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Abstract

Event-based social network (EBSN) services have
emerged as a new platform on which users can choose
events of interest to attend in the physical world. Over
years, there are growing research interests in predict-
ing whether certain actors will participate in an event
together. In this work, we refer to this task as the
event attendance prediction problem and aim to address
the predictability of individuals’ event attendance. In
real-world settings, the factors that influence an indi-
vidual’s attendance may change over time, leading to
the dynamic nature of individuals’ behavior. However,
existing event attendance prediction methods cannot
deal with such dynamic scenarios. To address this is-
sue, we propose an end-to-end Deep Event Attendance
Prediction (DEAP) framework—a three-level hierar-
chical LSTM architecture—to explicitly model users’
multi-dimensional and evolving preferences. Extensive
experiments on three real-world datasets demonstrate
that DEAP significantly outperforms the state-of-the-
art techniques across various settings.

1 Introduction

Event-based social networking platforms, such as
Meetup and Plancast, have emerged as new paradigms,
which enable users to link their online interactions with
offline activities. In those EBSN services, groups host
events and users can choose events (e.g., parties and
seminars) they are interested in to attend, facilitating
face-to-face interactions in the physical world [22, 1].
Along this trend, one of the most important issues lies
in the prediction of event attendees, which in turn ben-
efits event recommendation for users [19].

Most of the existing event recommendation and
attendance prediction techniques [19, 5, 7, 32] are
proposed for static scenarios. They cannot handle
the real-world scenarios where users’ event preferences
evolve over time. For example, users may prefer outdoor
events during the summer while indoor ones during
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the winter. Predictive models trained in a static
manner are not capable of capturing such dynamics of
user preferences, motivating the necessity to keep the
dynamic nature of users’ event preferences in mind when
developing actionable models and solutions.

In order to capture the users’ evolving event-
preferences, however, there exist several key challenges.
i) Events in EBSNs are typically short-lived, making
the inference of future attendees face the cold-start is-
sue. That is, it is challenging to explore and leverage the
trace of event’s past participants for the future events.
ii) The underlying factors that affect users’ event par-
ticipation may change over time. It is difficult to model
this type of factor dependencies directly from users’ se-
quential preferences. iii) Users’ event attendance be-
haviors are closely related to the contextual informa-
tion of events (e.g., location and time of event). It is
a non-trivial task to incorporate the context-aware con-
strains into predictive models. iv) The connections be-
tween event attendance can be arbitrary since any pair
of events could potentially be related for various rea-
sons. This introduces a significant challenge to handle
all events with unknown dependencies.

To address the aforementioned challenges, this work
develops an end-to-end framework—Deep Event At-
tendance Prediction (DEAP)—by explicitly modeling
users’ evolving preferences from the following three di-
mensions:

• Sequential Preferences: Users’ historical atten-
dance patterns could indicate their event pref-
erences of different topics. In this work we
use Sequential Preference to track users’ interest-
dependent attendance logs.

• Contextual Preferences: In addition to personal
interests, users’ participation behavior on EBSNs
can also be influenced by their real-life events or
experiences, which can be conceptually modeled
by the spatial and temporal features. Herein we
use such contextual signals to dynamically model
the real-life influence through users’ participation
histories.
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• Exclusive Preferences: In real life, both explicit
and implicit influences between events are ubiqui-
tous during users’ decision-making processes. For
example, users who participate in weekend events
usually tend to group all events in a single day and
skip others even if they are interested in them. In
such cases, the attendance behaviors across events
are no longer independent. Therefore, the future
participants of an event can also be influenced by
other events that share similar spatial or temporal
characteristics.

To incorporate the above dimensions into event at-
tendance prediction, our DEAP framework leverages
a three-level hierarchical Long Short-Term Memory
(LSTM) architecture. DEAP explores the rich contex-
tual information of events to address the aforementioned
event cold-start challenge. In specific, its first level
transforms events’ contextual information into latent
embedding vectors in a non-linear way. In the second
level, we aim to encode the evolving exclusive prefer-
ences of users by considering their attendance behavior
across different groups. In DEAP’s third level, it en-
codes users’ sequential preferences to capture the time-
evolving attendance patterns and interacts with the
generated embedding vectors from the first two levels.
With the three-level LSTM architecture, the generated
semantic embedding vectors encode multi-dimensional
preferences (i.e., sequential, contextual, and exclusive
preferences). Finally, the embeddings are fed into a
Multilayer Perceptron (MLP) for predicting the event
attendance of each user.

To demonstrate the effectiveness of the proposed
DEAP method, we perform extensive experiments on
three real-world datasets from Meetup, which represent
a spectrum of geographical diversity. We compare
our framework with state-of-the-art techniques and the
evaluation results show that our scheme significantly
outperform the baselines. In addition, we analyze the
sensitivity of the proposed framework with respect to
different model parameters.

In summary, our contributions are three-fold:

• To the best of our knowledge, this is the first
work to study the event attendance prediction
problem under dynamic scenarios, where users’
event preferences evolve over time.

• We develop a Deep Event Attendance Prediction
(DEAP) framework that leverages a three-level
hierarchical LSTM architecture to capture users’
multi-dimensional preferences (i.e., sequential, con-
textual, and exclusive preferences).

• We perform various experiments on three real-

world Meetup datasets to demonstrate the out-
performance of the proposed DEAP framework by
comparing with state-of-the-art techniques.

2 Problem Formulation

In this section, we begin with some necessary notations
and then formally present the problem formulation. We
consider a scenario with a set of users U (i.e., U1,
U2,...,UM ), a set of events E (i.e., E1, E2,...,EN ) and a
set of groups G (i.e., G1, G2,...,GK) which host events
E. We refer to an individual user as Ui ∈ U , an
individual event as Ej ∈ E and an individual group
as Gk ∈ G, where i, j and k are the user, event and
group identifiers, respectively. In Meetup, a group can
host different events at different times and each event
can only be hosted by one group. Additionally, users
can choose their interested events to attend and join
the groups of like-minded people.

To deal with the cold-start problem of events as
we introduced before, we associate each event with
the notation relevant to its host group. In particular,
each event Ej ∈ E is associated with a group Gk

and the sequence order information of all Gk’s hosted
events. Thus, we can denote Ej as Et

k to represent the
chronological t-th hosted event of group Gk. We use
Ej and Et

k interchangeably throughout this paper. We
now formally define the user’s evolving preferences from
three dimensions which serve as inputs to our model:

Definition 1. Sequential Preference Vector SP .
The Sequential Preference Vector SP is defined to
represent the past attendance behavior of each user
given a specific event. Specifically, given user Ui and
the target event Ej (i.e., Et

k) which is group Gk’s t-
th hosted event chronologically, SPi,j is a vector of
length q (indexed by t′) to indicate whether user Ui

attended Ej’s previous q events which are also hosted

by group Gk. SP t′

i,j = 1, t′ ∈ [1, ..., q] indicates that

user Ui attended event Et−t′
k and SP t′

i,j = 0 otherwise,

where Et−t′
k represents group Gk’s chronological (t-t′)-th

hosted event.

Definition 2. Contextual Preference Matrix CP .
The Contextual Preference Matrix CP is defined to cap-
ture the contextual signals (i.e., spatial-temporal con-
strains) in EBSNs data. Specifically, given user Ui and
the target event Ej, CPi,j is a matrix of size 5 × q.
Each column in CPi,j corresponds to each element in
sequential preference vector SPi,j by including four key
spatial-temporal features:

• spatial constrains: where event Ej will be held (i.e.,
the geographical coordinates of event Ej)
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• temporal constrains: when event Ej will begin.

i) The day of a week (i.e., Mon-Sun).

ii) The hour of a day (i.e., 00-24).

iii) The time difference between two consecutive

events (Et−t′
k , Et−t′+1

k ) hosted by Gk.

Definition 3. Exclusive Preference Vector EP .
The Exclusive Preference Vector EP is defined to in-
dicate the influences among events. Given user Ui and
target event Ej (Et

k), each entry in EPi,j corresponds
to each two consequent events of user Ui in SPi,j and
EPi,j is a vector of size T . Specifically, we set the cor-
responding element in EPi,j as 1 if user Ui attended

the event hosted by other group between event Et−t′
k and

Et−t′+1
k . Otherwise, we set the element as 0. Figure 1

shows an illustrative example for EPi,j vector given user
Ui and event Et

k.

… | ? 

Gk 's Event	  Sequence 

Attend 

Not Attend 1	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   0	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   1	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   … 1	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   0	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   1	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   ]	   [	   SPi, j :

EPi, j :

… | ? Event hosted 
by other group | … 

1	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   0	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   … 0	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   1	  ,	  	  	  	  	  	  	  	  	  	  	  	  	  	   1	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   ]	   [	   

… … 

Figure 1: Illustrative example for exclusive preference
vector EPi,j given user Ui and target event Ej (Et

k).

Problem Statement. We define the user-event at-
tendance matrix as YM×N , in which yi,j represents the
(i, j)-th entry of Y . We set the entry yi,j = 1, if user
Ui attended event Ej . Otherwise, yi,j = 0. The ob-
jective of event attendance prediction is to learn a pre-
dictive model that explicitly exploits the above multi-
dimensional factors (i.e., SP , CP and EP ) to infer fu-
ture event attendance, i.e., unknown values in Y .

3 The Proposed DEAP Framework

In this section, we present the Deep Event Attendance
Prediction (DEAP) framework to solve the event atten-
dance prediction problem formulated in Section 2. We
first give a quick review of the basic (Long Short-Term
Memory) LSTM model and then present our solution in
detail.

3.1 Basic LSTM. Recurrent Neural Network
(RNN) has been widely used to address various chal-
lenges in time series analysis. LSTM is a special kind

of RNN which captures long-term dependencies in
recognizing time series patterns. We first describe how
to apply the basic LSTM model to solve our problem
and discuss its limitations.

LSTM proposes to derive the vector representation
of hidden states ht and ct for each time step t as follows:

it =σ(Wiht−1 + Vixt + bi)

ot =σ(Woht−1 + Voxt + bo)

ft =σ(Wfht−1 + Vfxt + bf )

c̃t =φ(Wcht−1 + Vcxt + bc)

ct =ft � ct−1 + it � c̃t
ht =ot � φ(ct)(3.1)

where W∗ ∈ Rds×ds represents the transformation
matrix from the previous state (i.e., ct−1 and ht−1)
to LSTM cell and V∗ ∈ Rdx×ds are the transformation
matrices from input to LSTM cell, where dx and ds
denotes the dimension of input vectors and hidden
states, respectively. Furthermore, b∗ ∈ Rds is defined
as a vector of bias term. σ(·) and φ(·) represents the
sigmoid and tanh function, respectively. The� operator
denotes the element-wise product. In Equation 3.1,
it, ot, and ft represents input gate, output gate and
forget gate, respectively. For simplicity, we denote
Equation (3.1) as [ct, ht] = LSTM(xt, ct−1, ht−1) in the
following sections.

Based on the above definitions, the event atten-
dance prediction problem can be solved as follows: the
model takes the past event attendance record of each
user using one-hot encoding as input and outputs the
hidden state in the corresponding time step. Then, the
Multilayer Perceptron (MLP) component is utilized to
derive the attendance probability by capturing the com-
plex relationships between elements in hidden vectors.
Formally, we represent MLP as follows:

L1 =φ1(W1ht + b1)

......

Ln =φn(WLLn−1 + bL)

ŷi,j =σ(WyLn + by)(3.2)

where n represents the number of hidden layers which is
indexed by l. For the Ll layer, φl, Wl and bl represent
the activation function (i.e., ReLU function) of MLP
layers, weight matrix and bias vector, respectively. We
further specify the activation function as sigmoid (de-
noted as σ) to output the attendance probability. For
simplicity, we denote Equation 3.2 as ŷ = MLP(ht, n).
In the experiments, we set the number of layers in MLP
as 3.

However, two significant limitations exist in the ba-
sic LSTM model: (i) it ignores the contextual pref-
erences, namely spatial-temporal signals in EBSNs, in
modeling temporal evolution of user’s preferences; (ii)
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Figure 2: The Deep Event Attendance Prediction (DEAP) Framework. ψ and κ generate the corresponding
contextual preference matrix and sequential preference vector for some given event E, ρ produces the exclusive
preference vector given an event set within time span δ(t− 1, t) and does not contain events from Gk.

it assumes that events are independent and ignores the
fact that the user event attendance behaviors may be in-
fluenced by those of others. Hence, we need to develop
a new model to explicitly consider these two important
pieces of information in predicting future event atten-
dances of users.

3.2 The DEAP Framework. To address the above
limitations of the basic LSTM model, we present our
DEAP framework to predict future event attendance
of users by exploring users’ evolving preferences from
three dimensions (i.e., Sequential Preference, Contex-
tual Preference and Exclusive Preference). The pro-
posed DEAP not only explores the long dependencies
but also characterizes the semantic information in mod-
eling the temporal dynamics within users and events.
In particular, DEAP is a hierarchical LSTM framework
consisting of four major components: Sequential-LSTM
Encoder, Context-LSTM Encoder, Exclusive-LSTM En-
coder and MLP, as shown in Figure 2.

3.2.1 Context-LSTM Encoder. To encode the
evolving contextual preferences of users, Context-LSTM
encoder generates contextual embedding without using
hand-crafted features. Specifically, this encoder maps
each contextual signal (e.g., day of the week or time of
the day) for user Ui and event Ej to an embedding. We
formally define the corresponding hidden states ccpt and
hcpt in encoding the contextual sequence as:

[ccpt , h
cp
t ] = LSTM(CPt, ccpt−1, h

cp
t−1)(3.3)

where LSTM(·) represents the function in Equation 3.1
and CPt denotes the vector of contextual preference
matrix at time step t.

3.2.2 Exclusive-LSTM Encoder. To encode
the evolving implicit influences among events, the
Exclusive-LSTM encoder takes the element of the
exclusive preference vector at each time step as input
and updates its corresponding hidden states cept and
hept as follows:

[cept , h
ep
t ] = LSTM(EPt, cept−1, h

ep
t−1)(3.4)

where EPt represents the element of the exclusive
preference vector at t time step.

3.2.3 Sequential-LSTM Encoder. To encode the
evolving sequential preferences of users, the Sequential-
LSTM encoder integrates the past attendance behavior
with the hidden states of other two encoders as follows:

[cspt , h
sp
t ] = LSTM([SPt;hcp

t ;hep
t ], cspt−1, h

sp
t−1)(3.5)

where cspt , hspt and SPt denote the hidden states and
the element of the sequential preference vector at t
time step, respectively. [SPt;hcpt ;hept ] represents the
concatenation of the three vectors.

Output. Finally, with the above derived hidden states
hspt which capture the multi-dimensional evolving pref-
erences of users, we can estimate ŷi,j using MLP(hspt , n)
as we defined before.

3.3 Learning. In this subsection, we first describe
the learning process of our DEAP framework. Then,
we further utilize the advanced techniques (i.e., dropout
and batch normalization) to optimize the DEAP.

3.3.1 The Loss Function. As we introduced in the
previous section, our objective is to derive the value of
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yi,j which denotes whether user Ui will attend event Ej

or not. A commonly used metric in the loss function of
binary classification task is cross entropy [26]. Thus, we
define our loss function as follows:

L = −
∑
U

∑
E

yi,j lnŷi,j + (1− yi,j)ln(1− ŷi,j)(3.6)

where ŷi,j denotes the estimated probability of user Ui

attending event Ej . The weights can be achieved by
minimizing the loss function.

3.3.2 Dropout. Overfitting has become one of the
major issues for predictive analytics and especially for
neural network models [27]. To address the overfitting
issue in learning the weights, we utilize the dropout
technique in the training process of our DEAP model.
The basic idea of dropout is to randomly deactivate neu-
rons in a layer with a certain probability drawn from the
Bernoulli distribution [20] during training. In DEAP
framework, we apply dropout by probabilistically ex-
cluding input and recurrent connections to LSTM units
when training the nerual network. We formally apply
the dropout in cell vector updating as follows:

ct =ft � ct−1 + it �D(c̃t, r)(3.7)

where D(·) represents the dropout operation and r is
the dropout ratio. We also apply dropout to Multilayer
Perceptron component.

3.3.3 Batch Normalization. To overcome the ob-
served covariance shift [25], in DEAP we use Batch Nor-
malization (BN) to normalize the output of previous
layers before sending it to the next one [12]. Such nor-
malization has shown the ability of accelerating network
training with a faster convergence rate and achieving
higher accuracy on various tasks [9, 24, 30]. In DEAP
framework, we apply BN to reduce the internal covari-
ance shift by transforming the input to zero mean/unit
variance distributions in each mini-batch training. It
can be formally presented as:

c̃t =φ(BN(Wcht−1 + Vcxt + bc))(3.8)

where BN(·) stands for the batch normalization opera-
tion. BN is also applied to Multilayer Perceptron part.

4 Evaluation

In this section, we report on extensive experiments to
evaluate the performance of the DEAP on real-world
datasets collected from Meetup–an Event-based Social
Network service. In particular, we answer the following
research questions:

• Q1: How does DEAP perform as compared to the
state-of-the-art solutions in predicting future event
attendance of users?

Table 1: The Statistics of Datasets
Datasets Portland Phoenix Chicago

# of Users 14,372 18,068 30,608

# of Events 11,151 14,719 18,630

# of Groups 421 544 867

# of Event Attendance 67,245 102,812 143,040

Attendance Density 0.042% 0.039% 0.025%

• Q2: Does DEAP consistently outperform other
algorithms in prediction accuracy with respect to
geographical diversity (i.e., datasets from different
cities).

• Q3: How do different choices of parameters (i.e.,
state size, embedding size, sequence length and
dropout ratio) affect the performance of DEAP?

In the following subsections, we present the data
statistics, and experiment settings and followed answers
to above research questions.

4.1 Experimental Setup.

4.1.1 Datasets. In our evaluation, we perform ex-
periments on Meetup datasets. Meetup enables a new
type of social platform by integrating conventional on-
line social networks with offline social interactions. In
Meetup, users can join different groups and groups can
create the events in which other users can participate.
Each user’s event attendance is formatted as: (user ID,
event ID, group ID, timestamp). We targeted three
cities (i.e. Portland, Phoenix and Chicago) in the U.S
for evaluations. These cities are selected for two main
reasons: (i) Different urban scales, reflective of different
event attendance activities. (ii) Those cities are located
in different states, which represents diversified atten-
dance preferences. Table 1 summarizes the statistics of
these data traces. Additionally, we plot the statistics on
event attendance over time in Figure 3(c) to show that
participation behaviors change from month to month.

4.1.2 Parameter Settings. We summarize the pa-
rameter settings of DEAP in Table 2. In addition, we
vary each key model parameter in DEAP and fix others
to examine parameter sensitivity. We choose Adam [13]
as our optimizer to train the model.

4.1.3 Evaluation Protocols. In our evaluation, we
split the datasets chronologically into training (10
months), validation (half month) and test (1.5 months)
sets. We use the validation datasets to tune hyper-
parameters and test datasets to evaluate the final per-
formance of all compared algorithms. Furthermore,
our event attendance prediction problem suffers from
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Figure 3: Event Attendance Distributions on Meetup

Table 2: Parameter Settings
Parameter Value

Size of hidden state vector 32

Model Embedding size of feature representation 8

Parameter Sequence size of evolving preferences 7

Dropout Ratio 0.5

Scale parameter of BN component 0.001

Experimental Shift parameter of BN component 0.99

Parameter Batch size 50

Learning rate 0.001

highly unbalanced data (e.g., with only 0.025% positive
instances and 99.975% negative instances in Chicago
datasets), as shown in Table 1. To address this
challenge, we leverage the undersampling technique
which has been widely applied to deal with imbalanced
data [2]. In particular, given an event Ej in the train-
ing process, we generate training instances by sampling
all its participants UEj

and randomly sampling its non-
participants with size of 2 · |UEj

|.
To evaluate the performance, we adopt Macro-F1

and Micro-F1 metrics, which have been widely used
for evaluating classification algorithms [8]. The reason
we choose those metrics in this work is: there exists
significant differences among the number of participants
of different events, as we shown in Figure 3. Table 3
summarizes the mathematical definitions of the above
metrics. In the evaluation, the event attendances, which
are classified as “attend” or not by a particular scheme
correctly, are regarded as TP or TN, respectively.
The behaviors of attend and not attend, which are

Table 3: Evaluation Metrics
Metric Definition

Macro-F1
2·

∑N
j=1 TPj

2·
∑N

j=1
TPj+

∑N
j=1

FNj+
∑N

j=1
FPj

Micro-F1 1
N
·
∑N

j=1

2·TPj
2·TPj+FNj+FPj

misclassified as not attend and attend, are regarded as
FN and FP, respectively. Note that a higher Macro-F1
and Micro-F1 score indicate better performance.

4.1.4 Baselines. We implemented DEAP using Ten-
sorFlow. In our evaluation, we consider two types of
baselines: (i) feature-based schemes for recommenda-
tions or predictive analytics, and (ii) variations of Re-
current Neural Network models for time series predic-
tion which consider sequential patterns.

• Tensor Factorization (TF) [29]: it models user’s
event attendance with a three-dimensional tensor,
where the three dimensions stand for users, groups
and time slots.

• Neural Network Matrix Factorization (NMF) [6]: it
aims to predict event attendances of users by inte-
grating event features with the generated embed-
ding vector of its corresponding group.

• Deep Neural Network (DNN) [3]: it incorporates
the three-dimensional preferences, which are stud-
ied in this work, into a neural network architecture.

• Long Short-Term Memory (LSTM) [10]: it utilizes
the basic LSTM model to predict users’ event at-
tendances by addressing the long-term dependency
problem in attendance sequence.

• Multi-Contextual Learning to Rank (MCLRE) [19]:
it proposes a hybrid scheme to estimate the likeli-
hood of users to attend events by exploiting multi-
ple contextual signals in EBSNs data.

• Spatial-Temporal Recurrent Neural Networks (ST-
RNN) [17]: it is applied in event attendance pre-
diction problem by modeling the time interval and
geographical distance information into a Recurrent
Neural Network architecture.

For the parameter settings in baselines: (i) we set the
embedding size of TF and NMF as 32; (ii) we set the
state size of LSTM and ST-RNN as 32; (iii) DNN and
MCLRE methods share the same inputs as our DEAP
framework.
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4.2 Performance Comparison (Q1 and Q2): We
now compare DEAP with state-of-the-art techniques as
we introduced above. The evaluation results on Port-
land, Phoenix, and Chicago datasets are shown in Ta-
ble 4, Table 5, and Table 6 respectively. To investigate
the performance of all compared algorithms with dif-
ferent targeted time frames, we show the results from
Jan-Feb to Sep-Oct in the table. From those evaluation
results, we have the following two key observations.

First and foremost, we observe that DEAP consis-
tently outperforms all compared baselines over different
time frames. For example, on Portland, Phoenix and
Chicago data traces, DEAP outperforms the best base-
line (i.e., ST-RNN) in terms of Macro-F1 and Micro-
F1 by: 16.7% and 9% (Jan-Feb), 11.5% and 5.5%
(May-Jun), 9.4% and 2.1% (May-Jun), respectively.
The evaluation results across three cities with different
time frames demonstrate the effectiveness of our DEAP
framework in modeling evolving preferences of users.
Second, we can observe that DEAP shows improvement
over LSTM scheme on all datasets. This sheds light on
the limitation of LSTM scheme which only model the
sequential attendance behavior of users over time, and
thus the usefulness of modelling contextual and exclu-
sive preferences. Additionally, the large performance
gap between DEAP and NMF indicates the limitation
of NMF which ignores the evolving preferences (e.g. con-
textual constrains in events) of users.

4.3 Parameter Sensitivity (Q3). The DEAP al-
gorithm involves several parameters (i.e., state size ds,
embedding size, sequence length T and the dropout ra-
tio r). To investigate the robustness of DEAP frame-
work, we examine how the different choices of parame-
ters affect the performance of DEAP in predicting event
attendance of users. Except for the parameter being
tested, we set other parameters at the default values
(see Table 2). Figure 4 shows the prediction accuracy
(measured by Macro-F1 and Micro-F1) as a function of
each of the four parameters with the other three fixed.
From Figure 4(a), we can observe that performance be-
comes stable as long as the state size is above 16. Sim-
ilarly, we can observe that the parameter of embedding
size has a relatively low impact on the performance of
DEAP. Additionally, different from the weak effect of
varying state size ds and embedding size in prediction
accuracy, step size q is positively correlated with the
framework performance, as observed from Figure 4(c).
In Figure 4(d), we can observe that the performance of
our scheme shows an increasing trend with an increas-
ing dropout ratio r for r ≤ 0.4, while the performance is
negatively correlated with r when r > 0.6. Because of
space limitations, we only present the evaluation results
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Figure 4: Investigation of Parameter Sensitivity in
Portland Data Trace

on the Portland data for Jan-Feb case. We also per-
formed experiments to test the parameter sensitivity on
Chicago and Phoenix, respectively. Similar results were
observed.

5 Related Work

Event-based Social Networks (EBSNs) have received
an increasing amount of attention in recent years and
current research work has addressed various challenges
in EBSN applications [18, 28, 23, 15]. For example,
Li et al. defined a social event organization problem
and assigned users to events so as to maximize the
overall happiness of the users [15]. Liu et al. identified
an event-based social network as co-existence between
both online and offline social interactions [18]. A
new arrangement scheme has been proposed to solve
a more general event-participant arrangement problem
by considering the conflicts of different events [23].
An emerging problem of event attendance prediction
arises due to the rapid growth of event-based social
network services (e.g., Meetup and Plancast). To
address this emerging problem, this paper develops a
novel framework to accurately predict the future event
attendance of users by explicitly modeling their time-
evolving preferences from three dimensions.

Our work is closely related to the works that ad-
dress the problem of event recommendation and atten-
dance prediction in EBSNs [19, 21, 7, 32, 4]. In partic-
ular, Gao et al. incorporated user preferences and so-
cial relationships into a event recommendation frame-
work [7]. Macedo et al. proposed a multi-relational
model to tackle the event recommendation problem [19].
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Table 4: Performance of all compared methods on Portland
Month Jan-Feb Mar-Apr May-Jun Jul-Aug Sep-Oct

Algorithm Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1

TF 0.222 0.255 0.211 0.249 0.212 0.256 0.194 0.227 0.206 0.250

NMF 0.178 0.236 0.177 0.192 0.204 0.259 0.193 0.171 0.115 0.184

DNN 0.207 0.269 0.163 0.242 0.093 0.169 0.162 0.273 0.106 0.200

LSTM 0.218 0.252 0.155 0.213 0.192 0.234 0.199 0.229 0.236 0.276

MCLRE 0.220 0.289 0.211 0.264 0.161 0.248 0.239 0.304 0.196 0.288

ST-RNN 0.313 0.337 0.323 0.356 0.306 0.346 0.290 0.320 0.284 0.327

DEAP 0.346 0.367 0.339 0.375 0.357 0.377 0.332 0.336 0.338 0.367

Table 5: Performance of all compared methods on Phoenix
Month Jan-Feb Mar-Apr May-Jun Jul-Aug Sep-Oct

Algorithm Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1

TF 0.218 0.387 0.210 0.329 0.226 0.373 0.187 0.272 0.187 0.274

NMF 0.176 0.218 0.151 0.159 0.190 0.236 0.165 0.199 0.116 0.192

DNN 0.088 0.190 0.163 0.273 0.212 0.342 0.114 0.227 0.127 0.226

LSTM 0.217 0.386 0.182 0.235 0.244 0.334 0.156 0.194 0.193 0.255

MCLRE 0.248 0.462 0.12 0.289 0.169 0.323 0.201 0.392 0.195 0.318

ST-RNN 0.295 0.484 0.300 0.425 0.329 0.457 0.299 0.448 0.252 0.354

DEAP 0.342 0.508 0.322 0.439 0.360 0.467 0.323 0.460 0.281 0.374

Table 6: Performance of all compared methods on Chicago
Month Jan-Feb Mar-Apr May-Jun Jul-Aug Sep-Oct

Algorithm Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1

TF 0.246 0.335 0.224 0.276 0.212 0.287 0.223 0.278 0.227 0.312

NMF 0.201 0.293 0.135 0.200 0.204 0.259 0.193 0.171 0.206 0.240

DNN 0.235 0.344 0.199 0.289 0.140 0.249 0.125 0.212 0.209 0.226

LSTM 0.246 0.340 0.226 0.263 0.208 0.254 0.224 0.305 0.182 0.296

MCLRE 0.283 0.398 0.186 0.271 0.148 0.235 0.227 0.319 0.250 0.368

ST-RNN 0.332 0.437 0.321 0.366 0.331 0.410 0.329 0.380 0.353 0.440

DEAP 0.370 0.461 0.347 0.383 0.362 0.425 0.349 0.399 0.373 0.447

Furthermore, Zhang et al. studied the problem of event
attendance prediction based on spatial-temporal fea-
tures [32]. Qiao et al. aimed at recommending events
to users by modeling different sources (e.g., geographi-
cal features and social relationships between users) into
a Bayesian approach [7]. However, none of these tech-
niques are proposed to work on dynamic scenarios. In
contrast, this paper study the event attendance predic-
tion problem by focusing on the challenge of evolving
user preferences that have not been addressed by cur-
rent solutions.

Our work is also related to the works on location
recommendation and prediction in location-based social
networks [31, 14, 16, 11]. For example, Zhang et
al. developed a kernel density estimation method to
recommend the Point-of-interest (POI) to user based on
geographical proximity [31]. A geo topic model has been
proposed for location prediction [14]. Furthermore,
Lian et al. developed a regularized tensor factorization
algorithm for temporal-aware location recommendation
problem [16]. However, since location recommendation
in location-based social network do not suffer from the

cold-start problem of new item, these methods are not
applicable.

6 Conclusion

We propose to predict event attendance of each user
in a dynamic scenario, where user preferences evolve
over time. To address this task, we develop a Deep
Event Attendance Prediction (DEAP) framework which
explicitly models evolving preferences of users from
multi-dimensions. We evaluate our new solution on
three real-world Meetup datasets. The experimental
results demonstrate the effectiveness of our model and
show that DEAP outperforms other state-of-the-art
baselines in terms of prediction accuracy.
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