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Abstract. With the rapid advancement of Al, Al-generated video tools have become essential in
digital content creation. However, there are significant differences in user acceptance and
satisfaction with these tools. This study aims to explore the underlying reasons for these
differences by analyzing user behavior, satisfaction levels, and preference characteristics through
a questionnaire survey and online review data. Ridge regression analysis identified usage
frequency and data security concerns as key factors influencing satisfaction, with familiarity and
education level also playing significant roles. Based on these factors, K-means clustering
categorized users into three groups: occasional users with high satisfaction, functionality-
focused users with the highest satisfaction, and frequent users with lower satisfaction due to data
security concerns. Sentiment analysis and LDA topic modeling of online reviews for five Al
video tools-Animoto, Invideo, Lumen5, Pictory, and Synthesia-revealed differences in user
evaluations. The findings indicate that Lumen5 excels in social media content creation, while
Pictory has a weaker user experience with more negative feedback. The study concludes that
developers should focus on increasing tool usage frequency and enhancing data security to
improve user satisfaction. Moreover, targeted strategies based on different user segments can aid
in more precise product optimization and market promotion. This research provides practical
guidance for the further development of Al-generated video tools. Future studies could expand
the sample size and data dimensions to further validate and deepen these conclusions.

Keywords: Al-generated video tools, ridge regression, K-means clustering, LDA topic
modeling.

1. Introduction

Amid the rapid advancement of artificial intelligence technology, Al-generated video tools are
becoming increasingly important in digital content creation. According to Leiker et al., these tools lower
the technical barriers to video production by automatically generating high-quality video content,
thereby facilitating rapid content creation and dissemination [1]. For example, tools such as Lumen5
and Pictory can automatically generate videos from input text, facilitating the creation of professional -
quality video content by non-experts [2-4]. However, despite the clear advantages of Al-generated video
tools in saving time and enhancing creative expression, their widespread adoption still faces several
challenges.

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).

136



Proceedings of CONF-MLA 2024 Workshop: Securing the Future: Empowering Cyber Defense with Machine Learning and Deep Learning
DOI: 10.54254/2755-2721/94/2024MELB0065

User acceptance and attitudes toward these tools vary significantly depending on individual
preferences, technical expertise, and content needs. Therefore, a deeper exploration of user behavior and
preferences is essential to further advance these tools. Current research on user behavior and demands
related to Al-generated video tools is still in its infancy. The existing literature primarily focuses on
technical applications and market analysis, with a lack of in-depth exploration of user psychology and
behavior. For example, studies by Zhang and Vayadande et al. mainly focused on market analysis
without delving deeply into user habits and attitudes [5, 6].

This study aims to explore user acceptance, usage behavior, and preferences regarding Al-generated
video tools through a questionnaire survey and online review analysis. Unlike traditional research that
emphasizes the technical aspects, this study focuses more on user experience, aiming to uncover the key
factors influencing user behavior and providing a solid basis for tool development and optimization.

In analyzing questionnaire data, Ridge regression is employed to examine the key factors influencing
user satisfaction and tool usage. Ridge regression addresses multicollinearity issues effectively and
quantifies the impact of various tool characteristics (such as familiarity, usage frequency, and data
security concerns) on user satisfaction, thereby identifying main drivers of user behavior [7].
Subsequently, K-means clustering analysis is used to refine user group characteristics, identify different
user types, and develop targeted product optimization and market promotion strategies [8].

For online review data, this study utilized keyword extraction, topic modeling (LDA), and sentiment
analysis to identify the main opinions and needs of users regarding different Al-generated video tools.
Keyword extraction and topic modeling help us understand the core concemns users have about each tool,
while sentiment analysis reveals user satisfaction and potential issues [9, 10].

Through an in-depth analysis of user needs and behavior pattems, this study not only expands the
theoretical understanding of Al-generated video tools but also provides practical guidance for product
development and marketing strategies. These findings will help developers better understand the needs
of their target users, optimize product features, and enhance user satisfaction and loyalty, thereby
promoting continuous innovation and development of Al-generated video tools in digital content
creation.

2. Methodology

2.1. Data sources and description

The data sources for this study include survey data and online review data. The survey data was collected
through the Wenjuanxing platform, with a total of 1,535 completed questionnaires, of which 1,527 valid
responses were selected for analysis. The questionnaire covered users' basic information (such as age,
gender, education level), familiarity with Al-generated video tools, usage frequency, satisfaction, data
security concerns, and price acceptance.

All indicators in the questionnaire are categorical data, including age, gender, education level,
familiarity, usage frequency, satisfaction, data security concems, and price acceptance. These
categorical data were numerically coded in subsequent analyses and served as the foundational data for
Ridge regression and K-means clustering analyses.

Table 1. Overview of survey data.

Feature Data Type Description

Education Level Ordinal Data User's highest educational attainment
Familiarity Ordinal Data Familiarity with Al video tools
Usage Frequency Ordinal Data Frequency of using Al video tools
Satisfaction Ordinal Data Satisfaction with Al video tools
Data Security Ordinal Data Concerns about data security

Price Acceptance Ordinal Data Acceptance of tool pricing
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Table 1 presents the types of features included in the survey and provides a brief description of each.
Additionally, the online review data were collected from the G2.com website, covering user evaluations
of five Al-generated video tools: Animoto, Invideo, Lumen3, Pictory, and Synthesia. These review data
provided valuable insights into users' actual experiences, functionality assessments, and satisfaction with
each tool. Sentiment analysis and topic modeling (Latent Dirichlet Allocation) were employed to further
understand user needs based on these reviews.

2.2. Methodology introduction

This study employed a variety of data analysis methods to comprehensively reveal user behavior pattermns
and preferences related to Al-generated video tools. The primary methods included Ridge regression
analysis, K-means clustering analysis, and natural language processing (NLP)-based sentiment analysis
and Latent Dirichlet Allocation (LDA) topic modeling.

2.2.1. Reliability and validity analysis. Before the formal survey, a pilot survey was conducted,
collecting a total of 100 questionnaires. The reliability and validity of the questionnaire were analyzed
using SPSSAU software. The results indicated that the questionnaire had good reliability (Cronbach's a
= 0.735) and validity (KMO value = 0.771, Bartlett's test of sphericity was significant at p < 0.001),
effectively measuring users' evaluations of Al-generated video tools (Table 2).

Table 2. Reliability and validity analysis results of the pilot survey.

Analysis Type Indicator Result

Reliability Analysis Cronbach's a 0.735

Validity Analysis KMO Value 0.771
Bartlett's Test p <0.001

2.2.2. Ridge regression analysis. To identify the key factors influencing user satisfaction, Ridge
regression analysis was utilized. Ridge regression helps address multicollinearity issues, allowing us to
quantify the impact of various tool characteristics (such as usage frequency, familiarity, and data security
concerns) on user satisfaction, thereby determining the primary drivers of user behavior.

2.2.3. K-means clustering analysis. Based on the key variables identified in the Ridge regression
analysis, K-means clustering analysis was conducted. By grouping users into different clusters, this
study identified distinct user group characteristics, providing a foundation for developing targeted
product optimization and marketing strategies.

2.2.4. Sentiment analysis and LDA topic modeling. For the online review data, sentiment analysis and
LDA topic modeling were employed. Sentiment analysis was used to evaluate the emotional tone of
user reviews, while LDA topic modeling helped extract the core themes from user feedback. These
methods allowed for a deeper understanding of specific user needs and opinions regarding Al-generated
video tools, offering insights for further product improvement.

2.2.5. Research methodology flowchart. Figure 1 presents the research methodology flowchart, which
outlines the key steps undertaken in this study. The flowchart begins with the data collection phase,
encompassing both the questionnaire survey and online review data. The data preprocessing steps for
both sources are illustrated separately, highlighting the distinct approaches taken for each. The
subsequent steps involve Ridge regression analysis and K-means clustering for the questionnaire data,
and sentiment analysis and LDA topic modeling for the online review data. Finally, the flowchart
demonstrates how these analyses are integrated to form the basis for the study's conclusions and practical
applications. This visual representation aids in providing a clear overview of the study’s methodological
approach, ensuring that each step is logically connected and contributes to the overall research objectives.
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Figure 1. Research methodology flowchart.
3. Result and discussion

3.1. Ridge regression analysis

To identify the primary factors influencing user satisfaction with Al-generated video tools, a Ridge
regression analysis was conducted. This method effectively addresses multicollinearity, allowing for
precise quantification of each variable's impact on satisfaction. The model yielded a coefficient of
determination (R?) of 0.541, indicating that 54.1% of the variability in user satisfaction is explained by
the selected variables. This suggests that the model has moderate explanatory power, capturing key
factors that influence user satisfaction.
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Figure 2. Ridge regression coefficient bar chart.

Table 3. Regression coefficients.

Variable Regression Coefficient
Safety Concern 2.9861
Usage Frequency 2.7809
Education Level 2.2272
Familiarity 0.5036
Content Trustworthiness 0.2597
Price Acceptance 0

The regression coefficients in Figure 2 and Table 3 clearly indicate that "Safety Concern" and "Usage
Frequency" are the most significant factors influencing user satisfaction with Al-generated video tools.
The high coefficients for these variables underscore their importance in shaping how users perceive and
evaluate the tools. Specifically, "Safety Concem," with the highest coefficient, highlights the critical
role of data security and privacy in user decision-making. Users appear to place significant value on the
protection of their personal information and the security features provided by the tools they use, making
this a key area for developers to focus on.

Similarly, "Usage Frequency" also emerges as a crucial predictor, suggesting that users who interact
more frequently with these tools tend to report higher satisfaction levels. This could be because frequent
use fosters familiarity with the tools' features and builds confidence in their capabilities. By encouraging
more regular usage, developers may be able to further enhance user satisfaction over time.

In contrast, "Price Acceptance" has a coefficient of zero, indicating that the cost of these tools does
not play a significant role in determining user satisfaction. This suggests that users are more concerned
with the tools’ performance and security features than with their price, indicating that tool quality and
reliability are the primary drivers of satisfaction in this context.

The analysis of residuals further validated the model's robustness. Residuals were approximately
normally distributed around the zero line, indicating that the model does not suffer from systematic bias.
This was confirmed by both the residual distribution plot (Figure 3) and the Q-Q plot (Figure 4), which
supported the assumption of normality in the residuals.
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Figure 3. Residual distribution plot.
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Figure 4. Q-Q plot.

The findings from this regression analysis underscore the importance of increasing usage frequency
and enhancing data security features to improve user satisfaction with Al-generated video tools.
Furthermore, the significance of familiarity suggests that user education and training could play a pivotal
role in boosting satisfaction levels.

3.2. K-means clustering analysis
Building on the key variables identified through Ridge regression, K-means clustering analysis was
conducted to classify users into distinct segments. The Elbow Method determined that three clusters

were optimal (Figure 5).
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Figure 5. Elbow method for determining the optimal number of clusters.

Table 4. Key characteristics of user segments.

Segment Name gsage Security Concern Familiarity  Satisfaction
requency

Security Focused High Security Moderate Low

Functionality-Seeking ~ Moderate Functionality High High

Casual Users Low Basic Use Low High

The K-means clustering revealed three distinct user segments (Table 4). The "Security-Focused"
segment is characterized by high security concerns and moderate familiarity, leading to lower
satisfaction. The "Functionality-Seeking" segment, with moderate usage frequency and high familiarity,
shows the highest satisfaction due to their demand for robust functionality. "Casual Users," who use the
tools infrequently and have low familiarity, still report high satisfaction, likely because their needs are
basic. These findings provide actionable insights for tailoring product development strategies to each
user segment. For example, addressing security concerns for the "Security-Focused" segment or
enhancing ease-of-use for "Casual Users" could significantly boost overall satisfaction.

3.3. Analysis of online reviews

In addition to survey analysis, this study examined online reviews for five Al-generated video tools:
Animoto, Invideo, Lumen5, Pictory, and Synthesia. Sentiment analysis, keyword extraction, and LDA
topic modeling were used to identify user opinions and preferences.

Table 5. Overall rating table.

. . Number of  User Negative
Tool Name Ease of Use Functionality Templates  Satisfaction Ser%timent Ratio
Animoto 43 3.8 4 4.2 0.08
Invideo 4.5 4.3 4.1 44 0.1
Lumen5 42 4.1 39 4 0.12
Pictory 39 3.7 3.8 3.8 0.18
Synthesia 4.4 4.2 4 4.5 0.1
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From Table 5, there are certain differences in the performance of various Al-generated video tools
across different dimensions. Invideo and Synthesia excel in ease of use and user satisfaction, scoring
high marks of 4.5 and 4.4, respectively, indicating that users have had a positive experience with these
tools. Additionally, Invideo received the highest score in functionality richness, reaching 4.3, suggesting
that it has a significant advantage in feature diversity. Animoto and Synthesia received relatively high
scores for the number of templates available, both scoring 4.0, indicating that they provide users with a
wide variety of template options. However, Pictory performed poorly across several dimensions,
particularly in the proportion of negative sentiment, which reached 0.18, reflecting a higher level of user
dissatisfaction.

Table 6. Usage scenario preference table.

Social Media Marketing

Tool Content Video Education &  Internal Corporate Personal
Name Creation Production Training Communication Creation
Animoto  19.50% 43.40% 10.60% 17.70% 8.80%
Invideo 19.50% 43.90% 17.70% 12.80% 6.10%
LumenS  34.50% 31.60% 4.50% 6.80% 22.60%
Pictory 20.40% 31.10% 18.40% 6.80% 23.30%
Synthesia  3.30% 26.70% 30.10% 33.40% 6.50%

Table 6 further reveals the applicability of each tool in specific usage scenarios. Lumen5 stands out
in the field of social media content creation, capturing 34.5% of user preference, indicating its
widespread use in short video and social media content production. For marketing video creation,
Invideo and Animoto are the preferred tools, with preference rates 0f43.9% and 43.4%, respectively. In
the education and training scenario, Synthesia leads with a preference rate of 30.1%, making it
particularly suitable for educational videos that require Al and role-playing features. Synthesia also
excels in corporate internal communication, with a high preference rate of 33.4%. For personal creation,
Pictory and Lumen5 are relatively more popular, with preference rates of 23.3% and 22.6%, respectively.

In summary, these analysis results not only highlight the significant differences in user experience,
functional characteristics, and suitability for various use cases among different Al-generated video tools
but also provide valuable reference points for users in selecting the most appropriate tool. For developers,
these findings indicate key areas for future improvement and optimization, particularly where user
experience is lacking or where negative feedback is prevalent. By continuously enhancing product
features and improving user experience, these tools are likely to achieve higher user satisfaction and
broader adoption in the future market.

3.4. Integrated analysis

Integrating the user segmentation results with the analysis of tool performance offers valuable insights
into how different tools cater to specific user needs. The Security-Focused segment, which prioritizes
data security, finds Synthesia to be a suitable tool due to its strong security features and overall high
satisfaction scores. Conversely, Pictory, which has a higher negative sentiment and lower satisfaction,
does not meet the stringent security and performance requirements of this segment.

For the Functionality-Seeking segment, which demands advanced features and functionalities,
Invideo emerges as a leading choice. Its high ratings in functionality and overall satisfaction align well
with the needs of'this user group. Lumen5, while also strong in functionality, excels particularly in social
media content creation, making it a good fit for users who require specialized features in this area.

Casual Users, who have basic needs, benefit from tools that offer simplicity and ease ofuse. Animoto
and Pictory are well-suited to this segment. Animoto is favored for its user-friendly interface, while
Pictory, despite its lower scores in other areas, still caters to casual users with its straightforward features.

143



Proceedings of CONF-MLA 2024 Workshop: Securing the Future: Empowering Cyber Defense with Machine Learning and Deep Learning
DOI: 10.54254/2755-2721/94/2024MELB0065

Overall, these findings suggest that developers should focus on enhancing security features for the
Security-Focused segment, expanding functionality for the Functionality-Seeking segment, and
simplifying interfaces for Casual Users. By aligning tool development and marketing strategies with
these insights, developers can better meet the diverse needs of users and improve overall satisfaction.

4. Conclusion

This study investigated user behavior, satisfaction, and preferences conceming Al-generated video tools
by analyzing both survey data and online reviews. The Ridge regression analysis highlighted that usage
frequency and data security concerns are the primary determinants of user satisfaction, with familiarity
and education level also playing significant roles. These findings suggest that users prioritize tool
performance and security over cost, and that increased usage frequency is associated with higher
satisfaction.

The K-means clustering analysis identified three distinct user segments: Security-Focused,
Functionality-Seeking, and Casual Users. The Security-Focused segment, which emphasizes data
security, is less satisfied with tools that fail to address these concerns. Conversely, the Functionality-
Seeking segment, which values advanced features, reports the highest levels of satisfaction with tools
that offer comprehensive functionalities. Casual Users, who use the tools less frequently and have basic
needs, demonstrate high satisfaction with user-friendly tools.

Analysis of online reviews, including sentiment analysis and LDA topic modeling, further supports
these insights. LumenS5 stands out for its effectiveness in social media content creation, while Pictory is
noted for its lower user satisfaction and higher negative sentiment. Invideo and Synthesia are praised
for their functionality and overall user satisfaction, aligning with the needs of Functionality -Seeking
users. Animoto is preferred for its ease of use, catering well to Casual Users.

The results of this study suggest that developers should focus on enhancing features related to usage
frequency and data security to boost user satisfaction. Additionally, adopting tailored strategies for each
user segment—such as improving security for Security-Focused users, expanding functionalities for
Functionality-Seeking users, and simplifying interfaces for Casual Users—can help address diverse user
needs more effectively.

While the study offers valuable insights, it is limited by the scope of the sample and review data.
Future research should aim to include a broader range of data to provide a more comprehensive analysis.

In conclusion, this study provides important insights into user preferences and behaviors regarding
Al-generated video tools. The findings offer actionable recommendations for developers to enhance tool
features and user experience, thereby fostering continued innovation and higher user satisfaction in this
dynamic field.
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