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Predicting the popularity of online news articles matters for content
recommendation platforms, digital marketing strategies, and information dissemination
research. This study compares the performance of seven machine learning models for binary
classification of online news popularity using the UCI Online News Popularity dataset. We
apply Boruta feature selection to identify 41 statistically significant features from 58
candidates, then GridSearchCV-optimized training of Random Forest, XGBoost,
LightGBM, Logistic Regression, Linear SVC, Decision Tree, and K-Nearest Neighbors

(KNN) classifiers. Experimental results on 39,644 articles show XGBoost performing
best at an AUC of 0.7304 and Fl-score of 0.6996. We use SHAP (SHapley Additive
exPlanations) to explain the predictions of the best-performing model, and the analysis
shows that kw_avg avg, which reflects keyword information, together with the publication
time feature is weekend, has the strongest influence on news popularity; these results can
provide useful reference for content creators and platform designers when they adjust
content distribution strategies.

news popularity prediction, Boruta feature selection, XGBoost, SHAP, machine
learning

The rapid growth of online news platforms generates vast content volumes. Publishers and platforms
struggle to predict which articles will reach wide audiences. Identifying what drives popularity
matters for content recommendation algorithms, digital journalism, advertising revenue, and
information ecosystem management [1]. Early work by Bandari et al. [2] showed that features
extracted from article metadata and early traffic patterns can forecast sharing volumes with
reasonable accuracy, establishing online news popularity prediction as an active research area
spanning data mining [3], natural language processing, and social network analysis. Subsequent
studies have explored more sophisticated approaches, from ensemble methods and gradient boosting
to deep learning architectures. While content-based features carry predictive signal, the task remains
challenging due to complex, non-linear relationships between article attributes and user sharing
behavior [1]. Most prior work has focused on predictive accuracy, with less attention to model
© 2026 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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interpretability and feature selection rigor. Recent advances in explainable Al, particularly SHAP-
based methods [4], can decompose model predictions into interpretable feature-level contributions,
yet their application to news popularity prediction remains underexplored.

In recent years, scholars have applied explainable machine learning to interdisciplinary domains
ranging from healthcare [5] to social resilience analysis [6, 7], showing that SHAP-based
interpretation connects predictive modeling to practical insight. Building on this work, this study
makes three contributions. First, we apply Boruta feature selection [8]—a Random Forest-based
wrapper method—to identify all relevant features, avoiding arbitrary importance thresholds. Second,
we compare seven machine learning algorithms with hyperparameter optimization via
GridSearchCV: tree-based ensembles (Random Forest, XGBoost, LightGBM), linear models
(Logistic Regression, Linear SVC), and instance-based methods (KNN, Decision Tree). Third, we
use SHAP values [4] to explain the best-performing model, linking predictions to practical guidance
on content strategy and publication timing.

Section 2 describes the dataset and preprocessing. Section 3 covers the experimental setup—
feature selection and model configuration. Section 4 reports experimental results and analysis.
Section 5 provides SHAP-based model interpretation. Section 6 concludes with findings and future
directions.

The Online News Popularity dataset [9, 10] contains 39,644 articles with 58 numerical features and
one target variable (shares). The features fall into five categories: (1) Content: word count
(n_tokens_content), image and video counts (num_imgs, num_videos), hyperlinks (num_hrefs,
num_self hrefs); (2) Linguistic: subjectivity (global subjectivity), sentiment polarity
(global sentiment polarity), title characteristics (title subjectivity, title sentiment polarity); (3)
Keyword metadata: average, maximum, and minimum shares of referenced keywords (kw_avg avg,
kw max avg, kw min avg, kw avg max, etc.); (4) Temporal: day-of-week indicators
(weekday is *), data channel categories (data channel is *); (5) NLP: LDA topic distributions
(LDA _00-LDA _04), global sentiment metrics. The target variable, shares, records the number of
times each article was shared on social media, ranging from 1 to 843,300 (median = 1,400, mean =
3,395, SD = 11,526), with a heavily right-skewed distribution. We convert this to binary
classification following established practice [9] by thresholding at the median: articles with shares >
1,400 as High Popularity (Class 1, n = 21,154, 53.4%), others as Low Popularity (Class 0, n =
18,490, 46.6%). The resulting dataset is balanced (53.4% High, 46.6% Low).

Preprocessing proceeds in three stages. First, we remove two non-predictive identifier columns
(url, timedelta), leaving 58 features. The binary target is constructed via median thresholding. We
retain all 39,644 articles. Second, we apply median imputation (scikit-learn's SimpleImputer)
followed by StandardScaler normalization to zero mean and unit variance. Standardization matters
for distance-based methods (KNN) and regularized linear models (Logistic Regression, Linear
SVC), where features with larger numerical ranges would otherwise dominate. The dataset is split
into training (80%, n = 31,715) and testing (20%, n = 7,929) sets using stratified sampling to
maintain class balance. Third, we apply Boruta feature selection on the training set only, preventing
data leakage from the test set. The Boruta analysis (Section 3) reduces the feature space from 58 to
41 features, a 29% reduction while preserving all predictive features.
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Boruta is an all-relevant feature selection algorithm based on Random Forest importance measures
[8]. Unlike methods that select a minimal-optimal feature subset for a specific model, Boruta
identifies all features with statistically significant associations to the target. The algorithm creates
shadow features by randomly permuting the originals, then iteratively compares each real feature's
importance against the maximum importance among all shadow features across multiple Random
Forest runs. In each iteration, features significantly outperforming the best shadow feature are
confirmed as important; those consistently underperforming are rejected; and borderline features
remain tentative for further evaluation. We configure the Boruta selector with 300 Random Forest
estimators (n_estimators=300), a maximum tree depth of 7 to prevent overfitting, up to 150
iterations (max_iter=150), and a 90th percentile (perc=90) comparison threshold. The analysis is
conducted on the full training set comprising 31715 samples after preprocessing, using 5-fold cross-
validation within the Random Forest to ensure robust importance estimates. The Boruta process
converges after classifying all 58 features: 41 confirmed as statistically relevant, 17 rejected as
noise, and zero tentative, separating informative from noise features. The confirmed features span all
five original categories: keyword metadata (8 confirmed), NLP features (5 LDA topics,
global sentiment polarity), content properties (n_tokens content, n unique tokens, num_hrefs,
num_self hrefs), temporal indicators (is weekend, weekday indicators), and linguistic features
(global subjectivity, rate_positive_words). Features related to video and image counts (num_videos,
num_imgs) are rejected, indicating that multimedia content volume alone does not reliably predict
sharing behavior.

We evaluate seven machine learning algorithms selected to span complementary modeling
paradigms:

Random Forest (RF) [11] is a bagging ensemble of decision trees trained on bootstrap samples
with random feature subsets at each split. We tune n_estimators € {200, 300}, max depth € {7,
None}, and min_samples leaf € {1, 3} via GridSearchCV. XGBoost [12] implements regularized
gradient boosting [13] with depth-wise tree growth, L1/L2 regularization, and native missing value
handling; the grid search covers n_estimators € {200, 300}, max depth € {4, 6}, learning_rate €
{0.05, 0.1}, and subsample € {0.8, 1.0}. LightGBM [14] is a gradient boosting variant optimized
for efficiency through histogram-based binning and leaf-wise tree growth; we pre-optimize it with
n_estimators=200, max_depth=5, learning rate=0.05 after empirical tuning.

Logistic Regression provides a well-calibrated probabilistic baseline with L2 regularization; the
grid search explores C € {0.1, 0.5, 1.0, 5.0, 10.0} with max_iter=2000. Linear SVC, augmented
with Platt probability calibration via CalibratedClassifierCV, is pre-optimized with C=0.1. Decision
Tree offers full interpretability as a single-tree model, tuned over max depth € {5, §, None},
min_samples leaf € {1, 5}, and criterion € {gini, entropy}. K-Nearest Neighbors (KNN) is an
instance-based classifier with n_neighbors € {7, 15, 25} and weights € {uniform, distance}.

All models are optimized via GridSearchCV with 5-fold stratified cross-validation on the training
set, using ROC-AUC as the primary metric. AUC is preferred over accuracy because it is insensitive
to class imbalance and evaluates ranking quality across all classification thresholds [15]. We
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evaluate on the held-out test set using five metrics—Accuracy, Precision, Recall, Fl-score, and
ROC-AUC—with AUC and F1-score serving as the primary criteria for model comparison.

All experiments use scikit-learn 1.4+ [16], XGBoost 2.0+ [12], and LightGBM 4.0+ [14] on a
standard workstation. Random states are fixed (random state=42) for reproducibility, and the
complete preprocessing pipeline—imputation, scaling, and feature selection—is saved as serialized
joblib objects. Per-model computational cost, including GridSearchCV with 5-fold validation,
ranges from under 1 second (Logistic Regression) to approximately 7 seconds (Random Forest with
6 hyperparameter combinations).

Table 1 presents the performance metrics for all seven models on the held-out test set of 7,929
samples. Gradient boosting methods (XGBoost, LightGBM) achieve the highest overall
performance, followed by Random Forest, with linear models and instance-based methods trailing
behind.

Table 1. Model performance comparison on test set

Model AUC Fl1 Accuracy Precision Recall
XGBoost 0.7304 0.6996 0.6701 0.6804 0.7199
LightGBM 0.7283 0.6994 0.6701 0.6806 0.7192
RandomForest 0.7226 0.6991 0.6645 0.6704 0.7303
LogisticRegression 0.7060 0.6832 0.6542 0.6683 0.6987
LinearSVC 0.7048 0.6859 0.6542 0.6655 0.7076
KNN 0.6932 0.6609 0.6418 0.6679 0.6540
DecisionTree 0.6859 0.6781 0.6344 0.6395 0.7216

XGBoost obtains the best performance, with an AUC of 0.7304, an Fl-score of 0.6996, and an
accuracy of 0.6701, while LightGBM performs very closely, reaching an AUC of 0.7283, an F1-
score of 0.6994, and the same accuracy of 0.6701. Random Forest also performs well and ranks
third, with an AUC of 0.7226 and an Fl-score of 0.6991. Compared with the best linear model,
Logistic Regression (AUC: 0.7060), the top three ensemble models improve the AUC by about
0.024 and the Fl-score by around 0.016, which indicates that non-linear relationships among
features can improve prediction performance, although the improvement is not very large. These
ensemble models mainly show advantages in ranking ability instead of overall accuracy. The
accuracy of all seven models falls within a relatively small range, from 63.4% to 67.0%, which
further reflects that predicting news popularity remains a challenging task [9]. Among all models,
the Decision Tree achieves the highest Recall (0.7216), meaning that it identifies more truly popular
news articles, but its Precision is the lowest at 0.6395. In contrast, KNN has the lowest Recall
(0.6540) and a moderate Precision of 0.6679, showing a relatively conservative prediction pattern.
These differences suggest that different models may be suitable for different application needs. For
example, a content recommendation system that focuses more on recall may prefer ensemble
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models, while tasks requiring higher precision can further improve performance by adjusting the
decision threshold.

Figure 1 provides a visual comparison of model performance. The left panel displays multi-
metric scores across all seven models, showing consistent patterns across Accuracy, Precision,
Recall, and Fl-score. The right panel shows ROC curves with AUC values; models with higher
AUC exhibit curves more strongly bowed toward the upper-left corner, indicating superior
discrimination between high and low popularity classes.

Multi-Metric Comparison Across All Models ROC Curves - All Models

True Positive Rate

04 06 08 ]
False Positive Rate

Figure 1. Multi-metric comparison (left) and ROC curves (right) across all seven models
4.2. Model behavior analysis

Gradient boosting models, including XGBoost and LightGBM, perform slightly better than the
bagging model Random Forest, with an average AUC improvement of about 0.008. This result is
related to the boosting process, where each new tree is built to correct the prediction errors made by
the previous ones. However, the difference is relatively small, indicating that Random Forest is still
a competitive choice, especially in situations where model stability and interpretability are
important. Logistic Regression (AUC = 0.7060) and Linear SVC (AUC = 0.7048) achieve about
96.5%-96.7% of the AUC obtained by the best ensemble model, showing that linear models are able
to capture a large part of the useful prediction information. The remaining improvement of about
3.5% achieved by the non-linear models suggests that some feature interactions, especially those
between temporal features and keyword-related information, are difficult for linear models to learn.

KNN (AUC: 0.6932) performs worse than the tree-based models, which reflects the limitations of
distance-based methods when dealing with 41-dimensional data. Although the features are
standardized, Euclidean distance becomes less effective in a high-dimensional feature space. The
Decision Tree (AUC: 0.6859) shows the common trade-off between bias and variance for a single-
tree model. It achieves relatively high Recall, but its performance is less stable than that of the
ensemble models. Looking at all seven models together, the AUC values range from 0.686 to 0.730,
indicating that content-related features alone are not sufficient to accurately predict online news
popularity. Other factors, such as social network interactions, platform recommendation
mechanisms, news events, and unexpected viral spread, are also likely to influence the prediction
results and explain part of the remaining variation. This observation is consistent with previous
studies [11] and also suggests that future work can further improve prediction performance by
introducing multi-modal information and temporal features.
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5. SHAP-based model interpretation
5.1. Motivation and methodology

In addition to predicting performance, it is also important to understand the reasons why the model
produces certain predictions, because it helps to build trust and extract practical insights [17]. In this
study, SHAP (SHapley Additive exPlanations) [4, 18] is used for the best-performing XGBoost
model to break down the prediction into the contribution of the feature level. The SHAP framework
is based on cooperative game theory, in which each feature is assigned a value to reflect its marginal
contribution to the final prediction, which is calculated through different feature combinations; this
process follows the principles of local accuracy, missingness, and consistency. Using TreeExplainer,
the SHAP value is calculated on a subset of 3,000 randomly selected test samples, in order to keep
the calculation manageable while maintaining a reasonable coverage of the data. Therefore, a matrix
with a size of 3000x41 is obtained, which can not only conduct overall analysis across samples, but
also explain individual prediction cases.

5.2. Global feature importance

Figure 2 shows three parts of the SHAP results. The left panel is a summary diagram of the bee
colony, which shows the SHAP value distribution of the top 20 characteristics in all 3,000 samples.
Each point corresponds to one prediction; the horizontal axis shows the SHAP value, where positive
values indicate a push toward the High Popularity class and negative values indicate a push toward
the Low Popularity class, while the color represents the feature value (red indicates high values and
blue indicates low values). The middle panel is a bar chart, which sorts the features according to its
average absolute SHAP value. The right panel is a waterfall diagram, which decomposes individual
predictions and shows how each feature helps to move the result out of the baseline value.
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Figure 2. SHAP analysis results. Left: Beeswarm summary plot showing feature impact distribution
(top 20 features). Center: Mean |[SHAP| bar chart. Right: Waterfall plot decomposing a single
prediction
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Several patterns can be observed from the SHAP results. Feature kw_avg avg represents the
average number of keyword shares, which is the most important factor. The higher value of this
feature usually turns the prediction to a high popularity level. This shows that topic selection plays
an important role in content coverage; articles that use historically engaging keywords tend to get
more sharing. In contrast, factors such as writing length, style characteristics or multimedia-related
variables seem to have a weaker impact on popularity.

The binary feature is weekend ranks second in terms of importance. Overall, its effect is positive,
which means that articles published on weekends are more likely to be popular. This may be related
to user behavior, because readers usually have more free time on weekends, which increases content
consumption and sharing activities. Self-reference feature (self reference avg sharess and
self reference min_shares) is also very important. These variables reflect the shared history of the
cited Mashable article, and they capture a domain-level popularity signal. Generally speaking,
articles that link to previous resources related to successful posts tend to perform better, which may
indicate the network effect within the platform.

Other prominent features include LDA 00, global subjectivity and n unique tokens. The
importance of LDA 00 shows that in addition to keyword-level signals, the potential theme
structure is still important to popularity. The global subjectivity feature shows an overall negative
correlation with popularity, and the effect size is relatively small (average |SHAP| about 0.05),
indicating that more subjective writing is unlikely to be widely shared. The n_unique tokens feature
shows heterogeneous effects across samples. In the swarm chart, it usually shows a negative trend,
which means that articles with very high vocabulary diversity perform poorly on average. However,
in some individual cases, it can still make a positive contribution (for example, +0.17 in the
waterfall example), depending on the combination of other features. This change shows that the
global average cannot fully describe the characteristic effect, and local explanation is still necessary.

At the instance level, the waterfall diagram on the right side of Figure 2 explains a single
prediction step by step. In selected cases, kw_avg avg contributed the largest upward shift (+0.34),
followed by kw min_avg (+0.26) and LDA 00 (+0.25). These features increase the prediction
probability higher than the baseline. In contrast, kw_avg min (—0.24) and kw_max_avg (—0.22)
produce the strongest decline effect. This decomposition provides interpretable and actionable
insights into individual predictions. If such a system is deployed, in practice, it can help content
creators adjust article features before publication.

We investigated online news popularity prediction using the UCI Online News Popularity dataset.
We applied Boruta feature selection, trained seven machine learning models with GridSearchCV,
and employed SHAP-based interpretation. Our conclusions follow.

Feature selection and model comparison produced two findings. First, Boruta identified 41 out of
58 features as statistically relevant (confirmed = 41, rejected = 17), reducing dimensionality by 29%
while preserving all informative features. The rejected features, mainly multimedia counts and
certain NLP-related metrics, showed no statistically significant relationship with sharing behavior
beyond what the confirmed features capture. Second, tree-based ensemble methods show better
performance than both linear models and instance-based methods. Among them, XGBoost performs
the best, reaching an AUC of 0.7304 and an Fl-score of 0.6996. The difference of about 0.024 in
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AUC between ensemble models and linear models indicates that there are non-linear patterns in the
feature space, although the gain is not very large.

The SHAP analysis of the best-performing model shows that the most important predictors can be
roughly grouped into two main types. The first group is related to keyword and metadata
information. Features such as kw_avg avg, kw max avg, and self reference avg sharess have
relatively large contributions to the model output. This suggests that topic choice and keyword
strategy matter for news reach; in particular, selecting keywords that have shown higher engagement
in the past seems more helpful for increasing article popularity than changes in writing length, style,
or multimedia-related features.The second group is related to timing. The feature is weekend ranks
second in SHAP importance, which indicates that publication time has an effect on audience
attention. Articles published on weekends tend to receive more exposure, which can provide some
reference for scheduling decisions.

However, even though these patterns are observed, the overall model performance remains only
moderate, with AUC values ranging from 0.686 to 0.730 across all models. This suggests that
predicting news popularity using only content-based features is still difficult. A large part of the
unexplained variation may come from external factors such as social network interactions, platform
recommendation mechanisms, and sudden viral events that are hard to capture in the dataset. Future
work may extend this study in several directions. First, multi-modal features can be introduced by
using pre-trained vision models such as CLIP or ViT to capture image-related signals that are not
included in text features. Second, temporal sequence models like LSTM or Temporal Fusion
Transformers could be applied to better model changes in news dynamics over time. Third, external
signals from other platforms, such as Twitter/X engagement, Reddit discussions, and Google Trends,
may be added to reflect cross-platform attention diffusion. Fourth, causal inference methods could
be used to better estimate the causal impact of specific content features on popularity. Finally,
practical applications such as real-time SHAP-based dashboards could be developed to provide
feedback to editors during content creation.
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