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Abstract 
    

   Most methods to predict a video’s popularity on YouTube rely on post-pub-

lication factors, which results in target leakage and can only be applied after a 

video is published. This paper suggests a stage-aware multimodal framework 

that offers a clear separation between post-publication analyses and early-stage 

predictions. This framework includes features that are made of text, images, 

metadata, and user interactions. It captures characteristics of the content and 

user engagement. Text features are made using DeBERTa, images are made 

using CLIP, and metadata and user interaction features are added to extract 

more contextual and behavioral information in a given situation. Predicting 

early-stage popularity trends with only text features and STM is effective, and 

multimodal fusion is needed for improving overall performance of the model. 

The model that uses the text, image, metadata, and user interaction achieved 

an F1 score of 0.9827 and a maximum accuracy of 0.9848, which is a massive 

improvement from single-modality models. This study proposes a framework 

with a heterogeneous integration of features. The results show a positive im-

provement to avoid target leakage and help predict early-stage popularity 

trends 
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1. Introduction 

1.1 Background and Motivation 

  YouTube has proven to be one of the most 

powerful video sharing platforms. Its rapid 

development has allowed them to establish 

channels to share content across entertain-

ment, education, and news. With the compet-

itive market opportunities becoming scarcer, 

predicting video popularity has proven to be 

an important field of research [1]. 

Views, likes, and comments have been the 

de-facto methods to gauge the popularity of 

the video. Along with user behavior, the rec-

ommendations also affect these variables. 

With that in mind, the problems of predicting 

views and engagement metrics are quite com-

plex [2]. 

Furthermore, the fact that popularity predic-

tion is time sensitive and depends on early en-

gagement presents further challenges. This is 

then complicated by regional factors and dif-

ferences in cultural practices [3], [4]. 

These factors are why the popularity of vid-

eos has led the research community to rely on 

machine-based methods.  

The initial methods predominantly used clas-

sical machine learning methods. The more re-

cent work has started to rely on multimodal 

methods, which are better suited for the pre-

diction of popularity as they consider the vis-

ual, text and metadata associated with a video 

[5], [6]. 

Most of the work that has been done relies 

primarily on video engagement metrics, 

which can only be collected post-publication. 

Thus, these methods are limited in their abil-

ity to support early-stage prediction. In addi-

tion, such methodologies suffer from target 

leakage, as they rely on information that be-

comes available only after publication [7].  

Most of the work that has been done, relies 

mostly on the videos' engagement metrics, 

which can only be collected post-publication. 

Thus, these methods are limited in their abil-

ity to predict views and engagement metrics. 

In addition to that, the methodologies suffer 

from data leakage in that they rely on data 

that has been collected post-publication [7]. 

Therefore, more work has to be done to pro-

vide realistic solutions, whereby the time of 

information can be temporally bounded and 

can be useful for predicting popularity even 

before the information is published. 
 

1.2 Problem Definition and Re-

search Gap 

   Although YouTube’s popularity prediction 

is receiving greater focus, many crucial limi-

tations still exist in the present literature. One 

primary concern is the absence of an explicit 

definition of what a “popular” video is. Prior 

studies use different thresholds, evaluation 

criteria, or labeling. It undermines the com-

parability of studies and the ability to repro-

duce them [1]   . Arguably, among the most 

significant shortcomings, is the reliance on 

interaction features such as likes, comments, 

and other engagement signals. While many of 

these features enable the ability to make ac-

curate predictions, they rely on what would 

otherwise be an unreal expectation. This in-

troduces the potential for target leakage when 

correlated with the prediction label  

[2].Moreover, several current approaches 

seem to neglect the importance of time with 

respect to the availability of and reliance on 

various features. Interaction features often 
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appear as a result of user engagement, 

whereas content-based features (e.g., textual 

and visual features) are available pre-publica-

tion. Ignoring these differences creates a mis-

match between model design and real-world 

prediction requirements, particularly in early-

stage prediction scenarios[3]  .The absence of 

consideration for incomplete and underdevel-

oped textual features in current models also 

points to a shortcoming in the current studies. 

Several studies use underdeveloped features 

or descriptions, failing to fully analyze their 

impact with reliance on content-focused 

models as their primary method of modeling  

[4]  . These gaps highlight the need for im-

proved, organized frameworks that integrate 

several feature types, especially when ad-

dressing temporal limitations. This thesis 

seeks to invite consideration of a stage-based 

integrated framework that reconceptualizes 

prediction into the Pre-Interaction and Inter-

action stages of the model’s framework. The 

Early Stage uses a combination of textual, 

visual, and metadata features, while the Inter-

action Stage models engagement features 

separately to prevent target leakage. Further, 

a deliberate design is implemented to im-

prove textual completeness and analyze its 

effect on early prediction performance. This 

makes the design of early YouTube popular-

ity prediction more consistent, understanda-

ble, and usable in practice. This design en-

sures a realistic and leakage-free prediction 

setting. 
 

1.3 Research Objectives  

This dissertation develops an accurate, ra-

tional framework for the prediction of 

YouTube video popularity, targeting the his-

torically prominent, pernicious limitation of 

the lack of an awareness of the predictive po-

tential of temporal features vis-à-vis the post-

publication features of instructive value 

claimed by critics of the existing models. The 

framework explains the modality of the pre-

dictability of multi-modal features vis-à-vis 

the post-publication features through the ma-

nipulation of the video content and the user 

meta features interdependencies. Moreover, 

the early-stage prediction of populist poten-

tial is improved through the manipulation of 

the interactive predictability of the user meta 

content of the videos through the improve-

ment of the systematic content generation. 

 

In addressing the limitations presented 

above, the thesis aims at the following key 

contributions: 

Multimodal, Stage-Aware Framework that 

separates Early from Interaction Stage, facil-

itating realistic prediction without target 

leakage. 

 

Inclusion of differing modalities, integrating 

textual features (e.g., DeBERTa), visual fea-

tures (e.g., CLIP), metadata features, and in-

teraction feature in a unified and consistent 

framework. 
 

A controlled approach to the description gen-

eration as a means to textually complete in-

complete textual inputs to enable systematic 

assessment. 
 

A consistent reproducible framework of de-

fining video popularity as the 80th percentile 

of training set view counts. 
 

A uniform Testing Framework using multiple 

classifiers (Logistic Regression, Random 

Forest, XGBoost, Linear SVM) and con-

sistent evaluation metrics. 
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2. Literature Review 
    Previous attempts at predicting YouTube 

popularity predominantly acknowledged uni-

tary feature representations and singular me-

dia forms at best. 

The research [12] approaches popularity pre-

diction with a multi-class classification for-

mat and utilizes the textual and metadata fea-

tures from the Trending YouTube Video Sta-

tistics dataset. The authors assert that the best 

results (F1 = 0.736) occurred following fea-

ture selection and the use of XGBoost. While 

class imbalance is apparent, the study is un-

derpinned by a structurally restrictive classi-

fication framework, and the overlapping 

class boundaries directly impact the predic-

tion draw. Additionally, despite feature selec-

tion, the study is limited by the manifestation 

of overfitting. 

The authors of [5] propose a model of Multi-

modal Deep Learning, wherein the model at-

tends to and accommodates the weighted im-

portance for each of the textual, visual, and 

metadata features. The model is successful 

(MAE ≈ 1.401) and realized the value of 

Multimodal Fusion. What is, however, the 

case, is that the aim of the model was a re-

gression to positional values, as opposed to a 

classification, and, further, the attention-

based architecture augmented significantly 

the computational load, and as a result, the 

model may not be efficient for real life pur-

poses. 

The study [13] achieves high accuracy (≈ 

88%) by combining features from metadata 

and interactions augmented through fusion 

and feature engineering. Although this repre-

sents a notable achievement, the model, for 

reasons of practicality, particularly limits the 

prediction of popularity to events occurring 

post-publication, for example, the interac-

tions of views and likes. Additionally, the in-

dustriousness sampling of fusion features 

limits the interpretability of the model and 

may result in information loss. 

The research [14] has incorporated several 

classification techniques with the inclusion of 

metadata and interaction features, yielding 

Logistic Regression to culminate with the 

best performance of approximately 62.53%. 

The translation of the research results into 

various models; however, incipient accuracy 

reveals little capacity to predict the results. 

Thought the models are based on features that 

emerge after the publication, the models are 

based on various elements that obscure the 

raw potential of the model to generalize. 

The research [15] has incorporated the use of 

word embeddings to create a measure of text 

features, alongside the use of traditional ma-

chine learning models which has led to some 

improved performance (accuracy ≈ 87%). 

Though such measure of text representation 

is an improvement to more simplistic meth-

ods, it still lacks a more dynamic understand-

ing of the context amongst the words. Fur-

thermore, the inability to capture the visual 

elements, alongside the metadata of the 

model are evident. 

The research [16] has undertaken prediction 

based on images, applied through deep learn-

ing methods using thumbnail images, and has 

led to a measure of accuracy of (≈ 65.13%). 

Though the research has highlighted the po-

tential use of visual features, it lacks other el-

ements of prediction, no textual and metadata 

prediction elements of the model. Further-

more, the relatively small dataset size results 

in a high risk of overfitting the model to the 

dataset. 

The research [17] has incorporated elements 

of a hybrid Model that combines text, 

metadata, and interaction features, yielding 

reasonable (≈ 85%) results. However, the use 

of the bag-of-words representation of text 

features leads to the model unable to capture 

more deeply the relationships between the 

words. Moreover, the separation of the re-

gression and the classification design is inco-
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herent and the lack of more than one con-

struct of learning diminishes the design’s per-

formance. 

In study [18], authors use interaction-based 

features via a binary classification method, 

achieving very high accuracy (≈ 99.74%). 

Despite these results being intriguing, the au-

thors cited controlled dataset conditions and 

use of post-publication signals, resulting in 

target leakage, thus limiting the model's use 

of early prediction scenarios. Furthermore, 

these authors noted the exclusion of content-

based features and the lessening of model ro-

bustness. 

In study [19], strong results (≈ 87.77%) were 

found via the use of interaction and metadata 

features, utilizing statistical and machine 

learning techniques. Nevertheless, the use of 

regular machine learning models and the lim-

ited number of features constrained the mod-

els' ability to understand the less visible but 

complex nonlinear relationships. In addition, 

the desire to predict less was a result of insuf-

ficient complex integration of features com-

ing from various modes. 

The study [2] combines interaction and senti-

ment features using machine learning models 

and achieves an accuracy of approximately 

86.5%. However, due to the domain-specific 

nature of the dataset (gaming), generalization 

is not possible, and the dependence on post-

publication features compromises the early-

stage prediction of the model, while the ab-

sence of uniform assessment introduces un-

predictability in the results. 

The study [20] centers on the development of 

a visual-based prediction framework, em-

ploying thumbnail features such as color, 

brightness, and structural composition. The 

framework achieves performance (MAPE ≈ 

1.055%), indicating the usefulness of visual 

characteristics in predicting aspects of video 

performance. However, the study focuses 

solely on the use of visual features and disre-

gards textual and metadata, which hampers 

the study’s potential to comprehensively cap-

ture the semantic context of video content. In 

addition, the emphasis on regression-based 

framework limits design to a classification-

based predictive framework. Furthermore, 

the study focuses on brand channel videos, 

which limits the versatility of the framework 

across various YouTube content. 

The study [21] uses a text-based prediction 

framework by employing linguistic features 

from video titles. In spite of the  use of sev-

eral machine learning models, the prediction 

performance is at a level of R2 ≈ 0.199. This 

signifies the weak prediction potential, which 

is attributed to the title-based features. This 

prediction model is deemed ineffective in 

real-world scenarios as a result of the absence 

of supportive visual, contextual, and seman-

tic background. 

The study [8] presents a multi feature-based 

classification framework that incorporates 

textual, metadata, and temporal elements. 

The framework achieves a moderate level of 

prediction performance (Accuracy ≈ 82.5%, 

F1 ≈ 0.75). 

The use of Naïve Bayes modeling assumes 

that all features are independent from one an-

other. Unfortunately, this independence as-

sumption limits modeling features that are re-

lated in complex ways, and also limits the use 

of time and interaction-based features in ini-

tial-stage predictions. 

The study [22] offers a framework that draws 

upon the complementarity and synergy of the 

visual, textual, and meta-data. Predictions are 

shown to improve as models are fused. Un-

fortunately, this study is also limited as it uses 

continuous prediction metrics that lend them-

selves to a regression comparison, and it also 

increases the computational burden as the 

model processes all the video data, putting 

real-time systems out of consideration. 

The study [23] builds upon all of the engage-

ment and interaction predictors and adds a 

sentiment layer, which was measured 
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through the comments. The model showed 

strong performance (accuracy ≈ 84.3%, F1 ≈ 

84.1%) among numerous validating metrics 

with insufficient confidence in predictive and 

engagement processes. However, the model 

does require raw comments which carry their 

own biases, and it does require post-launch 

interaction data. Thus, early-stage predic-

tions are limited. 

The study [6] offers a framework that draws 

upon the complementarity and synergy of the 

textual, visual, temporal, and behavioral lay-

ers. The model also showed strong predictive 

performance (SRC ≈ 0.7324), proving that 

positive predictive performance can be 

achieved with hierarchical fusion. Higher 

model complexity led to model deployment 

to be impractical due to a high predictive bur-

den, and the outcome of the model remained 

ambiguous. 

The study [24] offers a higher-order frame-

work that draws upon complementarity and 

synergy of the visual, textual, and audio lay-

ers to describe more elaborate and advanced 

interactions between the different layers. 

The performance puts MAPE ≈ 0.1842 and 

offers validation of more advanced fusion 

methods. The framework, however, depends 

on regression-based assessments. Also, it 

needs the presence of multiple modalities. 

This includes audio and user behavior data, 

which may not always be available. Further, 

the framework requires high computational 

resources, which makes it more infeasible to 

be deployed on a large scale. 
 

3. Methodology 
   This section lays out the proposed pipeline 

framework for the automation of multimedia 

cross-referenced prediction of the popularity 

of YouTube videos. Preprocessing, feature 

extraction, and labeling, along with training 

and evaluation, form the core components of 

the pipeline. The Early Stage and Interaction 

Stage elements of the pipeline have been de-

signed for pragmatic feature use. 

 

Figure 1: Stage-Aware Multimodal Framework Overall Architecture 

 

During the Early Stage, gaps in feature col-

lection are filled with the following: 

DeBERTa for text, CLIP for vision, and the 

inclusion of metadata. Feature collection for 

text can handle missing descriptions by cre-

ating text from the title/tags. During the In-

teraction Stage, only the interaction features 

of the metrics are available. View count is 
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purposely excluded to mitigate target leak-

age. Multimodal features that the framework 

encompasses are designed to integrate seam-

lessly regardless of time 
 

 

3.1 Dataset Description 
    The (Trending YouTube Video Statistics). 
dataset, is used to perform the experiments. It 

contains an extensive historical collection of 

videos that have appeared on the trending 

lists for YouTube in several countries. This 

dataset contains a variety of content data, in-

cluding the tags, videos, descriptions, and ti-

tle metadata. Interaction data features are 

provided, including comments, likes, and 

views, along with the relating metadata fea-

tures, including the category and time of pub-

lication. Data from different regions are com-

bined to enable cross-country analysis,   

  

 

while an extra country identifier is added to 

each record to mark the original source of the 

record, and remove redundant data entries 

and standardize record features. Most online 

YouTube datasets involve trending videos. 

These datasets manifest the most common 

trending videos, and major data repositories 

like Kaggle curate the datasets for bench-

marking prior research. Accordingly, the da-

taset for this study is benchmarked owing to 

utilization and standardization in most re-

search, enabling reproducible experiments 

across research.  

 

3.2 Data Preprocessing  
  The quality and consistency of data for 

model development were ensured through 

data preprocessing. The major countries 

merged records and removed duplicated, 

misrepresented, missing, or inconsistent val-

ues. After combining data from ten countries, 

duplicate datasets left a dataset of 363,372 

records encompassing 17 attributes. 

Several preprocessing steps were taken to re-

move the complexity of designing the model 

and ensure quality of data. The records were 

merged, and duplicates, formed from com-

bining them, were eliminated. Secondly, the 

models’ contributors were synthesized 

through the use of categorical model varia-

bles and standardization of numerical varia-

bles to fit the machine learning process. Ad-

ditionally, the length of the title, description, 

and quantity of tags were quantified through 

feature engineering and served to standardize 

the attributes for quality representation of the 

model. One of the significant issues in the da-

taset is the lack of video descriptions, with 

19,478 entries having an empty video de-

scription. A controlled approach was used to 

treat the empty video descriptions in one of 

two ways. The descriptions were either left as 

empty fields, or filled in with descriptions 

constructed from the corresponding video ti-

tle and video tags. This design was enabled to 

assess the impact of completeness of text on 

the performance of predictions in this dataset. 

Once this was completed, an 80/20 train-test 

split was implemented on the dataset to allow 

for a fair comparison. A binary label was cre-

ated through a predetermined threshold based 

on the 80th percentile of the view counts 

computed on the training dataset. Videos 

above the threshold were classified as popu-

lar, and all other videos were classified as 

non-popular. 
 

3.3 Feature Extraction 
  Feature extraction is the process of trans-

forming unprocessed data into a structured 

and quantitative format which machine learn-

ing models are capable of consuming. As pro-

posed structured framework is multimodal, 

the feature extraction process is performed 

independently for each modality. Multimodal 

approaches in this framework aim to address 

the diversity of features and video content. 

Specifically, semantic textual features, visual 

features based on the thumbnail, and the 

structured attributes of the videos in the form 

of metadata are employed. This separation of 

file:///C:/Users/HP/Downloads/Trending%20YouTube%20Video%20Statistics
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each modality guarantees that the compre-

hensive information for the audience in this 

case is represented for the purpose of predic-

tion. 
 

3.3.1 Textual Feature Extraction us-

ing DeBERTa 
   Textual features are the first of two content-

based signaling that are available in the Early 

Stage in prediction based on pre-publication 

information. This sort of content is found in 

the semantic context of video content in the 

video title, tags, and video description. Tex-

tual features when used in early prediction of 

video popularity are valuable [5] .The value 

of textual features in video popularity predic-

tion is largely based on the popularity predic-

tion in early video popularity logical reason-

ing  

In order to textual data conversion to the 

number description of data, one of the trans-

former-based language models (DeBERTa) is 

used to form the context in the form of 768-

length. Models based in the transformer are 

often better at identification of semantic rela-

tions (Multimodal Deep Learning for Social 

Media Popularity Prediction with Attention 

Mechanism). One difficult aspect of the da-

taset is that the video description field con-

tains missing values. Specifically, 19,478 

records do not have descriptions. A two-

staged controlled strategy is employed to re-

solve this problem. The first stage collects the 

missing descriptions as empty values, which 

are understood as unfinished textual inputs. 

The second stage, involving the generation of 

synthetic descriptions based on the accompa-

nying video title and tags, ultimately brings 

improvement to the textual completeness. 

 

Figure 2: DeBERTa Text Feature Extraction Pipeline with Missing Description Handling 

 

This development provides an opportunity 

to analyze the effect of textual completeness 

on Early-Stage prediction occurrence, thus 

operating within the bounds of the problems 

recognized by the authors of the work “Con-

struction and Data Analysis of a New Media 

Content Popularity Prediction Model Based 

on Naive Bayes Algorithm,” concerning in-

complete feature representation. 

Thereafter, the textual input is formed by 

bringing together the title, the tags, and the 

description, regardless of whether the miss-

ing description is original, empty, or has 

been generated. This integrated textual input 

is subsequently transformed into a fixed and 

formal contextual representation with the aid 

of the DeBERTa model to yield the embed-

ding, which is in turn, supplemented to the 

input set for the supervised models. 
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To further proof the quality of the generated 

descriptions, we undertook a semantic simi-

larity evaluation that involved the use of 

Sentence-BERT (SBERT). We utilized 

 

cosine similarity to determine the degree of 

similarity of the generated description to the 

original textual context (the video title and 

the tags). From the similarity scores, the gen-

erated descriptions were placed under three 

categories of quality: High, Medium, and 

Low. High descriptions were those that se-

mantic consistency with the original content, 

medium descriptions showed some level of 

alignment, and Low descriptions were those 

that showed a lack of semantic consistency. 

This quality of description aids the users of 

this generated dataset in supplementing text 

data descriptions to the original textual con-

text in a systematic manner, thus improving 

the quality of the dataset they are using to 

train their model(s).To demonstrate the via-

bility of the text generation method pro-

posed, we present in Table 1, some examples 

of actual samples from the generated dataset 

to exhibit the interlinkage between the input 

parameters and the output generated. 

 
 

 

 

Table 1: Representative Examples from the Generated Dataset (Original vs Generated Descrip-

tions) 

Row ID Title Tags 
Original Descrip-

tion 
Generated Description 

594 
[ENG SUB] BTS 

Woojin 

bts 

woojin 
NaN 

BTS Behind Run Ep 40 39 ( ) and 

these tags: bts woojin 

595 Drake - God's Plan Drake NaN 
Drake - God's Plan (official music 

video) is Drake's official music video 

597 ALIEN CRA Travel 
japanese 

s 
NaN 

Japanese street food and sashimi are 

common in Japan 

599 
Drake - God's Plan (E-

Mix) 
[none] NaN 

Drake - God's Plan (E-Mix) is a song 

by rapper Drake 

611 Real Madrid MATCH [none] NaN 
Real Madrid vs Real Betis 5-3 - Real 

Madrid vs Real Betis 

 

The table presents selected examples where 

the generated descriptions demonstrate 

strong semantic alignment with the video ti-

tles and tags across different content do-

mains. 

As shown in Table 1, the generated descrip-

tions effectively capture the core semantic 

meaning of the video content. The model per-

forms particularly well in structured domains 

such as music, sports, and entertainment, 

where clear contextual patterns are available.  

These results confirm the ability of the pro-

posed approach to generate coherent and con-

textually relevant textual representations. To 

ensure a fair and unbiased evaluation, all pre-

processing and embedding generation steps 

are performed using the training dataset only, 

preventing any form of data leakage. The re-

sulting embeddings are evaluated under iden-

tical experimental conditions to ensure a con-

trolled comparison between incomplete and 

enhanced textual representations. 

The enhanced dataset, referred to as  

 

“Enhanced Trending YouTube Video            

Statistics”, has been publicly released on 

Kaggle to ensure transparency, reproducibil-

ity, and accessibility for future research. This 

public release further supports the reliability 
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of the proposed methodology by enabling in-

dependent validation and reuse of the dataset. 

https://www.kaggle.com/da-

tasets/hamsahameedyousif/generated-miss-

ing-descriptions-trending-youtube 

 
3.3.2 Visual Feature Extraction using 

CLIP 
    Visual features are utilized to capture con-

tent-based signals available in the Early 

Stage through video thumbnails. Thumbnail 

images provide important visual cues that in-

fluence user attention and engagement prior 

to publication. To extract visual features, a 

pre-trained vision-language model (CLIP) is 

employed. The CLIP image encoder gener-

ates fixed-length embeddings of size 512 by 

leveraging large-scale image-text paired 

training, enabling the representation of high-

level visual semantics aligned with human 

perception [5]. To ensure data quality, thumb-

nail URLs are validated prior to processing, 

and only valid images are encoded. A con-

sistent extraction and filtering procedure is 

applied across all experiments to maintain 

fairness and comparability between different 

feature configurations. 

 
Figure 3: CLIP-Based Visual Feature Extraction Pipeline for Thumbnail Images 

The resulting CLIP embeddings are used as input features for the supervised classification mod-

els, enabling the integration of visual information into the prediction framework. 

 

3.4 Metadata Feature Engineering 
   Metadata features are incorporated to cap-

ture structural attributes associated with each 

video, complementing textual and visual rep-

resentations. These features are selected 

based on their relevance to video characteris-

tics and their availability in the dataset. In this 

study, the metadata feature set used in the ex-

periments consists of the following attributes: 

category_id and categoryId as categorical 

features, comments_disabled, ratings_disa-

bled, and video_error_or_removed as binary 

indicators, and title_length, descrip-

tion_length, and tags_count as numerical fea-

tures.Categorical features are transformed 

into numerical representations using one-hot 

encoding, while binary and numerical fea-

tures are scaled to ensure compatibility with 

the classification models. This structured rep-

resentation enables the integration of 

metadata features within the multimodal 

framework under consistent experimental 

conditions. 

 

https://www.kaggle.com/datasets/hamsahameedyousif/generated-missing-descriptions-trending-youtube
https://www.kaggle.com/datasets/hamsahameedyousif/generated-missing-descriptions-trending-youtube
https://www.kaggle.com/datasets/hamsahameedyousif/generated-missing-descriptions-trending-youtube
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3.5 Multimodal Feature Fusion 

(Text + Visual Features) 
   Multimodal feature fusion is applied in the 

Early Stage for the amalgamation of infor-

mation in text and visual formats. In the ex-

periment, text features are collected from the 

title, tags, and the description of the video, 

where DeBERTa is employed, providing 

fixed-length contextual embeddings of size 

768. Visual features are obtained from the 

thumbnail of the video via CLIP, an image 

encoder, providing fixed-length visual em-

beddings of size 512. 

After representation collection, DeBERTa 

and CLIP embeddings are synchronized in 

clips. When each video is assigned a text and 

thumbnail representation, these fused repre-

sentations, obtained via the amalgamation of 

semantic text information and visual textual 

information, allow the model to capture 

richer content-based signals beyond the mo-

dalities. 

 

Figure 4: Multimodal Fusion of DeBERTa Textual Features and CLIP Visual Features in the 

Early Stage 

The merged feature vectors obtained are used 

for plotting a supervised classification model 

under the same experimental conditions, 

which are applied to image and text single-

modality experiments. Such a design is con-

trolled and allows a comparison of text-mo-

dality, image-modality, and text-image fusion 

cases. It also allows an assessment of the 

Early-Stage prediction feature to see if it im-

proves performance, along with the predic-

tive use of textual and visual information, 

each functioning independently. 

 

3.6 Multimodal Feature Fusion 

(Text + Visual + Metadata Features) 
   Multimodal feature fusion is applied in the 

Early Stage for amalgamation of information 

in text, visual, and metadata formats. Textual 

features are extracted using DeBERTa to cre-

ate video title, tag, and description embed-

dings of dimension 768 using contextual 

fixed-length embeddings. The video thumb-

nail embeddings of dimension 512 using a 

fixed-length embedding of the CLIP image 

encoder are used to extract visual features. 

Features of metadata are constructed through 

the use of structured attributes slots that can 

either be categorical, binary, and/or numeri-

cal features that are transformed and scaled to 

a common scalar to create a metadata scalar 

feature vector. By extracting the features, 

representing text, video imagery, and 

metadata at the video level, visual, text, and 

metadata representations are all consistent. 

Each video is an entity and is represented in 
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an aggregate manner. Each video is repre-

sented as a single entity, and the representa-

tions of text are described semantically. The 

visual elements are represented from a video 

thumbnail, and the elements of metadata are 

described structurally 

 

 

 

 

Figure 5: Multimodal Fusion of Textual (DeBERTa), Visual (CLIP), and Metadata Features in 

the Early Stage 

 

This results in a more holistic representation 

of video content. The resultant multimodal 

feature vectors provide the input to the super-

vised classification models under consistent 

experimental circumstances. This allows for 

fair comparisons to be made between modal-

ities. To feature fusion, enhances prediction 

from the various features more so than the in-

dividual features. 

 

3.7 Interaction Stage 
   Interaction features are techniques that as-

sist in measuring user response after content 

goes live. These capture additional nuances 

and engagement metrics of the audience with 

the video content. Interaction features, in this 

study, are formulated based on user engage-

ment metrics in terms of people who liked, 

commented, and interacted, and the ratios of 

these engagements are derived from the dif-

ferent metrics of engagement.In this case, 

view count is expressly omitted from the in-

teraction features to avoid unrealistic evalua-

tions and target leakage by ensuring the 

model has no direct indicators of popularity 

to rely on, thereby preserving the fairness of 

the experimental setup. 

Interaction features are outlined in a numeri-

cal representation that is structured, in the 

Early Stage of the study, and the same exper-

imental conditions are employed for the con-

tent-based and interaction-based modeling 

approaches, fostering an equitable environ-

ment for comparison. While maintaining re-

alistic boundaries, the outlined interaction 

features assist the model to simulate the dy-

namics of engagement that post-publication, 

thereby helping in the assessment of the in-

teraction features. 

 

3.8 Machine Learning Models and 

Evaluation 
   Multiple classification models in the pro-

posed framework, such as Logistic Regres-

sion, Random Forest, XGBoost, and Linear 

SVM, incorporate diverse learning styles and 

non-linear modeling approaches to ensure an 

all-encompassing evaluation. All models are 

developed and evaluated using an even 80/20 

train-test split with the same experimental 

conditions to make the results generalizable 

to new data. All models also employ the same 

feature representation and data processing 

techniques to ensure an even playing field. 

The models are deemed to have achieved a 
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balanced level of prediction qualitization 

once the results of the different models are 

evaluated by the same prediction level met-

rics. Also, confusion matrices are used to an-

alyze results of a classification task and give 

great detail on˜ which predictions are correct 

and which are incorrect. Specifically, this 

type of evaluation structure offers a way for 

the author to clearly and reliably interpret the 

performance across various models and com-

binations of features and to make compari-

sons across various facets of this evaluation. 
 

4. Experimental Results 
   This section describes the evaluation of the 

YouTube video popularity prediction model 

using the stage-aware architecture developed 

by the authors. Because of the importance of 

fairness and objectivity in evaluating the 

models and the different feature sets, all ex-

periments were conducted using an 80/20 

splitting of data into the training and testing 

sets, and all experiments were performed in a 

similar manner. 

The authors assessed the performance of the 

models with four different classification 

methods, namely, RF, XGBoost, Logistic, 

and SVM. Different metrics of classification, 

including the accuracy, precision, recall, and 

F1 score, among others, were used to assess 

the performance of the models, thus provid-

ing detailed and objective evaluation of the 

efficiency of classification. 
 

4.1 Text-Based Results  
4.1.1 Text-Based Results using DeBERTa 

with Missing Descriptions  

   The authors assessed the performance of 

these models with the use of text features in 

two main settings: the original dataset 

(Trending YouTube Video Statistics) and the 

augmented dataset with the use of the de-

scriptions. In order to clearly present the per-

formance of the models in different scenar-

ios, the authors present the results in two sub-

sections. Table 2, with the section labeled 

“Text Based Results in Empty Descriptions” 

shows the performance of models using the 

DeBERT Based text features with descrip-

tions nullified. 

 

Table 2:Text-Based Performance (Empty Values) 

Model Accuracy Precision Recall F1-Score AUC 

Random Forest 0.9481 0.8456 0.9044 0.8740 0.9710 

XGBoost 0.9307 0.8835 0.7507 0.8117 0.9577 

Logistic Regression 0.7427 0.4244 0.8222 0.5598 0.8430 

Linear SVM 0.7562 0.4402 0.8284 0.5749 0.8558 

 

 

From Table 2, among all models, the RF 

model showed the best performance in terms 

of classification because it achieved an accu-

racy of 0.9481 and an AUC of 0.9710, indi-

cating an excellent classifying procedure. In 

addition, XGBoost also showed excellent 

performance, while the Logistic Regression 

and Linear SVM models had the worst re-

sults. 

This goes to show that contextual embed-

dings introduce complex non-linear rules that 

ensemble-based models capture well, while 

linear models leave much to be desired when 

it comes to the depth of the learned represen-

tations. 

In order to better understand the behavior of 

the best performing model, we illustrate the 

Random Forest’s ROC curve and confusion 

matrix in Figure 6. 
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Figure 6: ROC Curve and Confusion Matrix for Random Forest 

 

The ROC curve verifies that the Random For-

est model has a strong ability of discrimina-

tion and the confusion matrix displays a bet-

ter rate of correct classification with a much 

lower rate of misclassification. The Random 

Forest model outperformed linear models. 

Figure 7 shows all models with ROC Curves 

for each model. 

 

 

Figure 7: ROC Curve Comparison of Text-Based Models 

 

In line with Figure 7 and in AUC terms, Ran-

dom Forest outperformed all, with XGBoost 

being the second closest and both the Logistic 

Regression and Linear SVM being the low-

est. It is obvious that tree-based models out-

performed linear models in the use of the tex-

tual features. The assessment of the proposed 

model’s effectiveness was achieved through 

the comparison of the Random Forest to the 

average of the YouTube popularity prediction 

models, using a classification-type machine 

learning model (the “YouTube Videos Pre-

diction: Will This Video Be Popular?”) to fur-

ther understand the YouTube Video machine 

learning models that attained a high audience 

in YouTube based on the classification-type 

prediction. 
 

 This study lacked the use of high order con-

textual embeddings and employed ordinary 

textual features as opposed to the proposed 

one. This study claimed a Random Forest 

model accuracy of about 0.85, while the pro-

posed model attained 0.94. The advancement 

has occurred through the usage of contextual 

embeddings (DeBERTa). They are able to 

provide a denser semantic representation, as 

opposed to older  

 

techniques of model feature extraction, 

which allow more efficient modeling of text. 
 

4.1.2 Text-Based Results using DeBERTa 

with Generated Descriptions 

   To build on the findings of texture feature 

enhancement, the dataset with generated de-

scriptions was used to conduct additional tri-

als. 
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Table 3:Text-Based Performance (Enhanced Dataset) 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9463 0.8624 0.8687 0.8655 

XGBoost 0.9418 0.8738 0.8271 0.8498 

Logistic Regression 0.8325 0.6471 0.3479 0.4525 

Linear SVM 0.8271 0.7585 0.1924 0.3070 

 

 

Table 3 shows that Random Forest and 

XGBoost exhibit excellent and consistent 

performance, achieving accuracies of 0.9463 

and 0.9418, respectively. The results suggest 

that generated descriptions offer an improve-

ment in the representation of text. When com-

pared to the original dataset, the overall accu-

racy remains consistent, however certain 

models exhibit improved precision and F1-

score, with evidence of improved predictive 

performance. Random Forest remains con-

sistent and stable, suggesting it is robust to 

feature modifications, while linear models 

tend to exhibit a loss in recall, indicating an 

overall sensitivity to feature distribution. The 

results suggest that enriched  

textual completeness contributes to more  

comprehensive semantic representations al-

lowing the models, and more importantly the 

non-linear models, to better identify video 

popularity through the development of com-

plex patterns. 
 

4.2 Image-Based Results (CLIP) 

   The models were trained using the visual 

features extracted from the YouTube video 

thumbnails using the CLIP (Contrastive Lan-

guage-Image Pre-training) model. An analy-

sis was performed on these features to deter-

mine the usefulness of the visual features 

viewed in the context of video popularity pre-

diction and to gain insights into the behavior 

of the models for each of the machine learn-

ing algorithms employed. 

 

 

Table 4: Image-Based Performance (CLIP   Features) 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.7935 0.1984 0.0086 0.0165 

XGBoost 0.6436 0.2021 0.2616 0.2280 

Logistic Regression 0.7972 0.2514 0.0039 0.0077 

Linear SVM 0.5790 0.2009 0.3670 0.2597 

 

Table 4 shows that most models performed 

better using textual rather than visual fea-

tures. Logistic Regression (79.72%) and Ran-

dom Forest (79.35%) models obtained the 

higher accuracy scores, but the models 

showed almost zero recall and F1-score, and 

hence, a certain majority class bias. It can be 

assumed that the models failed to recognize 

the popular videos by leveraging the visual 

features only. The models XGBoost and Lin-

ear SVM performed better than the models 

Logistic Regression and Random Forest in 

terms of capturing the patterns of minority 

class members. However, their total accuracy 

was not impressive, and their precision and 

recall scores would not be medically justi-

fied. The results indicate that the early-stage 

popularity prediction models failed to reach 

the accuracy level in terms of popularity pre-

diction. This reflects the necessity of merging 

the visual features with the other types of fea-

tures, in particular textual features. 
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These results were further strengthened by a 

benchmark taken with a recent study (A Mul-

timodal Feature Fusion Model for User Inter-

est Prediction) that applied CNN-based vis-

ual features, namely ResNet50, to the image-

based prediction task. The best accuracy for 

the study was 0.3935 (image-only features), 

and the proposed approach achieved higher 

accuracy scores while using CLIP-based rep-

resentations. This difference is due to CLIP 

being able to grasp the complex semantic re-

lationships that exist between different types 

of visual content and the words used to de-

scribe them, leading to representations of fea-

tures that are more detailed than those offered 

by classic CNN methods. 

However, low recall values show that even 

though the image-only models are more ac-

curate, they are still not successful at finding 

the most popular videos. 
 

4.3 Metadata-Based Results 

   In this case, we are analyzing the features 

of the metadata and trying to understand their 

potential to predict   the popularity of   

YouTube   videos by themselves. Some of 

these features are categorical (like category 

identifiers), others are binary (like comments 

disabled, ratings disabled, and has been video 

error or removed), and some are numerical 

(like title, description, and number of tags). 

Here, we try to understand the potential of 

structured metadata to predict video popular-

ity compared to content features. 

 
 

 

Table 5: Metadata-Based Performance 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9422 0.8195 0.9105 0.8626 

XGBoost 0.8453 0.7177 0.3668 0.4855 

Logistic Regression 0.8064 0.5415 0.1760 0.2657 

Linear SVM 0.6808 0.3425 0.6572 0.4504 

 

As seen in Table 5, performance using 

metadata features are mediocre in compari-

son to text-based results. Random Forest and 

XGBoost have comparatively better results, 

while Logistic Regression and Linear SVM 

provide poorer results. This suggests 

metadata features are useful in providing 

structural features about videos, but do not 

have the semantic depth required for model-

ing content-related patterns associated with 

video popularity. Metadata features are not as 

expressive as the textual features, as they do 

not express the semantic content of the video. 

Thus, the models are poor in determining so-

phisticated patterns about the content and 

popularity. In conclusion, results show 

metadata features are not enough to get high 

prediction performance. Yet, they can be use-

ful as additional features in combination with 

the textual and visual features 
 

4.4 Interaction-Based Results 

  This section explains the effects of interac-

tion-based features in the context of predict-

ing YouTube video popularity. Interaction-

based features, which explain 

 

 user engagement and how well the video is 

likely to perform, provide excellent potential 

for predicting video popularity. The interac-

tion features are made up of engagement sig-

nals (likes, comments) and tailored features 

such as log_likes, log_comments, like_dis-

like_ratio, and interaction_score. In order to 

conduct a fair and realistic assessment, view 



Journal of Kerbala University, Vol. 23, Issue 2, June , 2026 
 

169 

count is removed from the feature set to pre-

vent target leakage and are considered the 

only direct engagement features. 

 

 

 

Table 6: Interaction-Based Performance 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9482 0.8814 0.8549 0.8680 

XGBoost 0.9250 0.8467 0.7608 0.8014 

Logistic Regression 0.9098 0.8551 0.6584 0.7440 

Linear SVM 0.9019 0.7071 0.8655 0.7783 

 

Table 6 shows how Random Forest achieved 

the highest metrics involving interaction-

based features, accuracy, and balanced preci-

sion and recall. XGBoost also performed 

well; however, Logistic Regression and Lin-

ear SVM performed somewhat lower, but 

competitive. Interaction-based features en-

hance prediction metrics more compared to 

the previous features. This shows intricate 

user engagement, as likes and comments, 

highly correlates with the popularity of vid-

eos. Interaction-based features, in contrast, 

emphasize the aftermath behavior of users, 

more so than the textual and visual features, 

and can be useful as an informative predic-

tion metric. These features represent active 

engagement behavior, which is user behavior 

and can predict the popularity of the videos. 

To further validate these hypotheses, results 

from the three previous studies that consider 

engagement-based interaction as a major 

business component. Prior studies achieved 

accuracy, F-measures, and ROC-AUC in the 

engagement signals of likes, dislikes, and 

comments. For example, the (YouTube 

Trending Videos Prediction & Analysis) 

study that used SVM, KNN, and 

 Random Forest, which achieved values of 

0.82, 0.85, and 0.88, respectively. Likewise,  
 

 

 

Interaction and Metadata features with the 

Application of a Decision Tree (YouTube 

Video Trending Analysis Based on ML) 

study achieved an accuracy of 0.877. In the 

absence of a view count, the proposed model 

achieved a 0.9482 accuracy. This result sug-

gests high metrics achieved in the absence of 

view-based component reliance. 

 
 

4.5 Multimodal Fusion Results 
4.5.1 Multimodal Results (Text + Image) 

   n this study, the features of DeBERTa and 

CLIP were merged, DeBERTa provided the 

textual features and CLIP provided the visual 

features. Textual features were expressed as a 

768-dimensional vector, and visual features 

as a 512-dimensional vector. The vectors 

from each video were concatenated, 
 
 

 

 producing a combined 1280-dimensional 

vector. This method aims to surpass the per-

formance of the unimodal models, achieving 

better prediction performance by incorporat-

ing the rational and empirically supportive 

information from both text and images. 
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Table 7: Text and Image-Based Performance 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9334 0.8148 0.8612 0.8373 

XGBoost 0.9299 0.8865 0.7426 0.8082 

Logistic Regression 0.8316 0.6530 0.3277 0.4364 

Linear SVM 0.8401 0.6815 0.3689 0.4787 

 

Table 7 illustrates the results of the multi-

modal models illustrating positive and con-

sistent performance of the classifiers. Ran-

dom Forest was able to achieve the strongest 

results, obtaining an overall performance of 

0.9334 and an F1-score of 0.8373, closely 

followed by XGBoost. The results show a 

significant improvement when compared to 

the image-only models. The textual features 

provide the necessary and critical reasoning 

that predict the next pieces of information 

and provide the strongest results. When com-

pared to models using text only, the results 

suggest a more careful adjustment of balance. 

It illustrates a more stable outcome of both 

precision and recall and better results. The re-

sults suggest a more careful adjustment of 

balance compared to models with text only.  

The results illustrate the text features with the 

more dominant forms whereas the visual in-

formation features represent a more constitu-

tive supportive element that predict the next 

pieces of information. The results illustrate 

that by combining the text and visual cues 

from the thumbnail, multimodal fusion re-

sults provide the models with a more exten-

sive representation of the patterns. Compared 

to single-modality models, this combination 

offers better representation of video content 

and aids in generalization. Analyses show 

that, for prediction models, incorporating 

both text and images yield better results. 

Though better than text-only models, the im-

provement in image-only models is signifi-

cant, but the multimodal approach offers in-

depth insight in video characteristics. 

 

4.5.2 Multimodal Results (Text + Im-

age + Metadata) 
   By incorporating text, visuals, and 

metadata, the models capture content and 

context. Textual representations take the form 

of DeBERTa embeddings (768 dimensions), 

visual features are captured by CLIP (512 di-

mensions), and metadata input is provided in 

the form of a structured representation. All 

features are concatenated to create a unified 

representation for each video. Utilizing a 

structured contextual representation of 

metadata and complementary information 

from various types of features is likely to en-

hance prediction performance. 

 

 

Table 8: Text, Image, and Metadata-Based Performance 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9488 0.8495 0.9026 0.8752 

XGBoost 0.8980 0.8486 0.5935 0.6985 

Logistic Regression 0.8490 0.6815 0.4532 0.5444 

Linear SVM 0.6642 0.3612 0.8944 0.5146 
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Given the information in table 8, Random 

Forest performs better on all prediction met-

rics (0.9488 in accuracy and 0.8752 in F1-

score) than all other measures, including the 

previous multimodal models. The addition of 

metadata features shows a slight and con-

sistent improvement on the Text + Image 

model, suggesting that structured contextual 

information adds value to prediction perfor-

mance. The proposed model is further evalu-

ated by comparing it to preceding models. 

The study (YouTube Case Study: Compara-

tive Analysis of ML and ANN Models for 

View Prediction) reported a Random Forest 

accuracy of 0.91. Furthermore, the study 

(Machine Learning Enabled Models for 

YouTube Ranking) reported a Random Forest 

accuracy of 0. 784.In comparison, the pro-

posed model in this work reported a Random 

Forest accuracy of 0.9488. This improvement 

can be attributed to the incorporation of mul-

timodal features, especially the union of the 

textual, visual, and metadata representations. 

4.5.3 Multimodal Results (Full Fea-

ture Integration) 
  In this case, the full multimodal framework 

looks at how the combination of textual, vis-

ual, metadata, and interaction features all 

folded into a single representation. Such a 

combination captures the semantic and be-

havioral aspects of popularity of a video, lev-

eraging content and interaction features both 

prior and post-release, respectively. The de-

mand of this arrangement is to push the 

boundaries of the predictive capabilities of 

the model, when all feature types are at a re-

searcher’s disposal. The results are summa-

rized in Table 9. The column headings are de-

fined as follows. Accuracy is defined as the 

number of correct predictions divided by to-

tal predictions. Precision is defined as the 

number of correct predictions divided by to-

tal predicted positives. Recall is defined as 

the number of predicted positives divided by 

total actual positives. Finally, the F1-Score is 

defined as the harmonic mean of precision 

and recall  

 

Table 9: Full Multimodal Performance (Text + Image + Metadata + 

Interaction) 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9848 0.9972 0.9685 0.9827 

XGBoost 0.9783 0.9997 0.9517 0.9751 

Logistic Regression 0.9734 0.9890 0.9510 0.9697 

Linear SVM 0.9745 0.9928 0.9497 0.9708 

From Table 9, we see the full multimodal 

model yielding the best performance across 

all configurations. The Random Forest model 

has the numerical edge on all models exhib-

iting performance across all configurations 

yielding almost perfect statistical correctness, 

and XGBoost was second best to the chain 

while Logistic Regression and Linear SVM 

were almost perfectly correct, respectively. It 

can be said that the integration of interaction 

features vastly improves the performance 

lightyears in the context of the earlier multi-

modal architectures due to the strong predic-

tive power of engagement-based signals. The 

interaction features being added to the Text + 

Image + Metadata model is a key point of the 

model evidencing almost perfect correctness. 

Finally, it is fair to say that the above config-

uration is more numerous due to the post-

based implementation which includes the in-

teraction-based signals as almost perfect cor-

rectness predictor signals used. Which sup-

port the claim of the predictive power of en-

gagement-based signals and interaction fea-

tures. It is fair to state the focus of the above 
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implementation in is beneficial and Fuller in 

terms of research of popularity of videos due 

to the interaction features. Consequently, the 

results achieved here delineate a ceiling ra-

ther than a first-order prediction case of a nas-

cent system. Herein, all results illustrate pre-

dictive performance of the ‘best’ Multimodal 

model, yet because of its exclusive reliance 

on post-engagement interaction attributes, its 

usefulness is confined to a case of Predictive 

Retrospective Analysis, rather than Real-time 

prediction of post-published videos. The re-

sults substantiate the significance of differen-

tiating early-stage prediction from post-pub-

lishing predictions and illustrate the efficacy 

of the stage-aware, multimodal framework 

model to both prediction situations thus, ful-

filling the core motivation of the framework.  

5. Discussion 
   This part of the document assesses the pro-

posed model’s performance for various types 

of features and their roles in predicting 

YouTube video popularity. Different types of 

features such as textual, visual, metadata, in-

teraction, and multimodal features have 

shown to have varying predictive perfor-

mance in experiments. DeBERTa contributes 

to textual features and performs well in early-

stage predictions. The strong performance of 

text-based models shows that the video’s 

popularity is significantly affected by the se-

mantic-rich, text-based informative content 

such as the video title, description, and tag 

that are available pre-publication. Contextual 

embedding improves the textual feature's rep-

resentation, and the models capture text se-

mantic relations more deeply than the legacy 

text features. Visual features shown to have 

limited predictability in thumbnails captured 

by CLIP when these features used in isola-

tion. Accuracy of image-based models is at a 

decent level; however, the models show low 

F1-score and recall. This indicates class im-

balance. This shows that popularity of video 

 

 

 is captured better by other features than 

thumbnails alone. This shows that popularity 

of video is captured better by other features 

than thumbnails alone. Predictably, metadata 

features have shown to have moderate pre-

dictably. Category, title length, and video set-

tings have shown to have depreciating depths 

of semantic relations predictive capability. 

This shows that these elements have limita-

tions in capturing relations that are semantic. 

Compared to textual features, metadata fea-

tures have limitations and provide less con-

tent representation. Features based on inter-

action achieve the highest predictive perfor-

mance compared to other modalities. Popu-

larity correlates with engagement, likes, and 

comments. Unfortunately, interaction-based 

features are only available after publication, 

which limits them for early-stage prediction. 

To test the model without the risk of target 

leakage, the required view count was omit-

ted. Nevertheless, interaction features are in-

formative and improve the model signifi-

cantly. The combination of interaction, tex-

tual, visual, and metadata features lead to the 

highest accuracy and model performance and 

stability improvement. The results support 

the statement that integrating data from mul-

tiple sources helps the model capture the in-

formation that other forms don't capture. The 

results of all the experiments support the 

claim that interaction-based modalities 

achieve the highest model performance com-

pared to textual features. Nonetheless, the use 

of these features depends on the data after 

publication, which limits the use of earlier 

predictions. In comparison, early prediction 

with textual features, especially when com-

bined with other modalities, is achievable. 

These results support the claim that a stage-

aware prediction framework is required that 

considers the available features from each 

prediction stage. 
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6. Conclusion and Future Work 
6.1 Conclusion 

   This study has introduced a stage-aware 

multimodal framework for predicting 

YouTube video popularity while addressing 

critical gaps in existing methodologies re-

lated to feature accessibility and target leak-

age. By subdividing prediction into early and 

interaction stages, the framework fosters a 

structured design toward video popularity 

prediction. DeBERTa-processed textual fea-

tures rendered the strongest outcomes in 

early-stage prediction. This was in contrast to 

the comparative effectiveness of visual and 

metadata features. For early-stage popularity 

prediction, visual features, in particular, were 

quite ineffective, while metadata features, 

due to their structural information, were of 

moderate value. Interaction-based features 

produced the best results in terms of video 

popularity prediction. However, their use in 

early-stage predictions was limited due to the 

post-publication constraints on their input. 

Early-stage prediction evaluation excluded 

view-based features due to target leakage, to 

allow post-publication metrics and measure. 

The multimodal framework test was able to 

show an increase in both the robustness and 

stability of the model due to the addition of 

textual, visual, and metadata features. This, in 

conjunction with interaction features, pro-

vided the best overall results. It is clear from 

this study that the combination of multimodal 

and stage-aware components positively influ-

ences predictive measures, while also allow-

ing for realistic evaluation. 

 

6.2 Future Work 

   While the framework presented is quite 

successful, there is plenty of room for further 

enhancement. For example, the incorporation 

of advanced models in multimodal deep 

learning, especially the attention-based archi-

tectures, can be predictive of an enhanced ex-

perience, as a result of enhancements in fea-

ture fusion and representation learning. 

Second, the understanding and prediction of 

the popularity trend of videos could improve 

with the inclusion of traditional temporal 

modeling techniques. Third, prediction accu-

racy may improve with the inclusion of addi-

tional contextual features, such as user be-

havior, channel-level features, and recom-

mendation signals. Finally, building the pro-

posed framework into actual applications, 

such as content recommendation systems or 

creator support systems, will enhance under-

standing of the framework's scale, and how 

robust and effective it is in real-world appli-

cations. Finally, building the proposed frame-

work into actual applications, such as content 

recommendation systems or creator support 

systems, will enhance understanding of the 

framework's scale, and how robust and effec-

tive it is in real-world applications.    
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