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Abstract. Content in social media is diﬃcult to analyse because of its short and informal feature. Fortunately, some social media data like
tweets have rich hashtags information, which can help identify meaningful topic information. More importantly, hashtags can express the context
information of a tweet better. To enhance the signiﬁcant eﬀect of hashtags via topic variables, this paper, we propose a context-aware topic
model to detect and track the evolution of content in social media by integrating hashtag and time informationnamed hashtag-supervised Topic
over Time(hsToT). In hsToT, a document is generated jointly by the
existing words and hashtags(the hashtags are treated as topic indicators
of the tweet). Experiments on real data show that hsToT capture hashtags distribution over topics and topic changes over time simultaneously.
The model can detect the crucial information and track the meaningful
content and topics successfully.
Keywords: topic model, content evolution, topic over time, social media.
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Introduction

In recent years, some conventional topic models such as LDA[1] and PLSA[2]
have been proposed successfully in mining topics for a diverse range of document
genres. However, for the data in tweets, they always fail to achieve high quality
underlying topics because of its short and informal feature. Likely, there are
several types of metadata could help identify the contents of tweets, such as the
associated short url, picture, and #hashtag[3][4]. Among these metadata types,
hashtags always play crucial roles in content analysis. Hashtags can not only
express the context information of a tweet to the fullest, but also act as weaklysupervised information when sampling topics from certain tweets. Meanwhile,
hashtags enrich the expressiveness of topics.
Motivated by the above, we propose a context-aware topic model to identify
and track the evolution of the contents in social media named hashtag-supervised
Topic over Time(hsToT). This model extends the classical LDA[1] by integrating
the hashtags and time information. In hsToT, the distribution of hashtags over
topics directly aﬀects the topic sampling for a document. A topic is deﬁned as
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a set of words that is highly correlated. In addition, in order to capture topic
evolution over time for our method, we model each topic with a multinomial distribution over timestamps and uses a beta distribution over a time span covering
all the data.
The remainder of paper is organized as following. Section 2 review several
representative works. Section 3 presents our approach in detail. We show the data
preparation and discuss the experiment results in Section 4. The ﬁnal section
concludes the work.

2

Related Work

Topic model in social media. As a powerful text mining tool, topic models have successfully applied to text analysis. Unfortunately, traditional topic
models LDA[1] and PLSI[2] do not work well with the messy form of data in
Twitter. To overcome the noise in tweets, [5] merges user’s tweets as a document. However, they ignore the content detection from topics. Thus, [6] proposes a
probabilistic model that a topic depends on not only the users preference but
also the preference of users; TCAM[7][8] focuses on analyzing user behaviors
combining usersintrinsic interests and temporal context; Except the user features, mLDA[3] utilizes multiple contexts such as hashtags and time to discover
consensus topics. While these works focus far more on user interests rather than
content mining. Besides, some works take advantage semi-structured information, such as TWDA[9] and MA-LDA[10]. However, these methods ignore the
dynamic nature of contents in social media.
Topic over time. To capture the topics change over time, qualitative evolution
and quantitative evolution are two main analysis patterns. Qualitative evolution
focus on some aspects of a topic like word distribution, inter-topic correlation,
vocabulary, etc. [11] uses state space model to model the time variation. DTM[12]
and TTM[13] are two typical models. However, the time must be discretized and
the length of time intervals must be determined. Quantitative evolution focuses
on the amount of data related to some topic at some timestamp, and models the
time variation as an attribute of topics. The pioneering works in the literature are
TOT[14], COT[4] and [15] where each topic is associated with a beta distribution
over time. In this paper, we prefer quantitative evolution and replace the beta
distribution with Dirichlet distribution so that the parameters could be simply
estimated by Gibbs sampling.

3

Modeling Content Evolution in Social Media

In this section, ﬁrstly we introduce some preliminaries, especially the parameters
used in the method would be interpreted. Then we explain the details of our
hashtag based topic modeling solutions, namely hsToT.
3.1 Preliminaries
As the most popular topic model, Latent Dirichlet Allocation (LDA) has achieved
numerous successful extensions. hsToT is LDA-based model, and also a probabilistic generative model. While diﬀerent from LDA, hsToT includes two additional variables, namely hashtags and timestamps. We can discover the content
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through a cluster of hashtags that frequently occur with a topic, then the content
over time can be observed through topic distribution over timestamps.
Formally, we deﬁne a set of tweets as W = {d}M
d=1 . Each tweet is regarded
as a document d and has a timestamp t. Suppose that document d is related
to a word sequence wd = {w1 , w2 , ..., wi , ..., wN } and a hashtag sequence hd =
{h1 , h2 , ..., hi , ..., hL }, where N and H is the number of words and hashtags in
document d. The rest notations used in this paper are listed in Table 1. For
a corpus, T, N , and H are integer constants, while N and H are varying with
diﬀerent document. T is set manually.
Table 1. Notation in hsToT
M, K,
N, H, T
z, w, h, t, d
θ
φ
ψ
α, β, µ

number of document and topics respectively
number of words, hashtags and timestamps in a document respectively
topic, word, hashtag, timestamps and document respectively
multinomial distribution over topics for a hashtag
multinomial distribution over words for a topic
multinomial distribution over timestamps for a topic
Dirichlet prior parameters for θ, φ and ψ respectively

3.2 hashtag-supervised Topic over Time
In this subsection, we describe hashtag-supervised Topic over Time (hsToT)
to directly uncover the latent relationship among topic, hashtag, and time. In
hsTor, hashtags act as the weakly-supervised information in topics sampling.
Fig.1 shows the graphical models of the hsToT. In Fig 1, each topic is typically
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Fig. 1. Graphical model representation of hsToT.

represented by a distribution over words as φ with β as the Direchlet prior. hsToT
also includes two distributions over hashtags and timestamps with respect to
topics. hsToT do not directly sample the distribution over topics for a document
d. Instead, it sample a hashtag’s distribution over topics from the K × H matrix
as the topics distribution of the document. Furthermore, the time feature is
ﬁrst discretized and each tweet is annotated with a discrete timestamp label
(e.g. day, month, year). Naturally, time modality is captured by the variable
t, and consequently topic evolution over time is obtained using multinomial
distribution. In particular, each hashtag is characterized by a distribution over
topics as θ with α as the Direchlet prior. We allocate a topic assignment zi and a
hashtag assignment hi for each word wi in the document d. In hsToT, each word
is associated with a “hashtag-topic” assignment pair and a “topic-timestamp”
pair. The generative process for hsToT is given as follows, shown in Fig.1. We
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use variables zi , hi and ti to represent a certain topic, hashtag, and timestamp
associated with the word wi respectively.
1.
2.
3.
4.

For each hashtag h = 1 : H, draw the mixture of topics θh ∼ Dir(α)
For each topic z = 1 : K, draw the mixture of words φz ∼ Dir(β)
For each topic z = 1 : K, draw the mixture of timestamps ψz ∼ Dir(µ)
For each document d = 1 : M , draw its words length N , and give its hashtag
set hd
(a) For each word wi , i = 1 : Nd
i. Draw a hashtag hi ∼ U nif orm(hd )
ii. Draw a topic zi ∼ M ult(θhi )
iii. Draw a word wi ∼ M ult(φzi )
iv. Draw a timestamp ti ∼ M ult(ψzi )

In hsToT, there are three posterior distributions: hashtag-topic distribution θ,
topic-word distribution φ and topic-timestamp distribution ψ. We assume that
“topic-word” distribution and “hashtag-topic” distribution are conditionally independent. To eﬃciently estimate posterior distribution, we employ Gibbs sampling[16].Thus, the joint probability of words, topics, hashtags and timestamps
is Eq.1.
p(w, h, t, z|α, β, µ, hd ) = p(w|z, β)· p(h|hd )· p(t|z, µ)· p(z|hd , α)
(1)
In order to infer the hidden variables, we compute the posterior distribution
of the hidden variables. The likelihood of a document d is Eq.2 .
N
∏
p(wd |θ, φ, ψ, hd ) =
p(wi |θ, φ, ψ, hd )
=
=
=

N
Ld ∑
K
∏d ∑

T
∑

i=1 j=1 k=1 s=1
N
Ld ∑
K ∑
T
∏d ∑
i=1 j=1 k=1 s=1
N
Ld ∑
K ∑
T
∏d ∑

i=1

p(wi , zi = k, hi = j, ti = s|θ, φ, ψ, hd )
(2)
p(wi |zi = k,φ)p(zi = k|hi = j, θ)p(ti = s|zi = k, ψ)pjhi
φwi ,k θk,j ψs,k pjhi

i=1 j=1 k=1 s=1

Where pjhi represents the probability of hi = j when sampling a hashtag hi
from hd . The generating probability of the corpus is:
M
∏
p(W|θ, φ, ψ, h) =
p(wd |θ, φ, ψ, hd )
(3)
d=1

The estimation method of posterior distributions in hsToT is Eq.4.
p(zi = k, hi = j|w, h−i , t, z−i ) ∝

nk
w

i ,−i

+β

nk
+V β
w′ ,−i

×

njk,−i +α
j
nk′ ,−i +Kα

×

nk
t

i ,−i

+µ

nk
+T µ
t′ ,−i

(4)

Where −i means assignments except for current word in the current document
d. In Eq.4, njk,−i is the number of words assigned to topic k in a document d,
njk′ ,−i is total number of words in a document d; njwi ,−i is the number of words
assigned to topic k and hashtags j, njk′ ,−i is total number of words assigned to
topic k; njt,−i is the number of time words assigned to topic k and hashtags j,
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njt′ ,−i is total number of words assigned to topic k and hashtags j. Finally, when
the sampling process reaches the convergence, we can get the results of φ, θ, and
ψ by:
φw,k =

nk
w +β
nk
+V β
w′

θk,j =

njk +α
njk′ +Kα

ψs,k =

nk
t +µ
nk
+T µ
t′

(5)

From the generative process of hsToT, time modality is involved in topic discovery. However, this may impact the homogeneity of topics because time modality
is assumed having the same “weight” in word modality. In practice, it is not. To
address this issue, we adopt the same strategy as in TOT[14] where a balancing
hyperparameter is introduced in order to balance word and time contribution
in topic discovery. Naturally, we set the hyperparameter as the inverse of the
number of words nd .

4

Experiments

Experiments are conducted based on evaluation on results of topic detection and
topic evolution over time. We take three topic models TOT[14], COT[4] and
hgToT, which is our another model as the baselines. (hgToT is generally similar
to COT in the usage of hashtags, but whose time modeling methold changes
the beta distribution into the multinomial distribution.) TOT is extended from
LDA by adding a Beta distribution over timestamps for topics. COT is extended
from TOT by adding a multinomial distribution over hashtags for topics.
4.1 Data Preparation
The experiments are conducted on a twitter data set, named “TREC2011”3 .
The original data contains nearly 16 millions tweets posted from January 23rd
to February 8th in 2011. Each tweet includes a user id and a timestamp. The
process of the raw data is similar to the steps in [17]. The properties of the
dataset are given in Table 2.To guarantee the convergence of Gibbs sampling,
all results were obtained after 1000 iterations. Timestamps is divided by days.
The hyperparameters in generative models (hsToT, hgToT, TOT) are set as
50/K for α and 0.04, 0.04, 0.01 for β, γ and µ respectively[11].
Table 2. Dataset properties
♯ tweets ♯ Unique words ♯ hashtags ♯ Average words ♯ Average hashtags
304,480

12,160

98,649

5.11

1.42

4.2
Evaluation on Topic Detection
To assess the eﬀectiveness of topic models, a typical metric like perplexity on a
held-out test set[17] has been widely used. The perplexity represents the performance of document modeling by comprehensively estimate the results of p(z|d)
and p(w|z). Another automatic evaluation metrics coherent score[18] is proposed
to measure the quality of topics from the perspective of topic visualization and
semantic coherent. In this paper, we choose perplexity and coherent score as
evaluation criteria.
3

http://trec.nist.gov/data/microblog2011.html
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Perplexity Perplexity indicates the uncertainty in predicting a single word.
The lower the perplexity score is, the higher the performance will be. We compute
this metric according to the method[1]. To equilibrate the diﬀerent usage of
hashtags in these methods, the computation of p(wd ) is diﬀerent. For TOT,
the computation∑method of p(w
∑ d ) is same as [1]. While for hsToT, hgToT and
COT, p(wd ) = Nd p(wi ) + Ld p(hi ). In this step, we hold out 10% of data
for test and train these methods on the remaining 90% data. Fig.2 states the
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Fig. 2. perplexity results with diﬀerent topic number K.

perplexity results with topic number k = 20, 30, 40, 50, 60. From the Fig.2, hsToT
obviously outperforms other methods. This indicates that we can indeed improve
the document modeling performance by taking advantage of hashtags especially
regarding hashtags as weak-supervised information. In addition, For hsToT, the
perplexity value reduces gradually with the increase of topic number, and then
tends to stable when k ≥ 50. While TOT is running into over-ﬁtting. This means
that our method is more stable. Based on this observation, the number of topic
K is ﬁxed at 50 in the remaining experiments.
Coherent Score
To intuitively investigate the quality of topics, we analyze
Table 3. a sample of semantic representation of topic “EGYPT”
hgToT
#egypt, egypt
#election, obama
#25-Jan, #egypt
#tcot,
mubarak
#sotu,
egyptian

hsToT
#egypt,
egypt
#mubarak, people
#election,
obama
#turbulence, mubarak
#news,
egyptian

TOT
obama
mubarak
#mubarak
turbulence
egypt

the topics from visualization perspective. For each topic, we take top 5 words
or hashtags ordered by p(w|z) or p(h|z)) as their semantic representation. By
observing the 50 topics, there are two major kind of topics. One is “common
topics”, which are related to users’s daily lives. The other is “time-sensitive
topics” which may be some emergencies or hot news events.Overall, compared
with TOT and hsToT can discover more meaningful hashtags and words highly
related to a topic. Besides, hsToT can detect the content from a topic which
TOT can not achieve. Table 3 lists an example of a common topic “EGYPT”
learnt by all hsToT and TOT methods.
For TOT, both words and hashtags occur in the “topic-word” distribution.
While in hgToT and hsToT, words and hashtags only occur in “topic-word”
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and “topic-hashtag” distribution respectively. In addition, topic “EGYPT” also
shows that hsToT outperforms TOT in discovering meaningful hashtag i.e., the
semantics of topics for a common topic. For example, TOT only discovers one
hashtag “#mubarak”, whereas hsToT discovered more meaningful hashtags.
In order to quantitatively evaluate the topic quality of all test methods, we
further utilize the automated metric, namely coherent score. The coherence score
is that words belonging to a single concept will tend to co-occur within the same
documents[19]. A larger coherence score means the topics are more coherent.
(z)
(z)
Given a topic z and its top n words V (z) = (v1 , ..., vn ) ordered by p(w|z), the
coherent score can be deﬁned as:
n ∑
t
(z) (z)
∑
D(vt , vl ) + 1
C(z; V (z) ) =
log
(6)
(z)
D(vl )
t=2 l=1
where D(v) is the document frequency of word v, D(v, v , ) is the number
of docu∑
1
(zk )
ment in which words v and v , co-occurred. The ﬁnal results are K
C(z
).
k; V
k
For TOT, the average coherent score can be directly captured by this way. While
for other three methods, a topic is jointly associated with a multinomial distribution over words and a multinomial distribution over hashtags. Therefore,
we also need consider the top n hashtags when computing the coherent score
of a given topic. The ﬁnal average coherent score in these three methods is
∑
(z )
1
(zk )
) + C(zk ; H k )).
k (C(zk ; V
2K
The result is shown in Table 4, the number of top words ranges from 5 to
20. From Table 4, hsToT achieves the best performance(with p-value <0.01 by
T-test), and hsToT receives the highest coherence score. hgToT and COT outperform TOT by 0.086 on average. It also shows hashtag co-occurrence frequency
can help detect more coherent words, and improve the topic coherence greatly.
Moreover, compared with the strategy of hashtags in COT, hsToT always receives better results. By observing the diﬀerent results with the change of top
n words(or hashtags), we ﬁnd that the coherent score of all methods gradually
reduces when the number of n increases.
Table 4. Average coherence score on the top n words(hashtags) in topics.
n
hgToT
hsToT
COT
TOT

5

5
-62.6
-61.5
-62.7
-64.3

10
-239.3
-236.5
-239.4
-243.6

20
-1043.5
-1029.2
-1042.9
-1066.4

Conclusions

In this paper, we introduced a new model(hsToT) of tracking topics over time in
social media. By considering features such as hashtags, words and timestamps
jointly, our model can successfully identify the meaningful topics precisely and
track topic changes over time appropriately . Experiments on real dataset illustrate the eﬀectiveness and eﬃciency of our methods.
Acknowledgments. The work was supported by the Fundamental Research
Funds For the Central Universities (No. XDJK2017D059).
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