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Abstract
In social networks, user connectivity plays an important role in the virality of content. Existing research has delved into
predicting content virality within relationship-based networks such as Facebook. In this work, we explore virality prediction
on Reddit, a content-driven network lacking a naturally-defined relationship between users, and whether properties of this
user-network aid in predicting virality. We analyze the effects of network features on predictive ability of Reddit post score,
a measure of how viral a posted piece of content on Reddit became. We first build a baseline model for virality prediction
that accounts for temporal features (e.g. time of day/week content was posted), history of the content poster features, and
linguistic features (of the title and any textual content). Then, we examine the impact of adding structural features of the
Reddit user-user network on predictive ability. Results from our analysis suggests that features from a user interaction
network of Reddit does not increase predictive power for how viral a post will become.

1. Introduction
A great deal of research has been conducted to investigate the process by which images, news stories, or ideas achieve
virality—widespread popularity and recognition throughout the internet. Many of these studies deal primarily with the
spread of content through user-driven social networks such as Facebook or Twitter, throughout which content often spreads
via sharing by a poster’s friends or followers. Comparatively less research has been conducted into how content becomes
viral on Reddit, a content-driven social network that plays a dominant role in both the generation of new material (often
photos, art, personal stories, and topical discussions) and the propagation of exogenous material (especially news stories and
blog posts).
The most popular content on Reddit is hosted on a “front page”1 that serves as an aggregation of the content that has
caught the attention of Reddit’s collective userbase at any given moment. Built in to Reddit is a voting system, through which
users can express positive or negative sentiment (upvote and downvote, respectively) on posts and comments. The score of a
post, defined to be the difference between upvotes and downvotes, is an indicator of a post’s success in the Reddit community
and is the primary mechanism by which content is selected to be displayed on the front page.
Unlike other social networks, Reddit is unique in that a post’s exposure to a wide userbase is governed by a combination
of post timing, quality of a post’s content and title, affinity between content and subreddit, and several other factors. Thus,
predicting a post’s virality—as measured by score, upvotes, reposts, comment activity, or otherwise—may depend on constructing a model of the site that incorporates both features inherent to the post itself as well as features of the network of
user interactions, some of which (including votes on posts and comments) are hidden.
In this paper, we explore the effects of augmenting a model designed for virality prediction with structural features of the
underlying Reddit user-user network. We proceed by first constructing a baseline model composed of content, temporal, and
original poster features. Next, we explore the task of modelling Reddit as a network of user-user interactions. Finally, we
extract structural features from our network and examine if they provide any predictive power on post virality.
1 See

https://www.reddit.com/r/popular/.
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2. Related Work
2.1. Virality Prediction
Cheng et al. [2] use Facebook photo data to predict cascades of reshares. The authors define a family of prediction
problems: given that we have already observed k reshares of a photo, can we predict if it will be reshared 2k times at some
point in the future?
Towards this task, Cheng et al. [2] employed machine learning models for prediction. Four types of features were
incorporated into the model: content features (e.g. color histogram of the photo, whether or not the photo contained a person,
etc.), original poster features (e.g. how connected is this person?, how many times have their other photos been reshared?),
structural features of the cascade (e.g. total number of exposed users to the photo, whether a photo is spreading primarily
within a community or across different communities), and temporal features (e.g. time elapsed between the original post and
the kth reshare, number of exposed users per unit time). In addition to the prediction task, the authors analyzed the impact
of these features on prediction ability. Cheng et al. [2] provide a useful framework for how to go about our task: first build a
baseline model for virality prediction, then examine the impact of introducing structural features of the user-user network on
predictive ability.
In their paper “What’s in a Name? Understanding the Interplay between Titles, Content, and Communities in Social
Media”, Lakkaraju et al. [4] build a complex model to predict the virality or ultimate success of different versions (or
“reposts”) of the same image submitted to Reddit. Their model takes into account four factors of the posts: the content of
the submission, the title of the submission, the community in which the network is posted, and the time when it is posted.
Lakkaraju et al. uncover an interesting fact: the virality of successive reposts of the same content appears to follow an
exponential decay function of several of the above features [4].
While Lakkaraju et al. focus on a fundamentally different prediction task than is explored in this paper, the authors
nonetheless demonstrate a set of features that are useful in virality prediction. In this paper, we set out on the potentially
more difficult task of predicting which pieces content will become viral, rather than which version of the same content will
win out. Despite that, we believe that many of the features described by Lakkaraju et al. [4] will also prove useful in our task.

2.2. Extracting Network Features
A wealth of research has focused on studying virality as a form of network contagion.
Weng et al. [5] explore the effect of network structure on the diffusion of hashtags, or “memes”, on Twitter. Weng et al.
find that the diffusion of memes is highly dependent on the type of contagion – simple or complex. Centola [1] elaborates
on these two competing hypotheses. The first suggests that highly clustered networks with high degrees of separation are
less effective at spreading behavior than those where locally redundant edges are rewired to provide shortcuts across the
network. In this view, the spread of memes is similar to a simple contagion model. The second hypothesis suggests that
highly clustered networks are actually preferable for behavior adoption because of effects such as structural trapping, social
reinforcement, and homophily. In this view, the spread of memes is considered a “complex” contagion.
Weng et al. [5] proceed by clustering a user-user interaction network and measuring the amount of information flow
within and between clusters. They find that information flow is higher within clusters than between clusters, illustrating how
local clusters can lead to a trapping effect. They also show that while most memes more closely follow a complex contagion
model, some memes seem to transcend the effects of trapping, social reinforcement, and homophily and exhibit diffusion
patterns similar to simple contagions. These findings seem to hold true across a variety domains, for instance, Centola [1]
shows that the same results held true for the adoption of healthy behaviors on a health-related social network.
Weng et al. demonstrate that the underlying user-user network can be illustrative in the virality prediction task. Rather
than model virality as a contagion, however, our definition poses virality as a single, real-valued number corresponding to the
score of the post. Given this, we extract structural features related to the user in the underlying network that will indirectly
capture the information described by Weng et al. [5]. For example, we include features that capture how embedded the
original poster is in the user-user network. These features serve as an representation of how clustered the network is in the
region of the original poster, which Weng et al. show to have an effect on the spread of content [5].
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Figure 1. Visualization of a subgraph of the Reddit user-user interaction network. Nodes (orange) represent users who have commented on
Reddit submissions, and edges (blue) represent individual comments made by users. Nodes are sized according to their in-degree (number
of comments received), where larger nodes represent users who have been replied to more often. Nodes are colored according to their
out-degree (number of comments made), where darker nodes have made more comments. Many nodes in the network have relatively high
out-degree, but a small minority receive a majority of comments in response to their activity on the site.

3. Approach
3.1. Data
Our work involves analysis of the “All of Reddit” dataset 2 . This is a comprehensive catalog of information about subreddits, submissions to subreddits, and comments on submissions. Each subreddit entry contains information about the number
of users subscribed to its content, its date of creation, and the subreddit’s description and submission rules. Each submission
entry contains information about its author, score, title, content URL, and any text written to accompany the submission.
Each comment entry contains information about its author, upvotes and downvotes, comment text, and an identifier for the
post (or other comment) that the comment responds to.

3.2. Building a Network Representation of Reddit
To generate a network, we opted to parse a subset of the PushShift dataset for user-user interactions embedded in comments
across a variety of subreddits. Since Reddit has around a million subreddits and receives millions of comments per day, we
restricted our analysis to a limited number of subreddits—specifically, the top 1,000 subreddits by subscriber count according
to the PushShift dataset—and used comment data from January 2012 rather than from Reddit’s entire history.
Using this data, we constructed a multigraph representing Reddit users and comments (see Figure 1). Each directed edge
represents a comment made by one user in response to a post or a comment made by a second user. In this way, we represent
Reddit as a social network, capturing some of the latent user-user interactions that drive the rise to popularity of Reddit’s
most prominent submissions.

3.3. Feature Extraction
Our goal is to build a classifier that can predict the popularity of a given post. We choose four different sets of features
related to each post to construct a training set for our prediction model: temporal features, original poster features, linguistic
features of the post title, and finally structural features of the user within our user-user Reddit network.
2 Hosted

at http://files.pushshift.io/reddit/.
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Feature
hour of day (EST)
day of week (EST)
cumulative # of posts
cumulative # of comments
cumulative post score
cumulative comment score
cumulative post golds
cumulative comment golds
sentiment
part of speech presence
is title short?
it title long?
pagerank*
hub/authority score*
in/out-degree*
node2vec*

Type
temporal
temporal
original poster
original poster
original poster
original poster
original poster
original poster
linguistic
linguistic
linguistic
linguistic
structural
structural
structural
structural

Figure 2. Summary of features used in virality prediction model. * indicates features that extend the baseline model.

3.3.1

Temporal Features

The success of a piece of content on Reddit is clearly closely tied to the time and day in which it is initially posted. As
the number of active users on the site follows a cyclical pattern each day, we would expect that content posted during the
peak traffic periods would have a higher chance of becoming popular. On the other hand, perhaps each individual piece of
content is diluted as more content is collectively shared during peak hours, making it less likely to reach widespread virality.
To capture these temporal effects, we include one-hot representations of the hour of day and day of week in which a given
submission is posted as features in our model.
3.3.2

Original Poster Features

It is intuitive to think that the more successful a user on Reddit has been in the past, the more successful their future posts
will be. In order to capture this effect, we include features such as the cumulative score and cumulative number of golds
achieved by the original poster of the submission. We also include features related to the original poster’s post and comment
activity, such as the total number of past posts and comments.
3.3.3

Linguistic Features

Prominently displayed on the subreddit webpage, the title of a post is clearly connected to the success of a post. If the
language used in the title fits what that community likes, perhaps that post has a higher chance at success in that community.
Inspired by Lakkaraju et al. [4], we include the following linguistic features related to the title:
• Sentiment. We use the Vader sentiment analyzer built in to the Natural Language Toolkit (NLTK) for Python 3 .
• Part of speech presence. Binary features indicating the presence of determiners, pronoun, nouns, adjectives, adverbs,
interjections, and prepositions. We use the part of speech tagger included in NLTK, which uses the Penn Treebank Tag
Set 4 .
• Title length. Lakkaraju et al. showed that title length is only correlated of post score when it is either very short or
very long. We include two binary features: one indicating if the number of tokens in the title is less than four and
another indicating if the number of tokens is greater than sixteen.
3 See
4 See

http://www.nltk.org/.
http://www.ling.upenn.edu/courses/Fall 2003/ling001/penn treebank pos.html.
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3.3.4

Network Structure Features

By construction of our Reddit network, a user being more deeply embedded signals higher levels of interaction with a
greater number of individuals on Reddit. Intuitively, then, a user that is more deeply embedded with in the Reddit network
is more accustomed to the norms and rules of his or her frequented communities and have a better understanding of how to
make posts that result in higher scores. We extract several features from our user-user network related to the original poster
of the submission, including:
• In/out-degree. The in- and out-degrees of the original poster give a measure of how many users have replied to the
original poster and how many users the original poster has replied to.
• Hub/Authority score. A high hub score for the original poster suggests that the original poster replies to many other
users. A high authority score suggests that many users reply to the original poster.
• PageRank. The PageRank score of the original poster is an estimation of the “importance” of that user in the network,
as gauged by the levels of interactions with other users in the network.
• node2vec embeddings. We ran node2vec [3] on the Reddit multigraph with in-out parameter p = 0.5 and return
parameter q = 1 to generate a 128-dimensional embedding for the author of each submission. The selected parameters
bias node2vec’s random walks to remain local to the source node, generating “BFS-like” embeddings that reflect each
user’s structural role in their local neighborhood. If node embeddings are able to capture similarities between nodes
through mapping into a latent feature space, they may also be useful in expressing qualities of a user’s neighborhood
that contribute to the success of their posts.
For all network-related feature extraction we utilize the SNAP library for Python 5 .

3.4. Virality Prediction
We explore both the Random Forest and the Boosted Trees regressors as our models to predict post virality.
3.4.1

Random Forest Regression

Random forests is a tree-based model that is well-suited for data that has a non-linear and complex relationship between the
features and the response. Considering that our predictors comprised of temporal features, linguistic features, and network
structure features, it seemed reasonable to assume that the response would not be well-approximated by a linear model.
Random forests fit a large number of decision trees on datasets generated from sampling the training data set and then
averages the predictions. This reduces the variance of the model, leading to less overfitting. Furthermore, each time a split in
a tree is considered, a random sample of m predictors is chosen as split candidates from the full set of p predictors. Usually,
√
m = p. The purpose of this is to decorrelate the trees that are built, which also decreases the variance of the model.
3.4.2

Boosted Trees

Like random forests, boosted trees fit many decision trees and combines all of them to create a single predictive model.
Unlike in random forests, trees are grown sequentially (instead of independently). In other words, each tree is grown using
information from previously grown trees. The way boosted trees work is that we fit a tree using the current residuals, rather
than the outcome, and add this new decision tree into the fitted function in order to update the residuals. Usually these trees
are quite small (have low depth). By fitting many small trees to the residuals, we slowly improve our model in areas where it
does not perform well. In practice, boosted trees tend to work quite well, oftentimes even better than random forests.

3.5. Evaluation
We compare our network-aware model with a handful of baselines:
• Mean only. Predict the mean score over all training examples for any input x.
5 See

http://snap.stanford.edu/snappy/index.html.
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Figure 3. Basic observations from the Reddit dataset. Left: Cyclical activity of mean Reddit post score, indicating higher post success
during the middle of the day (in the United States) and higher success on weekends. Right: Poor association between users’ score history
(as measured by the mean score of all past submissions) and score of newly submitted posts

• Mean and deviations. Compute the mean score over all training examples. For each individual user, subreddit, day of
the week, and hour of the day, compute the mean bias over all posts falling within that category, where a post’s bias is
the deviation of its score from the total mean over all scores. Given an input post x, predict its score as the total mean
plus the sum of biases for its day and hour of submission, its subreddit, and its username.
• Lasso model. The Lasso
Pp is a linear regression method with the loss containing an additional regularization term, in this
case the l1 penalty λ j=1 |βj |, where βj are the trained coefficients of the predictors. The Lasso effectively performs
variable selection, as the l1 penalty can force some of the coefficient estimates to be exactly zero for variables that have
no predictive power. We used the Lasso model as our baseline instead of a basic linear regression model because our
model trains on a large number of predictors, some of which probably are not actually useful for prediction.
• Non-network models. Random forest and boosted tree models trained on the set of features described above, excluding
all network-related features.
For each model, we compute the root mean-square error (RMSE):
r Pn

i=1 (ŷi

RM SE =

n

− yi )2

,

where ŷi is the predicted score for example i, yi is the true score for example i, and n is the total number of examples.

4. Results
4.1. Properties of Reddit Submission Dataset
As expected, we observed that Reddit’s receptiveness towards new content fluctuates throughout the day: content submitted towards the middle of the day (measured in the US) tends to achieve higher scores than content submitted at other times,
and content popularity peaks during the weekends, when more users are presumably free to browse Reddit and submit posts.
Mean scores during peak activity on Saturdays were more than twice as high as the weekly low, which suggests a strong
dependency of post score on submission time in the broader dataset. See Figure 3.
We observed considerable inequity amongst Reddit users in total post score: less than 10% of Reddit users collected more
than 90% of total post score during the time period we observed (data not shown). Intuitively, this might suggest that a small
number of Reddit users had mastered a technique for consistently submitting posts that received large numbers of upvotes;
we would expect these users to have disproportionately high score totals relative to their total numbers of posts. However,
we observed the opposite: each user’s total score was most strongly correlated with their total number of posts throughout
the period (R2 = 0.9), and there appeared to be no relationship between submission scores and the posters’ mean post scores
leading up to those submissions (see Figure 3).
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Figure 4. Distributions of in-degrees, out-degrees, and pairwise activity on Reddit during January 2012. In-degree (receiving replies) and
out-degree (making replies) both appear to follow a power law distribution, with exponent between 2 and 3. Frequency of commenting
between pairs of users also appears to follow a power law for most users, with an exponent in the same range. Distributions of the same
quantities for an Erdős–Rényi graph are plotted in red for comparison.

4.2. Properties of Reddit Network
The user-user comment multigraph captured about 500,000 users and 7.4 million replies between those users.6 Approximately 1.4 million comments were made by users who later chose to delete them, causing the authors to appear as
[deleted] in the dataset and collapse into a single node in the user-user multigraph. We deleted this node before computing the following statistics.
Using a random sample of 10,000 nodes, we found that the Reddit social network has a clustering coefficient of approximately 0.15; by comparison, an Erdős–Rényi graph with the same number of users and user-user interactions has a clustering
coefficient of 4 · 10−5 . Computation of network diameter proved difficult for both graphs due to their large size, but a small
sample of 100 nodes yielded a diameter of 9 for the Reddit graph compared to 7 for the Erdős–Rényi graph.
In- and out-degrees in the Reddit network approximately followed a power-law distribution, as illustrated in Figure 4. The
power law exponent for both distributions was between 2 and 3, typical for a social network. Since the set of all replies
forms a multigraph, we can also compute a distribution of the number of edges between each pair of users in the network.
Interestingly, this distribution also appears to follow a power law, with an exponent of 2.6. In all three distributions, most
users or pairs of users have relatively small comment activity, but there are nonetheless heavy tails, where a few users
received or made thousands of comments during the one-month observation period or where a few pairs of users interacted
abnormally frequently. Intuitively, we might expect these abnormally active users to have more familiarity with the overall
Reddit community, which might allow them to make higher-quality posts.

4.3. Virality Prediction
For each model, we used 95% of the Reddit submission data to train a predictor and perform cross-validation to select
model-specific hyperparameters. The remaining 5% of Reddit submissions were used to evaluate the performance of each
predictor.
Each model we trained yielded an RMSE in the neighborhood of 130-150 on both the training and test sets, with the
exception of the bias-based model, which achieved an abnormally low training error around 100.
We observed that over 90% of submissions made to Reddit during January 2012 achieved a score of 200 or less. Therefore,
an RMSE of 130-150 is extremely high, reflecting major shortcomings in our models’ ability to predict post scores. These
results did not improve when we introduced the random forest models—which we expected would be better suited to capture
meaningful trends in the data—or when we introduced features from the comment network.

5. Discussion
Our models performed poorly in this prediction task, as seen by the test RMSE hovering around the same as that of simply
taking the mean of all the training examples. One explanation is that we are very limited in what we can predict without a
direct model of content quality. Although we incorporated temporal features, original features, and linguistic features in our
baseline model, the datasets we worked with demand a more robust model for predicting scores of posts.
Furthermore, adding in network features did not help our model performance. Because Reddit is not a relationship-based
social network (most of the user interactions are directly with pieces of content instead of other users), it could be that a user
6 5.4

million comments are missing from the multilayer content graph; these corresponded to top-level comments made on Reddit posts.
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Model
Mean
Mean w/ dev.
Lasso non-network
Lasso network-aware
RF non-network
RF network-aware
BT non-network
BT network-aware

Train RMSE
139.7
107.3
139.2
149.4
134.2
132.2
136.4
133.9

Test RMSE
136.6
145.9
136.2
149.8
134.4
141.0
133.9
137.1

Figure 5. Summary of regressor performance (RMSE) for different methods (RF = random forest, BT = boosted trees).

A’s network importance measured in terms of the number of comments other users post under user A’s posts/comments gives
no indication of how viral user A’s posts will be.
For feasibility concerns, we limited ourselves to the slice of data corresponding to January 2012. This limits all features
related to cumulative number of comments, posts, score, and golds to this specific time period. The average user likely
engaged in the majority of their activity outside of this specific time window, which was not captured in our model.

6. Future Work
Further work is required to produce a useful predictor of Reddit post virality.
A primary fallback of our method was the lack of a direct model of content quality. Future work in this area would benefit
by further extracting natural language features both from the title and content of the posts. In particular, modelling “good”
and “bad” words for a particular subreddit, as well as content-specific words for a particular subreddit, would likely improve
performance. Techniques toward this task have been explored in Lakkaraju et al. [4]. This type of analysis could be applied
both to the title and text content of the posts.
As mentioned above, our model may benefit by computing certain aggregated features over a larger time period. In limiting
ourselves to January 2012, we fail to capture any user engagement outside of this time period, even though this information
may be indicative of a user’s likelihood of success when posting.
In addition, future work should consider developing subreddit-specific models for virality. As Reddit is a content-driven
network, different communities on Reddit react distinctly to different content. Thus, it is necessary to develop models are
robust to the widely varying nature of the different communities across Reddit.
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