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ABSTRACT

Popularity prediction on social media has attracted exten-
sive attention nowadays due to its widespread applications,
such as online marketing and economical trends. In this pa-
per, we describe a solution of our team CASIA-NLPR-MMC
for Social Media Prediction (SMP) challenge. This challenge
is designed to predict the popularity of social media posts.
We present a stacking framework by combining a diverse set
of models to predict the popularity of images on Flickr us-
ing user-centered, image content and image context features.
Several individual models are employed for scoring popular-
ity of an image at earlier stage, and then a stacking model
of Support Vector Regression (SVR) is utilized to train a
meta model of different individual models trained before-
hand. The Spearman’s Rho of this Stacking model is 0.88
and the mean absolute error is about 0.75 on our test set.
On the official final-released test set, the Spearman’s Rho is
0.7927 and mean absolute error is about 1.1783. The result-
s on provided dataset demonstrate the effectiveness of our
proposed approach for image popularity prediction.

CCS CONCEPTS

• Networks → Social media networks; • Human-centered
computing → Social network analysis;
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1 INTRODUCTION

Popularity prediction is becoming an ever important aspect
of web 2.0 applications in an information overload age. In
recent years, popularity prediction on social media has at-
tracted extensive attention because of its widespread appli-
cations, such as presidential election[16], online marketing
and economical trends [14]. Social media serves as essential
reflections of the real world, e.g. the number of concerned
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Flickr images is closely related to the support rate of pres-
idential candidate[6]. Successful popularity prediction of so-
cial media posts thus contributes to better understanding of
real-word events and its evolution.

Tens of thousands of images are uploaded to the internet
every day through various kinds of social networks and pho-
to sharing platforms. While some images receive millions of
views, others are completely ignored. Even those images are
from the same publisher, different images receive different
number of views. This makes us think about a question that
can we predict the impact of sharing different posts for a
publisher on social media? More specifically, can we predict
the number of views the image will receive before the pub-
lisher upload it? Due to the importance of popularity pre-
diction, many works have been proposed in bookmarking[9],
video[4][13], and social[5] domains. Popularity prediction of
social images on Flickr has also been addressed in recent
years [11][10][7][15]. Most of these works exploited populari-
ty by investigating into user and image information. Khosla
et al. provided evidences that image content such as color,
gradients, deep learning features, and social context such
as number of friends that lead a high or low popularity of
images[7]. Considering that many new images are annotat-
ed with no tags and initially, an image has no interaction
data[10], McParlane et al. focused on image popularity pre-
diction in a cold start scenario by considering an images con-
text, visual appearance and user context. Wu et al. found
that time information plays a crucial role on social medi-
a popularity, and presented a novel approach to factorize
the popularity into user-item context and time-sensitive con-
text for exploring the mechanism of dynamic popularity[15].
Inspired by these studies, in this work, we propose to ad-
dress the social image popularity prediction of Social Me-
dia Prediction (SMP) challenge in MM 2017. The studies
mentioned above demonstrate the effectiveness of heteroge-
neous features in social image popularity prediction, which
lay foundations and motivates us to employ those kind of
features into our proposed solution for the challenge.

The task of SMP challenge is designed to predict the im-
pact of sharing different posts for a publisher on social media
platform. Given a photo from a publisher, the goal is to au-
tomatically predict the popularity of the photo, e.g., view
count for Flickr, pin count for Pinterest, etc. In this task,
our goal is to predict the number of views of images which
publishers upload it on Flickr. The SMP challenge dataset is
collected from Flickr, one of the most popular photo sharing
social media platforms. The dataset contains 135 users and
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Dataset #image #user Temporal.
Range(Years)

Avg.
Title Length

Avg.
Tag Count

Avg.
Description Length

Avg.
Views

Training set 389155 135 6.05 19.70 9.39 114.80 132.55

Test set 43235 135 5.42 23.73 11.24 106.66 125.46

Table 1: Summary statistics of the dataset used in the experiments

more than 400K posts. Popularity of an image on Flickr is
represented by the number of view. In this task, the desired
popularity score is log-scaled view count.

To address the prediciton task, we develop a stacking sys-
tem containing diverse image popularity prediction models.
A rich set of models are first utilized to measure the popu-
larity by capturing different features from user-centered and
image-centered information. We then combine the individual
models to generate the final popularity score. The prediction
result of each individual models will be used as input to the s-
tacking model to learn the model parameters. User-centered,
image content and image context features are utilized into
our prediction models. Experimental results on the test set
show competitive performance, which validate the effective-
ness of our proposed system.

2 SYSTEM OVERVIEW

Figure 1: Our proposed prediction system

We first provide an overview of our proposed social image
prediction system. As Figure 1 shows, our whole prediction
system is divided into four sections. Inspired from the ob-
servations of data analysis, we design strategies for feature
extraction, and then train some individual prediction mod-
els. A stacking model is finally developed to combine the
individual models. In the data analysis section, we do some
simple data analysis in order to make better decisions of fea-
ture and model selection. In feature extraction session, some
hidden features are extracted for prediction model learning.
We adopt several models to learn the prediction scores, and
in the final section, a stacking model is employed to aggre-
gate those individual prediction models to produce the final
result.

3 DATA ANALYSIS

3.1 Dataset

The official-released SMP dataset contains 135 users and
more than 400K posts, time span of all the posts up to six
years. The data is split with time-order, resulting in 90% for
training and 10% for testing. The training set is made up
of user-centered information, image context specific informa-
tion, a piece of image and view count corresponding to that
image. The test set is available for the final evaluation. Table
1 provides the summary statistics of the dataset used in the
experiments. Figure 2 shows some sample images from our
prediction training dataset. The popularity of the image is
sorted from more popular (left) to less popular (right).

Figure 2: Some sample images from our prediction
training dataset with hot annotation.

3.2 Data Analysis

The SMP dataset provides some original features, including
unique picture id (pid) along with associate user id (uid).
Also, metadata of the picture such as the post date (post-
date), comment count (commentcount), whether has people
tagged in the photo (haspeople), character length of the ti-
tle and image caption (titlelen or deslen), number of tags in
post. Meanwhile, user-centered information such as average
view count, group count, and average member count are also
included. Besides, a label set which contains the popularity
score (log-scaled views of image) is provided. While image
content is useful to predict image popularity to some extent,
social cues play a significant role in the number of views an
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Features Avg.
Views

Title
Length

Description
Length

Tag
Count

Group
Count

Avg.
Membercount

Postdate

Pearson Correlation Coefficient 0.56 0.14 0.17 0.35 -0.16 0.11 0.09

Table 2: Pearson Correlation Coefficient of different features with popularity score

image will receive. A person with a larger number of contact-
s would naturally be expected to receive a higher number of
average views. Similarly, we would expect that an image with
more tags shows up in search results more often (assuming
each tag is equally likely). Therefore, in this section, we do
some simple data analysis to find which features are helpful
for the task. Pearson Correlation Coefficient1 is employed as
the evaluating indicator of different features with popularity
score. Pearson Correlation Coefficient of X and Y can be
calculated as:

ρX,Y =
cov(X,Y )

σXσY
(1)

where cov(X,Y ) is the covariance and σ is the standard de-
viation.

The results are showed in Table 2. From the Pearson Cor-
relation Coefficient of different features with popularity s-
core, we can observe that: (1) user’s average view count per-
forms extremely well in predicting the popularity of a new
image with a Pearson correlation coefficient of 0.56. This is
consistent with what we have described above. High average
view count means that the publisher has more followers so
that the greater exposure the image will receive after being
released on the social media. Another noteworthy feature is
tag count. We can see that the correlation coefficient is 0.35,
this is again to be expected as having more tags contributes
to increase the probability of retrieval due to browsers’ dif-
ferent usage of keywords in the retrieval. In addition, title
length, description length and average member count also
play important roles on popularity.

One thing that is evident from these results is that the
user-centered features and image content features are both
necessary. Except for those features provided by the official-
released dataset, there are many features that can be inferred
and extracted from the data. In the following section, we will
further detail the features used in our experiment.

4 FEATURE EXTRACTION

This section introduces both the explicit features and hidden
features used by the prediction models.

4.1 Explicit features

According to the results of data analysis above, we remove
some original features which are useless or would have side
effects. Thus, we consider several user-centered features and
image context specific features for model training. We refer
to user-centered features as ones that are shared by all im-
ages of a single user. Social context specific features means
the image specific features that refer to the context, which

1https://en.wikipedia.org/wiki/Pearson correlation coefficient

is the meta data of pictures as described above. They are
listed below.

• uid: unique identification of users. Given a unique
number for each publisher according to their average
view count, the larger the average view count, the
bigger the number

• Avg. view count: mean of number of normalized
views of all public images of the given user

• Group count: number of groups the given user be-
longs to

• Avg. member count: average number of members in
the groups a given user belongs to

• Tag count: number of tags of the image
• Title length: length of the image title
• Desc. length: length of the image description
• Post date: specific time (time stamp) of the image

being released

4.2 Hidden features

In addition to the explicit features described above, we find
that there are some hidden features take positive effect to
the popularity prediction.

We investigate some kind of features on image content
that could be used to explain the popularity of images. The
experimental result shows that there are three features ex-
tracted from images are useful for promoting the prediction
score. The three image content features are listed below:

• Semantic feature: visual feature extracted from the
FC7 layer of the pre-trained VGG-16 Net

• HSV feature: Hue, Saturation, Value features of an
image. We only employ the Value feature in HSV
space into training because the other two features
have no positive effects

• Size feature: the size of image, a two-dimensional
vector.

Deep learning algorithm such as convolutional networks (C-
NNs) have recently become popular for learning image rep-
resentations [8]. In this paper, we extract the visual features
from the final 1000 class classification layer. We choose top
3 categories represented by category index as the semantic
features of the image. HSV features and size of image are
the simplest image content features. The experiment result
suggests that the content also plays an important role in
predicting popularity.

In fact, time also effects crucial impact on the popularity
but is often overlooked. According to [3], in order to get more
attention, when content be shared on the social media is very
essential. For example, early afternoon is the optimal time to
post on Facebook. 1 p.m. will get you the most shares, while
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Figure 3: Stacking Framework.

3 p.m. will get you the most clicks. Therefore, for image
context, we classify it based on the post time stamp. We
introduce the following time-sensitive contextual features to
represent an image:

• Post day: which day the image is posted during a
week, choosing from Monday to Sunday.

• Post time: which time period the image is posted
during a day, choosing from morning(06:00 to 11:59),
afternoon(12:00 to 17:59), evening(18:00 to 23:59) or
night(00:00 to 05:59)

5 INDIVIDUAL MODELS

In this section, we introduce several different approaches for
scoring popularity of an image i, and let p(i) denote the
popularity score which is log-scaled view count.

5.1 Linear Regression Model

Making use of linear regression model to predict numeric
values with numeric data is a simple but effective approach,
especially the parameter avgview is instrumental during the
process and endue the model with comprehensibility. In this
way, the popularity score can be generated as:

s(xi) = wTxi + b (2)

where xi denotes the features of image i, w is a weight vector.
After the training procedure we can fix the value of w and b,
in this way p(i) is calculated as p(i) = s(xi). Because of the
data continuity, we dropped the features which are based on
post time and semantic feature.

5.2 Neighbors-based Regression Model

The idea of this model is to make use of the continuous vari-
ables belonging to the features rather than discrete ones. S-
ince most of the features are continuous rather than discrete,
we adopt them without the feature post date and semantic
feature. Measuring the distance between pair of points is an
important question during the process of nearest neighbors
regression, and to avoid overlong processing time brought by
naive brute-force approach, we utilize K-D Tree [1] to com-
pute the nearest neighbors. To strengthen the influence of
nearby points and make sure these points contribute more to

the regression process than faraway points, weights were set
inversely proportional to the distance from some point and
in the way the local neighborhood contributes not equally to
the classification. We will compare these two settings called
weighted and original in the section below. As for the pa-
rameter, we empirically set the neighbors to generate is 5,
that is k = 5.

5.3 Decision Tree Regression Model

5.3.1 Decision Tree Regression. Man-made parameters of-
ten brings artifacts and makes the model over-fitting, so a
model with the ability to avoid those problem is what we
need. Non-parametric decision trees is a appropriate choice
in this case. Our features have many user-defined values like
the make segmentation on time of day. Also, these values
can be seen as categorical features. With a set of if-then-else
decision rules, decision trees handle these situations well and
even there are assumptions are violated which always hap-
pens when there are manual features. When it comes to re-
gression task, decision tree using rules to fit a curve and in
this way we can use the model to predict the popularity score
with all features.

5.3.2 Random forest Regression. When the depth param-
eter in decision tree is too high, the decision tree would learn
too many details. Under these circumstances, the ensemble
method random forest [2] helps a lot. The random forest is
a meta model fits the results from decision trees on differ-
ent subsets of the original dataset. The averaging strategy
random forest using can improve the accuracy and avoid
over-fitting.

6 STACKING MODEL

As shown in Figure 3, we employ Support Vector Regression
(SVR) in scikit-learn [12] to train a meta model of different
individual models mentioned above. SVR make a assumption
that there is ρ deviation between the output of model s(x)
and the actual output y, then the loss function can be written
as:

min
w,b

1

2
||w||22 + k

n∑
i=1

g(wTxi + b− yi) (3)
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Models Spearman’s Rho MSE MAE

Linear Regression Model 0.78 3.7 1.41

Neighbors-based Regression Model 0.81 1.65 0.95

Decision Tree Regression 0.83 1.4 0.95

Random Forest Regression 0.87 1.15 0.85

Stacking Model 0.88 1.15 0.75

Table 3: Evaluation metric on different test set using different models

Figure 4: Comparation of different parameters on
Spearman’s Rho and MAE

where k is a constant parameter, n is the number of sam-
ples and xi denotes the features of image i. In addition, the
expression g(m) equals 0 when |m| ≤ ρ otherwise g(m) =
|m| − ρ. Besides, x represents the results generated by the
individual models. With the solution w, b, we can conduct a
meta model which integrates the individual models.

7 EXPERIMENTS AND RESULTS

In this section, we detail the model parameters setting and
results of our experiment for image popularity prediction,
respectively.

7.1 Model Parameters Setting

Because of the methods other than neighbors-based one don’t
have to set parameters manually, we only show the experi-
ment of neighbors-based approach. As shown in Figure 4,
the parameter weighted better than original, whether we
focus on MAE or Spearman’s Rho. As for the parameter k,
there is no obvious difference when k ≥ 5, we finally set k=5
through synthetical consideration.

7.2 Results and Analysis

To evaluate the prediction performance, we utilize the fol-
lowing three metrics:

• Spearman’s rank correlation coefficient (Spearman’s
Rho)2:

SPEARMAN = ρrx,ry =
cov(rx, ry)

σrxσry

(4)

where ρrx,ry denotes the Pearson correlation coeffi-
cient of rank variables rx and ry which are ranks

2https://en.wikipedia.org/wiki/Spearman’s rank correlation coefficient

converted from n raw scores x and y, cov(rx, ry) de-
notes the covariance and σrx and σry are the stan-
dard deviations.

• Mean Squared Error (MSE)3:

MSE =
1

n

n∑
i=1

(X̂i −Xi)
2 (5)

where X̂ denotes a vector of n predictions, and X is
the observed vector.

• Mean Absolute Error (MAE)4:

MAE =
1

n

n∑
i=1

|X̂i −Xi| (6)

where the symbols share the same definition with
the ones defined in (5).

Based on the dataset provided by SMP challenge, and fea-
tures for model learning described in section 4, several mod-
els are employed to predict the popularity score. In our ex-
periment, we randomly split the official-released training set
into three parts, 6/9 of the data as training set for individ-
ual models, 2/9 as training set for stacking model, and the
rest part is employed as our test set. The evaluation results
of different models are listed in Table 3. For our random-
split test set, we can observe that four individual models
both achieve good performances. Even the simplest Linear
Regression Model achieve 0.78 in Spearman’ Rho, this in-
directly reflects the features we extracted are effective. The
decision tree regression model can better handle the categor-
ical features, and the ensemble method random forest with
averaging strategy can improve the accuracy and avoid over-
fitting. These approaches result in an efficient improvement
compared with the first two individual models. The stacking
model works best in the popularity prediction task due to
its effective integration of the results generated by the indi-
vidual models. The results demonstrate that our proposed
popularity prediction system is feasible and effective.

On official final-released test set, the Spearman’s rank cor-
relation coefficient is 0.7927, mean squared error is 2.4973
and mean absolute error is about 1.1783. The evaluation re-
sults show a certain degree of decline compared with our
random-split test set. Here we show some failure cases in
Figure 5 and Figure 6 and make some discussions on them.
These pictures in Figure 5 are both from a user with aver-
age log-scaled view of 3.67. We can make an obversion that

3https://en.wikipedia.org/wiki/Mean squared error
4https://en.wikipedia.org/wiki/Mean absolute error
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Figure 5: Two example of failure predictions.

the method will fail when the actual view count of current
sample is too low compared to the average. Also, the same
obversion can be generated when the actual view count of
current sample is too high compared to the average(The own-
er’s average log-scale view is 7.16 ) as shown in Figure 6. As

Figure 6: Two example of failure predictions.

the Figures shows, our model fails when the current sample
is too far away from the average value. That indicates our
model is less variety to some extent and this is also the rea-
son why our performance drops on the official final-released
test set. Besides, when it comes to the reasons for specific
images, we can see that our method does not achieved high
discrimination on images with striking difference but analo-
gous features, that means there are some features we did not
pay enough attention to. These are the shortcomings of our
approach and the aspects we need to improve in the future.

8 CONCLUSION AND DISCUSSION

In this paper, we introduce our solution for the social medi-
a prediction challenge in MM 2017. We present a stacking
framework by combining a diverse set of models to predic-
t the popularity of social images on Flickr. The results on
the provided dataset demonstrate the effectiveness of our
proposed approach for image popularity prediction. In the
future, several lines of work can be conducted to further
improve the results. (1) In this challenge, as the time zone
information of the provided data is partially missing, we can
only regard the Greenwich Mean Time as the local time of
publishers who has no time zone information. This approxi-
mation may has some negative influence on our experiment
result. (2) One important reason that popularity prediction

in challenging is that we have no very litter knowledge about
what feature can contribute to the prediction result. Now the
extacted features for this challenge are manual-designed. It
is critical to incorporate feature learning mechanism in the
future solution to explore more powerful features.
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