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Abstract

This article explores the quickly developing field of video analysis, concentrating on using visual tagging to
measure and identify viewer interest areas. The potential for this field to completely change how marketers and
content producers determine viewer engagement and preferences is the reason for the growing interest in it. The
approach incorporates a methodical examination of current literature, primarily drawn from original research
articles published in esteemed international scientific journals. These resources provide a comprehensive
understanding of the current state, future directions, and uses of visual tagging technologies in video content
analysis. They were carefully picked because of their dependability and relevance.

Keywords: Area of Interest, Eye Tracking, Visual Tagging.

1. OVERVIEW

Recent advancements in marketing research have highlighted the significance of video content
analysis in understanding consumer behavior and preferences (Afzal et al., 2023). Using visual
tagging technology, this method provides a deeper understanding of viewers' emotional
responses and attention patterns, which enhances the customization of marketing strategies
(Balkan & Kholod, 2015). In market surveys, intelligent video analytics has reduced cognitive
biases and enhanced decision-making (Balkan & Kholod, 2015). New methodological
approaches are being developed, and the use of visual research methods—such as eye-tracking
technology—has increased (Knoblauch et al., 2008). These developments have resulted in the
creation of systems and tools for content-based media analysis, including automatic metadata
extraction methods (Chang, 2002). With encouraging findings, the investigation of user search
behavior has also been investigated for video tagging (Yao et al., 2013). Additionally, research
on quantifying and forecasting participation in online videos has been done, with an emphasis
on aggregate engagement at the video level (Wu et al., 2017). Lastly, the Interest Meter system
has been proposed for automatic home video summarization by analyzing user-viewing
behavior (Peng et al., 2011).
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2. CONCEPTUAL FRAMEWORK
2.1. Identifying Relevant Topics for Video Content

Recent studies (Arapakis et al., 2014) have highlighted the significance of locating Areas of
Interest (AOI) in video content for understanding viewer engagement and preferences. This
process has greatly benefited from advanced visual tagging techniques, such as facial
expression recognition and eye-tracking data analysis (Mansor & Mohd Isa, 2022). By
combining artificial intelligence and machine learning, these methods have been improved
even further, allowing for a more complex comprehension of how viewers engage with various
kinds of video content (Ciubotaru et al., 2009). Additionally, AOI identification has improved
content relevancy and the user experience (Ma et al., 2019). Additionally, the analysis of AOI
features like color, movement, and thematic elements has been done to determine why
particular areas receive more attention than others (Sorschag, 2009). For content creators and
marketers, this knowledge is essential because it guides decisions about the placement and

design of content, which in turn improves viewer engagement and message retention (Lu et al.,
2018).

2.2. The Psychology of Video Viewers' Visual Attention

Research on visual attention in videos has identified several key factors that influence viewer
engagement. Nuthmann & Henderson (2010) and Ladeira et al. (2019) both highlight the role
of object-based attentional selection and the impact of top-down and bottom-up factors,
respectively. Shukla et al. (2018) emphasize the importance of visual context and attention in
driving affect in video advertisements, while El-Nasr & Yan (2006) and Ballan (2015) discuss
the significance of understanding visual attention patterns in 3D video games and the use of
data-driven approaches for social image and video tagging. Lastly, Hong et al. (2004)
underscore the effects of flash animation on online users' attention and information search
performance. These studies collectively underscore the need for content creators to consider a
range of factors, including narrative changes, audience diversity, viewing context, and
advanced technologies, in order to effectively capture viewer interest in videos.

2.3. Visual Tagging's Function in Studying Consumer Behavior

Marketing research methodologies have undergone a revolution with the integration of visual
tagging in the analysis of consumer behavior through video content (Simmonds et al., 2020).
It has been demonstrated that this method of locating and analyzing areas of interest (AOIs) in
videos is an effective way to gauge viewer engagement (Manic, 2015). According to Argyris
et al. (2020), visual tagging has the ability to decipher intricate viewer interactions with video
content and reveal hidden consumer preferences. What draws viewers' attention, for how long,
and in what order can be determined by tracking eye movements and fixation points (Teixeira
et al., 2012). The precision of this technology has increased recently, thanks to developments
like sophisticated eye tracking and machine learning algorithms (Boerman et al., 2015).
According to Amin et al. (2018), there is a chance that this focused method of content
optimization will greatly boost audience engagement and brand recall.
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3. REVIEW METHODOLOGY

The selection criteria for literature in the review are based on their relevance to visual tagging
technologies, their application in video content analysis, and their contributions to
understanding viewer interest areas (Hannes & Aertgeerts, 2014). A qualitative thematic
analysis is used to group results into related themes, and a comparative analysis technique is
used to see how well and how poorly visual tagging tools work (Liu et al., 2013; Ribeiro et al.,
2014). However, the review process has limitations, including the potential exclusion of
foundational studies and relevant findings from less renowned journals (Jahangirian et al.,
2011).

4. VISUAL TAGGING TOOLS AND METHODS
4.1. An Overview of the Technologies Currently in use for Visual Tagging

Convolutional neural networks (CNNSs), in particular, have made significant strides in the
understanding of consumer behavior and video content analysis (Bondi et al., 2017). Marketers
and content creators can now determine which segments of their videos most effectively
connect with viewers thanks to these technologies (Metternich & Worring, 2013). Real-time
tracking and eye-tracking technology have further improved these instruments' accuracy and
precision (Ballan et al., 2015). However, employing these technologies raises concerns about
data privacy and ethics (Ballan et al., 2015). To address these challenges, methods for assistive
tagging that combine computer and human intelligence have been developed, allowing for
more accurate and efficient multimedia tagging (Wang et al., 2012). These methods have
proven particularly useful in studies attempting to decipher consumer behavior and preferences
based on visual focus (Ballan et al., 2015).

4.2. A Comparative Analysis of Methods and Tools

Advances in computer vision and machine learning in recent times have resulted in the creation
of advanced tools that can precisely tag visual elements in videos (Li et al., 2019). These tools
make use of neural network-based algorithms, specifically convolutional neural networks
(CNNSs), which have demonstrated impressive efficacy in tasks involving the recognition of
images and videos. When these tools are critically compared, different approaches to their
tagging methodologies become apparent. Some use algorithms for object recognition to
identify particular objects or people in a frame of video. Some, on the other hand, create heat
maps to graphically depict the parts of a video that draw the most attention from viewers (Li et
al., 2019). The accuracy of these tools is highly dependent on the complexity of the scene, the
quality of the video, and the training data used by the algorithm (Li et al., 2019). The accuracy
and generalizability of tools trained on a wider range of datasets are generally higher (Li et al.,
2019). This is especially relevant for marketing research. These instruments have been used in
a number of marketing research scenarios, including assessing the success of advertising
campaigns (Li et al., 2019). However, they also present challenges, particularly regarding
privacy concerns and the ethical use of data (Li et al., 2019).
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4.3. Limitations and Effectiveness in the Context of Marketing

In order to increase viewer engagement and recall, visual tagging has been extensively used in
marketing strategies, especially in video ad placements (Razikin et al., 2007). Unfortunately,
depending on the demographic group, its efficacy can differ, which raises questions regarding
the accuracy of the data (Ivanov et al., 2012). The power of visual imagery in marketing is
well-established (Branthwaite, 2002), but the ethical use of visual tagging, particularly
regarding user privacy, is a key consideration (Vairavasundaram et al., 2015). The challenge of
evaluating the effectiveness of visual tagging tools is also highlighted (Plaisant, 2004).
Individual characteristics, such as cognitive differences, can further impact the perception of
visual information (Falschlunger et al., 2015). Despite these challenges, the potential of visual
tagging to empower users and its business benefits are recognized (Weinberger, 2005). The
relationship between tagging behavior and image content is an area for further exploration
(Golbeck et al., 2011).

5. DETERMINING THE INTEREST AREAS
5.1. Approaches for Determining Interest Areas

Recent advancements in video analysis technologies have significantly improved the ability to
locate and quantify areas of interest (AOIs) in video content (Zhao et al., 2018). This
advancement has been largely attributed to visual tagging approaches that make use of complex
algorithms and machine learning models (Cheng et al., 2005). These methods entail breaking
up video material into separate frames, after which visual tagging algorithms are applied to
identify and label regions that are likely to draw in viewers (Hollink et al., 2005). The accuracy
of AOI identification has been further enhanced by incorporating eye-tracking data into these
models (Akamine & Farias, 2014). The efficacy of visual tagging methodologies has been
improved through the use of machine learning, especially deep learning techniques (Velsen &
Melenhorst, 2008). Nonetheless, issues with addressing ethical concerns about privacy and the
use of personal data in video analysis, as well as guaranteeing the generalizability of results
across various viewer demographics and video genres, still need to be resolved (Karydis et al.,
2014).

5.2. In Visual Tagging, '""No Doubtful and Yes Answers"

Recent advances in visual tagging technologies have revolutionized the measurement of viewer
interest in video content (Kodali & Berleant, 2022). In order to ensure definitive responses
when identifying areas of interest (AOIs) within videos, the 'no doubtful and yes answers'
approach has been emphasized (Kodali & Berleant 2022). High-precision algorithms that
monitor viewer focus and eye movements have successfully measured AOIs (Kodali, 2022). It
has been demonstrated how important content relevancy and visual clarity are to viewer
engagement (Kodali & Berleant 2022). One of the challenges in this field is making sure that
different demographic groups are consistently tagged (Kodali & Berleant, 2022). It is
anticipated that adding Al and machine learning to visual tagging will improve AOI
measurement even more (Kodali & Berleant, 2022).
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6. VISUAL TAGGING ACCURACY AND RELIABILITY
6.1. Difficulties in Maintaining Precise Measurements

Visual tagging systems must be accurate and dependable, but they have many difficulties. Both
Wang et al. (2012) and Xie et al. (2010), who concentrated on multimedia tagging and image
tagging, emphasize the possibility of human-computer cooperation in enhancing tagging
accuracy. Inimage quality research, Zhang & Liu (2017) highlight the significance of accurate
eye-tracking data, and White hill et al. (2009) suggest a probabilistic model for combining
labels from labelers with varying degrees of experience. Wu & Yang (2008) and Kumar (2017)
talk about the difficulties in monitoring and assessing visual activity in videos; Wu suggests
context-aware and attentional tracking, while Kumar concentrates on using deep learning
methods. Two works that address the general problem of data quality and reliability are Kandel
et al. (2011) and Wu & Yang (2008). Kandel promotes interactive visualization in data
wrangling, while Yang draws attention to the unreliability of video concept detection.

6.2. Techniques for Enhancing Dependability

Video analysis has highlighted the need for precise and reliable visual tagging systems to
identify viewer-interest regions. The identification and classification of visual elements in
videos have greatly improved thanks to machine learning algorithms, especially convolutional
neural networks (CNNs) (Karpathy et al., 2014). By directly revealing viewer focus, the
integration of eye-tracking technology improves these systems' accuracy even further
(Karpathy et al., 2014). High quality, diverse datasets are crucial for training visual tagging
algorithms, ensuring their effectiveness across different video types and viewer demographics
(Ballan et al., 2015). User feedback mechanisms, such as those used in social image retrieval,
significantly refine these systems (Li et al., 2008). The collaboration between computer
scientists, psychologists, and marketing experts is also essential in developing more nuanced
and context-aware tagging algorithms (Wang et al., 2012).

6.3. Prospects in Accuracy Enhancement

Advancements in visual tagging technologies, particularly those based on deep learning models
like CNNs, have significantly improved the accuracy of area-of-interest measurements in
videos (Hansen & Ji, 2010). The integration of eye-tracking technology further enhances this
accuracy, providing a more nuanced understanding of viewer attention and engagement (Ballan
et al., 2014). However, the reliability of these methods still needs to be improved due to factors
such as video quality and viewer perception (Fan et al., 2019). To address this, big data
analytics can be used to process and analyze large datasets, providing a more comprehensive
view of consumer behavior (Wang & Shen, 2017). The fusion of Al with augmented and virtual
reality technologies presents an exciting frontier for enhancing the accuracy of visual tagging
(Meur et al., 2007). Despite these advancements, there is stillroom for improvement, and
continued research and development are essential (Wang et al., 2021).
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7. DISCUSSION AND IMPLICATIONS

Recent advancements in visual tagging technology, particularly in video analysis, have
significantly improved the accuracy of identifying viewer interest areas (Geisler & Burns,
2007). This has been achieved through the integration of machine learning algorithms, which
have enhanced the precision of these tools (Hollink et al., 2005). The implications of these
advancements are substantial, particularly for marketers, as they enable more targeted and
effective marketing strategies (Turaga et al., 2010). Furthermore, visual tagging can aid in
better understanding consumer behavior, leading to more personalized content creation (Fu &
Rui, 2017). Visual tagging and video analysis are poised for further innovations, with the
potential for even greater accuracy and efficiency (Xie et al., 2010). However, it is important
to consider ethical considerations and privacy when developing these technologies (Chen et
al., 2014).

8. CONCLUSION

Recent studies have highlighted the potential of visual tagging technologies for capturing
viewer engagement in videos (Li et al., 2019). These technologies effectively identify precise
areas of interest, with advancements in machine learning and data analytics enhancing their
accuracy and reliability (Wu et al., 2017). Integrating consumer psychology into visual tagging
algorithms has deepened our understanding of viewer behavior (Oami et al., 2004). However,
there is a need for further research to enhance the accuracy and reliability of these systems,
particularly in interpreting complex viewer responses (Setz & Snoek, 2009). Visual tagging in
diverse market segments could provide more nuanced insights into consumer preferences
(Afzal et al., 2023). Ethical and privacy concerns about visual data collection must also be
addressed (Yang & Marchionini, 2005). Despite these challenges, the evolution of visual
tagging in marketing represents a significant shift towards more interactive and consumer-
centric approaches in market research (Miyahara et al., 2008).
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