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Abstract: 

This paper contributes to research on the ethics of utilizing publicly available images and videos in training AI models 
by analyzing five prominent open research datasets containing images and videos collected from web user-generated 
content. This study investigates the current unavailability of these images and videos to understand the extent to 
which users remove or limit the visibility of their content. This could indicate their opposition to the perpetual use of 
their images or videos in open datasets, current AI models, or the training of future models. The findings reveal that all 
five datasets have a substantial number of items that are no longer accessible via their original URLs. Further, a 
longitudinal analysis over two and a half years reveals a statistically significant increase in this unavailability. The 
study identifies and categorizes the factors driving this unavailability, including account termination, content being 
made private by users, and items removed by platforms due to policy violations. This study shows that a significant 
portion of users may eventually choose to remove their content from the web. This adds valuable insights to AI ethics 
research, highlighting privacy and the users' right to be forgotten in the context of publicly shared images and videos. 
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1 Introduction 

Recent efforts by Information Systems (IS) scholars have increasingly focused on examining various 
aspects of Artificial Intelligence (AI) from an IS perspective, with a growing body of work addressing 
issues related to AI ethics (Ashok et al., 2022; Kaur et al., 2024; Kordzadeh & Ghasemaghaei, 2022; 
Mirbabaie et al., 2022). At the same time, advancements in AI have led to the widespread adoption of 
commercial tools such as ChatGPT and Dall-E that allow users to engage via websites and apps with 
advanced AI models. Users can utilize these models to complete tasks traditionally viewed as challenging 
such as text generation, image captioning, and text summarization. Many of these AI models are oriented 
towards vision and language related tasks, predominantly involving the generation or modification of 
videos and images from user inputs. Notable applications include ones focusing on the creation of videos 
from textual prompts, the generation of text captions for provided images, and the alteration of images 
based on a combination of an image and a textual prompt. Despite their significant impact, these models 
have attracted criticism for several reasons, such as the presence of embedded biases (Cheong et al., 
2023; Luccioni et al., 2024) and their potential inclusion of copyrighted materials (Benhamou & Andrijevic, 
2022; Y. Wang et al., 2023). A primary contributing factor to these issues and others is the training data 
used to develop these models (Agerfalk et al., 2022). Although these commercial tools may not disclose 
detailed information about their training data, advances in AI and deep learning, in general, can be 
attributed to specific open datasets widely used in research. Thus, studying these datasets and their 
images and videos may provide insights into these models and the underlying data upon which they 
depend.  

One common source of training data for large AI models is user-generated online content. This includes 
social media posts and comments from platforms like Reddit and X, images from photo-sharing sites such 
as Flickr and Instagram, and videos from platforms like YouTube and Snap. Prior research suggests that 
users are often unaware that their content is being used in publicly available research datasets (D. Wang 
et al., 2015). Furthermore, users typically are not informed or contacted when their data are used to train 
Large Language Models (LLMs) or multimodal AI models. The inclusion of this data in AI training raises 
several ethical questions, including whether users should have the option to opt-in before their data are 
used and how they can retract their data from training datasets and developed machine learning models. 
These types of concerns have contributed to the emergence of a field known as machine unlearning 
(Bourtoule et al., 2021; Cao & Yang, 2015), which explores topics related to the methods and techniques 
for removing data from trained machine learning models. This is necessary for various reasons, such as 
identifying and removing problematic or illegal content, or complying with “right to be forgotten” laws that 
mandate the removal of personal data upon request (Villaronga et al., 2018).  

All of this raises concerns about the inclusion of data in current AI models after uploaders have removed 
them from public web locations, as well as about the future use of this content in training AI models. In a 
recent study, Carlini et al. (2023) examined image diffusion models such as DALL-E 2 and Stable 
Diffusion, revealing that these models can “memorize individual images from their training data and emit 
them at generation time.” Furthermore, the authors were able to “extract over a thousand training 
examples from state-of-the-art models, ranging from photographs of individual people to trademarked 
company logos." Along the same lines, an initial motivation for this research was the observation that 
many images and videos from large AI research datasets are no longer accessible online via their original 
URLs. This situation raises an important question: What should happen to models trained on web user-
generated content when users delete or restrict public access to these images and videos? Moreover, 
given that developers and researchers are likely to retain copies of these items, should their use continue 
indefinitely in research and as input data for training future AI models?  

The primary objective of this paper is to analyze the issue of using web user-generated content in the 
training of commercial video and image AI models. Specifically, it examines the extent to which users may 
wish to opt-out of having their posted videos and images remain public, which may indicate a preference 
against the use of their data in other contexts. Since it is infeasible to examine the training data of specific 
commercial video and image AI models, this study instead focuses on five influential open video and 
image datasets frequently employed by the scientific community. The rationale is to use these five 
datasets as a case study to argue that findings on the use of user-generated images and videos could be 
generalized to video and image AI models that depend on leveraging such content in their training and 
development processes, often without the uploaders' awareness or consent. The five datasets are 
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ActivityNet (Caba Heilbron et al., 2015), AVSpeech (Ephrat et al., 2018), ImageNet (Deng et al., 2009; 
Yang et al., 2020), Open Images (Kuznetsova et al., 2020), and YT_boundingboxes (Real et al., 2017). 

Utilizing these five datasets, this study makes several key contributions toward enhancing our 
understanding of the extent to which users who upload their images and videos online might later choose 
to delete them or alter their visibility settings. First, each video and image in these datasets is associated 
with a URL, which is visited to assess the current unavailability within the dataset. Second, this 
unavailability is reanalyzed at four distinct times: May 2021, November 2021, October 2022, and 
December 2023. Statistical tests are then applied to identify any statistically significant trends in 
unavailability. Third, as these datasets primarily contain URLs from Flickr and YouTube, and these 
platforms specify reasons for content unavailability, these reasons are systematically categorized and 
quantified. Specifically, the paper addresses the following research questions: 

RQ1: What is the current unavailability of URLs linking to user-generated videos and images 
in the five datasets? 

RQ2: By rerunning the same analysis four separate times between May 2021 and December 
2023, what significant trends are identified regarding the unavailability of user-
generated videos and images? 

RQ3: What are the primary reasons for the unavailability of URLs linking to user-generated 
videos and images in the five datasets? 

2 Related Work  

2.1 Information Systems Research on AI and Data 

Information Systems (IS) scholars have examined Artificial Intelligence (AI) broadly, as well as specific 
ethical concerns related to AI. In one paper, Mirbabaie et al. (2022) analyzed previous papers on AI and 
ethics within the IS research context, offering recommendations for scholars interested in this area. They 
concluded their paper with a table outlining potential research questions for IS scholars, organized by 
ethical themes, AI ethics principles, and research dimensions. Examples of ethics principles relevant to 
this study include “obtain informed consent” and “prevent harm to humans.” In a related systematic 
literature review, the authors focused on AI and employee privacy, identifying several research gaps for IS 
scholars (Kaur et al., 2024). The authors further stressed the importance of transparency in how 
organizations collect and use data. They also recommended the integration of ethical AI practices that 
prioritize and protect employees' privacy. Another literature review examined explainable AI in the context 
of IS (Brasse et al., 2023). In another systematic literature review specifically focusing on the negative 
aspects of people analytics, the authors identified several areas of concern when organizations use AI 
and analytics to manage employees, highlighting privacy and algorithmic bias as two primary issues 
(Giermindl et al., 2022). Finally, Varsha (2023) identified similar factors in their systematic literature 
review, with data privacy highlighted as a major area of concern. 

In addition to these literature reviews, various studies have examined AI and data usage in organizational 
contexts (Kotlarsky et al., 2024; Krasikov & Legner, 2023; Lee et al., 2023). In one such study, the authors 
found that “strategies must strike a balance between safeguarding data privacy and security while 
facilitating the process of capturing, using, and reusing data within and across the organization(s)” (D. Xu 
et al., 2024). Additionally, in relation to this study’s focus on image and video datasets, relevant research 
in IS also exists in this area. In one paper, the authors analyzed thumbnails for videos from an online 
video-sharing service and investigated the features users highlight in the thumbnails of their uploaded 
content (Dedema & Herring, 2023). In another study, the author examined educational YouTube videos 
and analyzed how learners engage with videos in informal learning settings (Shen, 2023). Finally, IS 
researchers have also utilized editorials to reflect on AI’s challenges, opportunities, and potential negative 
impacts (Abbasi et al., 2024; Berente et al., 2021; Mikalef et al., 2022). In one editorial, the authors 
highlighted several issues of concern, noting that in some jurisdictions “organizations must obtain valid 
consent for the collection and use of personal data, and must provide individuals with access to their 
personal data, the right to rectify inaccurate data, and the right to be forgotten” (Arora et al., 2023).  
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2.2 Open Data 

Since this research utilizes five open research datasets, its findings are potentially valuable for scholars 
exploring open science and datasets. Open data refers to data collected and freely available from 
governments, organizations, researchers, or individuals (Sadiq & Indulska, 2017), and has supported 
diverse scientific inquiries (Alsudais et al., 2022; Cantador et al., 2020). Research on open data has 
covered topics such as data sharing by researchers (Kim & Nah, 2018; Liu & Wei, 2023), issues related to 
open government data and international open data initiatives (Jetzek et al., 2019; Lnenicka et al., 2022), 
and challenges in open data for scientific research (Raffaghelli & Manca, 2023; X. Wang et al., 2021). 
Several authors have studied how to improve open research in general (AlNoamany & Borghi, 2018; 
Besançon et al., 2021). Additionally, efforts to refine open research have led to the creation of guidelines 
such as the FAIR principles—Findability, Accessibility, Interoperability, and Reusability—to enhance data 
reusability (Wilkinson et al., 2016). 

In recent years, open data has emerged as a key topic, influencing scientific research in two primary 
ways. First, there has been a push to encourage, or sometimes require, researchers to publicly provide 
their research data to enhance reproducibility and verify findings. This practice, known as data sharing, 
helps other researchers to quickly access and build upon previous studies (Fecher et al., 2015; Park & 
Wolfram, 2017). Second, a significant focus has been placed on conducting studies that primarily involve 
the collection and creation of large new datasets relevant to one or more disciplines. These datasets are 
essential in establishing a foundation for research within a field. For example, in AI research, the 
introduction of new datasets like MSR-VTT, which includes videos and their descriptions (J. Xu et al., 
2016), allows researchers to develop video captioning models and benchmark their performance against 
others. Rankings based on accepted metrics are often published to highlight comparative model 
performance. Additionally, open datasets often include user-generated content, which one author defines 
as “any kind of text, data or action performed by online digital systems users, published and disseminated 
by the same user through independent channels, that incur an expressive or communicative effect either 
on an individual manner or combined with other contributions from the same or other sources” (Santos, 
2022). The datasets utilized in this study are open datasets of user-generated images and videos, 
specifically selected for their relevance to AI research. These datasets are used to analyze issues related 
to the unavailability of images and videos and the perpetual use of copies of these data in AI model 
training. 

2.3 AI Ethics and Datasets Issues 

The recent surge in AI research, tools, and open-source models has prompted increased efforts to 
address privacy and ethical concerns surrounding AI in general and the data used to train AI models 
(Leschanowsky et al., 2024; Mirbabaie et al., 2022). Previous studies have also explored various 
challenges inherent in open datasets for machine learning, including biases affecting model accuracy 
(Mehrabi et al., 2022; Stock & Cisse, 2018), unfair representation of certain groups (Shankar et al., 2017; 
Suresh & Guttag, 2021), and issues with incorrect or missing data (Alsudais, 2021b; Gaffney & Matias, 
2018). One form of bias, representation bias, may lead to datasets that “lack the diversity of the 
population, with missing subgroups and other anomalies” (Mehrabi et al., 2022).  

An example of this representation bias is the geographical bias in datasets like ImageNet and Open 
Images, where the majority of images originate from the United States, Great Britain, and European 
countries (Shankar et al., 2017). Additionally, early versions of ImageNet included potentially problematic 
categories under the main “person” category, such as “developer” and “programmer,” with the latter 
primarily featuring images of white, male, and European individuals, thus underrepresenting other racial, 
ethnic, and gender groups (Yang et al., 2020). Moreover, the category labeled “Iraqi” was filled with war-
related images, which could lead algorithms to misclassify images from conflict zones as “Iraqi” (Alsudais, 
2022). To address these issues, the creators of ImageNet have released an updated version of the 
dataset that corrects these and other issues identified in the earlier release (Yang et al., 2020). 

Recent studies have explored ethical and legal considerations related to AI models and datasets. Several 
studies have proposed new techniques to mitigate existing biases in large vision datasets (Georgopoulos 
et al., 2021; Rajabi et al., 2023; A. Wang et al., 2022). Recent efforts have also examined “right to be 
forgotten” laws, studying their impacts and complexity. In one significant study, the authors examined this 
ruling, which was enacted in Europe and allows individuals to request the removal of URLs appearing in 
search results linked to their names (Bertram et al., 2019). Over five years, this resulted in 3.2 million 
URLs being requested for removal from Google Search results, highlighting the substantial impact of this 



213 Training Vision AI Models with Public Data: Privacy and Availability Concerns 

 

Volume 56 10.17705/1CAIS.05609 Paper 9 

 

ruling. In another paper, the author investigated legal challenges associated with machine unlearning in 
the context of the “right to be forgotten” laws (Juliussen et al., 2023). Ultimately, these related studies 
highlight the research community’s active engagement in exploring ethical and legal issues surrounding 
data, machine learning, machine unlearning, and AI, with a particular focus on image and video datasets 
and models. This study approaches the topic from a different perspective, examining and quantifying the 
availability of images and videos from large vision AI datasets over time, and potentially offering insights 
relevant to these areas of research. 

3 Research Methods  

 

Figure 1. Conceptual Framework for this Study 

In this section, the methods used to investigate the research questions are outlined. Subsection 3.1 
describes the datasets employed to explore these questions. This is followed by a detailed explanation of 
the analytical approach, including the tests utilized in this study and how each question is answered. This 
section concludes by summarizing the research questions and the steps followed to address them. Figure 
1 presents a conceptual framework of the research, outlining the primary steps and the research 
questions. In summary, the study began by selecting five open research datasets containing images or 
videos. Representative samples from each dataset were then selected, and the unavailability of images 
and videos was quantified (RQ1). This quantification process was repeated four times to identify any 
significant trends (RQ2). Finally, the reasons for unavailability were analyzed and quantified (RQ3). 

3.1 Datasets  

Ideally, investigating the use of user-generated content in training large commercial video or image AI 
models would involve examining the current training data from such models. However, since these models 
typically do not disclose their underlying training data, this paper aims to utilize datasets that are likely 
similar to the ones employed in their training. For instance, if a model is designed for video generation and 
relies on data from YouTube, there are several video datasets introduced by the scientific community that 
are often used to benchmark and evaluate the performance of various related models. By focusing on 
these datasets as case studies, this paper seeks to contribute to the growing body of knowledge that aims 
to understand, analyze, and enhance our comprehension of the issues associated with the use of user-
generated videos and images in AI model training. Additionally, by analyzing these open research 
datasets, the findings can be extended to the science of science research that aims to study issues and 
concerns about open research datasets in general.   

Accordingly, many video and image datasets commonly used in AI research were reviewed, and five were 
selected to investigate the questions posed in this paper. Before the selection of the five datasets for this 
study, specific criteria were established for their inclusion. These criteria emphasized selecting only 
datasets that had been introduced and detailed in published, peer-reviewed papers, were extensively 
used by the scientific community, and remained available for download. The primary focus of this study is 
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on: 1) the examination of user-generated content (videos or images) through the URLs where the content 
is hosted, and 2) the quantification of how many videos and images have been removed from platforms 
like YouTube or Flickr, along with categorizing the reasons for removal. Consequently, another criterion 
was that only video and image datasets that included URLs linking directly to the original items and their 
uploaders were selected. Based on these general criteria, The five datasets chosen were ActivityNet 
(Caba Heilbron et al., 2015), AVSpeech (Ephrat et al., 2018), ImageNet (Deng et al., 2009; Yang et al., 
2020), Open Images (Kuznetsova et al., 2020), and YT_boundingboxes (Real et al., 2017). The citations 
refer to the original papers where these datasets were introduced.  

Table 1. The Five Datasets Analyzed in this Study 

Dataset Content type  Size  Additional description 

ActivityNet YouTube 
videos 

4,819 
videos 

The videos belong to one of 203 activity classes, such as “cycling,” “shaving,” 
and “playing piano.”  

AVSpeech YouTube 
videos 

271,613 
videos  

The videos are divided into segments totaling 4,700 hours, each featuring a 
speaker. 

ImageNet Images from 
websites 

14,197,122 
images  

The images are organized into several high-level categories, which include 
multiple subcategories structured based on the WordNet hierarchy of objects. 

Open 
Images  

Images from 
Flickr 

1,743,042 
images  

The images belong to 600 object classes, with images containing bounding 
boxes that identify the objects within them. 

YT_BB YouTube 
videos 

253,569 
videos  

From these videos, approximately 380,000 segments are extracted, each 
ranging from 15 to 20 seconds in length. 

Table 1 lists the five datasets and their sizes (number of images or videos) as well as additional 
information about their content. ActivityNet includes videos collected from YouTube of physical human 
activities such as “dancing,” “playing volleyball,” and “kayaking.” The dataset includes the URLs where 
these videos were originally posted. AVSpeech comprises YouTube videos featuring individuals speaking 
on various topics, with videos in languages such as English, Spanish, and Russian, and also includes the 
original YouTube URLs. The original videos were then segmented into short snippets, each capturing a 
brief segment extracted from the video of a speaker speaking.   

ImageNet has millions of images sourced from various websites, with over 50% coming from Flickr, a 
platform for posting and sharing images. A previous study indicated that, of the images on ImageNet, 
those collected from Flickr were more likely to still be available online than those from other sources 
(Alsudais, 2019). The Fall 2011 release of this dataset, which contains over 14M images, is used in this 
study. Similarly, Open Images is a dataset that has millions of images from Flickr. As of the writing of this 
paper, the dataset has seven different releases; In this study, the sixth release is used. Finally, 
YT_boundingboxes (YT_BB) features YouTube videos with annotated bounding boxes around single 
objects. In summary, three of the five datasets consist of URLs of videos uploaded to YouTube, while the 
other two comprise URLs of images uploaded to Flickr or, in the case of ImageNet, Flickr, and other 
websites. 

To demonstrate the influence of these datasets on the research community, a search was completed in 
April 2024 to determine how many times the papers where these datasets were first introduced have been 
cited in Web of Science (WoS) and Google Scholar (GS). Although ImageNet is the most referenced, with 
over 66,098 citations in GS, the remaining datasets have each been cited at least 650 times in GS and 
348 times in WoS. Additionally, ActivityNet and Open Images have received 2,571 and 2,406 citations in 
GS, respectively.  

3.2 Unavailability Determination (RQ1) 

The first research question of this study focuses on determining the unavailability of images and videos in 
the five selected datasets by visiting URLs and quantifying how many are no longer accessible online. To 
achieve this, several methods were initially considered, including web scraping and APIs. However, the 
chosen strategy involved generating representative random samples for the five datasets. These samples 
were then used to determine the availability of URLs. For each dataset, a 4% margin of error and a 99% 
confidence level were established, determining sample sizes of 1,033 for AVSpeech, 853 for ActivityNet, 
1,037 for ImageNet, 1,036 for Open Images Dataset, and 1,033 for YT_BB.  
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To assess the online availability of images and videos in the samples, each item was embedded into an 
online spreadsheet. An “unavailability” column was added, where a cell value of “1” indicates availability 
and “0” indicates unavailability. If an image or video did not appear in the sheet when embedded, likely 
indicating unavailability, the URL associated with the content was further checked to verify its online 
status, as some videos and images might still be accessible online even if not available as embedded 
content. Figure 2 includes two screenshots, each representing a sample of tested URLs from two 
datasets. The first screenshot is from Open Images, showing image availability, while the second is from 
ActivityNet, displaying a sample of videos and their availability. For Open Images, the screenshot reflects 
the fourth availability check completed in December 2023, with the “unavailability reason” column showing 
the specific reasons for unavailability identified at that time. For ActivityNet, the screenshot shows 
examples of unavailability reasons provided by YouTube such as “this video isn’t available anymore” and 
“this video is private.” 

 

 

Figure 2. Screenshots of Online Sheets used to Verify Availability 

To verify the reliability of using randomly generated samples from these datasets to address the research 
questions, three separate samples were generated for ImageNet, Open Images, and YT_BB, resulting in 
a total of nine samples. The same test was not conducted for the remaining two datasets, as they also 
consisted of YouTube videos, similar to YT_BB. These samples were analyzed to quantify the number of 
unavailable images or videos, and consistency was assessed by comparing the results across the three 
samples per dataset. The analysis showed no statistically significant differences in unavailability between 
the samples. In other words, the number of unavailable images or videos for each set of samples fell 
within the specified margins of error. Further details about this process are provided in the results section. 
Ultimately, the use of samples proved to be a reliable approach, supporting the study's methodology for 
answering the research questions. 

Before adopting the sampling method, other alternatives, such as web scraping and Application 
Programming Interfaces (APIs), were considered but ultimately not used due to inherent limitations. Web 
scraping is prone to errors that can result in the collection of inaccurate data, and certain websites employ 
techniques to mislead scrapers (Landers et al., 2016), which compromises the reliability of results. 
Furthermore, YouTube's policies explicitly prohibit scraping their video content (YouTube, 2024). Using 
APIs for processing URLs posed additional challenges, such as API rate limits that restrict data collection 
frequency. Given the large size of the datasets, even YouTube's academic API was not a viable option, 
and Google’s API policies classify data collection based on a script iterating over a list as “scraping,” 
which is also prohibited. Additionally, since ImageNet contains data collected from various sources, no 
single API solution could accommodate this, and verifying the web scraping policies for each individual 
webpage is impractical. Most importantly, despite these challenges associated with scraping or APIs, the 
random sampling approach based on established methodologies offered a reliable and accurate solution 
and was therefore implemented to investigate the availability of URLs. 
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3.3 Trends Investigation (RQ2) 

The second research question in this study examines whether there are any statistically significant 
decreasing trends in unavailability over time. To investigate this, images and videos from the five samples 
were tested at four intervals: May 2021, November 2021, October 2022, and December 2023. A limitation 
of this study is the non-uniform intervals between these testing points. The results from each testing 
session were recorded and quantified, and the unavailability data for each sample at each interval were 
compiled into a list. The Pearson correlation coefficient was used to determine whether statistically 
significant trends exist, using the four data points for each dataset and the corresponding time intervals. 
P-values were calculated for each sample to assess the statistical significance of the trends, with a 
significance level set at 0.05. In summary, a dataset is considered to be experiencing a statistically 
significant trend in unavailability if the p-value falls below this threshold. The results section presents 
these p-values along with Pearson’s r values for each dataset. 

3.4 Reasons for Removal (RQ3) 

An important aspect of this research is to quantify the reasons behind the unavailability of images and 
videos in the five datasets. Given that three of the datasets consist of YouTube videos, and YouTube 
provides reasons for video unavailability, it is feasible to process all unavailable videos and document the 
reasons as stated by YouTube. Initial analysis revealed categories of reasons including copyright 
infringement and users making their public videos private. A prior study by Kurdi et al. (2020) processed a 
dataset of YouTube videos to determine the percentage that became unavailable a week after their initial 
upload. In a subsequent study, Kurdi et al. (2021) identified reasons for removal and quantified the 
number of inaccessible videos for each category, which were similar to those discovered in this study.  

To quantify the reasons for unavailability in ActivityNet, AVSpeech, and YT_BB, the reason for each 
unavailable video was copied from YouTube and recorded in the verification sheets. These reasons were 
then categorized into six groups, and the number of unavailable videos attributed to each reason was 
counted for each dataset. For ImageNet, which comprises images from various websites around the web, 
it is not possible to identify uniform reasons for removal as there is no single service hosting all these 
images. For Open Images, only two types of messages are displayed for unavailable content on Flickr: 1) 
“It appears the photo or video you seek no longer exists,” and 2) “It appears you don’t have permission to 
view this photo or video.”  

In the end, this question was addressed by analyzing data from YouTube and Flickr for unavailable 
content. For YouTube, the six categories of unavailability were quantified, while for Flickr, the number of 
images corresponding to each of the two types of unavailability messages was counted. This analysis was 
conducted twice for YouTube data (November 2021 and December 2023) and once for Flickr data 
(December 2023). A limitation of this study is that this analysis was not run concurrently with the 
unavailability check that has been run four times.  

3.5 Summary of Research Questions  

In summary, the initial step focused on confirming the reliability of the sampling strategy in addressing the 
research questions. This was achieved by analyzing three randomly generated samples from three of the 
datasets to ensure that unavailability numbers fell within the specified margins of error. Following this, 
RQ1 was addressed by assessing the unavailability of images and videos in five randomly generated 
samples from the five datasets. Then, RQ2 was examined by investigating the presence of any 
statistically significant decreasing trends over time across these datasets by testing the unavailability at 
four distinct intervals. For RQ3, the reasons for unavailability were quantified across four of the five 
datasets. Table 2 provides a summary of the research steps, the datasets or subsets utilized, and the 
main objective of each step. In the table, the initial step is unnumbered to ensure alignment between the 
remaining steps and their corresponding subsection numbers in this section. 
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4 Results  

4.1 Current Unavailability of Images and Videos (RQ1) 

Table 3. Unavailability Results for the Five Datasets 

Dataset Sample size   Unavailable 
images or videos   

Percentage  Estimation  

From To 

ActivityNet 853 168 19.7% 757 videos  1,142 videos 

AVSpeech 1033 221 21.4% 47,261 videos 68,990 videos 

ImageNet 1037 537 51.79% 6,784,805 images  7,920,575 images 

Open Images  1036 133 12.84% 154,048 images 293,491 images  

YT_BB 1033 108 10.46% 16,381 videos 36,667 videos 

The five samples were analyzed to determine the current unavailability of images and videos within these 
subsets. The findings reveal a significant portion of content is now unavailable online across all datasets. 
Specifically, the unavailability percentages were 19.7% for ActivityNet, 21.4% for AVSpeech, 51.79% for 
ImageNet, 12.84% for Open Images, and 10.46% for YT_BB. Table 3 presents the counts and 
percentages of content unavailable as of the last URL check in December 2023. Notably, ImageNet 
exhibits the highest rate of unavailability, with over half of its images no longer accessible. This is likely 
due to its age and the diversity of its website sources, unlike the other datasets which primarily use Flickr 
or YouTube. The table also provides an estimated count of unavailable videos or images, derived by 
aggregating the unavailability percentages. These estimates were calculated using the defined margin of 
error, which was set at 4% when determining the appropriate sample size. For example, since 21.4% of 
the videos for AVSpeech were not available, the actual videos that were unavailable are approximated to 
be between 17.4% (21.4% - 4%) and 25.4% (21.4% + 4%), which equals to 47,261 and 68,990 videos.  

To ensure the reliability of these findings, specifically the ability of the sampling strategy to generate 
reliable results, three random samples from ImageNet, three from Open Images, and three from YT_BB 
were generated and analyzed for unavailability. The unavailability check was completed in May 2021 for 
the first two datasets and October 2024 for YT_BB. The unavailability percentages for ImageNet samples 
were 47.55%, 45.42%, and 46.20%. For Open Images, they were 9.17%, 8.02%, and 7.63%, and for 
YT_BB, they were 11.14%, 8.23%, and 10.75% for YT_BB (Figure 3). The maximum difference between 
the highest and lowest percentages was 2.13 for ImageNet, 1.54 for Open Images, and 2.9 for YT_BB. 

 Table 2. Summary of Research Steps, Datasets, and Objectives 

 Step Dataset  Objective  

- Test the reliability of 
the sampling 
strategy   

Three separate samples 
were generated for 
ImageNet, Open Images, 
and YT_BB (a total of nine 
samples) 

Assess the unavailability of images and videos in the samples, 
confirming that the number of unavailable items in the three 
samples for each dataset falls within the specified margins of 
error, providing evidence of the sampling strategy’s reliability. 

1 Generate random 
samples 

All five datasets in their 
entirety  

Generate representative random samples from the five 
datasets for use in subsequent analyses. These five samples 
serve as the subsets utilized in the remaining steps. 

2 Quantify 
unavailability (RQ1)  

The five random samples 
generated from Step #1 

View all images and videos in the samples to verify and 
quantify their current online unavailability.  

3 Investigate 
statistically 
significant trends  
(RQ2)  

The five random samples 
generated from Step #1  

The samples are tested at four different points in time: May 
2021, November 2021, October 2022, and December 2023, to 
determine whether statistically significant trends in unavailability 
exist for each dataset  

4 Identify the reasons 
for unavailability 
(RQ3) 

Four of the five random 
samples generated from 
Step #1  

Document and categorize the reasons for unavailability as 
provided by YouTube and Flickr, summarizing the primary 
causes of content unavailability. 
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The consistency of these variances within the margin of error set at 4% and a confidence level of 99% 
confirms the validity of using randomly generated samples for this research. 

 

Figure 3. Results of using Randomly Generated Samples for ImageNet, Open Images, and YT_BB 

4.2 Trends Determination (RQ2):  

 

Figure 4. Unavailability Percentages the Four Times the Tests were Completed 

Table 4. Determination of the Presence of Significant Trends 

Dataset Pearson’s r  p-value 

ActivityNet 0.9831 0.0168 

AVSpeech 0.9871 0.0128 

ImageNet 0.9876 0.0123 

Open Images  0.9866 0.0133 

YT_BB 0.9901 0.0098 
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The second research question investigates whether there are statistically significant trends in the 
unavailability of images and videos, based on checks conducted on four dates for the five datasets. The 
same images and videos were revisited in May 2021, November 2021, October 2022, and December 
2023. Figure 4 shows the results for each dataset, revealing an overall increase in unavailability across all 
five datasets. The most substantial increases from May 2021 to December 2023 were observed in 
AVSpeech (6.49%) and ActivityNet (4.34%), followed by ImageNet (4.24%). The smallest increases were 
noted for Open Images (3.67%) and YT_BB (3.58%). These values represent the differences in 
unavailability between two dates, calculated by subtracting the initial value from the later one, rather than 
reflecting percentage changes. To assess the statistical significance of these trends, the Pearson 
correlation coefficient test was conducted using the unavailability counts. The results confirmed that the 
trends for each dataset are statistically significant. Table 4 provides the p-values and Pearson’s r values 
from these tests. Ultimately, the findings show that all datasets experienced a statistically significant 
increase in unavailability.  

4.3 Reasons for Removal (RQ3) 

The third research question investigates the reasons for unavailability. For the three video datasets, this 
was addressed by revisiting the URLs of unavailable videos and recording the reasons for unavailability 
as specified by YouTube. This process was conducted twice: first in November 2021 and again in 
December 2023. Five reasons were identified through this analysis. The first is simply that the video is no 
longer available, which provides little insight into the specific cause of unavailability compared to the other 
reasons. The second reason is that the user made the video private. The third is the termination of the 
user's account. The fourth is removal due to a copyright claim, and the fifth is a violation of YouTube 
policies, which could include “violent or graphic content” or breaches of “community guidelines” or terms of 
service.  

 

Figure 5. Unavailability Reasons for ActivityNet, AVSpeech, and YT_BB 
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Figure 6. Summary of Unavailability Factors for Videos 

Figure 5 illustrates the percentages of videos removed for each of these reasons across the three 
datasets. It shows, for instance, that in December 2023, 9.69% of the videos in AVSpeech and 6.8% in 
ActivityNet were unavailable because they had been made private. Two videos in YT_BB were flagged as 
'removed by user' in November 2021; these instances are not included in Figure 5. It is important to note 
that changes implemented by YouTube could influence the reasons given for unavailability, as their 
classification policies may have evolved over time. However, no significant evidence was observed during 
the analysis to indicate this. The figure also shows the increases in unavailability for each category 
between the two times the tests were conducted.  

For the Open Images dataset, Flickr provided only two reasons for unavailability: 1) “It appears the photo 
or video you seek no longer exists,” likely indicating removal by the uploader, although other factors could 
be at play too, and 2) “It appears you don’t have permission to view this photo or video,” suggesting that 
the uploader changed the visibility settings to private. The analysis revealed that 9.94% of the images 
were unavailable for the first reason and 2.89% for the second. It is possible that some images 
categorized under the first reason might be unavailable due to other issues identified in the video 
datasets, such as content removal for violations or copyright claims.  

Ultimately, users making their content private emerged as one of the most significant reasons for the 
unavailability of images and videos. For these four datasets, the percentages of content made private 
were 6.8% for ActivityNet, 9.69% for AVSpeech, 2.89% for Open Images, and 4.26% for YT_BB. Focusing 
on these factors, Figure 6 illustrates the total percentages for the categories of reasons across the three 
video datasets at the two time points when the test was conducted. The results highlight that users 
making their videos private was a significant factor, with 6.93% of videos from the three samples marked 
as private as of December 2023. As the total number of unavailable videos for the three datasets 
increased from 422 to 497, this corresponds to a 17.7% rise in unavailability. Among the reasons for this 
increase, the “private video” category experienced the highest percentage increase at 20.9%, resulting 
from a rise in unavailable videos due to this reason from 167 to 202. This was followed by “video 
unavailable” (18.5%), removals due to policy violations (16.6%), and account terminations (16.1%). 
Overall, these findings offer valuable insights into the causes of video unavailability and their progression 
over time, providing a foundation for further research. 

5 Discussion and Implications  

This research investigates the current unavailability of images and videos in five open research datasets. 
The key findings include: 1) all five datasets contain a large percentage of images and videos that are no 
longer accessible from their original sources; 2) a longitudinal analysis across four time intervals reveals a 
statistically significant increase in the unavailability of images and videos; and 3) several factors for 
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content removal emerged as primary reasons for unavailability, including users making their content 
private, account terminations, and policy violations. These insights enhance our understanding 
surrounding user-generated images and videos on the web, particularly in the context of large vision AI 
models developed using such data. 

5.1 Implications for Research  

This research has several important implications for research. First, the findings contribute to the 
discussion about ethical considerations in utilizing user-generated content for open datasets and AI model 
training, especially when such images and videos are removed by the uploader or taken down by 
platforms due to policy violations. One implication of this research is that it provides evidence highlighting 
the extent of this issue. Reflecting on the concerns discussed in the first two sections of this paper, these 
findings add to existing research across several relevant areas. These include how users may be unaware 
that their data are being used in research studies (D. Wang et al., 2015), machine unlearning and the 
ability of researchers to reveal original images from trained AI models (Carlini et al., 2023), and users' 
right to be forgotten laws (Villaronga et al., 2018). 

For each of these areas and others, the findings of this study offer additional support and context. For 
instance, if users are unaware that their data is included in datasets, they may also be unaware that their 
removed content has been copied and continues to be used in datasets and AI models. Similarly, if users 
learn that such content can be reverse-engineered from AI models, even after its removal from external 
datasets, it raises further ethical concerns. Finally, this research contributes to the right to be forgotten 
literature by highlighting numerous cases where data, likely intended to be forgotten by their uploaders or 
hosting platforms, continues to be used in datasets and AI models. 

Second, this study raises an important question: If a significant portion of images and videos become 
unavailable from their original sources, what actions should dataset curators take? This issue is 
particularly relevant when reproducibility or additional data collection is needed by other scholars 
interested in the same dataset. While using archived versions of webpages for images or videos might 
seem like a viable solution, it still introduces concerns about user privacy. The analysis in this study 
revealed that making content private was one of the reasons for unavailability. Although this does not 
necessarily indicate privacy concerns as the sole motivation because factors such as regret or 
embarrassment may also be involved, it does suggest that users may prefer their content to remain 
inaccessible online. This, in turn, raises further ethical questions about the inclusion of such data in AI 
models and open datasets. 

One possible approach is to generate synthetic data from the original sources and create entirely new 
datasets consisting solely of synthetic data. The advantage of synthetic data is that it may help protect 
user privacy by masking identities (Sivizaca Conde et al., 2024). However, synthetic data have faced 
criticism, particularly in healthcare contexts, where concerns about privacy and potential identity revelation 
persist even after data anonymization (Arora & Arora, 2022). Another option is to leverage citizen science 
research, which engages non-experts in data collection. Although often criticized for data quality issues 
(Lukyanenko et al., 2020), citizen science techniques could be used to build a dataset from users who 
voluntarily share their data. While four of the five datasets contain hundreds of thousands or even millions 
of images and videos, ActivityNet has a more manageable number of videos. Thus, by applying methods 
from citizen science research, it may be feasible to compile a dataset of similar size, which could then be 
expanded into a larger, synthesized dataset. Ultimately, a suitable approach could involve informing users 
that their content may be included in scientific datasets and seeking their consent, even if they later 
remove their content or accounts. However, this raises questions about the representativeness of the 
datasets, as they may only include data from consenting users.  

Third, the study highlights how Information Systems scholars can leverage open datasets commonly used 
in other disciplines to explore issues relevant to IS research. Since this study focuses on analyzing the 
unavailability of user-generated images and videos, collecting the data from scratch would have required 
significantly more time and effort. By utilizing high-quality open datasets, scholars can conduct their work 
more efficiently, reducing the time and resources dedicated to data collection. For instance, the AVSpeech 
dataset, which consists of videos of speakers, is predominantly used in computer science research for 
model development and evaluation. However, IS scholars can repurpose it to investigate topics such as 
how individuals choose to present themselves in educational videos or explore correlations between 
content popularity and audio clarity. Since the dataset is already curated, scholars exploring such 
questions may not need to collect a new dataset, making their research more manageable. 
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As interest in contributing to AI research grows within IS, scholars are seeking ways to make meaningful 
contributions. One potential area of impact is the examination and identification of concerns within these 
open research datasets. Aaltonen et al. (2023) recently identified areas where IS scholars could uniquely 
contribute to research on data. They suggested “Future research may be directed toward making case 
study comparisons of data journeys across different contexts or engaging more closely with issues of 
meaning and knowledge production in AI-powered systems” and “IS scholars could contribute to broader 
managerial and societal issues by carefully studying not only how and by whom data are governed but 
also how different domains of socio-economic life become governed by digital data.” One potential 
implication of this paper is demonstrating how IS scholars can provide meaningful contributions in data 
research by utilizing these open datasets.  

Fourth, the sampling strategy used in this research could benefit scholars working on similar projects 
involving user-generated content. Researchers often face challenges in collecting large datasets from 
online sources. This sampling method enables efficient data collection, allowing scholars to focus on 
research inquiries without allocating excessive time to data collection. As long as researchers can identify 
high-quality, verified open datasets, random sampling from these datasets can be an effective approach, 
depending on the research study's design.  

Given that companies frequently implement measures to deter or prohibit web scraping and restrict API 
usage, relying solely on these methods for data collection is becoming increasingly challenging. As 
companies recognize the immense value of user data for training AI models, and perhaps for other 
strategic or legal reasons, they may be moving toward even stricter restrictions for researchers attempting 
to access data from these platforms. Consequently, rigorous sampling methods offer a practical and 
efficient alternative, enabling researchers to conduct a wide range of studies effectively. 

Finally, this work has implications for other research areas. For example, previous studies have 
addressed URL decay, which concerns the persistence of web URLs (Howell & Burtis, 2023; Loan & 
Shah, 2020). This paper offers a fresh perspective on this topic and presents findings that may benefit 
researchers studying URL decay and its current status. Additionally, the insights from this study are 
valuable for scholars examining issues related to open research datasets. These datasets, freely provided 
by the scientific community, have been analyzed from various angles. This paper’s findings contribute to a 
deeper understanding of how these datasets should be maintained.  

An observation made during this study was the unavailability of some open datasets not selected for this 
study. While searching for suitable open research datasets, in some cases, original websites for datasets 
were accessible, but download links had been removed or were no longer functional. This issue mirrors 
previous findings regarding open software links in published papers becoming inaccessible (Alsudais, 
2021a). Many URLs for open datasets were either removed or remained accessible but no longer 
provided the data for download. This trend poses broader concerns for open science, raising questions 
about the integrity of published papers that promise open data or software but later restrict or remove 
access.  

5.2 Implications for Practice  

This research offers several practical implications. First, online platforms that rely on user-generated 
content typically state in their privacy policies that public users' data may be sold, shared, or harvested by 
external entities. For instance, Reddit's policy explains: “Reddit also allows other third parties to access 
public Reddit content using Reddit’s developer services,” and “content and information may also be 
available in search results on Internet search engines like Google or in responses provided by an AI 
chatbot like OpenAI’s ChatGPT. You should take the public nature of the Services into consideration 
before posting” (Reddit, 2024). However, a critical question arises: Should these platforms also consider 
what happens to users' content when uploaders remove or restrict public access? Put differently, should 
platforms develop mechanisms to automatically delete all copies of users' data from their services as well 
as from any entities with which the data was shared? 

As the value of user-generated content in the age of AI becomes increasingly evident, platforms may 
allocate additional resources to strengthen their control over external access to data. They might invest in 
systems that detect and block web scrapers, ensuring that external entities must pay for data access. 
Such efforts could also include developing mechanisms for users to remove all instances of their data. For 
example, if Reddit shares data with OpenAI, they could implement systems to track and delete content 
when users remove it from Reddit. A future solution might involve blockchain-like infrastructure, where 
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uploaders retain exclusive rights to their content and control its distribution. This would allow users to 
license their own data, potentially profiting from it. Such a solution might come from new platforms that 
gain popularity by implementing these types of mechanisms that empower users. 

Second, the scientific community has increasingly focused on machine unlearning, which addresses the 
potential for users or data owners to request the exclusion of their data from trained machine learning 
models or future models. This study raises a similar issue: Should developers of AI models reconsider the 
perpetual inclusion of content that has since been removed or made private? This is a pressing question, 
as previous studies have shown that user data can be re-identified or extracted from AI models using 
various techniques.  

The analysis in this study found that users making their content private was one of the factors in the 
unavailability of content. Other reasons, such as account terminations or Flickr's message that “It appears 
the photo or video you seek no longer exists,” suggest that users may not want their data to remain 
accessible. This may indicate a preference for their content to be forgotten, raising questions about the 
ethical responsibilities of platforms and AI developers to respect users' wishes and ensure that data can 
be erased or excluded from training models. Greater awareness of these issues could encourage users to 
engage more with platforms that support ephemeral content. For example, platforms where content 
automatically disappears after a set period may see increased participation and user satisfaction. A recent 
study found that sharing ephemeral content in online dating contexts, led to higher engagement and more 
image sharing (He et al., 2024). This suggests that ephemeral content strategies can be mutually 
beneficial for users and platforms. 

Finally, several other ethics-related observations relevant to practice were made during the study. For 
instance, many images and videos viewed did not have faces blurred, raising concerns about the inclusion 
and dissemination of identifiable public data, including that of children who could not have consented to 
their data being shared. The analysis also revealed content removal reasons that highlight further 
complexities. For example, numerous videos were removed by YouTube for violating terms of service, 
such as policies on violent or graphic content. One video was removed for breaching YouTube's 
harassment and bullying policy, indicating the presence of such problematic content in the datasets. Other 
videos were taken down due to copyright complaints. These findings highlight the nuances and ethical 
considerations that platforms and AI companies should address when using user-generated data for 
training models. 

5.3 Limitations and Future Research 

This study has several limitations. First, while the findings suggest a significant number of images and 
videos become unavailable over time, it does not explore whether uploaders also wish to have their data 
excluded from open datasets and AI models. It remains possible that a user might remove their public 
image or video but still approve of its use for AI training or in open datasets. A recent study by Hemphill et 
al. (2022), which surveyed 1,018 social media users, found that while people were “generally okay with 
researchers using their data in social research,” they preferred that researchers clearly articulate the 
benefits and seek explicit consent. A similar study focusing specifically on uploaded images and videos 
might reveal similar findings. 

Second, the dataset selection process was based on a general set of criteria rather than starting with a 
comprehensive review of datasets from a single source to exclude non-compliant ones. Instead, selection 
criteria were established first, followed by a search that identified the five datasets used as case studies. 
Third, the analysis of reasons for removal was conducted only twice for three datasets and once for one 
dataset, meaning that the study does not fully leverage longitudinal insights as it does for unavailability 
trends. Additionally, this analysis was not completed for ImageNet, presenting an opportunity for future 
research to focus specifically on this dataset and the status of its URLs. Lastly, much of the content from 
these datasets has few views. This may suggest that users who deleted or made their content private may 
have done so upon noticing unusual or unexpected views from certain IP locations or upon discovering 
their content's inclusion in publicly available datasets. As a result, the actual percentages of unavailability 
might be lower than reported if a random sample of videos from YouTube were analyzed.  

These limitations present opportunities for future research. First, contacting randomly selected users from 
these datasets to investigate their attitudes toward the inclusion of their content could provide valuable 
insights. Such an analysis might reveal that many users are unaware their data is copied and used in 
these open datasets. Second, expanding the selection process to include a broader range of datasets 
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featuring user-generated content could reveal additional findings. Broadening the search to cover other 
types of platforms may also uncover further insights into user behavior and content availability. 

Additional avenues for future research include monitoring changes over time. As awareness of AI models’ 
use of public user-generated content grows, repeating the unavailability analysis in the future could show 
even greater trends of content becoming unavailable. Given this study’s strength in longitudinal analysis, 
annual reexaminations could provide deeper insights into the evolving issue of content unavailability and 
users’ attitudes toward their public data. Quantifying the reasons for removal on an annual basis could 
further enhance our understanding of this complex issue. 

6 Conclusion  

This paper addressed the issue of the current unavailability of images and videos in five selected open 
research datasets. The findings of this research point to the need to consider what should happen after 
these images and videos become private or are removed in the context of large AI models and open 
datasets. This research is important because of the present state of AI and the future direction of AI 
development. As competition among large AI models grows, the belief that “more data leads to better 
models” likely continues to drive advancements. Additionally, the idea that AI models need carefully 
crafted datasets labeled by knowledgeable human annotators may no longer be optimal when training 
these advanced models capable of digesting and interpreting large datasets. Thus, it could be 
advantageous for the creators of these models to collect everything they can get their hands on. 
Furthermore, these models are becoming more capable and continue to produce intelligent applications. 
Therefore, what could happen with these public images and videos could be beyond current 
comprehension. Finally, the movement towards the “right to be forgotten” has suggested policies and 
frameworks for handling data that users do not wish to continue to be available in systems. However, 
questions arise when the presence of the data is not disclosed, and when copies of videos, images, or 
text are immediately copied and prepared to be included in large AI models.   
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