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Abstract. In the complex landscape of online social networks, predicting unfollow
events is challenging due to data sparsity, class imbalance, and the dynamic nature
of user interactions. This paper presents EDGE-UP, an Enhanced Dynamic Graph
Neural Network (GNN) Ensemble model adeptly designed to overcome these chal-
lenges in unfollow prediction. EDGE-UP leverages a large-scale, longitudinal Twitter
dataset featuring 58 weekly snapshots across 118,890 users to capture the evolving
social dynamics. It minimizes the need for extensive feature engineering by utilizing
GNNss for spatial encoding and LSTMs for capturing temporal dynamics, addressing
data sparsity and class imbalance through ensemble learning and negative sampling
strategies. Our experiments demonstrate EDGE-UP’s superior performance in accu-
rately predicting unfollow events, setting a new standard in social network analysis,
and offering versatile applicability across different platforms. The code and data are
available here: https://github.com/DSAatUSU/edge-up.
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1 Introduction

Online social networks, notably Twitter (X), are pivotal in the digital realm. They enable
communication and interaction while serving as a substantial source of behavioral insights
across various fields [8,27,6,7,14,1,9,24,10]. The dynamics of follower-followee relationships
are vital for comprehending user behavior, and predicting unfollow events emerges as a
critical challenge in this landscape. Figure 1 illustrates the evolution of social ties over time
in a network, showcasing how users’ actions of following (creating ties) and unfollowing
(breaking ties) progressively modify the network’s structure.

In this paper, we delve into the follower-followee relationships on online social networks,
aiming to predict instances where users are likely to unfollow one another. The motivation
behind this research stems from the need to have an accurate model that can analyze and
predict the evolution of ties in a social network. Such a model comes with several benefits.
Firstly, understanding the dynamics of forming and dissolving friendships on social media
is crucial [26,17]. Secondly, analyzing how network structure influences tie breaks in online
social networks is significant [13]. Thirdly, gaining insights into the evolution and decay of
online relationships helps understand digital social dynamics [23]. Lastly, developing predic-
tive models for follower loss, which incorporate factors like tweet content and engagement,
is beneficial for proactive relationship management on social media platforms [18]. These
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reasons underscore the importance of unfollow prediction in comprehending and managing
online social interactions, enhancing user experience, and informing social media strategies.
However, unfollow prediction faces several challenges, reflecting the complex nature of social
networks and human behavior. Some of the key challenges include:
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Fig. 1: Example of the evolution of ties in a social network as users follow or unfollow each
other.

(d Lack of Large-scale and Longitudinal Data: The absence of large-scale, longitudinal

datasets that capture the dynamism of online social networks limits the effectiveness of
unfollow prediction models in accurately understanding and forecasting user behavior
over time. This limitation leads to models that fail to capture the complexity of network
dynamics and user interactions, resulting in reduced predictive accuracy and challenges in
developing robust, generalizable models. Unlike follow prediction (a.k.a link prediction),
unfollow prediction remains largely unexplored [30], primarily due to the scarcity of
high-quality data.

Dynamic Nature of Social Networks: Social networks are dynamic, with user inter-
actions and preferences evolving over time. Predicting unfollows requires models to
adapt to changing patterns and user behaviors, making it challenging to build robust and
accurate models.

Data Sparsity and Class Imbalance: Social network data is often sparse, and there is
a significant class imbalance between unfollow incidents compared to follow ones— See
Section 3. This can lead to biased models that struggle to generalize well, as the majority
class (users who do not unfollow) may dominate the training data.

Hand-crafted Specific Features: Prior research on unfollow behavior prediction in social
networks has predominantly utilized platform-specific manually crafted features [30,18],
which are resource-intensive and limit the generalizability of the models. Additionally, the
vast amount of social media data complicates identifying features that accurately reflect
user behavior and engagement. Thus, there is a need for a universally applicable model
that transcends the constraints of specific platforms and the nature of user-generated
content.

To address the challenges in predicting unfollow events, we first created a comprehensive

and dynamic Twitter dataset. We then developed a new model named EDGE-UP, which
adeptly integrates temporal dynamics with network structure, employing techniques like
Graph Neural Networks (GNNs) and Long Short-Term Memory (LSTM) networks to capture
users’ evolving interactions and preferences. We address unfollow prediction challenges in

the following ways:
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(J Introducing a Large-Scale and Longitudinal Data: We constructed a large-scale Twit-
ter dataset with 58 weekly snapshots of interactions among 118,890 Twitter users. This
dataset provides a broad and detailed view of social network dynamics over an extended
period. This long-term perspective is crucial for understanding the nuanced patterns and
trends in unfollow behavior, often missed in smaller or shorter-term studies [31,13].

(J Minimizing Feature Engineering: The Spatial Encoder in EDGE-UP uses GNNs to
create simplified representations of user nodes. This allows the model to identify essential
features from the social network structure automatically, eliminating the need for manual
feature selection. EDGE-UP effectively captures user tie dissolution behavior by merely
focusing on the network’s core patterns, improving its prediction ability.

(J Adapting to Network Changes: The Temporal Encoder in EDGE-UP is designed to
keep up with users’ changing interactions and preferences over time. By examining
the sequence of network snapshots and their changes using an introduced concept of
lookback period, EDGE-UP stays in tune with evolving patterns and behaviors, increasing
its accuracy.

(1 Addressing Data Sparsity and Class Imbalance: EDGE-UP uses ensemble learning
to tackle the problem of sparse data and the imbalance between the number of retained
ties and dissolved ties. Additionally, we implement a robust negative sampling strategy
to counter the imbalance between the frequencies of retained and dissolved ties in the
dataset. By aggregating predictions from multiple models, this approach facilitates a
more balanced perspective, enhancing the model’s ability to generalize effectively across
diverse data scenarios.

Our study contributes to the growing body of literature on social network analysis in the
following ways:

[ We construct a large-scale temporal dataset on Twitter with 58 weekly snapshots of
the follow network among 118,890 users. To our knowledge, this dataset is the most
comprehensive in terms of time span in this field, poised to significantly advance research
in analyzing and predicting broken ties in online social networks.

(1 We propose EDGE-UP, a novel model for accurately predicting unfollow events in social
networks. Our model incorporates a unique approach to capture the temporal evolution
of user relationships, offering new insights into how social ties change over time, and
addresses key challenges such as data sparsity, class imbalance, and the need for extensive
feature engineering, setting a precedent for future research in this field. To the best of
our knowledge, this is the first model to perform end-to-end unfollow prediction using
only network data.

[ We perform extensive experiments and show the superiority of EDGE-UP to the baseline
methods and its high performance and reliability in unfollow prediction on Twitter (X).

Remark. While EDGE-UP has been tested on our Twitter (X) dataset, its application is not
confined to a single platform. Its design allows easy adaptation to data from various social
media platforms, provided such data is accessible. This versatility stems from its design,
which is not dependent on the unique characteristics of any single platform’s content.

2 Related Work

2.1 Unfollow Analysis and Prediction

Although unfollow prediction in social networks is gaining importance, research in this area
remains relatively sparse. Next, we will examine some key studies focusing on analyzing and
predicting unfollow behavior, often called broken tie analysis.
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In a pioneering research effort, [16] conducted a study on 1.2 million Korean-speaking
users on Twitter for 51 days to analyze unfollow dynamics. They identified a few signifi-
cant factors influencing unfollow events, including overlap, duration, and reciprocity of the
relationships, as well as followee’s informativeness based on users’ tweets and relationships.
In a subsequent study, [17] examined two snapshots of follow networks of the same users
10 months apart and identified 12 structural and actional properties that affect the decision
to unfollow. Later, [31] employed actor-oriented modeling (SIENA) to investigate how reci-
procity, embeddedness, status, homophily, and informativeness influence the dissolution of
ties. Their study on closely-knit user groups on Twitter showed that relational properties such
as reciprocity and embeddedness significantly affect tie breaks. At the same time, the effect
of informativeness and homophily based on common interest is not deemed significant. [13]
investigated the impact of network structure alone on unfollow behavior and identified some
structural properties that show significant effects on tie breaks. [23] examined the impact of
several factors (e.g., age, gender, personality traits) that sociological studies have linked to
friendship dissolution in real-world scenarios within the context of Facebook. [18] analyzed
the content of posts from Twitter users experiencing consistent follower loss to extract various
behavioral features that are subsequently utilized for the early detection of follower loss.

While these approaches provide valuable insights, they necessitate substantial feature
engineering and cannot capture the interaction between spatial and temporal attributes within
a social network. Therefore, [30] proposed UMHI for unfollow prediction in a real-world
Weibo dataset, which captures users’ spatial attributes (e.g., their social role) through a net-
work structure encoder and infers their temporal attributes through their posted content and
unfollow history. This study is closest to our work. Nonetheless, there are several drawbacks
to this model: 1) it lacks the capability for end-to-end training; 2) it relies on users’ posted
content, which could be challenging or expensive to gather and may not significantly influence
unfollow behavior in certain Twitter groups, as demonstrated by [31]; 3) it does not consider
the temporal evolution of users’ local neighborhood.

Unlike traditional unfollow prediction methods, our approach focuses on harnessing
spatio-temporal data solely from the user follow relationship network. This strategy eliminates
the dependency on platform-specific, content-related, and often complicated hand-crafted fea-
tures with very low generalizability. In particular, by leveraging a combination of graph neural
networks and recurrent neural networks, we efficiently encode spatio-temporal information,
offering a compelling end-to-end solution for unfollow prediction.

2.2 Follow (Link) Prediction

In contrast to unfollow prediction in social networks, follow prediction or link prediction
has garnered considerable attention, especially in graph machine learning. As our approach
draws on the research and breakthroughs in link prediction, including those methods used
as baselines, we will briefly overview some of these pertinent methodologies.

Authors in [22] proposed DeepWalk, a random walk-based method for learning latent net-
work representations for nodes in a network that effectively captures social relations in a con-
tinuous vector space. Node2vec was introduced in [3], which employs flexible, biased random
walks to encode a graph’s structure, balancing local and global network properties. node2vec
has shown great performance in encoding graphs from many different domains [2,32]. LINE
(Large-scale Information Network Embedding) [25] is designed for embedding extensive net-
works into low-dimensional spaces. It effectively captures both first-order (direct connections)
and second-order (neighborhood similarity) relationships within the network. These methods
focus on learning structural node embeddings in an unsupervised manner.
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However, a significant advancement occurred with the introduction of Graph Convolu-
tional Networks (GCN) by [12], combining node features and graph structure in a neural
network approach, shifting towards more supervised learning in graph analysis. Authors
in [12,11] discovered that the GCN-based approach consistently outperforms DeepWalk in
link prediction. Building upon these developments, the Graph Attention Network (GAT) and
GraphSAGE have further expanded the capabilities of graph machine learning. GAT [28],
leverages attention mechanisms to weigh the importance of nodes’ neighbors, allowing for
more nuanced feature aggregation from a node’s local neighborhood. On the other hand,
GraphSAGE [4] innovates by using a sampling-based approach to generate node embed-
dings efficiently. It aggregates features from a node’s local neighborhood while allowing for
inductive learning, enabling the model to generalize to unseen nodes.

3 Dataset
. . Table 1: Dataset statistics
To effectively predict unfollow events, Property | Average Value
it is essential to have access to a large,
d e d £ detailed . # of nodes/users per week 118,890
ynamic dataset of detatled user Inter- ;¢ o goes/ties per week 2,841,814.09
actions. Therefore, we chose to gather  pepgity 0.0002

data from Twitter (X). We gained ac-  # of new follows in weeks 2 to 58 9,648.88
cess to Twitter’s API through their Aca-  # of new unfollows in weeks 2 to 58| 4,095.17

demic Research program and set up  Ratio of unfollows to # of edges 0.0014
the necessary software and hardware — Maximum # of followers 4,015.19
to store data efficiently. This setup al- ﬁm{m‘lm i Offff‘)llllowers . 2611 -
1 d t tur kl hot: aximum # oI Tollowees . .
owec. us 1o capiite Weekly snapsiiots Minimum # of followees 1

of social connections and content from
118,890 users over a year, beginning on
June 18, 2018.

We started with one author’s Twitter account and expanded our user base using a breadth-
first search approach [19], initially reaching around 130,000 users. After removing users
who changed their privacy settings or deactivated their accounts during our data collection,
we were left with 118,890 users. Our data, spanning from June 18, 2018, to July 22, 2019,
includes 58 weekly snapshots that detail the follow relationships among these users (see
Table 1 for statistics). It is important to highlight that Twitter’s API does not provide direct
information about unfollow events and when they occur. Therefore, to identify such events,
we had to repeatedly collect data on the same users over an extended timeframe. As shown in
Table 1, the number of unfollows compared to new follows is significantly smaller.

4 Problem Statement

Suppose we have observed the follow relationships among a subset of users in an online
social network across I' consecutive time-steps. In this context, a follow relationship is a
directed link from a follower to a followee, and each user might be associated with a set of
features. At any given time ¢, we can represent the state of the social network with a directed
graph Gy =(V,E;), where V is the set of users that remains the same in all time steps, and
FE; comprises directed edges reflecting the follow relationships at time .

Unfollow: At time-step ¢, an edge (u;,u;) is labeled as unfollow if (u;,u;) € E; and
(uiu;) € Eigr-
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Our goal is to develop a model f(+) that, given any sequence of k graph snapshots from
time ¢ to time (¢t + k — 1), predicts the likelihood of an unfollow event occurring between
any two users v and v in the subsequent time-step (¢ + k). The parameter k represents a
designated lookback period, a crucial time window that determines the number of historical
snapshots used for each prediction, optimized through hyper-parameter tuning. The model’s
predictive function can be mathematically represented as §(y, ) = f(Gt,....Gtx—1), Where
U(u,v) Tepresents the predicted probability that user v will unfollow user v at time (t+k).

S The Proposed Method (EDGE-UP)

We propose a novel model for unfollow prediction in online social networks, which relies
solely on the network’s inherent relationship graph and temporal dynamics. Our approach
involves four key components: 1) A Spatial Encoder employing Graph Neural Networks
(GNNs) to derive compact, low-dimensional user node representations, capturing the structural
intricacies of the social network; 2) A Temporal Encoder utilizing Long Short-Term Memory
(LSTM) networks, to track the evolving local neighborhood structure surrounding user pairs
before an unfollow event; 3) A Multi-Layer Perceptron (MLP) tasked with generating the final
predictions for each pair of users; and 4) An Ensemble Learning strategy that enhances overall
predictive accuracy by synergizing multiple models. This comprehensive methodology is
designed to optimize unfollow prediction by effectively integrating both spatial and temporal
aspects of social networks. Figure 2 shows the overall architecture of our model. In the
following subsections, we provide a detailed explanation of each component within our
model.
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Fig. 2: Overview of EDGE-UP with m ensemble members.

5.1 Spatial Encoder

As highlighted earlier, one of the critical challenges in unfollow prediction within social
networks is feature engineering. Earlier research has primarily focused on using hand-crafted
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features, which can be either costly or impossible to extract [30,18]. We propose using Graph
Neural Networks (GNNs) to address this challenge. GNNs are a class of neural network
models designed to process and analyze graph-structured data. We believe they are particularly
effective in predicting unfollow actions in online social networks due to their proficiency
in processing the complex and dynamic relationships inherent in these networks. They can
adeptly capture local and global interaction patterns among users, making them well-suited for
analyzing large-scale social media data, leading to more accurate and insightful predictions in
online social interactions.

In a GNN, several graph convolution layers are employed, resembling a perceptron, but
with an additional step for neighborhood aggregation. Each layer [ of a GNN model involves
three key components: message computation, message aggregation, and non-linearity. In
the message computation step, each node creates a message that will be sent to other nodes.

Mathematically, we can write: m,, ) = MSG® (b, V).

Next, in the message aggregation step, each node aggregates the messages from its
neighboring nodes with the message from the node itself. Finally, a non-linearity is applied to
compute the node representation. For node v, we can write

ho V) =6(CONCAT(AGGY ({m,, V) ue N(v)}),m,®)) (1

where N (v) is the set of neighbors of node v. After L layers of computation, the final
embedding for node v is a d-dimensional vector h,, 2

Researchers have introduced powerful GNN models in the past years by exploring
possible choices for M SG and AGG functions. One such model is GraphSAGE, which has
shown strong performance in various tasks involving graph-structured data [4]. GraphSAGE
generalizes the aggregation step by allowing multiple aggregation functions, such as the
max-pooling aggregator. In this approach, each neighbor’s vector is transformed using a fully
connected neural network, which constitutes the M SG function. So, we have:

my W =MLP(h, ™), )

where MLP is an arbitrarily deep multi-layer perceptron.

The aggregation step has two stages. First, an element-wise max-pooling operation is
applied to aggregate the messages from neighboring nodes. For node v, we can write:

m(N(v))(l)zMax({mu(l_l),VuEN(v)}). 3)

In the next stage, to further aggregate over the node itself, a GraphSAGE layer follows this
equation:
hy O = (WO-CONCAT (mn )P m, D). @)

To predict unfollows, we need to learn representations for pairs of nodes in the graph.
We achieve this simply by concatenating the embeddings of such nodes to construct a
representation for the pair. Therefore, for p = p(u,v), which is the pair of nodes u and
v: hy, = [h"||hy"], where || is the symbol for concatenation operation and is equivalent
to CONCAT. In this paper, we use GraphSAGE layers as described above to encode
graph snapshots that represent the structure of a social network at different time steps. We
experimented with other aggregators, but max-pooling produced the best results.
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5.2 Temporal Encoder

We hypothesize that incorporating the temporal evolution of a node’s local neighborhood
can enhance the prediction of future unfollow events. To validate this hypothesis, creating
sub-sequences of consecutive graph snapshots from our dataset is essential. To this end, firstly,
we focus on examining the network’s structure within a specific time window preceding an
unfollow event, which we refer to as the lookback period. Then, we employ a sliding window
technique to generate data samples that track the development of local interactions around
nodes before unfollow events. Given a series of graph snapshots {G1,Gs,...,G}, employing
the sliding window technique with a lookback period of & and stride of 1 results in 7'— k
graph sequences. Each of these sequences contains k consecutive graphs and is utilized to
predict unfollow events in the following time-step. Figure 3 illustrates the application of this
technique to our dataset, using a stride of 1 and a lookback period of 2. In Section 6, we
demonstrate that the proposed lookback approach is very practical in unfollow prediction,
improving the performance significantly.
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Fig. 3: Sliding window technique applied to our dataset with lookback set to 2.

In this paper, we employ Long Short-Term Memory (LSTM) networks to derive latent
representations that capture the temporal evolution of local neighborhoods surrounding node
pairs within each sequence of k graphs. LSTM networks [5] are a type of recurrent neural
network designed for modeling and capturing dependencies in sequential data. LSTMs have
wide application in tasks such as natural language processing, time series analysis, and speech
recognition due to their ability to capture temporal dependencies effectively.

Suppose node v unfollows node v at time ¢. To be able to predict this unfollow event, we
observe the evolution of the local neighborhood around nodes « and v from time (¢t—k) to
time (¢—1). To this end, we first obtain the embedding of this pair of nodes at each time-step
using a GNN. Then we input this sequence of embeddings [, <" ,....h,<""*>] to an
LSTM network. The LSTM learns a low-dimensional representation for the pair after time &
has passed, which can be used to predict whether node « will unfollow node v or not.

5.3 Classifier

A Multi-layer Perceptron (MLP) is a type of neural network architecture characterized by
multiple layers of interconnected nodes, including an input layer, one or more hidden layers,
and an output layer [15]. In an MLP, each node (or neuron) in a layer is connected to every
node in the subsequent layer, forming a densely connected network. This architecture allows
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MLPs to learn complex relationships in data, making them suitable for a wide range of tasks,
including classification and regression.

We use an MLP with one hidden layer to predict whether a user will unfollow another
user, given the final hidden state from the LSTM network. Suppose for node pair p(u,v), the
final hidden state of the LSTM is a,,. Then, the output of MLP is computed as follows:

h=ReLU (Wi -ay+by), )
?A/(u,v) :U(Wout'h+bo)- (6)

In Equation 5, ReLU is the Rectified Linear Unit activation function, W;,, is the weight
matrix for the input layer to the hidden layer, by, is the bias for the hidden layer, and £ is the
final hidden layer vector. In Equation 6, W,,,; is the weight matrix for the hidden layer to
the output layer, b, is the bias for the output layer, and ., is the prediction for node pair
p(u,v) after applying sigmoid activation function.

54 Average Ensemble

As previously discussed, the scarcity of data in unfollow events poses challenges for unfollow
prediction models, particularly their ability to generalize effectively to new and unencountered
data. To mitigate this issue, we employ the strategy of ensemble learning. Ensemble learning
is a machine learning technique where multiple models are combined to improve the overall
performance and robustness of a predictive model [20]. Instead of relying on a single model,
ensemble methods leverage the strengths of multiple models to achieve better accuracy,
generalization, and reliability. In this work, we used ensemble averaging, a basic form of
ensemble learning, where we trained multiple models on the same training set and averaged
their predictions on the test set to achieve more accurate results.

Suppose f is a model that, given a set of graphs Gy,...,G¢4,—1, predicts whether a user
will unfollow another user in the next time-step t+F, i.e. §(uv) = f(Gt,...,Gtx—1). Then
ensemble averaging works as follows: First, we train m such models (also called ensemble
members) independently; secondly, we apply the models on the test graphs separately and
average their results. Suppose in test time, the goal is to predict whether user u unfollows user
v in time ¢+, given graphs of k previous time-steps. Mathematically, we can write:

m

X 1\ 1,
Yuw) = EZfZ (Gt’ ;---;Gt’Jrkfl) = Ezy(u,v),i @)
i=1

i=1

where (., is the final prediction for node pair p(u,v) in time ' 4-k.

6 Experiments

In this section, we provide an in-depth look at our extensive experiments. Initially, in Sec-
tion 6.1, we outline our experimental setup. Next, in Section 6.2, we introduce the baseline
models used in our experiments. Section 6.3 presents the findings of our experiments, high-
lighting the comparison between EDGE-UP and the baseline models. Finally, we conclude
with a comprehensive ablation study (component analysis) of our proposed model in Sec-
tion 6.4.

Data Split We divided the graph snapshots into training, validation, and testing subsets to
evaluate our model comprehensively. Specifically, we utilized the initial 49 graphs along
with their corresponding labels for the training set. In total, these labels include 207,542
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unfollow events. For validation, we employed the subsequent 3 graphs and their labels, which
include 10,804 unfollow events. Lastly, the final 5 graphs, covering weeks 53 to 57, and
their associated labels with 15,079 unfollow events were designated for the testing set. This
strategic partitioning is designed to rigorously assess the EDGE-UP model’s capability to
generalize and perform effectively on unseen data. We initialize each user’s node features
with a 50-dimensional random vector to eliminate the need for manual feature specification.

6.1 Experimental Settings

Label Generation To train our model for (.. . =
unfollow prediction, we implemented a |[,~~~~-~--~-~ ,~~~----~- ~

structured approach for label generation us- : ) E | - 2 . E —
ing sequential graph snapshots. Labels were |, l‘“J'; 1y 1}9 I Ta.geu[ﬁjjﬁg;’ o~
generated for each snapshot by analyzing || W& ~/ ¥ b | R
changes in the graph structure over consec- ‘o - ___.'‘____ o

utive weeks. Specifically, positive unfollow -

samples were identified by locating edges Fig- 4: This example showcases our approach
present in a given snapshot but absent in the ~in generating negative labels through negative
next week— See Section 4. We performed a  sampling for the graph of week ¢ after identify-
negative sampling strategy to generate nega- ing positive labels.

tive labels, where the head nodes of positive

samples are altered, as depicted in Figure 4. As a result, for every positive unfollow sam-
ple, we created one negative sample. The overarching objective of this methodology is to
effectively train the model to distinguish between followers that will be retained and those
that are likely to unfollow. Incorporating this labeling strategy, we successfully generated
both positive and negative labels for a series of 57 graph snapshots spanning from week 1 to
week 57. This comprehensive dataset ensures a balanced and robust foundation for modeling
unfollow prediction as a binary classification problem. Utilizing these labels, we use binary
cross-entropy loss function to train the model.

Implementation We used PyTorch [21] and DGL [29] libraries for implementation. Each
simulation was run for 200 epochs with early stopping based on validation loss. The learning
rate was set to 0.0005, determined by hyper-parameter tuning, with a decaying rate of 0.9
every 50 steps. Based on hyperparameter tuning, we set the lookback value to 2 and the
number of ensemble members to 60. The experiments were conducted on a system with an
AMD EPYC 7513 CPU, 4 NVIDIA RTX A4000 GPUs, and 1 TB of RAM.

Evaluation Metrics We evaluated the performance of unfollow prediction models using
accuracy, precision, recall, and area under the curve (AUC) metrics. We ran each experiment
5 times and reported the mean and standard deviation of results for each metric.

6.2 Baseline Models

We experimented with three categories of baseline models:

Unsupervised Spatial Encoders We utilized a set of unsupervised shallow encoders to
learn embeddings for all nodes within each graph snapshot. Next, we concatenated these
embeddings for pairs of nodes to predict potential unfollow events in the subsequent time
step. We experimented with various prediction methods, including Random Forest, Logistic
Regression, Support Vector Machine (SVM), and XGBoost. We conducted thorough evalua-
tions with these techniques and reported the most optimal results. The following is the list of
these shallow encoders:
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(1 DeepWalk: [22] utilized random walks to generate node sequences, applying language
modeling techniques to learn representations that capture the graph’s structural properties.
We used the karateclub® package for implementation of DeepWalk.

1 node2vec: [3] introduced a more flexible notion of a node’s neighborhood. It employs
biased random walks to balance between capturing local and global graph structures. We
used the nodevectors* package for scalable implementation of node2vec.

(1 LINE: [25] designed LINE to efficiently preserve both first-order (direct connections)
and second-order (neighborhood similarities) proximities in the embedding space in
large—sscale information networks. We used an existing TensorFlow implementation of
LINE".

Supervised Spatial Encoders In another set of experiments, we employed three widely
recognized graph neural network models to generate embeddings for graph snapshots. Sub-
sequently, we concatenated these embeddings for node pairs, aiming to predict potential
unfollow events in the next time step. An MLP was utilized to make predictions based on
these final embeddings. However, it is important to note that these models do not capture
the temporal evolution of users’ local neighborhoods. We implemented these models using
PyTorch and DGL libraries.

(d GCN: GCNs [12] apply convolutional neural network principles to graph data, updating
node representations by aggregating neighbor information, ideal for tasks like node
classification.

[ GAT: GATs [28] use attention mechanisms in graph neural networks to dynamically
prioritize a node’s neighbors, enhancing the learning of graph structures.

(1 GraphSAGE: GraphSAGE [4] inductively learns node embeddings by aggregating from
neighbors and the node itself, enabling efficient embedding of unseen nodes in large

graphs.

We also experimented with applying the average ensemble for each method as explained in
Section 5. Number of ensemble members is set to 60 in all such experiments.

Supervised Spatio-Temporal Encoders In these experiments, we used the idea of sliding
windows explained in Section 5 to evaluate the effectiveness of incorporating temporal
information in the performance of previously mentioned graph neural network models. For
all models, we used an LSTM, with a lookback set to 2, to capture the temporal evolution of
embeddings. An MLP was utilized to make predictions based on the LSTM’s final hidden
state. Note that our proposed model, EDGE-UP, utilizes this category of encoders. To compare
the effect of ensemble learning in each variant, we experimented with 60 ensemble members
for each method and recorded the results.

6.3 Experimental Results

Table 2 presents the outcomes of our experiments, encompassing the three categories of
baseline models alongside our EDGE-UP model. Based on these results, we make the
following observations:

(d Among the unsupervised spatial encoders, node2vec shows the best performance, indi-
cating its effectiveness in capturing useful representations for unfollow prediction.

*https://github.com/benedekrozemberczki/karateclub
4https://github.com/VHRanger/nodevectors
Shttps://github.com/snowkylin/line
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Table 2: Comparing the performance of baseline models and our proposed model. The best
result in each column is displayed in bold, and the second-best result is underlined.

Category ‘ Model ‘Accuracy Precision  Recall AUC
Unsupervised LINE 0.51-£0.00 0.51£0.00 0.51+0.00 0.50+0.00
(1)  Spatial DeepWalk 0.51:£0.00 0.52:0.00 0.49+0.00 0.5120.00
Encoders node2vec 0.55£0.00 0.58£0.00 0.51£0.00 0.57+0.00
GCN 0.53+£0.00 0.53+£0.01 0.44:0.04 0.54:0.00
‘ GAT 0.53+£0.01 0.54:£0.02 0.29+0.04 0.5330.02
® S“Spe;’iffd GraphSAGE 0.5740.02 0.64:£0.05 0.33+0.07 0.6040.03
Engoders GCN-Ensemble | 0.5340.00 0.5320.00 0.47-0.00 0.54-£0.00

GAT-Ensemble 0.53+£0.00 0.55+0.01 0.33+0.01 0.544-0.00
GraphSAGE-Ensemble | 0.61+0.00 0.69+0.00 0.40+0.01 0.64-+0.00

GCN+LSTM 0.52+£0.01 0.52+0.01 0.46+0.08 0.534-0.00
GAT+LSTM 0.53+£0.02 0.57£0.04 0.284+0.04 0.5440.03

Supervised | 5 shSAGEALSTM | 0.604£0.01 0.68-£0.02 0.3940.06 0.64-0.01
(3) Spatio-Temporal
Ercodon | GON4LSTM Ensemble | Q68001 0.78=0.01 049001 0762001

GAT+LSTM Ensemble | 0.62£0.01 0.97£0.01 0.254+0.02 0.8330.01
EDGE-UP 0.92+£0.01 0.99+0.03 0.85+0.04 0.9910.00

(1 Supervised spatio-temporal encoders generally perform better than unsupervised spatial
encoders as well as their spatial-only counterparts. This suggests that the use of supervised
learning and addition of temporal information processing (via LSTM) enhances the
model’s predictive capabilities.

[ Within the supervised spatial encoders, GraphSAGE shows the highest scores, especially
in terms of accuracy and AUC, suggesting its superiority in embedding quality for this
task. When spatio-temporal encoding is applied, GraphSAGE+LSTM achieves the best
results among them, reinforcing the strength of GraphSAGE as a spatial encoder when
combined with temporal encoding.

(1 EDGE-UP demonstrates markedly superior performance across all metrics (accuracy,
precision, recall, and AUC), with scores significantly higher than the other models. This
indicates the effectiveness of combining a spatial encoder (GraphSAGE), a temporal
encoder (LSTM), and ensemble learning in our approach. This substantial lead also
underscores the significant impact of ensemble learning in enhancing prediction accuracy
and reliability.

6.4 Ablation Study

In this section, we present the results of our extensive experiments to analyze the effectiveness
of different components of EDGE-UP.

Temporal Encoder To assess the effectiveness of the temporal encoder component, we
devised an experiment with different lookback values. With a lookback of 1, the LSTM
module is omitted, and node embeddings are directly concatenated for MLP-based prediction.
We explored lookback values ranging from 2 to 4 to determine the optimal setting.

The results, depicted in Figure 5, led to several key insights:

(d The absence of the temporal encoder (lookback set to 1) significantly diminishes EDGE-
UP’s performance across accuracy, precision, recall, and AUC metrics, underscoring the
crucial role of temporal information in the performance of unfollow prediction.
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Fig. 5: Performance of EDGE-UP with different lookback values and associated error bars.

(1 A lookback of 2 yielded the highest accuracy, recall, and AUC, indicating that incorporat-
ing recent historical data of users’ local neighborhoods enhances prediction efficacy.

(1 Increasing the lookback to 3 or 4 boosted precision but adversely affected other metrics.
This suggests that while extended lookback enhances the reliability of positive predictions,
it does not substantially benefit other aspects of prediction, possibly due to the diminishing
relevance of more distant past information.

# Ensemble members
1 (No ensemble) =3 15 B3 30 BEE 45 60 E=E 75

Performance
e o o o
w o ~N -]

o
B

0
ccuracy

Fig. 6: Performance of EDGE-UP with different numbers of ensemble members and associ-
ated error bars.

Average Ensemble In a separate series of experiments, we evaluated the influence of
employing ensemble learning within our model. This involved testing with varying quantities
of ensemble members, where a single member equates to not implementing ensemble learning.
Further, we explored ensemble sizes of [15, 30, 45, 60, 75] to determine the impact of
increasing the number of ensemble members. The outcomes of our experiments on ensemble
learning are presented in Figure 6, leading to the following key findings:

(d Model performance improved consistently with the number of ensemble members,
showing significant gains from a single member to 15 members.

(J Beyond 60 members, the rate of performance improvement decreased, indicating dimin-
ishing returns.

(1 An ensemble of 45 members balanced performance gains and computational cost effec-
tively.
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Spatial Encoder Figure 7 (a) visualizes the effect of replacing GraphSAGE in EDGE-UP
with GCN and GAT. These results were also reported in Table 2. From these results, we
observe that GraphSAGE, with max-pooling aggregation used in EDGE-UP, yields the highest
accuracy, precision, recall, and AUC. This emphasizes the effectiveness of using GraphSAGE
convolution layers to encode graph snapshots.

=3 Balanced Test Set

GNN Model
Imbalanced Test Set (1 to 5)

GCN GAT E=¥ GraphSAGE

1.0
[}
%08 o
c
H ©
E 0.6 E
K] i)
i _ ﬂhj
& o4 % o
' %
1k X%
0.2l 14 £ Ta &
" Accuracy Precision Recall AUC AUC
(a) (b)

Fig. 7: Performance of EDGE-UP (a) with different GNN model members and associated
error bars. (b) on a balanced test set versus an imbalanced test set.

Class Imbalance To confirm our model’s ca-
pability to predict unfollow events in the imbal-
anced setting, we experimented with the same

1.0

test set of 5 graphs as described in 6.1, but with 08— ) -

5 negative samples per each positive unfollow g ¢ ¥ A

event. As a result, in this test set, we include Eo.6 & vl

15,079 positive unfollows and 75,395 negative € o

unfollows (retained ties). Figure 7 (b) demon- o4 /*/

strates the results of this experiment, highlight- ~ b pocurecy

ing the effectiveness of our model in predicting

~E Recall
-$ AUC

unfollows in an imbalanced environment.

20 40 60 80 100

Percentage of Training Data
Fig. 8: Performance of EDGE-UP with
different training sizes (with same test set)
and associated error bars.

Training Set Size We conducted experiments
with varying sizes of training sets to assess the
performance of our model when faced with lim-
ited training data. The findings are illustrated in
Figure 8. Despite the rarity of unfollow events in our dataset, our results demonstrate that
EDGE-UP can attain an 85% accuracy in predicting unfollow events, even when trained with
only 60% of the data (29 graphs).

7 Conclusion

In this paper, we constructed a large-scale longitudinal Twitter (X) dataset that facilitates
research on dynamic online social networks. We then introduced EDGE-UP, an enhanced
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dynamic GNN ensemble method for unfollow prediction in online social networks. Our
approach, which seamlessly integrates a spatial encoder, a temporal encoder, a classifier, and
an ensemble learning strategy, represented a comprehensive solution to the complex problem
of unfollow prediction. Our thorough experimentation showcased the efficiency of EDGE-UP
in capturing spatial and temporal information within social networks, which significantly
contributes to the accurate prediction of unfollow events.

Our research strictly followed Twitter’s guidelines, using public data and ensuring privacy
through anonymization and aggregated reporting. Despite acknowledging potential misuses
like targeted advertising or social manipulation, we implemented strict ethical safeguards. We
believe the benefits of our findings in understanding social interactions outweigh these ethical
concerns.

The study’s limitations include potential bias from its data collection method and the
simplification of Twitter’s dynamic social interactions into discrete events due to the reliance
on network snapshots. Despite this, the large dataset size helps mitigate bias, and the focus on
network structure over individual characteristics remains robust. However, there’s a risk of
overlooking the qualitative aspects of social relationships.
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