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Abstract

Public engagement counters for tourism videos reflect both content and exposure-related
conditions. We analysed 4,231 public YouTube tourism videos, including 3,271 no longer than
60 s, and modelled contemporaneous views, likes and comments. A leakage-controlled neural
branch combined train-fitted text, thumbnail and structured inputs; its predictions were blended
with a validation-selected XGBoost metadata expert using validation-only convex weights.
Across five randomized channel-grouped splits, the hybrid achieved mean R? values of 0.538,
0.516 and 0.495 for views, likes and comments, improving on XGBoost by 0.078, 0.063 and
0.064. Corresponding strict-short-video R? values were 0.529, 0.481 and 0.504. Removing text
from training and evaluation reduced rebuilt-hybrid R? by 0.057-0.072 across outcomes. Cultural
supervision and diffusion did not improve prediction, while removing the sparsely available
visual branch improved the neural branch. Chronological transport was substantially weaker,
particularly for comments. The results support a text-informed ensemble for channel-held-out
contemporaneous engagement prediction and delimit the conditions under which its performance

transfers.

Introduction

Culture and tourism are closely linked through tangible heritage, intangible practices, creativity

and everyday ways of life [1]. Social media has become a major setting in which destination
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information is searched, produced and circulated [2,3], while travellers' decisions to share
tourism experiences depend on both individual motivations and platform-mediated social
conditions [4]. Destination-marketing organizations use these platforms unevenly [5], and post-
level evidence shows that sender and visual-content characteristics are associated with
observable interaction [6]. Recent destination-video studies have extended this line of work by
extracting visual, textual and acoustic characteristics at scale and relating their configurations to
engagement [7-9]. These studies establish the value of automated content analysis, but they do
not remove the influence of channel scale, publication timing or platform exposure.
Engagement is also multidimensional: users may consume, contribute to or create platform
content [10], and brand-post responses vary with content strategy [11]. Predictive work has
consequently moved beyond single-modality models. AMPS uses intra- and inter-modal
attention for YouTube Shorts popularity prediction [12], whereas EnTube integrates titles, audio,
thumbnails, video content and tags for three-class engagement prediction [13]. A 90,000-video
benchmark instead targets early watch-based engagement [14]; the VQualA challenge formalized
related short-video evaluation [15], and recent large-multimodal-model ensembles combine
frames, text and audio [16]. These task definitions are not interchangeable with public counter
snapshots, but they demonstrate the need to state the outcome and observation time precisely.
The closest studies therefore answer complementary rather than identical questions. Tourism-
focused analyses relate multimodal feature configurations to engagement in destination-specific
Douyin, US-national-park or projected-destination-image samples [7-9]. AMPS and EnTube
formulate popularity or engagement as classification and emphasize full video content or pre-
publication features [12,13], whereas SnapUGC and VQualA use watch-based outcomes for

newly published short videos [14—16]. Those outcomes, sampling frames and evaluation targets
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are not directly comparable with contemporaneous YouTube counters. The present study is
distinguished by continuous prediction of three public counters, channel-level exclusion from
training, validation-only ensemble weighting, a strict-duration rerun, and explicit reporting of
geographic, chronological, missing-modality and component failures; it does not claim to
supersede content-only early-engagement forecasting.

More generally, multimodal machine learning distinguishes representation, alignment, fusion and
co-learning problems [17]. Cross-modal transformers model unaligned sequences [18], building
on scaled dot-product attention [19]. YouTube systems research further shows that
recommendation exposure [20], early view trajectories [21], time-varying popularity growth [22]
and cross-platform early signals [23] all influence observed popularity. Public counters are
therefore contemporaneous outcomes of content, channel history, exposure and elapsed time
rather than prospective responses to content alone [24].

Cultural context remains substantively important because heritage, local identity, ritual, craft,
food and language cues can shape destination meaning. However, detecting a cultural label is not
equivalent to learning a distinct cultural representation, and neither establishes a causal effect on
engagement. Diffusion cross-attention has been proposed as an inductive bias for
disentanglement in image reconstruction [25], while denoising diffusion models supply the
underlying noise-prediction framework [26]. Causal-representation research defines substantially
stronger counterfactual and intervention-based requirements [27,28]. The current observational
YouTube design does not meet those requirements.

Evaluation must also respect the deployment unit. Deep models can exploit shortcuts [29], and
random cross-validation is unreliable when observations are hierarchically or temporally

dependent [30,31]. Distribution-shift benchmarks [32] and uncertainty studies [33] show that in-

Page 3



72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88
&9

90

91

92

93

distribution accuracy does not guarantee transportability or calibrated confidence. Split-
conformal methods offer finite-sample marginal coverage under exchangeability [34], but their
guarantees require care when exchangeability is violated [35]. We therefore use channel-grouped
splits, describe variability across randomized splits rather than treating them as independent
population replications, and audit country and temporal boundaries separately.

We therefore ask four evidence-bounded questions. First, how accurately can contemporaneous
public engagement counters be predicted for channels absent from training? Second, does the
text-informed neural branch complement a validation-selected structured expert, and is that
complementarity reduced when text is removed throughout training and evaluation? Third, do
reviewed cultural-context labels contain separable information, and does cultural supervision
improve prediction? Fourth, do the visual and diffusion-inspired components provide
reproducible gains? We contribute a documented public-platform data contract, a provenance-
aware cultural annotation workflow, leakage-controlled channel-grouped evaluation, strict short-
video and geographic audits, and full reporting of positive, null and contradictory component

evidence.

Results

Dataset and evaluation partitions

The leakage-controlled evidence sequence is summarized in Fig. 1. The processed table
contained 4,231 unique videos from 3,141 channels. Of these, 3,271 met the strict duration
threshold of 60 s, 3,215 were published from 2023 through 2025, and 2,677 met both conditions.
The outcomes were contemporaneous API snapshots of log(1 + views), log(1 + likes) and log(1

+ comments), not future engagement measured after a fixed post-publication horizon. Public
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share counts were unavailable from the Data API, while favoriteCount is deprecated and fixed at

zero [36]; neither was used as an outcome.

A 3 74 wl
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Figure 1. Task-structured research framework and leakage-controlled evidence sequence. Task 1 covers the public API
snapshot, quality control, channel-disjoint partitioning and training-only preprocessing. Task 2 combines a multimodal neural
branch with an independently selected structured expert through validation-only weighting. Task 3 groups scope, component,
uncertainty and title-overlap audits. Test outcomes are reserved for final evaluation, and outputs are contemporaneous public-
counter predictions rather than future forecasts or causal effects.

Video duration had a median of 29 s (interquartile range 16—60 s). Most channels contributed
only one record (87.1%), which makes channel-disjoint evaluation important even though
within-channel replication was limited. Description, tag and channel-country fields were missing
for 35.3%, 60.8% and 30.4% of records, respectively; usable frozen thumbnail embeddings were
available for 19.9% (Table 1; Fig. 2). The outcome distributions remained strongly right-skewed
after log transformation, especially because 37.4% of videos had zero public comments at
collection.

Table 1. Dataset characteristics.

Characteristic Value
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Characteristic Value
Videos 4,231
Unique channels 3,141
Duration, median (IQR) 29 s (16-60)

Videos no longer than 60 s

3,271 (77.3%)

Single-video channels

2,737 (87.1%)

Missing description

1,493 (35.3%)

Missing tags

2,573 (60.8%)

Missing channel country

1,285 (30.4%)

Usable thumbnail embedding

841 (19.9%)
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Figure 2. Dataset profile. a, Video-duration distribution, with values above 600 s clipped for display and the 60-s short-video
boundary marked. b, Distributions of the three log-transformed public counters. ¢, Missingness of major input fields and
thumbnail embeddings. d, Videos per channel; channels contributing ten or more videos are grouped at ten. This profile
motivates channel-grouped evaluation and explicit missingness audits.

Five randomized channel-grouped splits were generated with seeds 20260807-20260811. Within
every split, channels were mutually exclusive across training, validation and test partitions. Each
test split contained 472 channels and 599-711 videos. Across the five splits, 2,386 unique videos
appeared in a test partition; mean pairwise Jaccard overlap was 0.083 for both test videos and
test channels. These splits are repeated partitions of one query-based dataset, not independent
population samples. All vocabulary fitting, imputation, feature scaling and outcome

standardization used training rows only.
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Model fitting was confined to the training channels, early stopping and ensemble selection were
confined to validation channels, and all reported test metrics were computed only after those
choices had been fixed.

Channel-held-out engagement prediction

The validation-weighted hybrid obtained mean R? values of 0.538 for views, 0.516 for likes and
0.495 for comments (Table 2; Fig. 3a). Corresponding mean Spearman correlations were 0.740,
0.701 and 0.652. The standalone neural branch obtained mean R? values of 0.368, 0.350 and
0.335, whereas the validation-selected XGBoost metadata expert obtained 0.460, 0.453 and
0.431. Table 2 reports descriptive 95% t intervals across the five randomized splits; these
intervals summarize split sensitivity and are not population-sampling confidence intervals.

Table 2. Hybrid performance across five randomized channel-grouped splits.

Outcome MAE, mean (95% RMSE, mean (95% R?, mean (95% split Spearman, mean
split interval) split interval) interval) (95% split interval)

Log views 2.076 (2.021-2.132) 2.596 (2.522-2.670) 0.538 (0.485-0.592) 0.740 (0.708-0.773)

Log likes 1.982 (1.894-2.070) 2.503 (2.365-2.642) 0.516 (0.500-0.532) 0.701 (0.693-0.708)

Log comments

1.289 (1.218-1.360)

1.687 (1.601-1.772)

0.495 (0.444-0.546)

0.652 (0.621-0.684)

As an additional low-capacity benchmark, validation-selected Ridge models achieved mean R?

values of 0.333, 0.311 and 0.274 using text alone and 0.341, 0.320 and 0.292 using text plus

metadata for views, likes and comments. Metadata-only Ridge values were 0.092, 0.094 and

0.080. These results show that text was predictive without the proposed architecture, while the

stronger nonlinear expert and validation-weighted ensemble provided the highest overall

accuracy.
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Figure 3. Predictive performance, scope and selective risk. a, Mean channel-held-out R? across five randomized channel-
grouped splits; error bars denote descriptive 95% t intervals. b, Split-paired hybrid-minus-XGBoost R? differences and
descriptive intervals. ¢, Hybrid R? in the complete sample, strict <60-s subset, country-held-out audits and chronological test. d,
Mean disagreement-ranked risk—coverage curves across five randomized splits, normalized to full-coverage RMSE.

Record-level predictive fit and structured-expert importance
The prespecified seed-20260807 test partition contained 665 videos from channels absent from

training and validation. In this split, hybrid R* was 0.556 for views, 0.529 for likes and 0.494 for
comments, with RMSE values of 2.563, 2.479 and 1.750, respectively (Fig. 4a—c). The binned
observed-versus-predicted densities show broad alignment with the identity line, together with
compression at the upper tails; the model therefore captured substantial rank and level

information but did not reproduce the most extreme engagement values.
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Grouped permutation analysis of the independently selected XGBoost expert provided a
descriptive check on the structured controls (Fig. 4d). Jointly permuting channel-subscriber
features in the held-out test set increased RMSE by 55.5%, 57.3% and 54.5% for views, likes
and comments. Duration increased view and like RMSE by 10.3% and 5.6% but comment
RMSE by only 0.8%; video age produced increases of 5.2%, 5.2% and 6.7%. These outcome-
specific values are means over 20 deterministic permutations. They quantify predictive
dependence within the fitted expert and should not be interpreted as causal effects or as test-set

model selection.

a Log views: held-out channels b Log likes: held-out channels
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Figure 4. Held-out predictive fit and structured-expert importance. a—c, Aggregate two-dimensional densities of observed
and hybrid-predicted log engagement in the prespecified seed-20260807 channel-held-out test split; dashed lines denote identity,
and annotations report test R, RMSE and sample size. d, Grouped permutation importance for the selected XGBoost expert.
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Dots show the mean relative RMSE increase over 20 deterministic joint permutations for each outcome; bars show the arithmetic
mean across outcomes. These post hoc test-set diagnostics did not alter model or ensemble selection.

Paired comparison with the structured expert
Relative to XGBoost, the mean hybrid R? difference was +0.078 for views, +0.063 for likes and

+0.064 for comments (Fig. 3b). Descriptive 95% t intervals across randomized splits were
+0.014 to +0.142, —0.003 to +0.130 and —0.014 to +0.142, respectively. The hybrid exceeded
XGBoost in five of five splits for views and four of five for both likes and comments. Because
the split seeds are dependent re-partitions of one dataset, we treat these comparisons as stability
summaries rather than independent-replication hypothesis tests.

Validation-selected neural weights averaged 0.410 for views, 0.384 for likes and 0.440 for
comments. Thus, the structured expert retained the larger mean weight, while the neural branch
contributed complementary residual information. The gain supports the validation-weighted
ensemble but does not show that every neural component was beneficial.

Strict short-video and country-held-out validation

The frozen pipeline was rerun on all 3,271 videos with correctly parsed duration <60 s,
representing 2,424 channels; no hyperparameter was retuned on short-video test outcomes.
Across five randomized channel-grouped splits, the hybrid achieved mean R? values of 0.529
(95% split interval 0.483—0.575) for views, 0.481 (0.390-0.572) for likes and 0.504 (0.417—
0.590) for comments. These results reproduce the ensemble pattern in a duration-defined short-
video subset.

Country-held-out analyses were restricted to records with known channel country and used one
prespecified seed. When all US channels (n=761) were held out, hybrid R* was 0.535, 0.519 and
0.458 for views, likes and comments. Holding out all Indian channels (n=956) reduced R? to

0.364, 0.292 and 0.371. The lower Indian performance indicates heterogeneous geographic
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transport and argues against treating channel-held-out accuracy as universal cross-country
validity (Fig. 3c). These are two targeted domain audits, not estimates of country effects.
Cultural-label separability

The stratified annotation pool contained 1,000 videos. GLM-5.2 generated 998 usable machine-
assisted labels that the authors report were manually reviewed. Fifty-five were retained as
uncertain (U) and two remained unlabeled. On 943 definite labels, a channel-held-out TF—IDF
logistic classifier achieved accuracy 0.832, F1 0.892, ROC-AUC 0.864 and PR-AUC 0.955.
Cultural context was therefore detectable from public text, although this result does not establish
a distinct latent mechanism.

Component and representation audit

Five-split component audits bounded the stronger architectural claim (Fig. 5a). Removing
cultural supervision (NoCult) changed mean R? by only +0.0010, +0.0007 and +0.0007 for
views, likes and comments relative to the complete neural branch. Removing the diffusion
objective (NoDiff) changed R? by +0.0022, +0.0044 and +0.0081. Thus, neither component
produced a measurable predictive gain. Removing the visual branch (NoVisual) increased mean
R? from 0.368 to 0.390 for views, from 0.350 to 0.372 for likes and from 0.335 to 0.360 for
comments. Only 841 of 4,231 videos (19.9%) had usable frozen visual embeddings, so this result
applies to the present sparse-thumbnail design rather than to visual information in general.
After validation-only recalibration with the unchanged XGBoost expert, the rebuilt no-text
hybrid achieved mean R? values of 0.467, 0.457 and 0.438 for views, likes and comments. Its
paired changes relative to the full hybrid were —0.072, —0.059 and —0.057, and it lost in all five

paired splits and outcomes (Fig. 5b). Text therefore contributed reproducible predictive
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information within this pipeline, although the observational design does not identify a causal
effect of text.

The corrected-code latent probe likewise failed to validate the proposed partition. On 147 labeled
test videos, Zc ROC-AUC was 0.582, compared with 0.626 for Zn; the bootstrap Zc—Z7n
difference was —0.044 (95% interval —0.153 to 0.067), and linear CK A between the
representations was 0.900. The cultural information was therefore not preferentially isolated in
Zc, and the two latent spaces remained strongly similar. These results do not establish causal or
statistical disentanglement.

Controlled missingness and temporal boundary

Diffusion training did not improve missing-text robustness in the prespecified seed-20260807
stress test. At 30%, 50% and 70% deterministic test-text masking, NoDiff produced higher
macro-average R? than the complete model (Fig. 5¢). At 70% masking, both models had negative
R? for every outcome. A corrected-code chronological hybrid test yielded R? values of 0.201,
0.127 and —0.221 for views, likes and comments. These single-split results show that channel-

grouped performance does not imply robustness to severe modality loss or future distribution
shift.

Prediction intervals and selective risk

Validation-residual split-conformal intervals with 90% nominal coverage achieved mean
empirical coverage of 0.876 for views, 0.883 for likes and 0.901 for comments (Fig. 5d).
Descriptive 95% split intervals were 0.853—0.899, 0.847—-0.919 and 0.874-0.928, respectively.
Coverage was therefore close to nominal for comments but below nominal for views and likes
under channel shift. Model disagreement provided a modest selective ranking signal: retaining

the 20% of test videos with the lowest absolute neural/ XGBoost disagreement reduced mean
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234  RMSE from 2.596 to 2.405 for views, from 2.503 to 2.276 for likes and from 1.687 to 1.411 for

235  comments (Fig. 3d).
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237 Figure 5. Component and robustness audits. a, Five-split mean R? for the complete neural branch and the NoCult, NoDiff and
238 NoVisual ablations. b, paired loss in hybrid R? after removing text throughout training, validation and test. ¢, Macro-average R?
239 after deterministic masking of 30%, 50% and 70% of test text, comparing the complete model with NoDiff. d, Mean empirical
240 coverage of validation-residual split-conformal intervals at 90% nominal coverage.

241  Normalised-title duplicates between development and test partitions affected 0-20 test videos per
242  split. Removing these records changed mean hybrid R? only from 0.538 to 0.538 for views, from
243 0.516 to 0.517 for likes and from 0.495 to 0.495 for comments. The main findings were therefore

244 not explained by exact title reuse across partitions.
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Discussion

The principal finding is residual complementarity between the validation-selected metadata
expert and the neural branch. Structured controls, particularly video age and channel scale,
formed the strongest individual predictor, but the neural predictions improved the convex hybrid
in most randomized channel splits. The five-split NoVisual result indicates that this
complementarity did not depend on the sparse thumbnail branch. By contrast, NoText
substantially reduced both neural and rebuilt-hybrid R? in every split and outcome, supporting a
reproducible text contribution within the frozen pipeline. This does not isolate individual words
or establish a causal text effect; it may reflect text-metadata interactions, neural nonlinearities or
model diversity. The pattern is consistent with tourism-video work showing that content
configurations matter [7-9] and with engagement models that combine content and metadata
[12—16]. It also cautions against evaluating a proposed neural model only against weak linear or
single-modality baselines.

The uncertainty analysis adds an operational boundary. Split-conformal intervals were slightly
under-covered after channel shift, consistent with the need to distinguish exchangeable
calibration theory from shifted deployment [33-35]. Disagreement-based selection reduced
average error most clearly for comments and less for views. These outputs may support cautious
ranking or human review, but they are not deployment guarantees.

The strict duration analysis reproduced the ensemble advantage, strengthening the relevance to
short-video communication. However, country-held-out performance was asymmetric: results
were close to the complete-sample estimates for US channels but materially lower for Indian
channels. This gap may reflect language, channel scale, destination mix, collection-query
coverage or other unobserved platform processes. It is a transportability warning, not evidence of

a country effect.
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The cultural result is narrower. Cultural presence was separable from text, but removing cultural
supervision did not reduce engagement prediction. The current latent probe also found nearly
equal cultural ROC-AUC in Zc and Zn and high similarity between the spaces. Detectability
should therefore not be equated with a task-useful or disentangled representation. The NoDiff
audit likewise shows that an inductive bias transferred from image reconstruction [25] cannot be
assumed to improve engagement prediction.

These findings alter the defensible contribution. The study supports a validation-weighted text-
informed neural-metadata ensemble under channel shift, together with a reusable cultural-
context and component-audit workflow. It does not support the original claim that cultural
supervision, causal disentanglement, diffusion attention or the visual branch drove the
improvement. Causal-representation claims require observable consequences of counterfactual
assertions or explicit interventions [27,28], which are absent here.

Several limitations remain. The cultural labels were machine-assisted and single-adjudicated
rather than independently double-coded, so Cohen's « is not estimable. Two annotation rows
remain missing. Only 841 videos had usable frozen thumbnail embeddings, and raw audiovisual
streams were not analysed. Public counters mix content response with unobserved
recommendation exposure and observation time, so the task is contemporaneous counter
modelling rather than upload-time forecasting. The query-based sample is not representative of
all tourism videos, and chronological performance was negative. Finally, the five randomized
splits overlap and come from one dataset; their intervals quantify split sensitivity, not population-

sampling uncertainty.
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Methods

Data collection and outcome construction
Public video records were collected with the YouTube Data API v3 on 7 August 2026 between

07:25 and 11:28 UTC in three documented rounds comprising 18 unique English query phrases.
The complete phrases and per-round retrieval counts are reported in Supplementary Methods.
The API returned 4,694 metadata rows; retaining the most recent collection record for each video
ID yielded 4,231 unique videos. No relevance filter based on outcomes or model performance
was applied after retrieval. The retained fields included titles, descriptions, tags, publication
timestamps, channel identifiers, public subscriber counts when available, duration, category,
language, country, caption status and public interaction counters. The Analytics API exposes
owner-authorized metrics such as shares, but these are not public Data API counters [36,37].
Each counter was observed at collection time rather than after a standardized post-publication
horizon. All three outcomes were log-transformed to reduce heavy-tailed scale.

Annotation protocol

The codebook distinguished heritage, folk custom, performing arts, crafts and food, place
identity, religious culture, language signals, mixed cases and uncertainty. Automated output
included presence, category, cultural role, an evidence span and uncertainty. GLM-5.2, accessed
through the SiliconFlow API, was used to generate the machine-assisted first-pass annotations
from the documented codebook; no model output was treated as an author or as independent
human coding. The authors report reviewing the generated labels. Two positive records lacking
evidence spans were repaired from their supplied titles or descriptions, with changes recorded in
a repair log and no category changes. The completed files do not contain two independent
annotator label sets; the workflow is therefore described as machine-assisted annotation followed

by single human adjudication, not as double-coded gold-standard annotation.
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Generative-Al assistance disclosure

GLM-5.2 was used only for the machine-assisted annotation stage described above. OpenAl
Codex was used to assist with analysis-code drafting, reproducibility checks and manuscript
drafting and editing. The authors reviewed the generated labels, code, numerical outputs,
references and manuscript text, made the scientific decisions and retain full responsibility for the
integrity and accuracy of the work. No generative-Al system is listed as an author.

Features and leakage prevention

Titles, descriptions and tags were represented using TF—IDF [38]. Thumbnails were encoded
with a frozen ImageNet ResNet-18 [39]. Usable embeddings were available for 841 videos
(19.9%); all other records used an explicit availability mask and learned missing-image token.
Structured variables comprised video age, channel subscriber count, duration, publication
year/month/day-of-week, category, language, country and caption availability. ISO-8601
durations were parsed by full-string matching of day, hour, minute and second components; unit
tests covered PT45S, PTIM30S, PT1H2M3S and PIDT2H, and invalid strings were treated as
missing. For each split, the TF—IDF vocabulary, imputer, numeric scaler, category encoder,
image scaler and outcome scaler were fitted only on training rows.

Multimodal branch

Text, image and metadata inputs were projected to 64-dimensional tokens. Multi-head cross-
modal attention produced a fused representation. The exploratory CC-DiffNet architecture
included a cultural-presence head, a cross-covariance penalty between nominal cultural and non-
cultural latents, reconstruction loss and a Gaussian noise-prediction objective inspired by
diffusion cross-attention [25,26]. These terms were architectural hypotheses, not evidence of
causal identification. Three regression outputs were optimized jointly. AdamW, gradient clipping

and validation-loss early stopping were used. The frozen configuration used learning rate
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338  5x10-4, diffusion weight 0.005, cultural weight 0.02, covariance weight 0.1, adversarial weight
339 0, batch size 128 and a maximum of 100 epochs with patience 15.

340 Component ablations retained the same splits, hyperparameters and early-stopping rule. NoCult
341  set the cultural-supervision weight to zero, NoDiff removed the noise-prediction objective,

342  NoVisual zeroed image embeddings and availability masks, and NoText zeroed all TF—IDF

343  inputs before construction of the training, validation and test loaders. For NoText, validation and
344  test predictions were generated in separate deterministic runs for each of the five seeds, and the
345  no-text hybrid was rebuilt using validation-only convex weights with the unchanged structured
346  expert.

347  XGBoost expert and convex calibration

348  XGBoost [40] used the same training-only structured representation. Six candidate

349  configurations varied tree number, depth and learning rate; one configuration was selected per
350  outcome by minimum validation RMSE. The hybrid prediction was

351 Y hybrid =w . CC+ (1 —w) p.XGB, we{0,001,..,1} (1)
352 The weight minimizing validation RMSE was applied once to the corresponding test set. Test

353  outcomes were not used for tree-configuration or blend-weight selection.

354  Ridge regression supplied low-capacity text-only, metadata-only and text-plus-metadata

355  baselines. For each outcome and split, the regularisation coefficient was selected from {0.1, 1,
356 10, 100} by validation RMSE and applied once to the test partition. The same channel groups
357  and train-fitted feature builder were used as in the main analysis.

358  Predictive-fit and permutation-importance diagnostics

359  For the prespecified seed-20260807 split, hybrid predictions were aggregated into 28x28

360 observed-versus-predicted bins for each outcome before export as figure source data; video

361 identifiers and row-level predictions were not exported. To assess structured-feature dependence,
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all transformed columns belonging to one source feature group were jointly permuted in the
XGBoost test matrix while other groups were held fixed. Relative importance was defined as
(permuted RMSE — baseline RMSE) / baseline RMSE and averaged over 20 deterministic
permutations. This test-outcome diagnostic was computed only after model selection and was not
used for hyperparameter tuning or ensemble weighting. Because correlated predictors can share
or substitute predictive information, these importances are descriptive and non-causal.

Scope and geographic validation

For strict short-video validation, ISO-8601 durations were converted to seconds and all records
with duration <60 s were retained. The full frozen training, preprocessing, early-stopping,
XGBoost-selection and validation-only blending pipeline was rerun with the current code for the
same five seeds. Split construction remained channel grouped, and train, validation and test
channel sets were mutually exclusive in all ten neural evaluation manifests (validation and test
runs for five seeds).

For geographic validation, records without channel-country metadata were excluded. All
channels assigned to the target country were placed in the test partition; channels from the
remaining known countries were divided into channel-disjoint training and validation partitions.
The US and India were selected before evaluation because they were the two largest known-
country groups. These single-seed analyses assess transportability and were not pooled with the
five-seed channel tests.

For duplicate-title sensitivity analysis, titles were Unicode-normalised, lower-cased, stripped of
punctuation and collapsed to single spaces. Test records whose normalised title exactly matched

any training or validation title in the same split were removed without refitting, and metrics were
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recomputed on the retained test records. This diagnostic addresses literal title reuse; it does not
detect semantic paraphrases.

Statistical analysis

MAE, RMSE, R? and Spearman correlation were computed separately for each outcome and
randomized split. Videos were the prediction units, while channel grouping prevented a channel
from appearing in more than one partition within a split. The five split seeds are dependent re-
partitions of one query-based dataset rather than independent experimental replications. We
therefore report split-wise values, arithmetic means, standard deviations, win counts and
descriptive 95% t intervals across splits with four degrees of freedom. We do not interpret these
intervals as population-sampling confidence intervals and do not use split-seed p values for
confirmatory claims. Country, chronological, missingness and latent-probe analyses used the
prespecified seed 20260807 and are reported as targeted descriptive or bootstrap audits.

For uncertainty analysis, the 90th-percentile absolute residual was estimated on each validation
partition using the finite-sample split-conformal rank ceil((n+1)*0.90) and applied
symmetrically on the log-outcome scale. Selective-risk curves ranked test videos by absolute
disagreement between the neural branch and XGBoost expert; RMSE was then recomputed from
20% through 100% retained coverage. Neither calibration radii nor selection order used test
outcomes. Current neural runs used Python 3.13.5, pandas 2.3.1, scikit-learn 1.7.1 and PyTorch
2.7.1 with CUDA 11.8; summary analyses used SciPy 1.16.1 and the metadata expert used
XGBoost 3.0.5.

Ethics declaration

This study analysed publicly accessible YouTube video metadata and aggregate public

engagement counters and did not recruit, intervene with or obtain private data from human
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Data availability

Aggregate result tables and source data underlying all figures and supplementary tables, together
with the data schema, query protocol, frozen seed definitions and analysis code, have been
prepared for deposit in a persistent repository (AUTHOR INPUT NEEDED: insert repository
name and DOI). Video-level YouTube API data—including video and channel identifiers, titles
and descriptions, channel metadata, public counters linked to identifiers and comment-derived
records—are not redistributed because they are third-party API Data subject to the YouTube API
Services Terms of Service and Developer Policies, including credential-security and data refresh
or deletion requirements. Raw audiovisual content was neither archived nor used in the reported
models. Researchers may reproduce collection using the documented queries, their own
credentials and current API responses, subject to the then-current YouTube terms; resulting
sample sizes and public counters may differ because resources and engagement values change

over time.

Code availability

All custom preprocessing, annotation-audit, model-training, baseline, calibration and statistical-
summary scripts, together with aggregate result tables and figure source data, are included in the

versioned reproducibility archive (AUTHOR INPUT NEEDED: insert the persistent repository
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DOI or versioned URL after deposit). The archive includes a file-level SHA-256 manifest and

explicitly excludes API credentials and video-level third-party platform data.
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