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Social media teams increasingly rely on early signals to prioritize content, yet 
forecasting engagement and identifying viral posts remain difficult under 
temporal drift and heavy-tailed interaction counts. This study evaluated Graph 
Neural Network (GNN) approaches for predicting post engagement and virality 
from pre-posting content-based and contextual features. The Social Media 
Engagement Report dataset, which contained 100,000 posts across Twitter, 
LinkedIn, Facebook, and Instagram spanning March 2021–March 2024, was 
used. Post-release variables (impressions, reach, engagement rate) were 
excluded to prevent leakage. A homogeneous post–post graph was 
constructed using k-nearest-neighbor similarity in an embedding space and 
exact-match links on low-cardinality context. Ridge/Logistic Regression, 
Random Forest, and XGBoost as the baselines were compared against 
GraphSAGE and GAT under a chronological train, validation, and test split. 
Regression used MAE, RMSE, and R², while virality classification used ROC-
AUC, PR-AUC, and Precision at the top 1% ranked posts. GraphSAGE yielded 
the strongest virality screening, achieving ROC-AUC = 0.66, PR-AUC = 0.54–
0.56, and Precision@1% up to 0.75, substantially above non-graph baselines. 
For regression, GAT produced the lowest errors despite a negative R², 
indicating limited explained variance. Overall, similarity-graph GNNs are most 
effective for early virality identification, whereas exact count prediction remains 
challenging in a strictly pre-posting, time-aware setting. These findings 
contribute empirical evidence that, under leakage-safe pre-posting conditions, 
graph-based relational modeling is more useful for ranking and screening 
potentially viral posts than for precise engagement-count forecasting. 

 
1. Introduction 

Social media is a major channel for communication, commerce, and information dissemination, with more than 
five billion users worldwide and substantial daily usage [1]. Across digital media contexts, creators, public institutions, 
activists, and newsrooms often treat viral reach as a strategic route to attention and influence [2][3][4]. In practice, 
content that fails to achieve outsized reach is often deprioritized operationally, reinforcing a practical heuristic of “no 
viral, no attention” in digital strategy and resource allocation [4][5][6][7]. Engagement distributions are typically heavy-
tailed, where a small share of posts accounts for most interactions [2]. Engagement is shaped by multiple factors, 
including content type, posting time, platform, audience demographics, and network effects. Recent studies of viral 
events on social media have emphasized that simple metrics, such as audience size or posting frequency, are poor 
predictors of outlier spread [2][8][9]. Furthermore, most viral posts do not significantly increase long-term engagement 
and audience growth, and their effects tend to decay quickly [2]. This complexity creates a practical prediction problem. 
Before post-release signals are observed, practitioners must estimate which posts are likely to achieve high 
engagement, the likely magnitude of engagement counts, and how limited advertising budget and cross-posting 
capacity should be prioritized [10]. A model that relies on post-release indicators would have limited value for planning 
because those indicators are only observed after publication and promotion decisions have already been made. 
Accordingly, the central research problem addressed in this study is how to predict engagement counts and high-
engagement outcomes using only pre-posting features, while excluding post-release indicators and preserving realistic 
deployment through time-aware evaluation.  

Prior studies have addressed social media popularity using supervised regression or classification on tabular 
features, often using Random Forests or XGBoost, which process each post individually and do not explicitly model 
relational structure among posts, users, or campaigns [11][12][13][14]. In reality, social media data are relational, where 
posts connect through topical similarity, shared audiences, and shared contextual patterns [15][16]. Consequently, the 
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unresolved methodological problem is whether implicit post-level relations can be constructed from standard pre-posting 
tabular features and used to improve prediction beyond traditional machine learning models that treat each post as an 
isolated observation. Recent applications have shown that Graph Neural Networks, especially GraphSAGE and Graph 
Attention Networks (GAT), are effective for social network analysis, click-through rate prediction, and recommendation 
systems [17][18][19][20]. However, evidence from those domains does not yet establish whether similar benefits transfer 
to post-level social media engagement prediction when only pre-posting features are available and post-release 
feedback signals are excluded. 

Despite these advances, three research gaps remain in the specific context of post-level social media 
engagement prediction. First, although GNNs are widely studied in recommender systems and broader social network 
analysis, fewer studies directly test whether a post–post graph constructed from content and posting metadata can 
improve pre-posting prediction of post-level engagement relative to strong tabular baselines [15][21]. Second, prior 
evaluations are often narrow, either focusing on a single task or a limited metric view, so there is still limited evidence 
on model behavior across both engagement-count prediction and high-engagement classification, including ranking-
oriented metrics that are useful for practical post screening [18][22]. Third, even when temporal aspects are 
acknowledged, direct comparisons between graph-based models and strong tabular baselines under leakage-safe, 
time-aware evaluation remain limited, even though this setting is closer to operational deployment because models are 
trained on past posts and evaluated on future posts only. Consequently, it remains unclear whether GraphSAGE and 
GAT can provide predictive advantages over strong tabular baselines when applied to a post–post similarity graph 
derived only from pre-posting content and contextual metadata under leakage-safe, time-aware evaluation. Addressing 
these gaps offers empirical insight into whether graph construction adds practical value for engagement prediction, 
particularly when the task involves both high-engagement screening and exact engagement-count prediction.  

This research addresses these gaps by clarifying the practical and empirical value of post–post similarity graphs 
for social media engagement prediction, specifically by examining whether graph-based relational modeling improves 
early virality screening and engagement-count prediction under leakage-safe, time-aware conditions. Specifically, this 
study constructs a homogeneous post–post similarity graph from pre-posting content and contextual features, then 
evaluates GraphSAGE and GAT against strong feature-based baselines under chronological train, validation, and test 
splitting. Accordingly, this study asks three research questions: (RQ1) to what extent can pre-posting content-based 
and contextual features support the prediction of engagement counts and high-engagement outcomes; (RQ2) do graph-
based models built on a post–post similarity graph outperform strong feature-based baselines under leakage-safe, time-
aware evaluation; and (RQ3) under this pre-posting setting, which prediction formulation is more practically informative 
for decision-making: high-engagement classification or engagement regression? The novelty of this study does not lie 
in proposing a new graph architecture. Rather, it lies in providing a unified leakage-safe and time-aware empirical 
evaluation of GraphSAGE and GAT on a post–post similarity graph for both engagement regression and high-
engagement classification, alongside strong tabular baselines. This evaluation provides a diagnostic contribution by 
identifying which prediction formulation benefits most from relational modeling in realistic pre-posting conditions. This 
study contributes: (1) empirical evidence that post–post similarity graphs can improve early high-engagement screening 
compared with strong tabular baselines under leakage-safe temporal evaluation; (2) a task-level clarification that graph-
based relational modeling is more beneficial for virality ranking than for exact engagement-count prediction; and (3) 
practical evidence that ranking-oriented classification metrics, particularly PR-AUC and Precision@k, provide more 
actionable guidance for social media decision-making than regression accuracy alone. These contributions aim to 
bridge methodological advances in graph neural networks with the practical needs of engagement-driven social media 
strategy.  

This research is limited to the use of a publicly available dataset that aggregates post-level data from multiple 
platforms and countries. The study is constrained to pre-posting features such as content attributes, audience 
demographics, and posting metadata, excluding any post-release indicators such as impressions, reach, or 
engagement rate to prevent information leakage. The analysis focuses solely on predicting Likes, Comments, and 
Shares without incorporating sentiment text analysis, network propagation dynamics, or external event factors. 

This paper is organized as follows. Section 2 describes the dataset, preprocessing, feature engineering, graph 
construction, experimental setup, and evaluation protocol. Section 3 reports the results for regression and virality 
classification and discusses the findings in relation to prior studies and practical implications. Section 4 concludes the 
study and outlines limitations and future research directions.  

 
2. Research Method 
2.1 Dataset Collection and Preprocessing 

The Social Media Engagement Report dataset was used in this study [23]. The dataset contained 100,000 unique 
posts distributed across Twitter/X, LinkedIn, Facebook, and Instagram, covering 243 locations across seven continents, 
and spanning March 2021 to March 2024. It provided 24 features covering content attributes, engagement metrics, 
audience demographics, temporal information, campaign identifiers, and influencer identifiers. The dataset was 
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partitioned with a chronological time-aware split into train, validation, and test by time to approximate deployment and 
avoid look-ahead [18], [24]. The dataset was sorted by ‘Date’ and then divided into three sets by time: training 
comprising the earliest data (2021-2022 or 66%); validation (2023 or 17%); and test (2024 or 17%). All data-dependent 
transforms, including label quantiles and scalers, were fit on the train only and then applied to validation/test.  

Two prediction tasks were defined: (1) Engagement regression predicted the engagement counts as Likes, 
Comments, and Shares. Engagement counts are typically skewed and heavy-tailed; therefore, regression targets were 
modelled as log1p(y) during training and were transformed back or exponentiated with expm1 to compute evaluation 
metrics on the original scale during evaluation [2][25][26]; (2) Virality classification predicted whether a post is high 
engagement for each target (High_Likes, High_Comments, High_Shares) using a binary label based on the p60 
quantile, meaning that the top 40% of posts were labelled as viral/high-engagement [27]. This threshold maintained 
sufficient positive samples while operationalizing virality as a high-engagement screening label rather than as an 
extreme diffusion event, consistent with percentile-based definitions of unusually high engagement within a given 
observation window [28]. 

Cyclic encodings were used for time-of-day and day-of-week to preserve cyclical proximity (e.g., 23:00 is close 
to 00:00). Hour-of-day and weekday indices were mapped into sine–cosine coordinates, enabling models to capture 
periodic temporal patterns without discontinuities at cycle boundaries [29]. Categorical low-cardinality features, such as 
Platform, Post Type, Weekday Type, Time Periods, Age Group, Audience Gender, Audience Continent, and Sentiment, 
were encoded with One-Hot Encoder (OHE)  [26]. High-cardinality features, such as Post Content, Audience Interests, 
and Audience Location, were encoded using Feature Hashing (HashingVectorizer) followed by dimensionality reduction 
(TruncatedSVD) to form compact dense embeddings [16], [30]. Numerical features were standardized using the 
Standard Scaler Z-score normalization for calculating the mean and standard deviation of the training data  [26]. Post–
posting metrics, including Impressions, Reach, and Engagement Rate, were not used as input features in any model to 
avoid target leakage. Similarly, Likes, Comments, and Shares were used only as regression targets and as the basis 
of virality labels and were not included in the feature matrix. Identifier columns, such as Post ID, were excluded from 
model inputs to prevent memorization effects. Columns with extreme missingness, including Campaign ID and 
Influencer ID, were not used as model inputs. No additional imputation was applied beyond dataset-provided cleaning. 
All processed features were concatenated into a single feature matrix used by baselines and Graph Neural Networks. 
 
 2.2 Graph Construction 

A homogeneous post–post graph was constructed from pre-posting representations, where each post was 
instantiated as a node. Edges were established based on two mechanisms: first, content-based similarity between posts 
through k-nearest neighbors in an embedding space, and second, exact-match links based on identical values on low-
cardinality contextual features, e.g., same 'Platform', ‘Post Type’, or ‘Weekday Type’ [15][31][32]. All edges were 
merged, duplicates were removed, and the graph was converted to an undirected representation for message passing. 
The final graph was a single PyTorch Geometric (PyG) Data object with 100,000 nodes and 4,867,132 edges. Although 
several edge-construction rules were used, the graph was treated as homogeneous because all nodes represented 
posts. Figure 1 illustrates a local ego graph centered on one post node to show how a post is connected to its 
neighboring posts through the constructed similarity links. The visualization represents only a local neighborhood, not 
the entire graph. This graph structure enabled models to learn from both a post's own features and the features of its 
connected neighbors. 
 

 
Figure 1. Ego Graph Visualization of the Post-post Similarity Graph Centered on Node 52499 
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2.3 Models 
Baselines and GNNs were trained on the same feature vectors as illustrated in Figure 2. For the baselines, these 

models used tabular features and did not explicitly use graph structure. Regression used Ridge Regression, Random 
Forest Regressor (RF) with approximately 200 trees, and Extreme Gradient Boosting Regressor (XGBoost) with around 
400 estimators, maximum depth of 8, learning rate of 0.05, subsample of 0.8, and column subsampling of 0.8. 
Additionally, Logistic Regression (LR), Random Forest Classifier (RF) with approximately 300 trees, and Extreme 
Gradient Boosting Classifier (XGBoost) with around 500 trees, depth 8, learning rate 0.05, and subsample 0.8 were 
employed for classification. 

GraphSAGE (Graph Sample and Aggregate) is an inductive GNN that learns node embeddings by sampling and 
aggregating features from a node's local neighborhood. In this study, two SAGEConv layers with tuned hidden 
dimensionality were used. After each aggregation, ReLU activations and dropout were applied to improve stability and 
reduce overfitting. Formally, for a node 𝑖 at a layer 𝑘 + 1,   
 

ℎ𝑖
(𝑘+1)

= 𝜎 (𝑊(𝑘) ∙ 𝐴𝐺𝐺 ({ℎ𝑖
(𝑘)

} ∪ {ℎ𝑗
(𝑘)

: 𝑗 ∈ 𝑁(𝑖)})) (1) 

 

Where ℎ𝑖
(0)

= 𝑥𝑖 is the input feature vector and 𝑁(𝑖) denotes the neighbours of the node 𝑖, 𝐴𝐺𝐺(∙) is a mean 

aggregator, and 𝜎 is the ReLU activation, which is shown in Equation 1. The final node embedding was passed into two 
task-specific models: a binary classifier for virality logits (High_Likes, High_Comments, High_Shares) and a regressor 
for log‑transformed engagement counts. 

 

 
Figure 2. Framework of the Overall Proposed Model 

 
GAT (Graph Attention Network) uses masked self-attention to weight neighbor contributions during aggregation. 

In this study, GATConv layers with 4 attention heads in the first layer, ELU activations, and dropout were used. For 
each node 𝑖 and neighbour 𝑗 ∈ 𝑁(𝑖), the attention coefficients were computed and were normalized over the 
neighborhood as shown in Equation 2. Aggregation step is given in Equation 3. 
 

𝑎𝑖𝑗 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥𝑗(𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑎𝑇[𝑊ℎ𝑖‖𝑊ℎ𝑗] (2) 

  

ℎ𝑗
/

= 𝜎( ∑ 𝑎𝑖𝑗𝑊ℎ𝑗)

𝑗∈𝑁(𝑖)

 (3) 

 
The final node embeddings were passed to two linear heads: one for binary classification logits and one for 

regression on log-transformed engagement counts. All deep models used AdamW with gradient clipping (1.0) as defined 
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in Equation 4. Neighbor sampling was applied to enable scalable mini-batch training by processing subsets of nodes 
and their neighborhoods.   
 

𝐴𝑑𝑎𝑚𝑊 = 𝜃𝑡+1 = 𝜃𝑡 − 𝛼 ∙
𝑚𝑡

√𝑣𝑡+∈
− 𝜆 ∙ 𝜃𝑡 (4) 

 
Where 𝑚𝑡 and 𝑣𝑡 are the bias-corrected first and second moment estimates of the gradients, ∈ is a small constant for 
numerical stability, 𝛼 is the learning rate, and 𝜆 is the weight decay. 

For classification, Binary Cross-Entropy with Logits was used with a positive-class weight computed from the 
training distribution to address label imbalance. For regression, L1 loss (MAE) was applied on log-transformed targets 
for robustness to heavy-tailed outliers [33]. Early stopping was used based on the best validation performance, with the 
checkpoints selected using PR-AUC for classification and MAE for regression. 
 
2.4 Evaluation Metrics 

Model performance was assessed using standard metrics for each task. Regression performance was measured 
using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-Squared (R²), computed on the original 
scale after inverse-transform with expm1. The regression metrics are defined in Equation 5 to 7 [11][12]. 
 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

 (5) 

  

𝑅𝑀𝑆𝐸 = √
∑ (𝑦̂𝑖 − 𝑦𝑖)

2𝑛
𝑖=1

𝑛
 (6) 

  

𝑅2 = 1 −
𝑆𝑢𝑚 𝑜𝑓 𝑆𝑞𝑢𝑎𝑟𝑒𝑠 𝑓𝑜𝑟 𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 (𝑆𝑆𝑅)

𝑇𝑜𝑡𝑎𝑙 𝑆𝑢𝑚 𝑜𝑓 𝑆𝑞𝑢𝑎𝑟𝑒𝑠 (𝑆𝑆𝑇)
 (7) 

 
 

This definition of Equation 7 allows negative values when the model performs worse than the mean-based 
reference predictor. Classification performance was measured using Area Under the Precision-Recall Curve (PR-AUC), 
ROC-AUC, and Precision@k at the top 1% of predictions. PR-AUC and Precision@k were emphasized because 
practical decision-making often focuses on prioritizing a small subset of high-potential posts. Precision@k is defined in 
Equation 8, where 𝑇𝑜𝑝𝑘 denotes the set of posts ranked in the top k% by predicted confidence and 𝑍𝑖 = 1 if post 𝑖 is 
truly high-engagement [18]. 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘 =
1

[𝑘𝑁]
∑ 𝑧𝑖

𝑖∈𝑇𝑜𝑝−𝑘%

 (8) 

 
3. Results and Discussion 
3.1 Engagement Regression Performance 

The regression task estimated the absolute counts of Likes, Comments, or Shares for each post. Table 1 reports 
the performance of each model. Across all three targets, GAT achieved the lowest MAE and RMSE, while GraphSAGE 
was competitive on Shares but did not consistently outperform Ridge on Comments and Likes. Compared with the 
strongest non-graph baseline, GAT reduced MAE by 4.02–6.50% and RMSE by 5.44–8.94% across the three 
engagement targets. However, the negative R² values across all models indicate that none of the regression models 
explained the out-of-sample variance in engagement counts better than a mean-based reference. This pattern is 
substantively important. It shows that precise engagement-count prediction remained weak even when GAT reduced 
MAE and RMSE. One plausible cause is that the leakage-safe feature set deliberately excluded post-release exposure 
indicators, namely Impressions, Reach, and Engagement Rate, while the remaining pre-posting features mainly 
represented content attributes, posting context, audience profile, and sentiment. These variables can support relative 
error reduction, but they may not fully capture unobserved exposure dynamics, platform ranking effects, or temporal 
shifts in audience response. In addition, the constructed post–post graph represents similarity among posts rather than 
an explicit diffusion, follower, or interaction network. Therefore, graph aggregation can smooth local signals and reduce 
average errors, but it cannot fully explain the variance of engagement counts. For this reason, the regression findings 
should be interpreted as relative error improvements rather than reliable variance explanation. 
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Table 1. Engagement Regression Test Result 

Target Model MAE RMSE R2 

Comments GAT 125.93 145.73 -0.016 
Comments GraphSAGE 134.05 159.02 -0.209 
Comments Ridge 133.55 158.36 -0.208 
Comments XGBoost 135.60 161.55 -0.257 
Comments RF 138.61 166.27 -0.332 

Likes GAT 257.33 301.02 -0.084 
Likes GraphSAGE 275.18 329.48 -0.299 
Likes Ridge 268.12 318.33 -0.209 
Likes XGBoost 271.04 323.21 -0.246 
Likes RF 278.58 334.05 -0.331 

Shares GAT 50.17 58.00 -0.003 
Shares GraphSAGE 52.35 61.64 -0.132 
Shares Ridge 53.66 63.69 -0.203 
Shares XGBoost 54.46 64.88 -0.248 
Shares RF 55.83 66.90 -0.327 

 
Figure 3 provides a normalized comparison across targets and metrics, showing that GAT occupied the most 

favorable relative position in the regression setting across Comments, Likes, and Shares. This pattern indicates a 
consistent relative advantage in error reduction of attention-based neighborhood aggregation in the current post–post 
similarity graph setting. Overall, the regression results indicate that while graph-based models improved robustness in 
error terms, precise numerical engagement prediction remained challenging under a multi-platform dataset, a strictly 
pre-posting feature setting, and a chronological evaluation [2][8]. 
 

 
Figure 3. Regression Heatmap Based on Normalized Model Performance 

 
3.2 Virality Classification Performance 

The classification tasks predicted whether a post belonged to the high-engagement class for each target. Table 
2 reports metrics, including ROC-AUC, PR-AUC, and precision at the top 1% of posts ranked by model confidence. 
Across all tasks, GraphSAGE consistently achieved the best classification performance for High_Likes, 
High_Comments, and High_Shares, with ROC-AUC around 0.66 and PR-AUC around 0.54–0.56. In addition, top-1% 
precision reached 0.66–0.75, indicating that the small subset of prioritized posts contained a substantially higher 
proportion of true high-engagement cases than the baseline-ranked subsets. Compared with the best non-graph 
baseline, GraphSAGE improved PR-AUC by 0.132 for High_Comments, 0.146 for High_Likes, and 0.155 for 
High_Shares. The gain was larger at the top-ranked decision point, where Precision@1% improved by 0.230, 0.317, 
and 0.319 for the same targets. This top-ranked improvement is practically important because promotion resources are 
usually allocated to a limited number of posts. In contrast, the baseline classifiers remained close to random ranking on 
ROC-AUC around 0.49–0.50 and achieved lower PR-AUC around 0.40. GAT performed only slightly above or close to 
the strongest baseline models, which suggests that attention-based aggregation did not extract additional discriminative 
signal from the constructed similarity graph. A likely explanation is that the graph connected posts based on similarity 
in content and contextual metadata, rather than on explicit social propagation or interaction pathways. Under this type 
of homogeneous post–post similarity graph, GraphSAGE may benefit from stable neighborhood smoothing, whereas 
GAT may be less effective because learned attention weights have limited relational variation to exploit. This difference 
helps explain why GraphSAGE was more suitable for high-engagement classification, while GAT was more useful for 
reducing regression errors. 
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Table 2. Virality Classification Test Result 

Target Model ROC-AUC PR-AUC Prec@1% 

High_Comments GraphSAGE 0.658 0.537 0.656 
High_Comments GAT 0.509 0.408 0.442 
High_Comments LogReg 0.504 0.405 0.426 
High_Comments RF 0.503 0.399 0.367 
High_Comments XGBoost 0.495 0.395 0.349 

High_Likes GraphSAGE 0.662 0.547 0.713 
High_Likes GAT 0.508 0.407 0.425 
High_Likes LogReg 0.493 0.400 0.349 
High_Likes RF 0.495 0.401 0.385 
High_Likes XGBoost 0.495 0.401 0.396 

High_Shares GraphSAGE 0.665 0.557 0.751 
High_Shares GAT 0.509 0.410 0.423 
High_Shares RF 0.494 0.402 0.402 
High_Shares LogReg 0.492 0.400 0.432 
High_Shares XGBoost 0.492 0.400 0.408 

 
Figure 4 summarizes the normalized classification comparison across targets and models, making the cross-

target pattern easier to compare. The heatmap supports the conclusion that the benefit of graph-based learning is task-
dependent: GraphSAGE provides consistent gains for high-engagement classification, whereas GAT and feature-only 
baselines remain clustered at lower relative performance levels. Thus, the classification visualization supports the 
practical conclusion that graph-based neighborhood aggregation is more actionable for screening potentially high-
engagement posts than for exact count forecasting. 
 

 
Figure 4. Classification Heatmap Based on Normalized Model Performance 

 
3.3 Interpretation and Practical Implications 

The empirical findings can be interpreted with the central question of whether graph neural networks, using 
relations derived from content similarity and low-cardinality contextual matching, improved engagement and virality 
prediction beyond feature-only baselines. The results suggest that the answer depends on the task formulation. For 
high-engagement classification, the relational signal was useful because the objective was to rank or separate posts 
into higher- and lower-engagement groups. This formulation is more tolerant of noisy count variation and can benefit 
from neighborhood smoothing among similar posts. For regression, however, the model had to estimate exact 
engagement counts, which are more sensitive to unobserved exposure, platform recommendation dynamics, and 
temporal changes. This explains why graph-based learning improved MAE and RMSE but still failed to produce positive 
R² values. This pattern suggests that the post–post similarity graph captured enough relational structure to support 
ranking-based screening, but not enough information to explain full engagement-count variance. Practically, the 
classification outputs were therefore more actionable for content prioritization, such as for selecting a small top-ranked 
subset for promotion, while regression outputs were better interpreted as coarse indicators rather than precise forecasts 
[14], [22]. 

These findings align with and extend recent studies in social media engagement prediction. Recent research 
evaluating tabular machine learning models on pre-posting metadata consistently highlights the difficulty of explaining 
variance for highly skewed interactions, often requiring the extraction of complex multimodal or visual features to 
achieve robust point forecasting [13], [22]. The regression results are consistent with this inherent limitation of tabular 
metadata. However, while recent advanced graph-based applications typically rely on explicit information diffusion 
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networks, such as temporal-spatial cascade graphs, to predict virality, the proposed approach suggests that an implicitly 
constructed post-similarity graph can reduce some limitations of feature-only modeling for ranking-based screening, 
even without explicit user-to-user sharing dynamics [15], [21]. Specifically, GraphSAGE achieved ROC-AUC of 
approximately 0.66 and Precision@1% up to approximately 0.75, indicating actionable ranking gains relative to the 
feature-only baselines evaluated in this study. Because prior studies often use different platforms, label definitions, 
feature sets, and evaluation windows, the comparison with earlier work should be interpreted at the level of task behavior 
rather than as a direct numerical benchmark. This is consistent with recent findings that framing engagement prediction 
as a ranking-oriented classification task rather than exact count regression provides a more robust and practical strategy 
for digital marketing prioritization [27]. 

Several limitations constrained generalization. The evaluation used a single dataset and a similarity-based 
constructed graph rather than an explicit diffusion or follower network, limiting direct modeling of propagation dynamics. 
In addition, no explainability module was included in the final pipeline. These limitations motivate extensions in future 
work, including temporal/dynamic graph modeling, richer content representations, and robustness analysis of graph 
construction choices, particularly sensitivity to edge density and similarity thresholds. 
 
4. Conclusion 

This study evaluated the prediction of social media post engagement and virality using graph neural networks 
combined with content-based and contextual features under a time-aware evaluation protocol. Addressing the core 
research questions, the empirical findings demonstrate that strictly pre-posting content and contextual features are 
insufficient to reliably explain the variance of exact engagement counts, yet they contain useful relational signals for 
identifying high-engagement outcomes. Similarity-graph modeling delivered the clearest benefit for this virality 
classification. Specifically, GraphSAGE consistently improved ranking-based classification performance across 
High_Likes, High_Comments, and High_Shares targets, effectively prioritizing high-potential posts where traditional 
baselines underperformed. Conversely, while GAT achieved the lowest absolute error for engagement regression, its 
R-squared values remained non-positive. Consequently, this study concludes that high-engagement classification 
represents a substantially more robust and practically informative formulation for decision-making compared to exact 
count prediction, which remains intrinsically difficult given heavy-tailed distributions and the deliberate exclusion of post-
release signals. 

The main contribution of this study is the empirical clarification that post–post similarity graphs are more valuable 
for early high-engagement screening than for exact engagement-count forecasting under leakage-safe and time-aware 
evaluation. Future work should test generalization across additional datasets and domains, examine temporal or 
dynamic graph formulations to better capture evolving engagement patterns, and evaluate alternative graph 
construction strategies to characterize when graph-based modeling provides the largest gains. 
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