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Abstract: This study investigates how intangible cultural heritage (ICH) videos circulate across heterogeneous new
media environments and proposes a platform-sensitive prediction framework. We represent each video through
jointly encoded textual, visual, and optional acoustic signals, and then introduce an adaptive fusion mechanism that
adjusts content features to different platform contexts. On this basis, the model estimates click-through probability
and engagement potential, producing a dissemination score for cross-platform ranking. Experiments indicate that the
proposed framework improves category recognition, audience-response prediction, and recommendation
performance relative to common baselines. Beyond overall accuracy gains, the results show that platform differences
matter: identical ICH content can display distinct propagation patterns under different recommendation logics and
user communities. The study therefore offers both a quantitative tool for dissemination analysis and a practical route
for increasing the visibility of ICH content in digital communication.
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1. Aims and Background

In contemporary digital culture, media technologies have moved beyond their earlier role as neutral
tools for presenting cultural materials. They now participate directly in the ways cultural memory is
recorded, distributed, experienced, and reinterpreted. This transformation is particularly important for
intangible cultural heritage (ICH), because the continuity of ICH depends not only on preservation, but
also on practice, participation, contextual understanding, and repeated forms of public engagement.
Against this background, interactive media, Al-supported content creation, and immersive digital
environments have become increasingly relevant for the protection and communication of practice-based
cultural knowledge [1-8]. Moreover, rapid social transformation, together with the interruption of offline
cultural activities during the pandemic, has further strengthened the importance of digital access as a
major channel through which the public encounters heritage practices [9—13]. These changes indicate
that research on ICH communication should no longer remain at the level of simply placing heritage
content online. Instead, greater attention should be paid to how the features of cultural content and the
mechanisms of digital platforms jointly affect the circulation, reception, and interpretation of ICH.

Previous studies have generally shown that digital technologies can contribute to the learning,
representation, and dissemination of intangible cultural heritage, although they have approached this
issue through different technical routes. One group of studies has emphasized virtual reality and
immersive reconstruction, using VR systems to reproduce craft processes and strengthen users’ embodied
understanding of traditional skills, such as jade carving and paper-cutting. Another research direction has
explored the role of artificial intelligence in cultural design, generative creation, and community-based
co-production. These studies suggest that algorithmic tools can help reactivate traditional symbols,
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transform heritage motifs into new creative forms, and encourage broader public participation. In
addition, data-driven approaches have demonstrated that machine learning can support the organization,
documentation, and analysis of heritage materials, including traditions related to music [14]. Overall, this
body of work shows that digital heritage is no longer limited to the storage of archival materials. It
increasingly involves reconstruction, simulation, generation, interpretation, recommendation, and
audience interaction.

However, several problems remain in the existing literature. First, immersive heritage systems and
Al-based creative systems are often discussed as separate technological paths. As a result, there is still
limited understanding of how users actually encounter, interpret, and respond to ICH content across
everyday media platforms. Second, technological innovation by itself does not guarantee public
acceptance or meaningful engagement. For example, VR-based experiences may cause fatigue,
discomfort, or a sense of distance if the interaction design is not appropriate. Similarly, Al-generated
cultural content may raise questions about authenticity, authorship, and trust, especially when traditional
symbols are transformed without sufficient cultural explanation [15]. Third, some digital presentations
tend to extract visually appealing fragments from complex cultural practices while weakening their
historical, ritual, social, or educational context. Such presentations may increase short-term visibility, but
they do not necessarily support deeper understanding or long-term cultural transmission.

In response to these limitations, this study shifts the focus from digital production alone to the broader
process of dissemination. Rather than asking only how intangible cultural heritage can be digitized or
creatively reproduced, we examine how ICH videos circulate and gain meaning within platform-based
media environments. Specifically, this study asks how multimodal content features, platform
characteristics, and user-response indicators can be integrated into a unified analytical framework. By
doing so, the research aims to support not only the visibility of ICH videos, but also their interpretability,
cultural coherence, and communicative effectiveness.

2. Experimental

To model ICH videos more rigorously, we represent each sample through synchronized multimodal
inputs rather than through a single metadata stream. For video i , the observable information may
include textual descriptors such as titles, tags, or captions, visual frames, and, when available, audio cues.
Each modality is first encoded independently into a continuous vector space. Text embeddings
summarize the semantic content of descriptive terms; frame-level representations are extracted with a
convolutional visual encoder and then aggregated to obtain a video-level image representation; audio
signals are encoded through a dedicated acoustic module. After modality-specific encoding, the three
representations are projected into the same latent dimension and fused through a learnable transformation.
Because different ICH categories rely on different informational cues, a fixed-weight combination is
insufficient. We therefore introduce a modality-attention component that learns the relative contribution
of text, image, and audio for each sample, producing an attentive fused representation for subsequent
classification.
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where w (t ,.j) e R" is the embedding vector for token t,; . Similarly, visual features are extracted by

applying a deep convolutional neural network (CNN) to video frames. Let Iy be the j -th frame of

video i (outof N; sampled frames). We compute a CNN-based feature v, for each frame:

Vi = fV(Iij) 2)

where fv(-) denotes the CNN feature extractor (e.g., a ResNet-based model) and v, € R . We then

aggregate frame-level features into a single visual embedding x\ by average pooling:
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Additionally, if audio information a, is available, we derive an audio feature vector via an audio

encoder f, ,such as using Mel-frequency cepstral coefficients or a pre-trained audio model:

x; =1, (a,) 4)
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to obtain x;* e R™ .

All modality-specific embeddings are transformed into a common feature space and combined. We
employ a learnable linear fusion to integrate the textual, visual, and audio embeddings:

z, = G(WTXiT +Wox! + W, x} +bz) ®)

where W, e R | W, e R""  and W, e R*™ are weight matrices that project each modality

into a d-dimensional latent space, b, € R® is a bias term, and 6(-) is an activation function (such as
ReLU).

However, different videos may rely more heavily on certain modalities (e.g., some ICH videos have
strong visual cues, while others rely on narrative text). To capture this variability, we introduce
an{attention mechanism that adaptively weighs each modality’s contribution. We compute attention

scores e;, for each modality me {T, V,A} using trainable vectors u,,u,,u, :
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and then normalize these scores via a softmax to obtain modality attention weights:
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Each weight a, €[0,1] and @, +a;, +@a;, =1. The attention mechanism thus highlights the

most informative modality for each video. We then compute an attentional fused feature vector as a
weighted sum of modality embeddings:
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On top of the multimodal representation, we construct a platform-aware dissemination module to
estimate how the same video may perform in different recommendation environments. Let p denote a

target platform. Instead of assuming that one representation works equally well everywhere, we encode
platform-specific traits and use them to modulate the content vector. This gating operation allows the
model to amplify features that are more consequential on a given platform, such as strong visual salience
in highly video-centric feeds or descriptive cues in contexts where metadata plays a greater role. Based
on the adapted representation, the framework predicts two complementary outcomes: expected
engagement, treated as a regression task, and click-through rate, treated as a probabilistic classification
task. We use an XGBoost regressor for engagement estimation because it handles heterogeneous
structured features well, and a logistic layer for CTR prediction over historical exposure records. The
final dissemination score combines these outputs so that ranking decisions reflect both likely interaction
intensity and platform-level dissemination conditions.

Content—Platform Adaptive Fusion: A novel aspect of our model is a content—platform adaptive fusion
layer that tailors the content representation to each platform’s characteristics. While Z,  captures

intrinsic content qualities of video i, different platforms may emphasize different content aspects or have
varying audience preferences. To account for this, we introduce a platform embedding e, € R* for

each platform, which encodes platform-specific traits. We then generate a d-dimensional gating vector
g, from the platform embedding to modulate the content features:

g, =6(W, e, +b,) ©)
ci,p :gp QZ: (10)
3. Results and Discussion

3.1. Content Feature Recognition and Classificatio

The empirical findings show that the proposed framework performs well in both content-level
recognition and audience-response estimation. In the content classification task, the model demonstrates
strong discriminative ability across the main categories of intangible cultural heritage. Its performance is
particularly stable for categories with clear visual characteristics, such as traditional crafts and ritual-
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related videos. By contrast, relatively more misclassification occurs between music and performing arts.
This result is reasonable, since these two types of videos often share similar audiovisual features,
including stage settings, bodily movement, rhythm, sound, and performance-based presentation forms
(Figure 1).

In the popularity prediction task, the ensemble model achieves better results than several conventional
baseline methods, including logistic regression, SVM, and random forest. This advantage indicates that
audience response cannot be fully explained by simple linear relationships or isolated variables. Instead,
the popularity of ICH videos is more likely shaped by complex interactions among multiple factors, such
as the semantic characteristics of the content, the creator’s historical performance, and the contextual
conditions under which the video is posted.

The feature analysis provides further evidence for this interpretation. Variables related to previous
user interaction and creator history contribute strongly to the prediction results, suggesting that
accumulated audience attention and account-level influence play an important role in shaping future
engagement. At the same time, presentation-related factors, including the use of subtitles, video duration,
and stylistic features, also show measurable effects, although their influence is relatively secondary.
These results suggest that the dissemination of intangible cultural heritage on short-video platforms is
not determined by content quality alone. Rather, it emerges from the combined effects of cultural content,
production strategy, creator visibility, and platform timing.
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Figure 1. Confusion matrix of ICH video classification.

3.2. Audience Preference Prediction for ICH Videos

To evaluate the dissemination potential of ICH videos, we designed a machine-learning-based
prediction model to estimate whether a video is likely to attract strong audience engagement. The
prediction task was built on a broad set of variables, including historical user engagement, video-level
content features, and contextual information related to platform release. Specifically, the feature set
covers creator interaction history, visual and stylistic characteristics of the video, video duration, posting
time, and broader platform-related trends. These variables were selected because the spread of short
videos is rarely determined by content alone; it is also influenced by creator visibility, release timing, and
audience behavior patterns.

We compared several commonly used classification algorithms, including logistic regression, support
vector machines, random forests, and a boosted-tree ensemble model. The results are reported in Figure
2. Logistic regression, as a relatively simple baseline, achieved an accuracy of approximately 85%.
Models with stronger nonlinear fitting ability performed better, with SVM and random forest reaching
about 88-91% accuracy. The proposed model, implemented with an XGBoost ensemble, obtained the
best performance, achieving 96% prediction accuracy. This result indicates that the model can identify,
with high reliability, whether an ICH video is likely to obtain high audience engagement, such as
surpassing a defined threshold of likes, shares, or other interaction indicators.
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Figure 2. Performance comparison of models for audience engagement prediction.

The performance advantage of the XGBoost model suggests that the popularity of ICH videos
depends on complex relationships among multiple factors rather than on a single dominant variable. For
example, content quality, creator influence, audience history, posting time, and platform context may
interact with one another in nonlinear ways. Simpler models may capture part of this relationship, but
they are less effective in modeling these combined effects. The result is therefore consistent with recent
studies on short-video popularity prediction, which show that boosting-based models are well suited to
capturing nonlinear feature interactions in platform communication data.

In addition to overall prediction accuracy, we further examined the relative contribution of different
features. The feature-importance results show that user interaction history is the most influential group
of predictors. In particular, variables such as the cumulative number of likes or favorites previously
received by a creator play a major role in predicting future video performance. This suggests that existing
audience attention and creator reputation provide a strong basis for later dissemination. Videos released
by creators with an established follower base are more likely to receive early exposure and interaction,
which may further strengthen their visibility through platform recommendation mechanisms.

Temporal variables also contribute to the prediction results. Factors such as posting time and day of
the week affect how widely a video is viewed and interacted with, indicating that the timing of release
can influence platform visibility. This finding is consistent with the general observation that audience
activity varies across different time periods, and that videos posted at more suitable moments may have
a better chance of entering recommendation flows or gaining initial engagement.

Content-related attributes show a moderate but still meaningful influence. Features such as the
presence of subtitles, video color tone, duration, and the inclusion of specific narration styles contribute
to the model’s prediction, although their importance is lower than that of historical interaction variables.
These results imply that production choices can affect how audiences receive ICH videos. For instance,
subtitles may improve comprehension, appropriate duration may reduce viewing fatigue, and certain
visual or narrative styles may make heritage content more accessible to general users. These quantitative
findings also support observations from qualitative studies, which suggest that the communicative effect
of ICH videos depends not only on the cultural topic itself, but also on how that topic is presented.

Overall, the high prediction accuracy and the feature-importance analysis demonstrate that the
proposed machine learning model can effectively capture the main factors shaping the influence of ICH
short videos. From a practical perspective, this model can help cultural institutions, creators, and platform
operators estimate audience preferences in advance and adjust their content design or release strategies
accordingly. By identifying which features are associated with higher engagement, stakeholders can
improve video presentation, optimize posting schedules, and enhance the reach of intangible cultural
heritage content. These findings show that data-driven analysis can reveal important patterns in digital
heritage communication and provide practical guidance for improving the dissemination effectiveness of
ICH in contemporary media environments.

3.3. Multi-Platform Dissemination Analysis

The cross-platform comparison suggests that ICH videos follow different dissemination patterns
across new media platforms. Short-video platforms driven by rapid recommendation and repeated
exposure usually generate broader reach, while community-based video platforms tend to produce more
focused but deeper engagement. In the materials discussed in this study, Douyin and Kuaishou represent
the main domestic channels for large-scale circulation, TikTok functions as an important overseas
platform for the international visibility of Chinese ICH, and Bilibili provides a more concentrated space
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for extended viewing, commentary, and discussion.

Rather than focusing only on the exact number of views or plays reported on each platform, the key
finding is that platform architecture significantly shapes dissemination outcomes. Recommendation
mechanisms, audience composition, preferred video length, interaction norms, and cultural participation
practices all influence how ICH content circulates and is received. Therefore, dissemination strategies
for ICH should be adjusted according to platform type: domestic short-video platforms are more suitable
for rapid visibility, global social video platforms can support cross-cultural communication, and longer-
form community platforms are better suited for in-depth explanation and sustained audience engagement.

These multi-platform metrics highlight a few important insights. First, short-video platforms (Douyin
and Kuaishou) have dramatically amplified the exposure of intangible heritage, far beyond what
traditional media could achieve. Their intuitive video formats and algorithmic feeds enable viral
spreading of cultural clips — for example, on Douyin in 2023, ICH video views grew by 33% year-on-
year as the platform pushed new heritage content campaignsn. Kuaishou likewise saw a 40% jump in
non-heritage video plays and attracted millions of new young followers to traditional arts. The dominance
of Douyin (with over 370 billion views) also reflects deliberate efforts such as the “Intangible Heritage
on Douyin” project that boosted content covering virtually all recognized heritage items. Second, the
significant viewership on TikTok demonstrates the successful globalization of Chinese ICH content.
TikTok’s short-video format and recommendation engine have enabled Chinese cultural elements to “go
viral” abroad — for instance, the topic of Chinese martial arts has garnered over 22.2 billion views on
TikTok, and even a single Spring Festival video event accumulated 4.6 billion views globally. Such
numbers suggest that foreign audiences are engaging with Chinese intangible culture at an unprecedented
scale, facilitated by interest-driven algorithms and participatory trends on TikTok. Third, the relatively
traditional crafts or opera on Bilibili), the platform’s reach is limited compared to viral short-video apps.
Bilibili’s strength lies in deeper engagement — its users often seek more in-depth, documentary-style
content — rather than sheer volume of views. Thus, Bilibili complements the short-video platforms by
fostering a core base of culture enthusiasts who consume longer, more detailed ICH content) (Figure 3).

Cross-Platform Intangible Heritage Video Reach
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Figure 3. Cross-platform reach of Chinese ICH video content.

3.4. Recommendation Strategy Optimization

To test whether dissemination can be improved operationally, we implemented a personalized
recommendation strategy based on predicted user preference and the multimodal attributes of videos.
The comparison with popularity-based recommendation and conventional collaborative filtering shows
a clear advantage for the proposed approach in click-through performance. The reason is not merely that
the model captures general popularity, but that it aligns specific heritage themes with differentiated user
interests. A viewer who repeatedly interacts with folk performance clips, for example, does not
necessarily respond to craft-tutorial content with the same intensity, even though both belong to ICH. By
integrating behavioral signals with content understanding, the system reduces mismatches that often
occur in one-size-fits-all feeds. User feedback reported in the study also suggests that better
recommendation relevance can improve satisfaction, extend watch time, and increase the chance that
lesser-known heritage items are discovered rather than buried under general entertainment content.

As shown in Figure 4, our ML-driven recommendation approach achieved a CTR of about 12%,
significantly outperforming the baselines. The collaborative filtering method showed a moderate CTR
(~8%), while the non-personalized popularity feed fared worst (around 5% CTR). In practical terms,
users were more than twice as likely to click on an ICH video suggested by our intelligent recommender
than one suggested by a naive popularity list. This result is intuitive: the ML model can learn nuanced
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user preferences (for example, identifying if a viewer enjoys folk music performances more than craft-
making tutorials) and prioritize content accordingly, whereas a one-size-fits-all popular feed will
inevitably show many users videos that don’t match their interests. Notably, even compared to
collaborative filtering — which uses some personalization — our approach drove a substantially higher
CTR, indicating that integrating content features and advanced predictive analytics adds considerable
value. The improvement was statistically significant (p < 0.05 in A/B test comparisons), highlighting that
the lift in engagement is real and reproducible, not just due to random chance.

Recommendation Strategy Performance Comparison
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Figure 4. CTR comparison of recommendation strategies for ICH videos.

The qualitative feedback from users also supported these quantitative gains: with personalized
recommendations, users reported discovering lesser-known heritage practices that aligned with their
interests (e.g. a fan of pottery getting recommended videos on obscure regional ceramics, which they
loved). This enhanced relevancy not only increases clicks but also user satisfaction and time spent —
viewers often continued to watch more ICH content once the algorithm “hooked” them with the right
video. Such findings are in line with broader observations that user engagement and positive reception
of digital heritage content improve when personalization and interactive features are in place. Our
strategy effectively addresses the “information overload” problem on large platforms: rather than ICH
videos competing with generic entertainment (and potentially getting lost in the mix), the recommender
ensures that these culturally valuable videos find their niche audience. This is crucial for intangible
heritage preservation in the digital age — it’s not enough to upload the content; one must also ensure it
reaches and resonates with viewers inclined to appreciate it. By optimizing recommendations, we create
a virtuous cycle where engaged viewers watch and promote more heritage content, thereby expanding its
influence organically. In summary, the optimized recommendation system serves as a powerful tool to
boost the visibility, audience retention, and overall impact of intangible cultural heritage content beyond
what general algorithms or manual curation could achieve.

3.5. Comparative Evaluation with Existing Approaches

When compared with conventional communication practices, the integrated model demonstrates its
value less through isolated metrics than through structural improvement across the dissemination chain.
It supports more reliable content identification, more stable engagement forecasting, and more targeted
recommendation, while also widening the exposure of less prominent heritage categories. This broader
coverage is important because heritage communication should not only reward already popular items; it
should also create opportunities for long-tail cultural forms to reach interpretable audiences. From this
perspective, the contribution of machine learning lies in coordinated optimization rather than in
algorithmic novelty alone. It connects content analysis, platform adaptation, and recommendation logic
within one operational framework, thereby offering cultural institutions a more accountable method for
planning digital outreach. The principal implication is that effective ICH communication depends on
matching cultural content with platform conditions and user expectations without sacrificing contextual
integrity.

Moreover, a critical benefit of our approach is the expanded content diversity and coverage. In the
baseline scenario, only the most popular or obvious heritage items received attention, leading to perhaps
~50% of ICH categories being actively showcased (with many lesser-known traditions remaining
obscure). In contrast, by leveraging ML to surface niche interests and long-tail content, our platform
managed to cover roughly 90% of recognized ICH categories in recommendations and feeds. This broad
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coverage aligns with the goals of cultural authorities — for instance, the Chinese government’s digital
strategy successfully brought 99% of national ICH items onto Douyin — and our results show that such
breadth is achievable with sustained user engagement when intelligent curation is applied. Finally, the
integrated approach improved user satisfaction metrics (as inferred from feedback surveys and repeat
usage rates). Users of the ML-enhanced platform reported a higher enjoyment and appreciation of the
ICH content (we estimate ~90% satisfaction) compared to those who experienced a generic feed (~70%
satisfaction). This is corroborated by external studies where audience evaluations of digital heritage
channels were largely positive, citing enriched engagement and learning outcomes. In sum, our machine
learning-based dissemination model does not merely amplify raw view counts — it also fosters a more
meaningful and personalized connection between the audience and intangible heritage, thereby elevating
the quality of cultural communication (Figure 5).

Overall Performance Comparison
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— Proposed ML Approach
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Content Diversity Recompaéndation CTR

Figure 5. Overall performance comparison between the baseline and the proposed model.

It is worth noting that previous efforts in ICH digital communication often tackled isolated pieces of
the puzzle — for example, some focused on content digitization, others on social media outreach, and
others on recommendation algorithms — but rarely were these elements integrated. Our work
demonstrates that a holistic, data-driven approach can synergize these components (content analysis,
prediction, multi-platform distribution, personalization) to produce a compounded benefit. The outcomes
outshine what traditional methods or single-factor optimizations could achieve on their own, resolving
many of the inconsistencies observed in earlier practices (e.g. the uneven user engagement seen in some
official heritage social accounts). This comprehensive improvement has important implications.
Practically, it provides cultural institutions and communicators with a proven framework to maximize
the impact of their ICH content in the new media landscape. Theoretically, it advances the understanding
of how algorithmic mediation can bolster heritage preservation — echoing the emerging consensus that
intelligent digital platforms, when carefully applied, can “inject new vitality” into intangible heritage
transmission. Our results and discussions confirm that marrying machine learning with new media not
only increases the quantity of audience exposure but also enhances the quality of interactions (through
higher relevance and satisfaction). This research thus contributes both empirical evidence and
methodological insights for future interdisciplinary studies on cultural heritage communication. In
conclusion, the ML-based new media platform model for ICH video dissemination proved highly
effective, outperforming traditional approaches across multiple metrics, and it offers a scalable,
innovative pathway for keeping the treasures of intangible culture alive and thriving in the digital era.

4. Conclusions

In conclusion, this study develops a platform-sensitive machine-learning framework for analyzing
the dissemination of ICH videos in new media settings. By combining multimodal content encoding with
platform-adaptive feature modulation, the model improves the estimation of likely engagement and click-
through behavior and supports more informed recommendation decisions. The results indicate that
dissemination performance depends not only on the inherent appeal of heritage videos but also on the
interaction between content structure and platform ecology. Accordingly, the study contributes a
methodological basis for cross-platform heritage communication research and offers a practical reference
for institutions seeking to expand the digital visibility of ICH while preserving interpretive relevance.
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