa is its utilization
of masked language modeling, where it predicts intentionally hidden sections of text
within unannotated language examples. By doing so, XLM-RoBERTa learns the
underlying structures and representations of diverse languages, enabling it to com-
prehend and generate text across multiple languages [13].

To achieve its multilingual capabilities, XLM-RoBERTa employs cross-lingual
training objectives and dynamically masks tokens from different languages during
the training process. This approach allows the model to learn shared representations
across languages and enhances its proficiency in understanding and generating text
in a multitude of languages. By leveraging XLM-RoBERTa’s unique capabilities, we
aim to effectively classify videos that contain mixed languages, ensuring our approach

is robust and inclusive of various linguistic contexts.

ALBERT

ALBERT (A Lite BERT) [32] is an innovative language model architecture specifi-
cally designed to address the challenges associated with scaling pre-trained models.
It tackles the issue of model size and computational efficiency by significantly re-
ducing the number of parameters compared to traditional BERT models [16]. This
reduction in parameters is achieved through two crucial techniques, factorized em-
bedding parameterization and cross-layer parameter sharing. Factorized embedding
parameterization approach focuses on breaking down the large vocabulary embedding
matrix into smaller matrices. By separating the hidden layer size from the vocabu-
lary embedding size, ALBERT enables more straightforward scalability of the hidden
size without a substantial increase in parameter size. This factorization enhances
the efficiency of the model, allowing it to process and analyze language data more
effectively.

Additionally, ALBERT employs the cross-layer parameter sharing technique to
mitigate parameter growth with network depth. This technique involves sharing
parameters across layers, which not only reduces the number of parameters but also

acts as a form of regularization. By minimizing parameter redundancy, ALBERT
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optimizes the model’s performance while maintaining efficiency [32]. We trained the
ALBERT model using a labeled dataset of video feedback, leveraging its capacity to

comprehend and extract meaningful insights from the provided textual information.

3.6.2 Evaluation

To determine the most effective approach for accurately classifying textual data from
popular video sharing platforms, we conducted a evaluation of five deep learning
models: GPT-2, BERT, RoBERTa, XLM-RoBERTa, and ALBERT. Our evaluation
encompassed different combinations of data, including visual text, audio text, and
a combination of both, along with the title and description data available for all
combinations. For each model, we adopted a similar training process. We utilized the
pre-trained models as a starting point and fine-tuned them using our dataset, which
consisted of labeled video text data. This dataset incorporated both the audio and
visual text extracted from the videos, as well as the accompanying video metadata
such as the title and description. Once the models were trained, we proceeded to
assess their performance on a balanced test set of video text data.

To gauge the performance of the models, we employed two metrics: accuracy
and area under curve (AUC). These metrics provided a evaluation of the models’
effectiveness in correctly classifying the video text data. We repeated this evaluation
process for each combination of data (visual text, audio text, and both audio and
visual text) and for each video sharing platform (YouTube and TikTok). This allowed
us to compare and analyze the performance of the models across different types of

data and platforms.

3.6.3 Clustering

In order to gain insights into the user feedback themes present in our data, we em-
ployed a clustering technique. Specifically, we utilized BERTopic [22], a algorithm
capable of inferring document distributions over topics and generating topic descrip-
tions based on the BERT language model. To initiate the clustering process, we had
to select a suitable cluster model. We opted for K-means as our cluster model. This
model allows us to partition the data into groups based on their similarity. We then
proceeded to perform the clustering process, varying the number of clusters from 2 to
6. To determine the most effective cluster configuration, we employed the Silhouette

Coefficient [50], a widely-used metric for evaluating clustering quality. The Silhouette



28

Coefficient measures the similarity of an object to its assigned cluster compared to
other clusters. By analyzing the Silhouette Coefficients for different cluster configu-
rations, we were able to identify the configuration that yielded the highest coherence
and separation between clusters. Once we obtained the clusters, we conducted a
meticulous manual analysis. Our aim was to assign a relevant theme to each cluster
based on the patterns and characteristics observed within the documents contained in
that cluster. This manual analysis involved examining the content of the documents,

identifying recurring topics, and labeling the clusters accordingly.
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Chapter 4
Findings

Through rigorous data collection, preprocessing, and analysis, we delved into the
realm of user-generated video feedback to gain a deeper understanding of its relevance
and significance. Our objective was to extract meaningful information from the vast
amount of user feedback available and decipher its implications for the domain under

study. This chapter presents major findings in relation to our research questions.

RQ1 How can video-based social media be used to identify requirements relevant

user feedback?
RQ2 What are the main users feedback themes that we can identify?

RQ3 How do the different social media platforms and their video content affect user
feedback?

4.1 Text Extraction Approaches for Extracting User
Feedback

This section will present the research findings related to the first part of our first
research question (RQ1.1). It will focus on comparing classification models across
various combinations of extracted data. The aim is to determine the most suitable
approach by providing an answer based on the evaluation of different techniques and
their effectiveness in classification tasks.

In our methodology, we employed two techniques to extract text information from

the videos. Firstly, we converted the audio track of each video into text using speech



30

recognition model. This allowed us to transcribe the spoken words and capture any
important textual content present in the audio. Additionally, we utilized computer vi-
sion algorithms to analyze the visual elements of the videos and extract any displayed

text, such as captions or subtitles.

Dataset Model Accuracy AUC
GPT-2 0.71 0.71
. BERT 0.76 0.76
YouTube with only RoBERTa 0.74  0.74
visual text
XLM-RoBERTa 0.67 0.67
ALBERT 0.79 0.79
GPT-2 0.94 0.94
. BERT 0.86 0.86
YouTube with only RoBERTa 0.86  0.86
audio text
XLM-RoBERTa 0.83 0.83
ALBERT 0.79 0.79
GPT-2 0.91 0.91
YouTube with both EE]?ERT 828 82(5)
visual and audio text o a : :
XLM-RoBERTa 0.80 0.80
ALBERT 0.79 0.79
GPT-2 0.71 0.71
. . BERT 0.70 0.70
TikTok with only RoBERTa 050 050
visual text
XLM-RoBERTa 0.50 0.50
ALBERT 0.70 0.70
GPT-2 0.92 0.92
. . BERT 0.92 0.92 0.92
TikTok with only RoBERTa 0.93  0.93
audio text
XLM-RoBERTa 0.90 0.90
ALBERT 0.90 0.90
GPT-2 0.93 0.93
Vit non BT 0% 0%
visual and audio text o a : :
XLM-RoBERTa 0.90 0.90
ALBERT 0.93 0.93

Table 4.1: Results of Deep Learning Models on Classifying between Relevant vs
Irrelevant. AUC is area under curve.

In the next phase of this work, we turned our attention to the classification of
the collected TikTok and YouTube videos. Our goal was to accurately categorize
the user feedback contained within these videos as either “relevant” or “irrelevant”

to the process of refining requirements. To achieve this, we employed five state-of-
the-art deep learning models naming GPT-2, BERT, RoBERTa, XLM-RoBERTa,
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and ALBERT that have demonstrated exceptional performance in various natural
language processing tasks. These models were selected based on their ability to
effectively capture the nuances and contextual information present in textual data.
Using these advanced models, we trained them on our labeled dataset of videos,
fine-tuning their parameters to optimize their performance in video classification.
The videos were labeled as “relevant” if the user feedback provided valuable insights
that could be further refined into requirements, and “irrelevant” if the user feedback
was not useful for the requirements’ refinement process. The classification results
obtained from these techniques are summarized in Table 4.1. This table provides a
concise overview of the performance of each model with each combination of the data
in accurately classifying the videos. It showcases the effectiveness of the deep learning
models in distinguishing between requirement relevant and irrelevant.

Notably, we observed a consistent trend wherein datasets incorporating audio text
in paired with video metadata consistently outperformed those relying solely on visual
text paired with video metadata. This finding strongly suggests that the inclusion
of audio text provides valuable contextual information that enhances the classifica-
tion process. When utilizing audio text paired with video metadata, we achieved
impressive accuracies of 94% for YouTube videos and 93% for TikTok videos. These
high accuracy levels indicate the robustness of the models in accurately identifying
requirements-relevant user feedback when audio text is present. In contrast, datasets
relying solely on visual text extracted from video frames proved to be less effective
in distinguishing between relevant and irrelevant user feedback. Table 4.1 clearly
illustrates this disparity, where the most accurate model for classifying YouTube’s
visual text dataset achieved an accuracy level comparable to the poorest performing
model for the YouTube audio text dataset. Similarly, for TikTok videos utilizing
only video text and metadata, two models exhibited notably low accuracies of 50%.
In the context of a balanced dataset, this level of performance is equivalent to that
of a dummy model, highlighting the inadequacy of relying solely on visual text for
accurate classification.

Our findings strongly suggest that the superior performance of datasets incor-
porating audio text compared to those utilizing both audio and visual text can be
attributed to the accuracy of audio extraction and the comprehensive nature of audio
text in capturing the essence of the video’s content. When a video includes a host
or hosts speaking about the content, the audio text effectively encapsulates the main

idea, enabling the classifiers to make accurate predictions. In contrast, relying solely
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on visual text poses several challenges. The extraction of visual text relies on sam-
pling visual frames, making assumptions that may not always hold true. 1) a video
has clear subtitles that are easy to recognize, 2) a video displays visual graphics or
text that pertain to the video’s content. However, if a video lacks significant visual
text or does not include subtitles, classifiers have limited information to base their
decisions on, relying mostly on the accompanied metadata. This limitation hampers
the accuracy of classifiers utilizing visual text. While audio extraction to text may
face limitations such as background music masking the host’s voice, the likelihood of
encountering such challenges is lower compared to the no presence of visual subtitles.
Extracting text from audio also has a reduced chance of encountering random audio
that may confound the speech-to-text model. Consequently, datasets that rely on
audio text outperformed datasets that incorporated both audio and visual text in
our experiments. The only exception to this trend was observed in the " TikTok with
both visual and audio text” dataset, where it achieved a 2% higher accuracy than the
”TikTok with audio text” dataset. We hypothesize that the unique characteristics of
TikTok videos, such as the increased use of subtitles that complement the audio con-
tent, may have contributed to the improved performance of the model in classifying
videos with both visual and audio text. In the subsequent section of this chapter,
we will delve deeper into the effect of video content characteristics and discuss their
influence on the performance of the classifiers.

Among the various deep learning models we evaluated for identifying requirements-
relevant feedback in TikTok and YouTube videos, GPT-2 and RoBERTa emerged as
the most accurate classifiers. Notably, GPT-2 demonstrated exceptional performance
in the YouTube dataset when utilizing audio text, surpassing the other models by
a considerable margin of 8-15%. This highlights the effectiveness of GPT-2 in accu-
rately identifying relevant feedback in YouTube videos when leveraging audio text.
Furthermore, when examining the TikTok datasets, RoBERTa stood out as the top-
performing classifier in two out of three scenarios. For the " TikTok with audio text”
dataset, RoOBERTa achieved an impressive accuracy of 93%), showcasing its ability to
accurately classify TikTok videos that contain audio text relevant to requirements.
In the "TikTok with both audio and visual text” dataset, RoBERTa demonstrated
outstanding performance, with a remarkable accuracy of 97%. This achievement
represents the highest accuracy obtained across all our tests in Table 4.1.

Once we identified the most accurate models for TikTok and YouTube datasets,

our next step was to apply these models to classify the remaining unlabeled videos
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Dataset Classification Model Manual Annotation Results
YouTube with audio text GPT-2 98%

TikTok with both video and RoBERTa 100%

audio text

Table 4.2: Manual Annotation Results for 50 random videos

Dataset Relevant Irrelevant
YouTube Manual Labelling 370 167
YouTube with audio text classification via GPT-2 1691 1029
TikTok Manual Labelling 226 311
TikTok with both video and audio text classification via 810 1672
RoBERTa

Total 3097 3179

Table 4.3: Result from Labelling and Classifying the Dataset

in the dataset. Additionally, we selected a random sample of 50 videos, along with
their classified labels, and conducted a manual annotation process to assess the accu-
racy of the automated labeling. Table 4.2 illustrates the manual annotation results
for random sample of 50 videos. In line with the original experiments presented in
Table 4.1, the manual annotation results demonstrated consistency. For instance,
the combination of ”YouTube with audio text” and the GPT-2 model achieved an
impressive accuracy of 98%. Similarly, the pairing of ”TikTok with both video and
audio text” with RoBERTa resulted in a perfect accuracy of 100%. We have summa-
rized the distribution of relevant and irrelevant videos in Table 4.3. Notably, out of
the 20 products analyzed in this work, we identified a total of 3,097 videos containing
relevant information, while 3,179 videos were deemed non-relevant.

It is worth mentioning that YouTube videos exhibited a higher concentration
(61%) of videos containing relevant requirements elicitation information compared to
TikTok videos (34%). This discrepancy indicates that YouTube is more commonly
utilized as a platform for sharing videos that contain valuable insights and feedback
related to requirements. On the other hand, TikTok seems to have a lower proportion

of videos containing such relevant information.
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Theme Description Number of
Products
(out of 20)
Feature Ratings Praise/criticism of product features 20
Matching Competition Comparison with other competitor 13
products
Performance Ratings Praise/criticism of performance of the 8
products
Modifications Suggestions Suggestions for tools/upgrade 5
Bug Report Bugs and issues of products 4
Repair & Maintenance Videos related to fixing and preserving 3
Design Ratings Design evaluation 3
Affordability Cost prospects of the products 3
Usage Tutorials Tutorials for other user to help use the 3
product

Table 4.4: Requirement Relevant Themes

4.2 Thematic Analysis: Identifying User Feedback

Themes

This section delves into the second part of our primary research question (RQ1.2),
focusing on the identification of themes within the user feedback obtained from videos.
Through the manual analysis of the clusters, we aim to uncover and categorize the
prevalent themes that emerge from the feedback provided by users in the form of
videos. which can play a crucial role in understanding the needs and preferences of
users. By categorizing the videos based on their content, we were able to group them
into distinct themes, providing a holistic understanding of the users’ perspectives and
experiences.

Our approach identifies 9 themes including several important themes such as Fea-
ture Rating, Bug Reports, Usage Tutorial, Design Ratings and Performance
Ratings. These themes serve as valuable insights and can be leveraged for further
requirement elicitation and refinement. These themes, which are presented in Table
4.3, lay the groundwork for uncovering specific areas of improvement and guiding the
refinement of requirements for the product under evolution. This process enabled us
to identify and extract the most prominent themes that emerged from the feedback.

Through this thematic analysis, we gain a deeper understanding of the user’s percep-
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tion about the product, facilitating the development of more targeted and relevant

product solutions.

4.2.1 Feature Ratings

Feature Ratings is one of the prominent themes that emerged from our analysis. It
was seen in all the 20 products. This theme encompasses user feedback that provides
an overall rating of the product and often highlights specific features that are per-
ceived as strengths or weaknesses. It offers valuable insights into how users perceive
and evaluate the various functionalities and capabilities of the product. For instance,
in a comment about Firefox on YouTube, a user expressed their dissatisfaction by
stating, “I hate Firefox, but I'm still switching back to it. I can’t stand Firefox. Every
time I try to use it I just get frustrated by all of the useless features privacy invading
telemetry and annoying defaults. If only there was a way to use Firefoxr without all
the junk.” This comment not only reflects the user’s negative sentiment but also
highlights specific aspects of the browser that they find problematic.

Furthermore, within the broader theme of Feature Ratings, we observed a con-
sistent pattern of user feedback related to product updates and new features. Users
often offered suggestions for further improvements and voiced their opinions on the
latest changes. For example, on TikTok, a user expressed their dissatisfaction with
a recent update of the Duolingo language learning app, stating, “Please boost this so
that Duolingo can see this. I hate this new update so much... You can’t jump between
topics anymore which is so bad. Used to love how it was basically self-guided learning,
this new learning plan is so restrictive and confusing. It was so simple before. Please
bring back the old layout, I have Super Duolingo, and I am not happy paying for this
team”. This comment not only highlights the user’s discontent with the new update,
but also provides specific feedback on the changes made to the learning plan and
layout. While Feature Rating was a theme found across all the products, it emerged
as a particularly prominent when it came to phones and computers, suggesting that
the features offered by these devices played a significant role in users’ purchasing

decisions.

4.2.2 Bug Report

Another significant theme that emerged from our analysis of user feedback is Bug

Reports. Bug Reports encompassed videos where users highlighted issues, glitches,
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or malfunctions they encountered while using a particular product. These reports
shed light on the areas where a product falls short, providing valuable insights for
companies to address and rectify these issues. Bug Reports were observed across
software products. Users often shared their frustrations, experiences, and specific
details about the bugs they encountered. These videos served as a platform for users
to voice their concerns and seek resolution from both the company and other users
who might have faced similar problems.

For instance, we came across a video “Fix Discord... Discord App not launching
on Windows 10... [To fix, Method 1]... Close discord in task manager and restart it.
Right click on the taskbar and click on task manager. Right click on the Discord option
and click on end task.” In this video, the user provided step-by-step instructions on
resolving the issue of Discord not launching on Windows 10. The suggested solution
involved closing Discord through the task manager and restarting it. This type of user-
generated content, focused on bug reports, can be incredibly valuable for developers
and software companies.

Videos that address bug reports serve as a rich source of feedback for software
developers. They offer a firsthand account of the challenges and obstacles that users
encounter while interacting with a product. By these videos and paying attention to
the specific issues raised, developers can gain valuable insights into the areas of their

software that may require improvement or troubleshooting.

4.2.3 Usage Tutorial

The Usage Tutorial theme encompasses videos where users provide guidance, tips,
and demonstrations on how to effectively use a particular product. These tutorials
serve as a valuable resource for both new and existing users who seek assistance
in navigating the features and functionalities of a product. Video content around
software products frequently showed hacks and workarounds to help users make the
most of their software tools. In the digital age, where technology continues to evolve
rapidly, users often encounter new software applications, gadgets, and devices that
require some level of learning and understanding. Usage Tutorials play a crucial
role in bridging the gap between user knowledge and product usability, empowering
individuals to make the most of their products. The significance of usage tutorials lies
in their ability to shed light on areas of usability that may require attention. These

videos can reveal common areas of confusion or difficulty that users encounter while
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utilizing a software product. By identifying these pain points, organizations can take
proactive measures to address usability issues, refine user interfaces, and streamline
workflows, ultimately improving the overall user experience.

As an example, there is a video titled “How to block ads on websites in Chrome
Android” (Google Chrome on YouTube) that provides users with instructions on im-
proving their browsing experience by eliminating ads. This type of video content holds
great value for companies, as it offers insights into users’ perspectives on ads and their
preferences for an ad-free experience. By analyzing such videos, companies can gain a
better understanding of how their users perceive ads and tailor their products accord-
ingly to enhance consumer satisfaction. Videos like these provide practical solutions
and recommendations for users to customize their browsing experience, specifically
in relation to ad-blocking. By exploring these videos, companies can gather valu-
able information on the effectiveness and popularity of ad-blocking techniques among
their user base. This insight can guide product optimization efforts and help compa-
nies align their strategies with consumer expectations. Prior research has explored
the conversion of user feedback, into actionable requirements for software develop-
ment [18,26,30]. By analyzing the content of usage tutorial videos, organizations
can identify patterns, trends, and user needs that can inform the creation of more
intuitive interfaces, comprehensive documentation, and targeted user training. This
iterative feedback loop between users and developers ensures that software products

evolve in line with user expectations and requirements.

4.2.4 Matching competition

It is one of the intriguing themes that emerged from our analysis of user feedback. In
this theme, users compare and contrast different products within the same category,
providing insights into how a particular product stands against its competitors. These
videos offer valuable information for consumers who are in the process of making
purchasing decisions, as well as for companies seeking to understand their market
positioning and competitive landscape. This theme was particularly prevalent on
YouTube and was seen in 13 products out of 20. This theme involves in-depth reviews
of products that compare them directly to their competitors. To illustrate, “The Pixel
gets something iPhone users can only dream of and that is a 48 megapizel telephoto
lens with five times optical zoom. Now on iPhone you only have a 12 megapizel

telephoto that does three times optical zoom. This means so on the Pizel you can
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zoom in closer and get crisper higher resolution images than you can on the iPhone”
(Google Pizel 7 on YouTube) The video explains that this difference allows the Pixel
to capture closer and sharper images with higher resolution compared to the iPhone.

Such videos are extremely beneficial for both consumers and companies operat-
ing in competitive markets. Consumers can rely on these comparison videos to gain
a comprehensive understanding of how different products measure up against each
other. They can assess the strengths and weaknesses of each product, enabling them
to make well-informed decisions based on their specific needs and preferences. From a
company’s perspective, these videos provide valuable feedback on their own products
as well as their competitors’. Organizations can learn about the areas where their
products excel or lag behind in comparison to their rivals. This information can be
utilized to refine their marketing strategies, enhance product development, and effec-
tively position themselves in the competitive landscape. In the specific example of
the Pixel and iPhone comparison, it becomes evident that such videos can influence
prospective customers and impact their purchase decisions. Companies, including
Apple, can gather highly useful user feedback from these types of videos. This feed-
back serves as a valuable resource for identifying areas for improvement and staying

competitive in the market.

4.2.5 Design Ratings

Design Rating was observed in videos related to three out of the twenty products.
This theme revolves around creators highlighting and discussing the aesthetic appeal
and visual design aspects of these devices. The Design Rating theme is particu-
larly prevalent in the computer and mobile devices’ category, where manufacturers
strive to offer devices that are not only technologically advanced but also visually
appealing. This theme highlights the importance of aesthetics and the impact it has
on users’ perceptions and preferences. Videos within this theme often showcase the
physical appearance, build quality, and overall design of the computer devices. They
often comment on factors such as sleekness, elegance, color options, build quality,
and ergonomic considerations. The Design Rating theme reflects the significance of
aesthetics in consumer decision-making. Many consumers value not only the func-
tionality and performance of a product, but also its visual appeal and how it aligns
with their personal style and preferences. One particular example that highlights the

Design Rating theme, “HP Spectre x360 now comes in a 16 inch version bringing
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big specs and a big screen... The Spectrex 360 16 comes in two color options Night-
fall Black with pale brass accents and Nocturne Blue with celestial blue accents...”
(HP Spectre 1360 on YouTube) These videos play a significant role in catering to
consumers who value not only the functional aspects but also the visual appeal of
their devices. From a company’s perspective, the Design Rating theme offers valu-
able feedback on the visual aspects of their products. By paying attention to the
design elements that creators emphasize, companies can gain insights into consumer
preferences and expectations regarding aesthetics. This information can guide them
in product development and help refine their design strategies to cater to the target

market effectively.

4.2.6 Performance Ratings

Performance Ratings often revolves around assessing the performance quality of the
showcased products. This theme sheds light on users’ experiences and opinions re-
garding the performance aspects of the devices. For example. “There’s a few things
about the S22 Ultra that just drive me up the freaking war.. this is the most power-
ful phone Samsung has ever made except it still lags in like the most random places
There’s always a lag when I want to bring down the quick settings and sometimes been
scrolling it just lags for seemingly no reason...” (Samsung Galaxy S22 on TikTok)
Such Performance Ratings comments are valuable for both consumers and manu-
facturers. For prospective buyers, these insights provide firsthand accounts of the
product’s performance in real-world usage scenarios, helping them make informed
decisions based on their performance expectations. Users can gauge whether the de-
vice meets their performance needs and if any potential performance limitations align
with their usage patterns. It is worth noting that there may be some overlap between
the Design Rating and Performance Rating themes, as both aspects contribute to the
overall user experience. Users often evaluate a product’s performance alongside its
visual appeal and design qualities. However, the Performance Ratings theme specifi-
cally delves into users’ feedback on the device’s functionality, responsiveness, speed,

and overall performance during usage.

4.2.7 Affordability

This theme emerged in videos featuring automotive products and pertained to users’

perceptions and discussions regarding the cost and value of these vehicles. Notably,
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the Affordability theme was observed in three out of the twenty products we analyzed,
all of which belonged to the automotive category. Users often express their opinions
and concerns about the price point, value for money, financing options and overall
affordability of the showcased vehicles. These discussions offer valuable insights into
the perceptions of prospective buyers and shed light on the affordability aspect of
the products. We identified a common theme of Affordability among expensive au-
tomotive products, including Tesla, BMW, and Mercedes. In these videos, creators
are discussing ways to finance the purchase of these high-end cars, or providing cost-
specific analyses to show how they may be more affordable than one might initially
assume. For Example, ““How I Bought a Tesla for 78 per Month’ buying a brand new
Tesla Model 3 for 78.39 per month Because I financed the cost of the car this car pay-
ment is 040 per month which works out to be 7680 per year My total cost to buy this
car in the first year including monthly payments taxes license and registration comes
to 12,117 However even though I ve paid that amount out of pocket I will get back
2,500 from California’s EV rebate program I'll get back another 3,780 from the federal
tax credit” (Tesla Model 3 on TikTok). These types of videos are particularly useful
for these companies, so they can increase their sales, focusing on buyers who may be
hesitant to purchase a high-end car due to perceived high costs. The Affordability
theme serves as a useful reference for both consumers and manufacturers. For poten-
tial buyers, these discussions provide real-world perspectives on the cost-effectiveness
and value proposition of the showcased vehicles. Users can gauge whether the price
aligns with their budget, expectations, and desired features. Additionally, insights
from other users’ affordability concerns can help individuals make informed decisions

about the financial feasibility of their prospective purchase.

4.2.8 Modification Suggestions

The Modification Suggestions theme emerged as a prominent aspect within the user
feedback videos we analyzed, particularly in the automotive category. This theme
revolves around content creators and users suggesting modifications and aftermarket
upgrades that can be made to the products in question, with the aim of enhancing the
overall user experience. The significance of the Modification Suggestions theme lies
in its potential as a valuable source of feature ideas for future product development.
When users express their willingness to modify their products, it indicates that they

have a clear vision of their desired features and functionalities. This feedback offers
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developers an opportunity to bridge the gap between the current product offerings
and the desires of their customers. By identifying the specific modifications that
users propose, developers can gain insights into the areas where their products may
fall short or could be further improved. For example, “My top 20 Toyota Rav 4
aftermarket upgrades and modifications Mods...I installed [improved] driv- ing lights
and I really like the driving lights. The ones that come with it are great, but of course
they only work when you have it on low beam and these are of course for the foq lights”
(Toyota Rav 4 on YouTube). By closely examining these Modification Suggestions
videos, developers can gain a deeper understanding of the usage context of their
products. They can uncover how customers are utilizing their products and identify

opportunities for customization and personalization.

4.2.9 Repair and maintenance

The Repair and Maintenance theme emerged prominently in the videos analyzed,
particularly within the automotive product category. Content creators often dedi-
cated discussions to various aspects of car repair and maintenance, sharing tips and
insights on parts that commonly wear out over time and providing guidance on how
to prevent and address these issues. The significance of the Repair and Maintenance
theme lies in its potential as a valuable resource for automotive companies seeking
to enhance the quality of their products. By analyzing the information shared in
these videos, companies can gain insights into the patterns of wear and tear identified
by content creators and users. This analysis can provide valuable feedback on the
performance and durability of their products over time. The Repair and Maintenance
theme, observed in three out of the twenty products analyzed, provides a wealth of
knowledge for automotive companies. It allows them to understand the collective ex-
periences and expertise of users and content creators in dealing with common repair

and maintenance issues.

4.2.10 Evaluation of Clusters

To gauge the reliability of our approach, we adopted a manual analysis of clusters.
We initiated this evaluation by randomly selecting requirement relevant classified
data from four representative products from each domain, from both the TikTok and
YouTube. To set the ground truth, 25 video data points were randomly selected

for each product corroborated against the outcomes of the K-Means clustering. The
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Product TikTok(Accuracy) Youtube(Accuracy)
Duolingo 0.80 0.76
Apple Iphone 14 0.84 0.72
Asus Zenbook 14 0.76 0.71
Toyota Rav4 0.84 0.76

Table 4.5: Results of Manual Analysis Comparison of Clustering Results and Ground
Truth

rationale behind this manual assessment was to ascertain the degree to which our
clustering aligned with the actual characteristics of the data. Through this process,
we aimed to measure the precision and reliability of our clustering methodology in
accurately categorizing and grouping the user-generated content. Table 4.5 showcas-
ing the correspondence between the ground truth and our clustering results. The
computed accuracy percentages is indicative of the extent to which the K-means
clustering aligned with the human-assigned categories. We observed a slightly better
clustering performance for TikTok videos compared to YouTube videos. This differ-
ence could be attributed to the possibility of having multiple distinct topics within a
single YouTube video, making it more challenging for the clustering algorithm. The
confusion matrix containing the outcomes of the manual evaluation is available in

Appendix B for further reference

4.3 Impact of Social Media Platforms and Video
Content on User Feedback

This section answers the second research question (RQ 2), exploring how user feedback
is influenced by the distinctive characteristics and features of TikTok and YouTube
platforms. It investigates the effects and implications of these platforms on user
feedback dynamics.

We observed in section 4.1 how the number of videos containing relevant user
feedback that can be later refined into requirements differed significantly between
YouTube and TikTok. Table 4.6 provides insights into the differences in audio
and visual texts found in videos from these two platforms. Notably, we discovered
that YouTube videos, on average, were significantly longer than TikTok videos, with

YouTube videos being at least 15 times longer. Given the substantial difference in
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video duration, it is not surprising that YouTube videos have more time to cover var-
ious aspects, such as feature ratings, bug reports, and discussions on missing features
in competitor products. The extended duration of YouTube videos allows content
creators to delve into more detail and provide comprehensive feedback. On the other
hand, TikTok videos have a much shorter average duration of approximately 33 sec-
onds. This limited time frame presents a challenge for creators to address complex
topics like feature ratings and bug reports effectively. Due to the brevity of TikTok
videos, it becomes more challenging to provide in-depth analysis or discuss intricate
details. The contrasting durations of videos on YouTube and TikTok highlight the
differing nature of content creation and consumption on these platforms. YouTube’s
longer video format offers more opportunities for users to express their opinions and
provide comprehensive feedback. In contrast, TikTok’s shorter video format necessi-
tates concise and visually engaging content that can be consumed quickly.

In addition, we made an interesting observation regarding the word coverage and
unique words per second in TikTok and YouTube videos. TikTok videos exhibited a
higher average word coverage and unique words per second compared to YouTube.
Specifically, TikTok videos contained more than twice as many unique words per
second on average than YouTube videos. We attribute this phenomenon to the nature
of content creation on TikTok, where creators must fit a substantial amount of content
within a limited time frame. To make their videos more engaging and captivating,
content creators often accelerate the audio, resulting in faster speech delivery. This
accelerated audio technique aims to capture the viewer’s attention and ensure that
the content is delivered effectively within the short duration of TikTok videos.

Interestingly, we observed a stark contrast in the amount of visual text between
TikTok and YouTube videos. On average, TikTok videos contained five times more
visual text per second compared to YouTube. Moreover, the number of unique visual
texts per second was significantly higher on TikTok as well. This disparity can be
attributed to the prevalent use of video subtitles on TikTok, where visual text often
complements the audio content. The combination of visual and audio text provides a
complementary factor that contributes to the accuracy of the dataset with both visual
and audio text on TikTok, which achieved the highest accuracy among all TikTok
datasets. In contrast, YouTube videos tend to have fewer visual subtitles, and the
presence of text may actually introduce confusion for the classifying models. These
differences in the usage of visual text may have influenced the performance of our

classification models.
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In our study, we utilized GPT-2 medium and RoBERTa base models. Notably,
GPT-2 medium is a larger model with a higher number of parameters compared
to RoBERTa base (GPT-2: 345M parameters vs. RoBERTa: 125M parameters).
The condensed nature of TikTok videos, coupled with the abundance of visual text,
results in less noisy data, requiring fewer model parameters for accurate classification.
Smaller models like RoOBERTa tend to be more suitable for smaller datasets, as they
are less prone to overfitting due to their reduced parameter size. Our findings align
with this expectation, as RoOBERTa emerged as the most accurate model for two out
of three TikTok datasets, while GPT-2 achieved the highest accuracy for three out of

six datasets.



Platform Product Avg. Views Audio Uniq. Audio  Uniq. Visual Uniq.  Visual Uniq.

Sec. Per Words Audio  Words Audio Words Visual Words Vi-

Video Per Words  Per Words Per Words  Per sual

Video Per Sec. Per Video Per Sec. Words

Video Sec. Video Per

Sec.

Software 560 0.20M 808 253 1.4 0.5 546 231 1.0 0.4

Phone 555 1.48M 934 334 1.7 0.6 232 111 0.4 0.2

YouTube Laptop 480 0.20M 1,356 465 2.8 1.0 319 165 0.7 0.3
Car 450 0.22M 946 317 2.1 0.7 176 91 0.4 0.2

Total 509 0.50M 986 333 1.8 0.7 313 146 0.6 0.3

Software 32 1.11M 79 49 2.5 1.5 216 90 6.7 2.8

Phone 36 1.84M 76 49 2.0 14 98 42 2.7 1.2

TikTok Laptop 39  0.2IM 75 48 1.9 1.2 119 46 3.0 1.2
Car 37 1.08M &3 53 2.2 1.4 61 28 1.6 0.8

Total 36 1.07M 79 50 2.4 1.5 120 50 3.3 1.4

Table 4.6: Video Content Statistics

Gy
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Chapter 5
Discussion and Implications

The primary aim of our research was to explore the feasibility and value of leveraging
video content to gain insights and enhance CrowdRE practices. Through this work,
we uncovered compelling evidence that highlights the potential of video platforms
in the realm of requirement elicitation and analysis. Our findings underscore the
significance of video content as a valuable source of information for understanding

user needs and refining requirements.

5.1 Videos: A source of Requirement Relevant User
Feedback

TikTok and YouTube have become vibrant platforms where users actively participate
in content creation and engage with the crowd. These platforms provide an interactive
and immersive space where viewers can connect with creators through various means
such as liking, commenting, sharing, and reacting to their videos. As a result, many
content creators take advantage of these platforms to produce videos that include
product reviews and discussions. In this work, we selected and analyzed videos on a
diverse range of products from these platforms. These videos encompassed an array
of product reviews, which proved to be valuable sources of user feedback. Creators
shared their experiences, opinions, and insights about different products, shedding
light on important aspects that influence user satisfaction. By analyzing video content
available on TikTok and YouTube, we were able to uncover a wealth of information
regarding user feedback. These videos offered valuable perspectives and served as a

means for users to express their thoughts and opinions about various products. From
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detailed reviews to lively discussions, the content creators on these platforms provided
valuable insights that can inform companies and developers about the strengths,
weaknesses, and overall user feedback.

An example from TikTok showcases the impact of a recent update on the user
experience of Duolingo. A user expressed their frustration, stating, “I didn’t know
how unmotivated I could be until this update Duolingo... The new Duolingo update is
seriously messing me up I can’t even get back into the lessons I was actively working
on. Please revert it... Goodbye Duo it was fun. So sad that you were destroyed by an
infantile update. Also note that this person has super Duolingo which means they pay
for a subscription”. This comment highlights how a seemingly innocent update can
have detrimental effects on user engagement and satisfaction. The user’s feedback
indicates that the update introduced a series of bugs, causing inconvenience and
hindering their progress within the language-learning platform. It is worth noting
that the user mentions having a ”super Duolingo” subscription, emphasizing their
investment in the service. Despite being a paying customer, they are now considering
leaving the product due to the negative impact of the update. This feedback provides
a valuable opportunity for Duolingo to address the issues introduced by the update.
For any organization aiming to reduce user churn, understanding and addressing bug
reports and user feedback is crucial. Insights derived from these reports can inform
the development of requirements that enable developers to tackle the identified issues
effectively.

Furthermore, people often discuss the problems or issues they encounter while
using a certain product. For instance, a user’s comment about the Google Pixel 7 Pro
smartphone highlights some of the issues they faced: “Great phone, some bugs Google
Pizel 7 Pro... I've just had quite a few instances where things will just randomly freeze
up like apps will get stuck or I'll get stuck on just a black screen and can’t get out
of it. I keep swiping, trying to get out of it, and eventually, I do, but it still freezes,
and things won’t always work all the time, which is kind of frustrating” (TikTok).
Unlike textual feedback, videos provide a visual demonstration of the issues, allowing
viewers to witness firsthand the freezing, app crashes, or other bugs mentioned by the
user. Such rich details and visual evidence captured in videos can provide companies
with a deeper understanding of the problems users face and the impact on their
overall experience. While textual bug reports are a common form of feedback, videos
on platforms like YouTube offer an additional layer of information that may not

be present in other formats [31]. The combination of visual demonstration and the
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user’s commentary in these videos provides a comprehensive and insightful view of
the encountered issues.

The videos from YouTube and TikTok offer a level of detail into problems and
issues that companies can reference to understand underlying problems. Unlike tra-
ditional textual feedback, videos offer a unique advantage by providing visual and
auditory context that enhances understanding. For instance, while an app review
or a Reddit post may describe an issue in text or include a screenshot, a video can
demonstrate how a bug occurs or its impact, allowing companies to observe and ana-
lyze the problem directly. The popularity of videos on TikTok and YouTube also adds
to their significance. These videos often carry a sense of perceived honesty and ob-
jectivity, influencing both potential new users and current users. Therefore, our work
emphasizes the importance of analyzing video-based content to extract requirements
relevant to user feedback.

Once user feedback themes have been identified using our approach, the subse-
quent step for an organization is to develop requirements. This process is relatively
straightforward, particularly for the product team responsible for creating user stories
for the issue tracker. The user feedback themes serve as valuable guidance in deter-
mining the type of issue, such as a bug or a feature request. Moreover, the content
presented in videos is typically explicit and provides clear insights into the specific
issues at hand. By leveraging the user feedback themes, product personnel can easily
translate them into actionable requirements. The themes act as a bridge between
the captured user feedback and the subsequent steps in the requirement development

process.

5.2 TikTok vs. YouTube: Impact on Requirements

Elicitation

One important discussion point that arises from the research findings is the differences
between TikTok and YouTube videos and their implications for requirement elicita-
tion and analysis. The study highlights several notable distinctions, including video
duration, content density, and the presence of visual text or subtitles. The implica-
tions of these differences in video duration between TikTok and YouTube highlight
the need to consider the limitations and advantages of each platform when analyzing

user feedback for requirement elicitation.
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YouTube has more videos with relevant user feedback than TikTok, likely due to
the factors of longer video and more in-depth discussions about each product. The
shorter duration of TikTok videos means that users have a limited time to express
their thoughts and provide feedback. This may result in more concise and condensed
feedback, focusing on key issues or highlights. On the contrary, the longer duration
of YouTube videos allows users to delve deeper into their experiences and provide
more detailed feedback. They have more time to demonstrate specific bugs, showcase
workarounds, or thoroughly explain their issues. This can provide valuable context
and a more comprehensive understanding of user needs and pain points. The presence
of visual text and subtitles in TikTok videos can play a crucial role in identifying
relevant user feedback. Visual text complements the audio text and enhances the
understanding of the video content. This suggests that the combination of audio and
visual text can assist in accurately determining user feedback that can be utilized for
further requirement elicitation.

When it comes to requirements elicitation, TikTok and YouTube serve different
purposes. TikTok’s user feedback can be particularly useful for capturing initial
impressions, identifying broad areas of satisfaction or dissatisfaction, and gaining an
understanding of user experiences at a high level. The concise and visually-oriented
nature of TikTok videos can offer valuable insights into the perceived strengths and
weaknesses of a product, as well as the overall user sentiment.

On the other hand, YouTube’s user feedback lends itself well to in-depth analysis,
comparison, and technical evaluation. The detailed comments, discussions, and ex-
pert opinions found on YouTube provide organizations with a wealth of information
for identifying specific issues, gathering suggestions for improvements, and under-
standing the performance of their products in relation to competitors. By leveraging
both TikTok and YouTube for requirements elicitation, organizations can gain a com-
prehensive understanding of user perspectives and preferences. Combining the quick,
impression-based feedback from TikTok with the detailed, expert-driven feedback
from YouTube allows for a more holistic approach to requirements elicitation. This
multi-faceted approach ensures that organizations capture both the immediate reac-
tions and the nuanced technical aspects of user feedback, leading to more informed

decision-making in product development and refinement processes.
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5.3 Implications for Practitioners

Our study’s findings have significant implications for practitioners, highlighting the
valuable role of user feedback from video content in the requirement generation pro-
cess. By analyzing the content of videos, organizations can gain valuable insights
into how users rate their products across various dimensions such as features, design,
specifications, and performance. This firsthand feedback provides organizations with
a direct understanding of user perspectives, enabling them to make informed decisions
about product improvements.

Furthermore, the analysis of videos on platforms like YouTube can provide valu-
able competitor analysis. Organizations can gain insights into how their products
compare to those of their competitors, identifying areas of strength and weakness.
This information is crucial for companies aiming to enhance their products and gain
a competitive edge in the market. For example, software products like Chrome,
Firefox, Notion, and Discord often receive feature and user experience discussions in
videos, which can be highly beneficial for organizations planning to introduce new
features or refine existing ones.

Videos related to automotive products offer a unique opportunity for organiza-
tions to learn about user concerns regarding repair, maintenance, and efficiency. By
analyzing these videos, companies can identify common issues raised by users and use
this information to improve the quality and durability of their products. Moreover,
the analysis of video content reveals valuable insights into user feedback on afford-
ability, customization options, and modification suggestions. These videos provide
organizations with direct access to consumer opinions and desires, enabling them to
understand the specific needs and preferences of their target audience. It is worth
noting that organizations have been leveraging YouTube videos for marketing and

advertising purposes for some time now.

5.3.1 Implementation Cost

The implementation cost for organizations to adopt our approach is generally min-
imal. One key requirement is to build a web scraping pipeline that can download
videos from YouTube and TikTok. Once this pipeline is set up, it can be used repeat-
edly for data collection. However, there may be some costs associated with extracting
visual text from the videos. Third-party subscriptions for OCR extraction can be ex-

pensive, but there are alternative open-source tools available that can help mitigate
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these costs. Processing a batch of 100 TikTok videos from a software organization
would take approximately 15 minutes for audio text extraction and 1.5 hours for vi-
sual text extraction using hardware specifications of 2 x Intel E5-2683 v4 Broadwell
@ 2.1GHz and a P100 16G RAM.

Once an organization has implemented the data analysis of user feedback, similar
to our approach, they can identify the main user feedback themes. The next step
would involve assigning an employee, such as a product manager or technical lead,
to parse these user feedback themes into actionable requirements. Fortunately, this
is a straightforward task. For instance, in the case of Duolingo’s flawed new update
mentioned in our sample content, a product manager can quickly identify that at
the very least, the organization should roll back the changes to a previous version.
Alternatively, they should focus on implementing a bug fix to allow users to access
current lessons. Therefore, the actual financial cost to an organization for using our
approach is limited, and the benefits of obtaining user feedback themes based on
crowd insights outweigh the investment.

As users continue to actively engage in creating video content, they provide a
diverse range of feedback about various products. Our study has the potential to
influence industry requirements and product management practices, as practitioners
can gain valuable insights into user behavior and concerns by utilizing our approach.
By leveraging video content, organizations can access rich and nuanced feedback that
goes beyond traditional text-based reviews and surveys. This deeper understanding
of user preferences, issues, and suggestions can significantly impact product develop-
ment and drive improvements aligned with user needs. Furthermore, our approach
allows organizations to understand the collective intelligence of the crowd. With
the increasing popularity of video content creation, the volume and diversity of user
feedback continue to grow. By analyzing this vast pool of video-based feedback,
organizations can gain a more comprehensive understanding of user behavior, pref-
erences, and pain points. This, in turn, empowers them to make informed decisions,
prioritize development efforts, and enhance their products to better meet customer
expectations.

In conclusion, the cost of adopting our approach is minimal, primarily involving
the setup of a web scraping pipeline and potentially utilizing open-source tools for
text extraction. The process of deriving actionable requirements from user feedback
themes is straightforward and can be undertaken by existing employees. By leveraging

video content, organizations can gain valuable insights into user behavior, concerns,
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and preferences. Our approach has the potential to influence industry practices,
offering a fresh perspective on requirements elicitation and product management.
The wealth of user feedback present in video content opens up new opportunities for

organizations to better understand and serve their customers.

5.4 Implications for Researchers

5.4.1 Leveraging videos from social media platforms

Our research has significant implications for researchers and future studies, particu-
larly in the area of leveraging videos from social media platforms as a valuable source
of user feedback for identifying product requirements. The popularity and widespread
use of social media, especially video-based platforms like TikTok and YouTube, offer
an unprecedented opportunity to gather rich and diverse insights from users. Re-
searchers can gain access to a wealth of user-generated content that provides valuable
feedback on products by analyzing videos on these platforms. These videos allow for
a more authentic and unfiltered representation of user experiences, as they capture
real-time interactions, opinions, and concerns expressed by individuals from various
demographics. This presents an exciting avenue for researchers to explore and extract
valuable insights that can inform requirement elicitation processes. Future research
should delve deeper into understanding the efficacy of leveraging videos from other
emerging social media platforms. For example, researchers can delve deeper into un-
derstanding the efficacy of leveraging videos from other emerging social media plat-
forms, such as Instagram Posts and Reels or Twitter’s Vertical. Exploring alternative
patterns and characteristics of these platforms can shed light on the inhibiting or en-
abling factors that influence the relevance and usefulness of user feedback for product
development. Researchers can stay at the forefront of leveraging videos as a valuable
tool for understanding perspectives by continuously adapting research methodologies

to the evolving landscape of social media.

5.4.2 Advancing Methodologies for Analyzing Visual Text in
Videos

Our research also highlights the need for further advancements in the methodologi-

cal domain, particularly in analyzing visual text within videos. While our approach
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focused on larger and more prominent visual texts, there is room for exploring alter-
native methods that can enhance the analysis of visual text, leading to more compre-
hensive insights into user feedback. Future work should explore different approaches
to analyzing visual text, taking into account not only the size but also the contextual
relevance and significance of the text within a video. Refining the methodologies
for visual text analysis can help researchers to unlock the full potential of user feed-
back contained within videos. This is particularly crucial in platforms like TikTok,
where visual texts are abundant and play a significant role in communicating user
experiences and opinions.

One potential avenue for future research is the development of automated tech-
niques for interpreting the visual content of videos and converting it into text. By
leveraging computer vision and natural language processing algorithms, researchers
can explore the possibility of extracting textual information from images and videos
more accurately and efficiently. This can significantly augment the process of require-
ment elicitation by enabling the extraction of detailed and nuanced user feedback from
the visual aspects of videos. Moreover, researchers can also explore the identification
of additional information beyond textual content from the visual aspects of videos.
This could involve analyzing facial expressions, gestures, or even the overall aesthetics
of the video. Such analyses can provide deeper insights into user emotions, engage-
ment levels, and preferences, which can further inform the requirement elicitation

process.

5.4.3 Augmenting User Feedback Analysis through Correla-
tion of Video Content and Accompanying Characteris-
tics

In addition to the aforementioned implications, there is a significant opportunity for
future research to explore the correlation between video content and other accompa-
nying characteristics. By examining factors such as the number of likes, the number
of comments, and the content of those comments, researchers can gain deeper in-
sights into user feedback and refine it into actionable requirements. While previous
studies have acknowledged the value of analyzing video comments [29], integrating
this information with the video content itself and its associated characteristics holds
the potential for even more comprehensive and insightful interpretation of user feed-

back. Considering the interplay between video content, engagement metrics, and user
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comments, researchers can unlock additional layers of meaning and uncover valuable
patterns that contribute to a more refined understanding of user requirements. One
avenue for future exploration is the quantitative analysis of engagement metrics, such
as the number of likes and comments in relation to specific aspects or features of the
product. By identifying correlations between user feedback patterns and these en-
gagement metrics, researchers can discern which product attributes resonate strongly

with users and have a significant impact on their overall satisfaction or dissatisfaction.
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Chapter 6

Conclusions and Threats To
Validity

In any research study, it is crucial to assess the threats to validity to ensure the re-
liability and accuracy of the findings. Validity refers to the extent to which a study
measures what it intends to measure and draws accurate conclusions. Threats to va-
lidity are factors or limitations that may affect the validity of the research outcomes.
They can arise from various sources and can impact different aspects of the study.
The following sections will examine the threats to construct validity, external validity,
and internal validity. Each of these validity threats poses unique challenges and con-
siderations that we needed to address to maintain the credibility and generalizability

of their research findings.

6.1 Construct Validity

Construct validity refers to the extent to which the measurements in a study accu-
rately capture the intended constructs or concepts. In our research, construct validity
is crucial in ensuring that we measured precisely what we aimed to measure. How-
ever, there is a potential threat to construct validity concerning the manual labeling of
video content as "relevant” or ”irrelevant.” The process of manual labeling can intro-
duce subjective bias, potentially leading to inconsistent or inaccurate categorizations.
To address this concern, we took several steps to enhance the construct validity of
our study. Firstly, we established a clear definition of relevancy based on existing

literature. This definition served as a guideline for the coders in determining the
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appropriateness of the video content in relation to user feedback and requirements.
Furthermore, we employed two experienced coders who possessed in-depth knowl-
edge and expertise in requirements concepts and pair coding. The inclusion of coders
with domain-specific knowledge aimed to minimize subjective bias and enhance the
accuracy of the labeling process. By leveraging their expertise, we aimed to ensure
that the coders were capable of identifying and categorizing the video content ac-
curately. To assess the reliability of our manual labeling process and enhance the
construct validity, we employed Cohen’s kappa and agreement levels as measures of
inter-rater reliability. Cohen’s kappa coefficient quantifies the level of agreement be-
tween coders beyond what could be attributed to chance. We obtained an objective
measure of the reliability of our labeling process by calculating and evaluating the
kappa coefficient. Higher agreement levels and a significant kappa coefficient would

indicate a higher degree of construct validity in our study.

6.2 External Validity

External validity refers to the extent to which the findings of a study can be gener-
alized to other settings, populations, or contexts. In our research, external validity
is important for understanding whether our findings can be applied beyond the spe-
cific video platforms and software products examined in our study. One limitation
to consider is that the generalizability of our findings may be limited to the specific
video platforms (TikTok and YouTube) and software products we focused on. Each
platform and product may have unique characteristics and user behaviors that could
impact the nature of user feedback and requirements. To address this limitation,
we took steps to enhance the external validity of our study. We selected TikTok
and YouTube as our primary sources of video content due to their popularity and
widespread use among diverse demographics. By including these two leading video-
based social media platforms, we aimed to capture a broad range of user feedback
and requirements. Additionally, we examined 20 leading products from four major
industries, providing a diverse sample that encompasses different types of software
products. This approach aimed to capture a wide range of user perspectives and expe-
riences, increasing the likelihood of uncovering meaningful insights applicable to vari-
ous software products. While our study focused specifically on TikTok and YouTube
and the selected industries, we anticipate that the results and implications may be

transferable to videos from other software products on these platforms. Given the
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similarities in user behaviors and content creation across various software products,
we expect that the patterns and themes of user feedback and requirements observed

in our study may hold true for other software products on TikTok and YouTube.

6.3 Internal validity

Internal validity refers to the degree to which the conclusions drawn from a study
are accurate and can be attributed to the variables being studied. In our research,
there are factors that could potentially impact the internal validity of our findings,
particularly regarding the visual text extraction process. One limitation that could
affect the internal validity is related to the project budget constraints for optical
character recognition (OCR) extraction. We utilized the ” Google Vision” API, which
demonstrated superior performance compared to the HuggingFace API. However, the
cost associated with the ”Google Vision” API, which is $1.50 per 1000 frames, posed
a limitation on the extent of text extraction we could perform. This budget constraint
may have influenced the completeness of the visual text extracted from the videos.
Another factor that could impact internal validity is the nature of videos as high-
redundancy media. Videos often contain repetitive or redundant content, which can
increase the processing time required for analysis. Despite employing algorithmic
frame sampling techniques to mitigate this issue, there is still a trade-off between
computation run-time and information loss. We chose parameters to sample frames
at a minimum rate of 1.5 seconds per frame for TikTok and 2.5 seconds per frame
for YouTube. However, this sampling rate may have resulted in missed frames that
contained pertinent information relevant to user feedback and requirements. These
limitations in the visual text extraction process could potentially introduce biases or
gaps in the data, which may affect the internal validity of our study’s conclusions. It
is important to acknowledge these limitations and consider their potential impact on

the accuracy and reliability of our findings.

6.4 Conclusions

Our study demonstrates the potential of video-based social media platforms, specif-
ically TikTok and YouTube, as valuable sources for identifying user feedback and
requirements relevant to various products. We employed natural language processing

(NLP) and machine learning techniques to extract meaningful insights from analyzing
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the audio and visual content of videos. Through our analysis of 20 different prod-
ucts across diverse industries, we observed that deep learning models like GPT-2 and
RoBERTa proved effective in classifying video content into relevant and non-relevant
user feedback. Additionally, clustering techniques allowed us to identify common
user feedback themes. Popular themes that emerged from our analysis included user
ratings and opinions on product features, bug reports, and concerns related to per-
formance and efficiency. The findings of our study highlight the growing significance
of videos as a medium for communication and content creation. As these platforms
continue to gain popularity among users, organizations can harness the power of
video-based social media to gain valuable insights into user needs and preferences
for their products. Companies can refine their products and prioritize areas for im-
provement by understanding the discussions and opinions expressed in these videos.
Furthermore, our research contributes to the field of CrowdRE by showcasing the
efficacy of leveraging video content for requirement elicitation. Social media plat-
forms provide a wealth of information, and our study demonstrates the feasibility
of extracting valuable user feedback from videos to inform the product development
process.

Looking ahead, there are promising avenues for future research to build upon this
study. Researchers can explore alternative video platforms and analyze their suitabil-
ity for requirements elicitation. Additionally, further investigation can be conducted
to enhance the analysis of visual text and investigate the correlation between video
content and other accompanying characteristics, such as likes, comments, and their

content.
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Relevant

67

Non-Relevant

The new ASUS Zenbook 14
OLED...Speaking of typing the ZenBook
14 OLED has the Ergosense keyboard and
touchpad installed The chiclet keys have
good bounce which makes typing feel better
and they are also spaced apart just right...o
if you re ever stuck in a place that has no
power outlet the great thing about the Asus
ZenBook 14 OLED is that it has USB C
easy charge support so that I can charge this
up with a power bank no problem

ASUS ZenBook UM433DA 14 inch Full
HD 300nits Laptop AMD Ryzen 7
16GB RAM 512GB SSD Bac ASUS
ZenBook UM433DA 14 inch Full HD
300nits Laptop AMD Ryzen 7 16GB
RAM 512GB SSD Backlit Keyboard
Windows 10 Includes LED NumberPad
Silver https day2dayshopping blogspot
com search label LAPTOP bottoms

How To Add AdBlocker To Google Chrome
Quick Easy...Now the first thing that you
want to do is to type ad blocker into Google
Then click on the first search result and you
1l be redirected to the Google Chrome Web
Store...

how to Design Google Chrome Logo
beginners Let s Watch how to Design
Google Chrome Logo beginners Design
logodesign is

This Little Mistake Kills M2 MacBooks To-
day I will tell you when you SHOULD close
your MacBook...Shutting down has several
consequences for your Mac Firstly it clears
the RAM of everything Open apps tempo-
rary files..You may not have known but turn-
ing off your Mac is actually doing it more
harm than good And over time your Mac
may load slower and have worse overall per-
formance due to this I often go a long time
without restarting my 16 inch MacBook Pro

My boss took me shopping today for
a brand new macbookairm?2 so grateful
birthday in 3 days...

How To Turn on off Sync Across Clients on
Discord App...So first thing go to discord
now this is the homepage as you can see
Go down and click on this option here down
below And you will find many options now
search for text and images And here is it now
click on this option...

Arabic on Duolingo An embarrassing mistake
that needs to be fixed ASAP...But the word
they used is ”” that does not exist...

Hello adventurer Happy Scrolling I see
well here some links that you may need
on your travels Discord have you guys
ever wanted to be an admin for an up-
coming channel do you wanna have a
drama free server...

Duolingo showed me Magic Ayo Duo do
a magic trick Really That was a good
one

Table A.1: Examples of relevant and non-relevant videos user feedback



Relevant

68

Non-Relevant

Google Pixel 7 Pro Longterm Review...And
there is no distortion with a screen edge
or wasted space That’s a good compromise
Around back that funky camera band makes
its return and honestly I don t hate it It
beats having some big uneven camera bulge
that throws off the weight and balance of the
phone

Google Pixel 7 Pro Quick Unboxing
Hazel Pixel 7 Pro Probably the Best
phone of 2022 UK https amzn to 3Vn-
QpDZ US https amzn to 3yx54Tsww
check out...

In some countries the S23 is gonna be a
HUGE upgrade So better wait a few weeks
and don t buy an S22 right now...The S23
is gonna get the Snapdragon 8 Gen 2 which
is first of all really powerful and can even
compete with Apple s A16 bionic The spe-
cial thing is that every S23 is going to get
the A Gen 2...

3 Worst Things Google Pixel 7 gcrpmedia
pixel phone newtech The Pixel 7 is a great
phone but here s three things that people
hate about it right now First off the Pixel s 6
3 inch AMOLED display looks great but it s
a bit smaller compared to the Pixel 6 Second
off is a smaller battery than the Pixel 6 just
by about 300 milliamps Thirdly even though
it s a little nitpicky a lot of people do com-
plain the fingerprint reader s still slow

Samsung S22 Pink Gold Hands on with
the new Samsung s22 pink gold Outro
Music

Unboxing the BEST Color Google
Pixel 7 Pro... Let s unbox the best
Pixel 7 Pro color right now

How to create database templates Notion tu-
torial...You don t have to copy and paste or
type the same thing over and over again I
Il show you how in this quick Notion tuto-
rial Go to your database and click the arrow
down next to New You can edit existing tem-
plates by clicking on the three dots and select
Edit or click New Template...

Notion Progress Bar without formula
This new update is awesome

iPhone 14 vs iPhone 13 Review...Well almost
identical because the A15 Bionic is still in
the iPhone 14 The only difference is using the
A15 from the iPhone 13 Pro which means you
get an extra GPU core Now when it comes
to day to day use of the phone you re not
going to notice a difference compared to the
iPhone 13...

Apple Event iPhone 14 Pro Apple
Watch Ultra more What a day So much
to get excited about iPhone 14 iPhone
14 Pro AirPods Pro 2nd gen Apple
Watch...

Table A.2: Continued : Examples of relevant and non-relevant videos user feedback
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Products TikTok Themes YouTube Themes

Feature Ratings Feature Ratings
Discord Bug Report Bug Report

Usage Tutorials Usage Tutorials
Duolingo Feature Ratings Feature Ratings

Bug Report Usage Totorials

Feature Ratings Feature Ratings
Chrome Bug Report Matching Competition

Extensions Suggestions Extensions Suggestions

Feature Ratings Feature Ratings
Firefox Bug Report Bug Report

Matching Competition Matching Competition

: Feature Ratings Feature Ratings

Notion

Apple Iphone 14

Google Pixel 7

OnePlus 10

Samsung Galaxy S22

Usage Tutorials

Feature Ratings

Matching Competition
Older Version Comparison

Feature Ratings
Matching Competition

Feature Ratings
Matching Competition
Feature Ratings
Matching Competition

Usage Tutorials
Feature Ratings
Matching Competition
Older Version Comparison
Feature Ratings
Design Ratings
Matching Competition
Feature Ratings
Matching Competition
Feature Ratings
Matching Competition

Table B.1: Major User Feedback Themes
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Products

TikTok Themes

YouTube Themes

Macbook Air M2

Asus Zenbook 14

HP Spectre x360 14

Microsoft Surface Pro 9

Dell XPS 15

Ford F150

Tesla Model 3

Toyota Rav4

BMW X5

Mercedes Benz GLC

Feature Ratings
Performance Ratings
Design Ratings

Feature Ratings
Performance Ratings

Feature Ratings
Design Ratings

Feature Ratings
Performance Ratings

Feature Ratings
Performance Ratings

Feature Ratings

Repair & Maintenance
Modifications Suggestions
Efficiency

Feature Ratings
Affordability

Feature Ratings

Repair & Maintenance
Feature Ratings
Modifications Suggestions
Affordability

Feature Ratings
Affordability

Feature Ratings
Performance Ratings
Matching Competition
Feature Ratings
Performance Ratings
Matching Competition
Feature Ratings
Matching Competition
Performance Ratings
Feature Ratings
Matching Competition
Performance Ratings
Feature Ratings
Matching Competition
Performance Ratings
Feature Ratings
Repair & Maintenance
Matching Competition
Efficiency

Service Ratings
Modifications Suggestions
Modifications Suggestions
Feature Ratings
Feature Ratings
Matching Competition
Performance Ratings
Feature Ratings
Performance Ratings

Table B.2: Continued: Major User Feedback Themes
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Abstract—

The increasing importance of videos as a medium for engage-
ment, communication, and content creation makes them critical
for organizations to consider for user feedback. However, sifting
through vast amounts of video content on social media platforms
to extract requirements-relevant feedback is challenging. This
study delves into the use of TikTok and YouTube, two widely
used social media platforms that focus on video content, in iden-
tifying relevant user feedback that may be further refined into
requirements using subsequent requirement generation steps. We
demonstrate an approach of using videos as a source of user
feedback by analyzing audio and visual text, and metadata (i.e.,
description/title) from 6276 videos of 20 popular products across
various industries. We employed state-of-the-art deep learning
transformer-based models, and classified 3097 videos consisting
of requirements relevant information. We then clustered relevant
videos and found multiple requirements relevant feedback themes
for each of the 20 products. This feedback can later be refined
into requirements artifacts. We found that product ratings
(feature, design, performance), bug reports, and usage tutorial
are persistent themes from the videos. Video-based social media
such as TikTok and YouTube can provide valuable user insights,
making them a powerful and novel resource for companies to
improve customer-centric development.

Index Terms—Requirement Elicitation, User Feedback, Video
Platforms, Classification, TikTok, YouTube

I. INTRODUCTION

Online videos are becoming more important for organi-
zations to consider for user feedback as videos provide an
immersive experience for viewers. Videos are a very popular
medium for social media and communication [1]. For example,
TikTok is one of the world’s most popular video-based social
media platforms [1], [2] and YouTube has also grown to an
astronomical magnitude [3].

Previous research on requirements and videos has been
limited to investigating the comments section of videos, while
users engage in discussion [4]-[6]. However, videos are rich
sources of data [7] with both audio and visual components,
and metadata (e.g., description, title, date created). In this
study we look at all three sources: the audio track of the video
(converted to a transcript), any text that appears in the video,
such as captions and subtitles, and the metadata.

Paying attention to the direction of CrowdRE research is
critical for companies to improve requirements elicitation [8],
[9]. The ability to vastly increase the amount of feedback
considered [10] is extremely valuable. The process we propose

converts video content to requirements-relevant feedback that
can significantly impact companies’ requirements and devel-
opment activities.

We present a data-driven exploratory study on leveraging
user-generated videos from TikTok and YouTube to identify
requirements-related user feedback for 20 distinct products.
This information can serve as a foundation for requirement
elicitation, facilitating a more comprehensive understanding of
consumer preferences and needs. We analyzed videos about
products from a variety of industries, including software,
consumer electronics, and automotive. Our approach involves
extracting textual data from audio and visual content from
the videos and processing using natural language processing
(NLP) and machine learning (ML) techniques to uncover
important user feedback that may not be captured through
traditional elicitation methods.

Our study contributes to the growing body of research on
using social media as a data source for product development
and user feedback analysis. It also provides insights into the
strengths of using videos as a data source and the opportunities
of applying NLP and ML techniques to analyze video data.
Our study was guided by three central research questions:

RQ1 How can video-based social media be used to identify
requirements relevant user feedback?

RQ2 What are the main users feedback themes that we can
identify?

RQ3 How do the different social media platforms and their
video content affect user feedback?

From this exploration of videos contents from TikTok and
YouTube, a number of findings have emerged. Our study
presents the following contributions:

e An approach for identifying requirement relevant user
feedback from video based social media.

o The most effective machine learning models (GPT-2 and
RoBERT?2) to classify the audio and visual content into
requirements relevant user feedback.

o A list of requirements relevant user feedback themes
for software, phone, computer, and automotive industries
which can be further refined into requirements.



II. BACKGROUND AND RELATED WORK
A. CrowdRE in Requirements Elicitation

With the rapid evolution of technology and social media,
traditional elicitation techniques are insufficient to identify,
gather and formulate requirements from the large distributed
online community [8]. To address this gap, Groen et al. [8]
proposed CrowdRE “a semi-automated requirement engineer-
ing (RE) approach for obtaining and analyzing any kind of
‘user feedback’ from a ‘crowd’, with the goal of deriving
validated user requirements.” User feedback from the ‘crowd’
is then transformed into requirements either through manual
content analysis [11] or through automated approaches [12].
Groen et al. argue that CrowdRE can address the limita-
tions of traditional RE methods, such as the limited scope
and representation of user feedback [9]. By harnessing the
collective intelligence of a crowd, organizations can utilize
CrowdRE to identify and prioritize user needs and improve
user engagement for their product [13].

The services offered by CrowdRE aim to provide moti-
vational tools (e.g. gamification techniques, forums, visuals)
that can inspire stakeholders to actively participate in a crowd
[10]. A number of studies have focused on leveraging this
crowd engagement on various platforms like app reviews and
forums [?], [14]-[17], demonstrating that valuable insights can
be gained by analyzing the conversations generated by users,
such as their comments, feedback, and suggestions. Moreover,
social media platforms have also been studied and utilized to
analyze various aspects of requirement engineering [18]-[20].
Li et al. [21], found privacy related user feedback in a study
on product related subreddits in Reddit. Kengphanphanit et
al. [19], classified user feedback into requirements and non-
requirements by scraping Twitter and Facebook, and utilized
feature extraction on the user feedback based on polarity,
subjective, and number of requirements word factors. After-
wards, they developed a model using the three factors and
Naive Bayes method to generate requirements from the user
feedback. Nevertheless, few studies have focused on exploring
video based social media platforms such as YouTube and
TikTok for identifying requirements relevant user discussions
that have potential to be refined as requirements later on.

B. Video Platforms

YouTube with over 2.5 billion active users and TikTok
with over 1 billion users, are the most popular video based
social media platforms [22]. Video platforms like YouTube and
TikTok have emerged as a valuable source for user engagement
and obtaining requirements relevant user discussions [4], [5],
[23]. In a paper by Madden et al. [5], the authors conducted
an analysis on the content from 66,637 YouTube comments,
and found 10 broad categories of user discussion, suggesting
that classifying YouTube comments revealed opinions and
attitudes of viewers towards the video content. In their study
Das et al. [4] analyzed the comments generated on YouTube
videos using natural language processing techniques and cate-
gorized comments on YouTube videos related to autonomous

vehicles, further suggesting that YouTube can be a useful
source of information for understanding consumer opinions
and concerns. Karras et al. [6] utilized machine learning
algorithms to analyze 4505 comments from a YouTube video
as source of feedback and classified them into product relevant
comments. The further manually analyzed the content of the
relevant comments and found discussion on feature request,
problem report, efficiency, and safety from the product relevant
comments.

Schneider et al. [24], in their study describe that different
types of videos (linear videos, vision videos, and interac-
tive videos) can demonstrate concrete situations regarding a
product and can be beneficial in engaging users to solicit
feedback. Vision videos depict a vision of a future product
or system, and they can help stakeholders to better understand
and communicate their needs [25]. Hence, studies have been
conducted on leveraging vision videos to elicit user feedback
as users frequently engage in discussions and provide feedback
on these videos [26], [27]. In another study, Karras et al
[6], argue that although the existing literature [26], [28] on
vision videos discusses the benefit of using them in solic-
iting feedback, its potential for CrowdRE has not yet been
fully explored. It remains unclear whether videos created by
content creators themselves can provide valuable insights for
companies.

Thus, in our study, we explore the potentials of video con-
tents from YouTube and TikTok for identifying user feedback.
Our work focuses on finding the pertinent themes from the
user feedback. Since the information from the ‘crowd’ may
also generate irrelevant data, extracting relevant information
is a critical step before creating requirements. Once relevant
themes have been identified, companies may use manual [11]
or automated approaches [19] to generate requirements from
the themes.

III. METHODOLOGY

We conducted an exploratory study to investigate the fea-
sibility of using video-based social media platforms (i.e.,
TikTok and YouTube) for identifying requirements relevant
user feedback themes. Our methodology is summarized by
Figure 1.

A. Data collection

We conducted extensive market research and analysis to
identify the top-performing products in each industry to build a
representative dataset of twenty different products from 4 com-
mon consumer categories: software, mobile phone, computer,
and automotive. Table I shows the dataset characteristics.
We chose the most widely used software across different
domains, including browsers such as Chrome and Firefox,
tutoring applications like Duolingo, networking platforms like
Discord, and productivity software like Notion. For each of
the other categories, we strived to pick products that were
among the best selling flagship products in North America
in 2022, with on focus videos that would be in English. We
chose not to select products that may otherwise sell more



units overall worldwide, such as Vivo versus Oneplus, but
have a smaller English audience as they would impact the
videos that we could collect. For example, for the products
from the automotive industry, we chose 5 brands and their
best selling model in North America in 2022. We applied the
same approach to mobile phones and computers by selecting
the most popular flagship product released in 2022.

To collect the data, we used the public facing APIs from
TikTok and YouTube and scraped the videos by searching for
each product using its name. The search term for each product
is provided in the replication package [29]. We downloaded
all the available videos from each search term and this process
took about a day for each product. In total, we collected 11,341
videos, with 6,080 from TikTok and 5,261 from YouTube.

TABLE I: Products used for the analysis

Category  Products TikTok YouTube
Videos Videos
Notion 280 232
Duolingo 224 217
Software Discord 94 103
Chrome 82 105
Firefox 50 189
Google Pixel 7 223 183
Apple Iphone 14 178 142
Phone Samsung Galaxy S22 162 214
Motorola Edge 30 76 92
Oneplus 10 59 119
Microsoft Surface Pro 9 201 187
Apple Macbook Air M2 193 161
Computer  Asus Zenbook 14 119 132
HP spectre x360 14 130 95
Dell XPS 15 30 49
Tesla Model 3 210 193
BMW X5 190 197
Automotive Ford F150 187 102
Toyota Rav4 177 305
Mercedes Benz GLC 154 239

B. Preprocessing

The videos that we collected represented all the available
videos according to our search term for each product. To
ensure that our dataset is focused on user-generated content
and not official promotional material, we implemented a two-
level data filtration process. First, we filtered out any videos
uploaded by official product accounts, as they are more likely
to discuss product features in a promotional manner. The
remaining videos in our dataset represented those that matched
our search terms, but not from official product accounts such
as Apple. Second, we filtered the videos to only include those
in the English language. We used Spacy FastLang [30] to
detect the language of the video description text, and OpenAl
Whisper [31] to detect the language from the audio text, as
described in detail in Section III-C1. We were left with 6276
videos after filtration.

Data Collection
Identify list of 20 Tiktok Youtube
products to collect |—> Videos (6080) Videos (5261)
videos
11341 Videos
Preprocessing Y
Preprocess Remove Non-
video to get English Audio
Combine audio, visual audio text Videos and
textual data with video Videos from
description Preprocess Official
video to get Accounts (6276
visual text remaining)
l Manual Labelling
Pair coding 200 4| Individual Coding
videos of 879 videos
]
Data Analysis sL
Aoy classifier on Train multiple NLP classifiers on
rs:layinin videos labelled videos to identify relevant
g user feedback that could be later
(5197) A .
analyzed into requirements
Cluster those videos labelled . .
. . Maually identify user
as relevant to identify user |—> Lo
feedback themes in videos
feedback themes

Fig. 1: Research Process

C. Analysis of Videos

Videos contain audio tracks, metadata in the form of de-
scriptions, and finally text that appears in the video itself (such
as a caption or subtitle). We used both the audio and visual
text data extracted from the videos, as well as the descriptions
provided by the content creators. To make sense of videos we
worked with both the visual and audio elements of a video.
First, we converted the audio of the video into text; secondly,
we sampled visual frames and performed computer vision to
collect any displayed text in a video (i.e., video subtitles). Out
of the total of 6,276 videos in our dataset, 403 videos were
found to have no audio content. Additionally, 101 videos did
not contain any visual text. For each video we also paired
this textual content with a video’s metadata including video
description and title where applicable. We then classified the
TikTok and YouTube videos using various state-of-the-art deep
learning models as user feedback that could be later refined
into requirements (referred to as “relevant”) or user feedback
that was not useful for later refinement into requirements



(“irrelevant”). We describe these techniques below.

1) Extracting Text from the Audio: OpenAl’s speech recog-
nition model “Whisper” [31] was used to extract audio text
from videos. The “Large” Whisper model used in this study
is one of the most accurate models and is designed for high-
quality transcription tasks.

The extracted audio from videos was run on the Whisper
model to generate transcriptions of the audio content. On
average each TikTok videos was less a minute in duration,
where as the YouTube videos were roughly eight minutes in
length. Hence, some YouTube videos were a little bit longer in
length. To reduce computational time, for the longer YouTube
videos, we transcribe only the first thirty minutes of each audio
and trim the rest. We assume that the premise of the video is
conveyed in first 30 minutes, to minimize the processing time
for longer videos. Whisper can detect the audio language being
spoken during the transcription process and we utilized this to
filter out videos that were not in English, as it is imperative
to ensure the accuracy and relevance of the extracted text for
our analysis.

2) Extracting Visual Text from the Video: In addition to
audio, we also extracted visual text that may appear in a video
as some content creators display subtitles or other important
visual text. Since videos consist of many repetitive or similar
frames, motion-based video summarization is used to select
a small subset of all frames. For frames that are detected
as having “text”, we use an optical character recognition
(OCR) system to extract the text; common spelling errors are
corrected. The following section describes the video extraction
pipeline.

For candidate frame selection, we use a modified version of
the algorithm proposed by Dash and Albu [32]. This algorithm
was chosen because it is a heuristic and not a ML-based
video summarization system, therefore it is independent of the
video domain. Their approach integrates motion and saliency
analysis with temporal slicing to extract features and unique
candidate frames from the video.

‘We do not use their candidate frame summarization; instead
we leverage the information from the saliency energy map
(instead of the slower background subtraction model) to find
the probability divergence for the temporal slices. We take the
Kullback-Leibler divergence, Dk, (.), of each temporal slice,
k € {vertical, horizonal, diagonal} at time ¢t — 1 and ¢, where
t is defined as the current frame. We thus obtain a vector
s; € R? (Eqn. 1),

Sgk) = Drr(p(k)ellp(k)i—1) (D

where p(k) is the temporal slice k, normalized as a proba-
bility vector. The vector is then thresholded by values greater
than 7T}, € R? to select the candidate frame (Eqn. 2); for this
paper T, = [le — 4,1e — 4, 1e — 4] is used.

fo Vhe (s = s > T,
(®  otherwise

candidate frame = { )

Intuitively, when the movement distribution changes signifi-
cantly, a new candidate frame is selected. The candidate frames

are analyzed for text using CentripetalText [33]. If no sufficient
size text is detected, the candidate frame is discarded. In the
next step, we consider two scenarios: (1) an audio track exists,
and (2) no audio track exists.

When the primary content in a video is visual (i.e. no
audio), we utilized Google’s commercial state-of-the-art OCR
system called “Google Cloud Vision”! to capture all text in
the candidate frame. When audio is available, we assume the
video content is primarily communicated by audio. Therefore,
we supplement the audio by using HuggingFace’s open-
source OCR Tr-OCR [34] system with the “trocr-large-printed"
pretrained weights to extract larger OCR text discovered
by CentripetalText. Both OCR methods are not completely
accurate, so we attempt to fix common spelling mistakes by
processing the raw extract text with Peter Norvig’s algorithm.?
The choice to use multiple OCR algorithms was due to budget
constraints.

D. Manual Labeling

To evaluate the accuracy and effectiveness of our classifica-
tion models, we employed a manual labeling process to create
a ground truth dataset for training. The dataset was randomly
selected from our entire data pool, and we labeled total 1079
videos. Our labeling process consisted of labeling videos as
either “relevant” or “irrelevant”.

Our criteria to labelling a video as “relevant” include
aspects such as problem reports, reviews of a product feature,
comparison of features with competitors, feature requests, etc.
In other words, any time a video included content that could
be used by a company to make informative decisions regarding
changes (positive or negative) to their product, we labelled it as
“relevant”. For example, “To find out what the safest browser
to use in 2022 is based on empirical testing techniques So
we re going to go through 200 of the latest malware links...
Firefox only blocked 145... Chrome not quite as good as Edge
it blocked 198 links out of 200...” (Firefox) was labeled as
relevant. In contrast, a video that do not describe a product
in any meaningful way or in a superficial manner (i.e., “The
new M2 MacBook Air is finally for sale. ’'m not gonna buy
one”) was labelled as irrelevant. Exemplified by these quotes,
the pair coders would label a video as “relevant” if the main
point of the video or substantial part of the video content
(i.e., several sentences with details) discusses the product in a
way that a company could take actionable steps. In the case
of short videos, where the total amount of content is just a
few sentences, the threshold for labeling as “relevant” could
be a single sentence, but the sentence would need to provide
adequate details.

To prevent bias towards any specific product, we made sure
to label videos from each product that we analyzed. Two of
our authors with extensive experience in requirement analysis,
pair coded a set of 200 videos for the manual labeling process.
The pair coding process resulted an average Cohen’s Kappa

Ihttps://cloud.google.com/vision
Zhttps://norvig.com/spell-correct.html



score of 87%, indicating high levels of agreement between the
coders. This high inter rater reliability also indicated that the
separation between “relevant” and “irrelevant” was quite clear.
After the successful completion of the pair coding process, one
author individually labeled the remaining 897 videos. Of the
1079 videos that were manually labeled, 601 were labeled as
relevant and 478 were labeled as irrelevant.

E. Data Analysis of User Feedback

1) Classification: We employed five state-of-the-art deep
learning transformer-based models, namely GPT-2 (Gener-
ative Pre-trained Transformer 2) [31], BERT (Bidirectional
Encoder Representations from Transformers) [35], RoBERTa
(Robustly Optimized BERT Approach) [36], XLM-RoBERTa
(Cross-lingual Language Model - Robustly Optimized BERT
Approach) [37], and ALBERT (A Lite BERT) [38], to clas-
sify videos as either relevant or irrelevant. Fine-tuning these
models allowed us to identify the most effective approach for
video classification.

We evaluated the performance of these models using dif-
ferent combinations of data, including visual text, audio text,
and both audio and visual text. Furthermore, we included title
and description data for all combinations. By comparing the
performance of these models, we aimed to identify the optimal
approach for accurately classifying textual data from these
popular video sharing platforms. For each of the five deep
learning models (GPT-2, BERT, RoBERTa, XL.M-RoBERTa,
and ALBERT), we followed a similar training process. We
used the pre-trained models and fine-tuned them on our dataset
of labeled video text data, which included both the audio
and visual text, as well as the video metadata (i.e., title and
description). After training, we evaluated the performance of
each model on a balanced test set of video text data. We
measured the performance using accuracy and area under
curve (AUC) metrics. We repeated this process for each
combination of data (visual text, audio text, and both audio
and visual text) and for each platform (YouTube and TikTok)
to compare the performance of the models on each type of
data and platform.

2) Clustering: We clustered the data to learn user feedback
themes. We used BERTopic [39] to infer documents distribu-
tion over topics and then use BERTopic topic descriptions for
clustering. BERTopic allows us to chose the cluster model. We
selected K-means as our cluster model and ran the clustering
process for 2 to 6 clusters. To determine the best cluster, we
used the Silhouette Coefficient [40], a metric that measures
how similar an object is to its own cluster compared to
other clusters. After forming clusters, we conducted a manual
analysis to thoroughly review the formed clusters. Based on
that, we created theme names and assigned them to each
cluster to represent their respective content.

TABLE 1II: Results of Different Deep Learning Models on
Classifying between Relevant vs Irrelevant. AUC is area under
curve.

Dataset Model Accuracy  AUC

GPT2 0.71 0.71

. BERT 0.76 0.76

YouTube lw t“h tonly RoBERTa 0.74 0.74

visual tex XLM-RoBERTa 0.67 0.67

ALBERT 0.79 0.79

GPT-2 0.94 0.94

. BERT 0.86 0.86

YOUT“Z? Wt“ht only RoBERTa 086 086

audio tex XLM-RoBERTa 0.83 0.83

ALBERT 0.79 0.79

GPT2 0.91 0.91

. BERT 0.85 0.85

: XLM-RoBERTa 0.80 0.80

ALBERT 0.79 0.79

GPT-2 0.71 0.71

, . BERT 0.70 0.70

TikTok Vﬁh f“ly RoBERTa 0.50 0.50

visual tex XLM-RoBERTa 0.50 0.50

ALBERT 0.70 0.70

GPT-2 0.92 0.92

. . BERT 0.92 0.92 0.92
TikTok with onl

ticto d.‘“: o RoBERTa 093 093

audio tex XLM-RoBERTa 0.90 0.90

ALBERT 0.90 0.90

GPT2 0.93 0.93

. . BERT 0.95 0.95

vizéﬁlegdwéihdﬁ)oizxt RoBERTa 0.97 0.97

XLM-RoBERTa 0.90 0.90

ALBERT 0.93 0.93

IV. FINDINGS

A. RQI: How can video-based social media be used to identify
requirements relevant user feedback?

Recall that for each video we 1) converted the audio track
into text and 2) performed computer vision to collect any
displayed text in a video (i.e., captions or video subtitles).
We then classified the TikTok and YouTube videos using
various state-of-the-art deep learning models as either “rele-
vant” or “irrelevant”; The results of the classification using
these techniques are summarized in Table II. We observe
that the datasets that leverage audio text paired with video
metadata always performs extremely well. In particular, audio
text paired with video metadata consistently performed better
than visual text paired with video metadata. For YouTube
videos and TikTok videos that utilize audio text paired with
video metadata, accuracies of 94% and 93% were achieved.

We contrast these results with those datasets that leveraged
visual text paired with video metadata. Table II shows that
solely relying on text extracted from the video frames is not
sufficient to identify requirements relevant user feedback. The
most accurate model for classifying the dataset for YouTube’s
visual text was only able to achieve an accuracy equal to the
worst performing model for the YouTube audio text dataset.
TikTok videos using only video text and metadata is similar; 2



models had low accuracy of 50%, which for a balanced dataset
means that it performs equal to a dummy model.

We surmise that the main reason for this is that audio extrac-
tion to text is quite accurate and as most videos include some
host(s) speaking about the content, the audio text encapsulates
the main idea of the video. In contrast, the visual text relies
on sampling of visual frames to acquire the visual text, but
this makes several assumptions 1) a video has clear subtitles
that are easy to recognize 2) a video displays visual graphics
of text that pertain to video’s content. If a video’s visual
content had little visual text or did not include subtitles, a
classifier had little to base decisions apart from accompanied
metadata. While audio extraction to text suffers from potential
limitations such as background music in place of a host’s
voice, the likelihood is lower that the existence of visual
subtitles. Extracting text from audio also has less likelihood
of encountering random audio that may confound the speech-
to-text model.

Therefore, we found that datasets that utilized audio text
performed better than datasets that utilized both audio and
visual text. The only exception was “TikTok with both visual
and audio text” where it actually performed 2% better than
“TikTok with audio text.” We believe the characteristics of
TikTok videos (i.e., increased use of subtitles that complement
the audio text of videos over YouTube) may be a factor for why
the model could accurately classify “TikTok with both video
and audio text”. We expand on the effect of video content
characteristics in Section IV-C.

Findings 1: Text extraction from videos using au-
dio was highly effective for classifying videos from
YouTube and TikTok. Text extraction using video on
its own was not effective. However, for TikTok, the
combination of text extraction using both video and
audio was the most accurate option.

GPT-2 and RoBERTa models were most accurate for classi-
fying the videos. For YouTube videos with audio text, GPT-2
significantly outperformed the other four models by 8-15%.
RoBERTa was the best performing classifier for two out of
the three TikTok datasets. Roberta had the highest accuracy
for “TikTok with audio text” and “TikTok with both audio
and visual text” with respective accuracies of 93% and 97%.
The 97% RoBERTa achieved for TikTok with both video and
audio text was highest accuracy we obtained in all our tests
in Table II.

Findings 2: Deep learning models such as GPT-2
and RoBERTa can be utilized to perform classification
of video content into relevant and non-relevant user
feedback. GPT-2 was the most accurate model for
classifying YouTube videos and RoBERTa was the
most accurate model for classifying TikTok videos.

TABLE III: Result from Labelling and Classifying the Dataset

Dataset Relevant  Irrelevant
YouTube Manual Labelling 370 167
YouTube with audio text classification via GPT-2 1691 1029
TikTok Manual Labelling 226 311
TikTok with both video and audio text classifica- 810 1672
tion via RoBERTa

Total 3097 3179

After determining the most accurate models for TikTok and
YouTube, we proceeded to classify the rest of the unlabelled
dataset using these models. After classifying the rest, we also
took a random sample of 50 videos with their classified labels
and performed a round of manual annotation to determine the
accuracy of the automated labelling.

We see consistency with the original experiments in Table
II in the manual annotation. “YouTube with audio text” paired
with GPT-2 achieved an accuracy of 98% and “TikTok with
both video and audio text” paired with RoBERTa achieved
100%. We show in Table III the splits for relevant and
irrelevant in the videos. In total, we found 3097 videos
with relevant information and 3179 videos with non-relevant
information for the 20 products in our study. YouTube videos
(61%) had a higher concentration of requirements elicitation
relevant videos compared to TikTok (34%).

Findings 3: Videos from YouTube and TikTok can be
used to identify requirements relevant user feedback.
Videos from YouTube (i.e., 61%) are more likely than
videos from TikTok (i.e., 34%) to contain requirements
relevant feedback.

J

B. RQ2: What are the main user feedback themes that we can
identify?

We were able to group and cluster the videos based on
their user feedback, allowing us to identify the most prominent
themes, which are presented in Table IV. the themes were
generated by reviewing the formed clusters and assigned theme
names that represented each cluster accurately. These themes
can serve as a foundation for further refinement and analysis
for a company to derive requirement statements.

We found out that every product has videos related to the
theme Feature Ratings. A Feature Ratings provides an overall
rating of a product and often highlights specific features that
are considered to be strengths or weaknesses. For example, “I
hate Firefox but I'm still switching back to it. I can’t stand
Firefox. Every time I try to use it I just get frustrated by all of
the useless features privacy invading telemetry and annoying
defaults. If only there was a way to use Firefox without all the
junk.” (Firefox on YouTube)

Additionally, we observed a consistent theme among soft-
ware product discussions regarding user feedback on updates
and features, which also falls under Feature Ratings. Related to
the latest updates and features, user often offered suggestions
for further improvements. For instance, “Please boost this so



that Duolingo can see this I hate this new update so much...
You can’t jump between topics anymore which is so bad...”
(Duolingo on TikTok).

A significant number of videos related to Bug Reports
provided detailed explanations of the issues they encountered
while using the software and may include suggestions for
workarounds or solutions. To illustrate, “Fix Discord... Dis-
cord App not launching on Windows 10... [To fix, Method 1]
Close discord in task manager and restart it. Right click on the
taskbar and click on task manager. Right click on the Discord
option and click on end task.” (Discord on YouTube). When it
comes to software products, user-generated videos related to
bug reports can be incredibly useful. These videos can provide
developers with valuable insight into the issues that users are
experiencing with their products.

Videos for Usage Tutorial help others with their user
experience. Video content around software products frequently
showed hacks and workarounds to help users make the most
of their software tools. This highlights the importance of
considering user feedback when designing and updating soft-
ware products. Usage tutorials can be extremely useful for
companies as they provide insight into how users are inter-
acting with their products and potential areas where usability
may be a concern. Previous studies have explored converting
user feedback into requirements [11], [12], [19], hence an
organization can similarly analyze the video content to identify
common areas of confusion or difficulty in the usage of their
products.

While Feature Rating was a theme found across all the
products, it emerged as a particularly prominent theme for
phones and computers. The prevalence of this theme in these
product categories could be a result of features playing a
crucial role in the purchase decision for these phones and
computers. This theme was consistently observed across both
TikTok and YouTube. However, our analysis also revealed that
YouTube provides an in-depth review of a product against its
competitors, which we labeled as Matching competition. To
illustrate, “The Pixel gets something iPhone users can only
dream of and that is a 48 megapixel telephoto lens with
five times optical zoom. Now on iPhone you only have a
12 megapixel telephoto that does three times optical zoom...”
(Google Pixel 7 on YouTube).

Such videos can be incredibly useful for all the related
companies, as organizations can learn about the strengths and
weaknesses in their product in a highly competitive market.
With comparisons of similar products, a video can influence
prospective customers on purchase decisions. A company can
unlock highly useful user feedback regarding their own and
competitor products if they collect these types of videos.

A prevalent theme among computers was the evaluation of
the performance and design. Design Ratings revolve around
creators focusing on the aesthetic appeal of these devices,
while Performance Ratings often concern the performance
quality of these products. For example, “There’s a few things
about the S22 Ultra that just drive me up the freaking war.. this
is the most powerful phone Samsung has ever made except it

still lags in like the most random places ...” (Samsung Galaxy
S22 on TikTok) The example indicates to other users concerns
over the performance of the device while using certain actions,
which may be relevant user feedback for Samsung.

Automotive products also exemplified the Feature Ratings
theme along with Affordability, Performance Ratings, and
Modification Suggestions, which are important aspects of
a product that can influence a user’s decision-making. For
Modification Suggestions, content creators often suggest modi-
fications that other customers and users can add to their prod-
uct to enhance their experience. When users and customers
express their willingness to enhance their products through
modifications, it indicates that they have a clear idea of their
desired product features and functionalities. For example, “My
top 20 Toyota Rav 4 aftermarket upgrades and modifications
Mods...I installed [improved] driving lights and I really like
the driving lights. The ones that come with it are great, but of
course they only work when you have it on low beam and these
are of course for the fog lights.” (Toyota Rav 4 on YouTube)
These videos provide opportunities for developers to better
understand how customers use their products and identify areas
for customization.

Furthermore, Repair and maintenance was also seen as a
prominent theme from videos of automotive products. Video
creators frequently discussed the various parts of a car that
tend to wear out over time and shared tips on how to avoid
and repair them. The information provided in these videos can
be a valuable resource for automotive companies looking to
improve the quality of their products. By analyzing the patterns
of wear and tear identified by these video creators, companies
can gain insights into how their products are performing over
time. They can use this information to make improvements to
the design and construction of their products to enhance their
longevity and durability.

Findings 4: User feedback themes can be generated
from videos from YouTube and TikTok. These user
feedback themes not only represent important aspects
about products for companies to consider, but also
represent relevant user feedback that companies can
further refine into requirements in a subsequent step.

C. RQ3: How do the different social media platforms and their
video content affect the user feedback?

We observed in RQ1 how the number of videos containing
relevant user feedback that can be later refined into require-
ments differed significantly between YouTube and TikTok.
Table V illustrates some of the differences between the audio
and visual texts between YouTube and TikTok videos. In
particular, we found that YouTube videos on average were
at least 15 times longer than TikTok videos. It is then not
surprising that higher percentage of YouTube videos would be
afforded time to cover content related to feature ratings, bug
reports, and discuss missing features that competitor products



TABLE IV: Requirement Relevant Themes

Theme Description Number of
Products
(out of 20)

Feature Ratings Praise/criticism of product features 20

Matching Comparison with other competitor 13

Competition products

Performance Rat-  Praise/criticism of performance of the 8

ings products

Modifications Suggestions for tools/upgrade 5

Suggestions

Bug Report Bugs and issues of products 4

Repair & Mainte-  Videos related to fixing and preserv- 3

nance ing

Design Ratings Design evaluation 3

Affordability Cost prospects of the products 3

Usage Tutorials Tutorials for other user to help use the 2

product

provide. It is more difficult to cover these topics in a short span
of 33 seconds, which is the average video span for TikTok.

However, we also noticed that on average TikTok video
covered more words and unique words per second than
YouTube. In particular, a TikTok video typically covered more
than 2 times more unique words per second than YouTube.
We believe this phenomenon was occurring largely because
content creators have to squeeze more content in a shorter
time frame. Hence, the audio is likely sped up to attract user
attention.

Despite having shorter videos on TikTok, TikTok videos
attract on average 2 times more views than the YouTube
videos. This perhaps is not too surprising as TikTok videos
are much shorter, so the theoretical videos viewed per hour
watched for a typical user is likely also much higher than
on YouTube. However, the higher view count is still a non-
negligible characteristic that organizations should consider as
higher view count may result in a bug report or feature rating
becoming more influential.

TikTok videos on average had 5 times more visual texts
per second than on YouTube and the number of unique visual
texts per second was also significantly more. The high number
of visual text on TikTok likely stems from the increased use
of video subtitles on TikTok than YouTube so the visual texts
often complement the audio of a video. The complementary
factor between visual and audio text is potentially another
reason why for TikTok the dataset with both visual and audio
text had the highest accuracy among all TikTok datasets. We
contrast this with YouTube videos where visual subtitles are
less likely and the text that appear may actually confound the
classifying models.

These differences may have contributed to the different
results from our classification models. We used GPT-2 medium
and RoBERTa base for our study, but GPT-2 medium is
a significantly larger model with greater number of model
parameters than RoBERTa base (i.e., Roberta = 125M vs
GPT2=345M). The condensed nature of TikTok videos, gen-
erates less noise in the data requiring fewer model parameters.
Smaller models tend to fit better to smaller data as they are

less prone to overfitting, due to the fewer parameters. Our
results largely reflect this expectation as RoBERTa was the
most accurate model for 2 out of 3 TikTok datasets and GPT-
2 was the most accurate for 3 out of 6 datasets.

Findings 5: YouTube has more videos with relevant
user feedback than TikTok likely due to the factors
of longer video and more in-depth discussions about
each product. TikTok videos on average are more
than 75 times shorter than YouTube with much more
condensed content, but has on average double the
number of average views. Due to the frequent use
of subtitles in TikTok videos, visual text can assist
audio text in determining relevant user feedback that
can be used later for developing requirements. These
characteristics also affect the accuracy of various deep
learning models that work for each platform.

V. DISCUSSION

Our work indicates the potential to improve the practices of
CrowdRE by utilizing valuable information present in video
content.

A. Videos: A Source of Requirements Relevant User Feedback

TikTok and YouTube offer an interactive and immersive
space for users to engage with the “crowd” through content
creation. These platforms allow viewers to interact with the
creator through likes, comments, shares, and reactions. In
this work, we explore how videos extracted from these two
social media can be used to identify requirements relevant
user feedback.

For example, “The new Duolingo update is seriously mess-
ing me up I can’t even get back into the lessons I was actively
working on. Please revert it... Goodbye Duo it was fun. ... Also
note that this person has super Duolingo which means they
pay for a subscription” (Duolingo on TikTok) This exemplifies
how a paying user is leaving the product due to a recently
introduced update on Duolingo, which has resulted in a series
of bugs on the platform. For Duolingo, if they considered such
video, the actionable requirement would entail reverting the
update or fixing the bug to not impede the user’s experience.
An organization that seeks to reduce user attrition may benefit
from these bug report insights, and utilize them to develop
requirements that developers could implement.

Furthermore, people often discuss about the problems they
encounter while using a certain product, “Great phone some
bugs Google Pixel 7 Pro... I've just had quite a few instances
where things will just randomly freeze up like apps will just get
stuck or I'll get stuck on just a black screen and can’t get out
of it... things won’t always work all the time which is kind of
frustrating...” (Google Pixel 7 on TikTok) Although bug report
are a common issue for products in textual feedback (e.g.
forums, app reviews), videos from YouTube offer extremely
rich details about issues [7].



TABLE V: Video Content Statistics

Platform  Product Avg. Views Audio Uniq. Au-  Audio Uniq. Visual Unigq. Visual Uniq.
Sec. Per Words dio Words Words Per  Audio Words Visual Words Visual
Video Per Per Video Sec. Words Per Words Per  Per Sec. Words
Video Per Sec. Video Video Per Sec.
Software 560 0.20M 808 253 1.4 0.5 546 231 1.0 0.4
Phone 555 1.48M 934 334 1.7 0.6 232 111 0.4 0.2
YouTube Laptop 480 0.20M 1,356 465 2.8 1.0 319 165 0.7 0.3
Car 450 0.22M 946 317 2.1 0.7 176 91 0.4 0.2
Total 509 0.50M 986 333 1.8 0.7 313 146 0.6 0.3
Software 32 1.1IM 79 49 2.5 1.5 216 90 6.7 2.8
Phone 36 1.84M 76 49 2.0 1.4 98 42 2.7 1.2
TikTok Laptop 39 0.21M 75 48 1.9 1.2 119 46 3.0 1.2
Car 37 1.08M 83 53 2.2 1.4 61 28 1.6 0.8
Total 36 1.07M 79 50 24 1.5 120 50 33 14

The videos from YouTube and TikTok offer a level of detail
into problems and issues that companies can reference to
understand underlying problems. For example, an app review
may just include textual description about an issue [15], a
Reddit post may include textual description along with a
screenshot, but a video may include a short clip about how a
bug was triggered or the outcome of the bug that the company
can re-watch when they are creating actionable requirements.
Since these videos are quite popular on TikTok and YouTube,
they may influence potential new and current users with the
perceived honest and objective opinions. Therefore, our work
highlights the greater importance that organizations should
place on analyzing the video based content for requirements
relevant user feedback.

Example use case: We present an example scenario regard-
ing how organizations can leverage the approach proposed in
this study. Duolingo is one of the premier language learning
applications in the world. If they manage their online user
feedback, they could search and download for Duolingo re-
lated videos from video based social media like YouTube and
TikTok. Upon converting the audio text and visual text from
each video, the organization would be left with a series of
videos with their corresponding audio and visual text. The or-
ganization could then run a RoOBERTa model for all its TikTok
video to identify the requirements relevant user feedback. Sub-
sequently, the organization could use a topic modeling model,
like BERTopic, to identify the various types of feedback. If
the organization wants to identify bugs, they could expect to
find bug related topics from the topic modeling. For instance,
there could be multiple videos covering the issues related to
the Duolingo update. If the problematic update was covered by
multiple videos, the organization would find a common theme
that describes the issue. The next step for the organization
would be eliciting actionable requirement(s), maybe in the
form of user stories, to resolve the user concern. Eliciting the
actionable requirement is outside the scope of this work, but
an organization can extend our approach in a further step.
The work left for a product person to create a user story
for their issue tracker is quite straight forward, as they could
already infer the type of issue (i.e., bug, feature request, etc)
and the content from a video is generally quite explicit about

the specific issue.

B. Implications for Practitioners

Our findings suggest a number of implications for prac-
titioners who can incorporate the user feedback from the
video contents as part of their requirement generation pro-
cess. An organization may learn about how users are rating
their products in terms of features, design, specifications, and
performance through the video contents itself. A company
looking to improve their products in comparison to other
competitors can take advantage of the competitor analysis
found in these videos. The software products like Chrome,
Firefox, Notion, Discord videos often contain feature and
user experience related discussion, that may be beneficial for
organizations to consider before rolling out a new feature.
Products related to automotive companies have the potential
to learn about user concerns related to repair, maintenance,
and efficiency etc. Many of the videos further express the
consumers feedback about affordability, customization and
modification suggestions. Organizations have been analyzing
YouTube videos for improving marketing and advertising
purposes for a while now [41].

The cost for an organization to adopt our approach is for the
most part minimal. They would need to build a web scraping
pipeline to download the videos from YouTube and TikTok,
but once its built, they can repeatedly use it. The main cost
would likely come from extraction of visual text as OCR
extraction using third-party subscriptions may be expensive,
but there are alternative open-source tools that are available.
Processing a software organization’s sample batch of 100
TikTok videos would take approximately 15 minutes for audio
text extraction and 1.5 hours for visual text extraction on 2
x Intel E5-2683 v4 Broadwell @ 2.1GHz and a P100 16G
RAM. Once an organization implements data analysis of user
feedback similar to our approach they can collect the main
user feedback themes. The final step would involve having an
employee such as product manager or technical lead to parse
the user feedback themes into actionable requirements, but this
should be straightforward task. For example, in the sample
content regarding Duolingo’s flawed new update, a product
manager can quickly see that at minimum the organization
should roll back changes to a previous version. Otherwise,



the organization should implement bug fix to allow users to
access current lessons. Hence, the actual real dollars cost
to an organization to use our approach is limited, and the
organization could realize benefits of obtaining user feedback
themes based on insights from the crowd.

Users are engaging in video content creation on a regular
basis, providing various feedback about the products. Our
study has potential to influence industry requirements and
product management practices, as practitioners can gain valu-
able insights about user behavior and concerns.

C. Implications for Research

We believe our research has several important implications
for researchers and future studies. First, we identified the
efficacy of leveraging videos from two large social media
platforms for identifying product requirements relevant user
feedback. Social media, particularly video based on social
media platforms, has exploded in popularity in recent years
and their growth across different demographics provides new
and important new sources for CrowdRE. Other large plat-
forms are joining this foray, with Meta’s Instagram Posts and
Reels and Twitter’s Vertical being the significant alternatives.
Future research should explore these alternative patterns and
study whether these patterns have characteristics that inhibit
or enable relevant information for products.

Second, another area of future work is in the methodological
domain. In our approach, we tried to focus on larger, more
pronounced visual texts in videos as opposed to every possible
text that may appear in a single frame, but future work should
consider other approaches to analyzing the visual text. Other
approaches may help to increase the usefulness of the visual
text for identifying user feedback, especially on TikTok where
we noticed that there were more visual texts in general. There
is also the potential for researchers to explore identifying other
information from the visual aspect of videos. Potential areas
may involve automated interpretation of the visual content in
a video and converting that into text.

While we tried to focus on user generated content, by
filtering out official product account videos, it does not fully
clear the dataset of potential sponsored or promotional types
of videos. Future research could further separate these promo-
tional content, perhaps through a classification filtering stage
similar to the models used in our study, and explore the
user generated content in more detail. Additional work from
research could include automatic detection about actual feature
requests or bugs as this could assist practitioners in identifying
requirements from the videos.

Finally, future work can involve correlating video content
with other accompanying characteristics in a video such as
the number of likes, the number of comments, as well as
the content of those comments. Previous work has already
explored the usefulness of video comments [6], but utilizing
both the video itself and its accompanying data could prove
even more effective for interpreting user feedback that may be
refined into requirements through subsequent steps.

VI. THREATS TO VALIDITY
A. Construct Validity

Construct validity relates to whether we measured what we
intended to measure. In our case, one threat relates to our
manual labelling of “relevant” versus “irrelevant”. There could
be subjective bias introduced in this labelling, but we tried to
mitigate this through a definition of this concept from literature
and two coders who have in-depth experience in requirements
concepts and pair coding. We used our Cohen’s kappa and
agreement levels as a measure for our reliability.

B. External Validity

In terms of external validity, there is the limitation that our
study may not generalize to other video platforms or other
software products. However, we tried to mitigate this issue
by studying two leading video based social media platforms
and exploring 20 leading products from 4 major industries.
Therefore, we anticipate that videos from other software
products on TikTok or YouTube will produce similar results.

C. Internal Validity

Our conclusions about the visual text extraction could be
limited by our project budget in terms of optical character
recognition (OCR) extraction. The “Google Vision” API had
superior performance over the HuggingFace API, but the cost
of the “Google Vision” API at $1.50 per 1000 frames was a
constraining factor. Also, videos are high-redundancy media,
which increases processing time, even with the algorithmic
frame sampling we employed. Increasing the sampling rate
will decrease the computation run-time, at the expense of the
information-loss rate. We chose parameters to sample at an
minimum rate of 1.5s/frame and 2.5s/frame for TikTok and
YouTube, respectively. This may have caused missed frames
containing pertinent information.

VII. CONCLUSION

Video based social media platforms generate a wide range of
discussions regarding different products, and analyzing these
platforms have become a popular CrowdRE practice. In this
study, we explored how can we leverage videos from two of
the most popular video based social media platforms: TikTok
and YouTube, for identifying requirements relevant user feed-
back that may be refined later into requirements. We examined
20 different products across a range of industries and used
NLP and machine learning techniques to analyze the audio
and visual content from the two platforms. We found that deep
learning models such as GPT-2 and RoBERTa are effective in
classifying video content into relevant and non-relevant user
feedback, and clustering techniques can be used to identify
user feedback themes. Popular themes that emerged include
user feedback about feature ratings, bug reports, performance
and efficiency issues about the software and other consumer
products. As videos continue to gain popularity as a medium of
communication and content creation, organizations can benefit
from leveraging this data source to gain insights into user
needs for their products.
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