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Abstract
Algorithmic recommendation systems are increasingly shaping children’s digital consumption, but there is
limited understanding of how audio-visual features impact the visibility and popularity of videos aimed at young
audiences. Regulatory frameworks, such as the EU Digital Services Act, demand greater transparency and
accountability, particularly regarding content targeted at minors. However, current systems often overlook the
influence of content design on engagement. In this position paper, we propose a research agenda to systematically
analyze interpretable visual and audio features, such as color vividness, motion intensity, vocal dynamics, and
musicality. By linking these elements to engagement outcomes, we aim to discover consistent patterns that can
inform the design of child-sensitive recommendation systems, algorithmic audits, and compliance with policies,
as well as establish a foundation for more accountable algorithmic media environments for children.
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1. Motivation and Literature Gaps

Recommendation systems play a crucial role in shaping the digital media consumption of millions of
users, particularly children, who are increasingly exposed to algorithmically curated content on platforms
such as YouTube [1]. While traditional approaches to recommendation rely heavily on behavioral signals
(e.g., click-through rate, watch time) [2, 3, 4], recent attention has turned toward incorporating content-
level features to enhance both recommendation quality [5] and fairness [6]. In parallel, concerns from
policymakers and researchers have grown regarding the excessive engagement of children with digital
platforms, with emerging regulations, such as the EU Digital Services Act (DSA) [7] and the related
recently-published guidelines on the protection of minors1, placing new obligations on platforms to
limit manipulative design and addictive recommendation patterns, especially when targeting minors.
Despite this, little is known about the role of low-level audio-visual features (e.g., color saturation,
motion patterns, pitch dynamics) in driving engagement and influencing recommendation outcomes. In
practice, such features are often disregarded in the design or audit of recommendation pipelines, despite
their potentially significant influence on viewer retention and algorithmic amplification.

To address this gap, we propose a new research perspective that systematically analyzes the role of
intrinsic audio-visual features in shaping the popularity and virality of children’s videos. We argue
that understanding how low-level multimedia signals correlate with engagement is significant to ensure
transparent, fair, and child-appropriate recommendation systems. Our position is that such content
features, despite their potential psychological and perceptual impact, are critically understudied in both
academic research and regulatory scrutiny. Our perspective requires the development of a multimodal
analysis pipeline that can extract interpretable audio-visual descriptors from full-length video content.
By investigating how these features vary across high-visibility and low-visibility content aimed at
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children, future research can uncover methodical engagement patterns and evaluate their alignment
with child protection principles and legal obligations under frameworks such as the DSA.

Despite interest in video content analysis, especially for child safety and moderation, gaps remain in
understanding how intrinsic audio-visual features influence the visibility and popularity of children’s
videos on platforms like YouTube. Most existing research focuses on high-level content classification
or metadata-driven moderation. Deep learning (DL) models are commonly used to detect inappropri-
ate content [8, 9, 10], while popularity is often predicted using metadata such as views, likes, comments,
emotional valence, or linguistic style [8, 11, 12, 13]. However, these approaches overlook how low-level
video attributes, such as colour saturation, motion patterns, or pitch dynamics, contribute to engagement
or recommendation outcomes. Although general video mining includes broad measures, such as visual
variation or content richness [14], a systematic analysis of these features in the context of children’s
media is still missing. Studies on children’s preferences tend to focus on static elements (e.g., book
cover characteristics [15, 16] or music genres [17]) for personalising recommender systems, without
addressing how dynamic video features affect algorithmic amplification. Evaluation frameworks for
children’s YouTube content often emphasize educational or design quality [18, 19, 20], but not the role
of intrinsic audio-visual traits in affecting appeal. The “Elsagate” phenomenon [21, 22, 23] exposed the
limitations of metadata filtering, demonstrating the need for deeper analysis of the multimedia attributes
that drive engagement, irrespective of content appropriateness. Moreover, many high-performing classi-
fication models offer limited interpretability. Tools like class activation maps highlight relevant image
regions but do not explain how specific audio-visual features influence viewer behavior [9]. Research
on video engagement in educational settings (e.g., comparing lecture capture to infographic videos)
reveals the impact of visual dynamics [24]. However, these findings do not generalize to children’s
entertainment content. Crowdsourcing is used for content moderation, allowing human judgment to
identify and segment inappropriate content [25]; yet, this relies on human perception of appropriateness,
lacking interpretability into which multimedia elements propel video virality.

2. Planned Methodology

We propose to systematically extract low-level audio-visual features from children’s videos to uncover
correlations between content characteristics and their popularity or recommendation exposure. We
argue that formalizing the influence of content-level attributes can provide valuable insights for more
fair and transparent recommenders. In practice, in the initial iteration, we plan to analyze the top-25
most-viewed YouTube videos for children compared with the overall top-25 most-viewed videos.

On the visual side, we plan to compute global color statistics (saturation, brightness, contrast) to
capture the overall vividness and visual salience of each video, factors previously shown to affect
children’s attention [26]. Texture descriptors, such as local binary patterns, will be used to distinguish
visually detailed scenes [27]. Motion characteristics will be quantified using the dense optical flow
metric [28], which captures the proportion of highly dynamic frames, an indicator of editing pace and
visual stimulation. We also intend to include features that reflect social and narrative structure, such
as face presence and wave-ratio, to approximate the visibility of on-screen presenters or characters [29].
To identify differences in animation style, we compute depth statistics and assess consistency across
frames to infer whether the video adopts a flat 2-D layout or 3-D CGI production [30]. To complement
these handcrafted features, we plan to extract vector embeddings from pre-trained deep video models
such as VideoMAE [31] and SlowFast [32], which can summarize spatial and temporal patterns to
describe the video’s overall visual style and movement patterns.

On the audio side, we plan to extract rhythmic and harmonic descriptors, such as spectral contrast,
melody, and tempo, to distinguish between speech, music, and song-based content [33, 34]. Addi-
tional features, including short-term energy, zero-crossing rate, spectral centroid and roll-off, harmonic
ratio, pitch, and silence ratio, will serve as proxies for vocal intensity and excitement level, which
have been linked to children’s emotional arousal [35].

The extracted features will be used in comparative analyses between content explicitly targeted at



children and general-audience videos to measure whether children’s videos exhibit unique design
signatures. In conclusion, this planned methodology seeks to inform both the auditing of content-driven
engagement mechanisms and the development of recommender systems that are more accountable and
appropriate for child audiences.
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