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Abstract
In this paper, we complete an evaluation of various topic modelling algorithms,
and examine their performance when working with Twitter tweets. LDA [1] is an
algorithm that is often used when modelling topics within text, and it has been
proven to be affective; however, LDA may not necessarily perform well when
working with documents that are short in length [2, 3, 4]. We compare LDA to
three models which offer potential improvements over the downfalls of LDA when
modelling tweets. This includes a variation of LDA, referred to as LDA-U, which
aggregates data on a user-basis in an effort to improve the standard LDA model’s
performance[3]. We also evaluate two other models specifically designed to work
with short text: the ”biterm topic model” (BTM), and a ”word2vec Gaussian mixture model”, which models topics as a distribution over words in semantic space
[4].

1

Introduction

Topic modelling is the task of identifying which underlying concepts are discussed within a collection of documents, and determining which topics each document is addressing. This type of modelling has many applications; for example, topic models may be used for information retrieval (IR)
[5], to identify influential individuals on a social media platform [6], or to detect signs of depression
[7]. The algorithms traditionally used to tackle the problem of topic modelling include probabilistic
latent semantic analysis (pLSA) [8] and Latent Dirichlet allocation (LDA) [1]; however, traditional
topic models such as these have typically only been proven to be effective in extracting topics from
documents that are at least a few hundred words long, and may not perform well when working with
documents of shorter length [2, 3, 4]. This is unfortunate, as resources such as Twitter contain a significant amount of ”short text” documents that may provide potentially useful information, if mined
properly1 . In this paper, we examine 3 different approaches to modelling topics within short texts,
specifically when dealing with Twitter ”tweets”. These techniques include aggregating documents
by author in an effort to address the downfalls of LDA, the ”biterm topic model” (BTM) [3], and a
model which clusters word2vec vectors using a Gaussian mixture model (GMM) [4].

2

Methods

2.1

LDA

As mentioned previously, LDA is a model that is frequently used to capture the set of latent ”topics”
over documents within a corpus. LDA models the generation of documents within a corpus as
1

Twitter currently restricts tweets to be at most 140 characters long.
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the following process: 1) A mixture of k topics, θ, is sampled from a Dirichlet prior, which is
parameterized by α; 2) A topic zn is sampled from the multinomial distribution, p(θ; α), which
models p(zn = i|θ); 3) A word, wn , is then sampled (given the topic zn ) via the multinomial
distribution p(w|zn ). Overall, the probability of a document (or tweet, in our case) ”w” containing
n words can be described as [1]:
p(w) =

Z Y
N X
k
θ


p(wn |zn ; β)p(zn |θ) p(θ; α)dθ

(1)

n=1 zn =1

Given a corpus of M documents D = {w1 , ..., wM }, the EM algorithm can be used to learn the
parameters of an LDA model (by maximizing a variational bound on p(D), as seen in Equation 2
below).
M
X
log p(D) ≥
Eqm [log p(θ, z, w)] − Eqm [log qm (θ, z)]
(2)
m=1

LDA was used as a baseline for comparison among other specialty models – the implementation of
LDA provided by the gensim[9] Python library was used to gather experimental data and compared
to other models.
2.1.1

Modifying LDA: Aggregating Data

One method that has been used in the past to address the poor performance of LDA on shorter
documents is the aggregation of documents into longer ”pseudo-documents”. This is done in an
effort to increase the amount of relevant word ”co-occurrences” within a document – if a Twitter
user often talks about the same subjects, then combining their tweets will result in an increase in the
co-occurrence of the relevant terms. When working with Twitter data, this has often been achieved
by combining tweets that were created by the same author [6], or by combining tweets into large
documents based on one or more terms shared between them [2]. In our experiments, we concentrate
on the former; tweets were aggregated into pseudo-documents based on the author that created them,
and a standard LDA model was trained on this modified data set. We denote this variation of the
LDA model as ”LDA-U” (as was done in [3]).
2.2

Biterm Model

Another model initially designed to work specifically with short texts is the ”biterm topic model”
(BTM) [3]. A graphical representation of this model in comparison to LDA can be seen in Figure 1.
The BTM tackles this problem by learning topics over short text by directly modeling the generation
of all the unordered word-pairs co-occurring within a document (i.e. biterms) across the corpus. The
BTM model is inspired by the idea that topics are groups of correlated words where the correlation
is revealed by the word co-occurrence. The BTM model uses that assumption to justify viewing
the biterms across the topics as a mixture of various topics. By considering the whole collection
of biterms as a mixture of topics, the BTM model is not affected by the same sparsity problem
experienced by LDA (which views each document as a mixture of various topics). Figure 1 shows
how the BTM uses phi to represent a distribution of topics over the biterms and how φd represents
the distribution of topics in a document for the LDA model.
The specific generative process of the corpus in BTM can be described as follows, where α and β
are Dirichlet parameters.
1. For each topic z
(a) draw a topic-specific word distribution φz ∼ Dir(β) for the whole collection
2. Draw a topic distribution θ ∼ Dir(α)
3. For each biterm b in the biterm set B
(a) draw a topic assignment z ∼ Multi(θ)
(b) draw two words: wi , wj ∼ Multi(φz )
2

Figure 1: Graphical representations of the LDA (a), BTM (b) and GMM (c) models [3].

Looking at the above procedure and figure 1 it can be derived that
YX
P (B) =
θz φi|z φj|z

(3)

(i,j) z

where φ and θ are found either with variational inference or sampling methods. In this paper, Gibbs
sampling was used to find φ and θ. After training, φ and θ can be found with the following equations
nw|z + β
w nw|z + M β
nz + α
θz =
|B| + Kα

φw|z = P

where M is the number of words in a topic, |B| is the number of biterms, K is the number of topics,
nw|z is the number of time the word w is assigned to the topic z and nz is the number of times a
biterm b is assigned to a topic z.
One of the obstacles of using BTM is that BTM does not model the document generation process.
Therefore, it is not possible to obtain the topic proportion of documents directly during the learning
process.
To infer the topics in a document for the BTM, we assume that
P (z|d) = sumb P (z|b)P (b|d)

(4)

where P (z|b) can be calculated via Bayes’ rule
θ(z)φi|z φj|z
P (z)P (wi |z)P (wj |z)
P (z|b) = P
=P
.
P
(z)P
(w
|z)P
(w
|z)
i
j
z
z θ(z)φi|z φj|z
The empirical distribution of biterms in the documents is used to obtain P (b|d). The empirical
distribution can be described by the following equation:
nd (b)
P (b|d) = P
b nd (b)
where nd (b) is how many times a biterm b appears in document d.
An implementation of BTM was provided by the authors of [3], but an implementation of the model
was completed in Python for this paper to further our understanding of the algorithm, and to have
full control over the model.
2.3

Clustering Word Embeddings

Over the past few years, various ”word embedding” language modelling techniques have been proposed, which map words within a corpus to a multi-dimensional vector space. These modelling
techniques capture the semantic relationships between all words in a corpus by examining the context in which the words appear. Such word embedding algorithms include word2vec [10, 11], and
3

Figure 2: Log-likelihood as EM is run on the GMM (W2V-GMM={K=100, wlen=11, D=200)}.

GloVe [12]. Recently, various topic models have been proposed which make use of the semantic
space created by such word embedding algorithms [13], and may be used as alternatives to traditional topic models. As discussed by Sridhar in [4], one such approach could be to use word2vec
(and the ”continuous-bag-of-words”, or ”CBOW” model) to construct a semantic vector space from
a corpus, and cluster words in the resulting vector space using a Gaussian mixture model (GMM)
[4]. In this report, we will refer to this word2vec and Gaussian mixture models as ”W2V-GMM”.
Much like BTM, W2V-GMM attempts to address the data sparsity issues generally present with
models such as LDA by creating a generative model over the whole corpus (rather than a distribution over documents). The intuition behind this model is that the components of the GMM can be
viewed as abstract topics within the word embedding’s semantic vector space, and each component
z within the GMM has a certain probability of generating a word seen in the corpus – p(w|z).
The W2V-GMM model can be configured based on both the underlying word2vec and GMM models. The underlying CBOW word2vec model learns a neural network that is capable of predicting a
provided word, given a context - ie. p(w|c) [10, 11]; the length of the window surrounding the provided word (”wlen”) is configured before training. Furthermore, the word2vec model also learns a
latent semantic space of D dimensions, which is also set to a fixed size before training begins. As
is standard with a GMM, the W2V-GMM can use the EM algorithm to learn its parameterization.
Values for p(w|z) (the probability of generating a word, given a specific topic) and p(z) (the GMM
”mixing” weights) are learned, and used to calculate p(z|w) (see Equation 5), the posterior probability of a specific topic, given a word. The progression of the train and validation log-likelihood
observed during training for a specific configuration of the GMM can be seen in Figure 2. As was
done in [4], covariance matrices were assumed to be diagonal for computational purposes.

p(z|w) =

p(w|z)p(z)
p(w)

(5)

The author of [4] claims that W2V-GMM is capable of outperforming both LDA and BTM when
modelling topics within short documents (such as tweets). To examine the effectiveness of this
approach, an implementation of the model outlined in [4] was created using components from the
gensim [9] and scikit-learn [14] Python libraries, and evaluated against the other models.
One issue that must be addressed when dealing with word2vec models that are evaluated on held-out
corpus data is the situation in which a vector for an unseen word is required. Various techniques have
been proposed and analyzed for addressing such terms, referred to ”Out-of-Vocabularly” (OOV)
words. Such solutions include using character-level (or ”subword”) language models [15], which
can approximate the modelling of unseen words through aggregating models of its sub-components.
For the experiments described in this paper, however, the OOV issue was solved by assigning unseen
words to random vectors within the semantic space, as is done in [16].
4

Model

Hyperparameters

LDA
LDA-U
BTM
W2V-GMM

{α = 10/K, β = 0.01}
{α = 10/K, β = 0.01}
{α = 1/K, β = 0.01}
{wlen = 11, D = 200}

Table 1: The optimal hyperparameter settings for each model (for a setting of K topics).

3
3.1

Experiments
Data Collection and Preprocessing

The data used in these experiments was collected via the Twitter Search API, which allows for
past tweets to be collected based on a set of input keywords. 1,350 English Tweets from 100
different search queries were collected and preprocessed. This included search queries such as:
{”blockchain”, ”Sony”, ”San Francisco”, ”Dropbox”, ”jQuery”, ”Xbox”, ”Star Wars” and ”Kardashian”}. Tweets were preprocessed in a similar fashion to what was done in [3, 4] by completing
the following steps: Tweets were tokenized and made lowercase; emoticons, URLs, and HTML
tags, and common English ”stopwords” were stripped; infrequent words (which occurred less than
1 time in the entire corpus) and extremely short tweets (with less than 2 words) were removed; and
words were lemmatized using the NLTK Python library’s default POS tagger [17]. After the data
was preprocessed and filtered, the tweets were divided into an 80/20 training and testing data split.
This resulted in a data set of 129,530 tweets total, which was divided into 103,624 training and
25,906 testing tweets. When aggregating data into pseudo-documents for the LDA-U model, it was
found that, on average, each user had 11.24 documents within the corpus, and aggregating tweets
caused the average document length to grow from 8.46 to 12.79 words.
3.2

Selecting Model Hyperparameters

After data was collected and preprocessed, multiple versions of each of the LDA, LDA-U, BTM,
and W2V-GMM models were trained in an effort to evaluate the optimal hyperparameter settings for
each model. Grid search was performed over various hyperparameter settings for each model, and
final model configurations were selected based on the model perplexity/likelihood of the held-out
set of ”test” tweets. For the LDA and LDA-U models, the following hyperparameter settings were
evaluated (for a setting of ”K” topics): α={1/K, 10/K, 50/K, 100/K, 250/K}, β={0.001, 0.01, 0.1,
0.5, 1.0}. For the BTM model, the following hyperparameter settings were examined: α={1/K,
50/K, 100/K}, β={0.001, 0.01, 0.5}. For the W2V-GMM model, the following hyperparameter
settings were evaluated: D={50, 100, 200}, wlen={11, 13, 15, 17} (similar to what was done in
[4]). For each model, values of K from the set {10, 50, 100, 200} were evaluated. The set of
hyperparameters K×α × β was then evaluated for the LDA, LDA-U, and BTM models, and the
set K×D×wlen was then evaluated for the W2V-GMM model. The most optimal hyperparameter
settings can be seen in Table 1. These values were used when comparing the various models.
3.3

Evaluation

After the optimal hyperparameter settings were selected for each model, experiments were run to
compare the effectiveness of each model. For each experiment, the optimal models (as seen in Table
1) were chosen for a setting of K=100 topics, as it is equal to the number of search queries that
were used when the data was collected. The resulting topics from the models often corresponded
to the search queries used to retrieve the data (or mixture of related search queries). A few topics
were chosen randomly from the resulting topics of the W2V-GMM model, as seen in Table 2, and
the most similar BTM topics can be seen in Table 3. Most of those topics are easy to interpret, for
example the first topic is about the earthquake in Ecuador where approximately 654 people died.
The second topic contains terms that are all related to the English soccer Premier League. The third
and fourth topic are though little harder to interpret for the W2V-GMM model because it seems like
5

Topic 1
earthquake
aftershock
ecuador
remain
devastate
#ecuador
tremor
646
magnitude
130

W2V-GMM
Topic 2
Topic 3
tottenham
#blackholes
spurs
portal
arsenal
snape
mauricio
failure
leicester’s #stephenhawking
#epl
military
pochettino
#bernie
title
ukrainian
match
escape
arsene
buchanan

Topic 4
rob
#sexy
manuka
kardashian
#nude
#hot
#real
kim
#leaked
blac

Table 2: Ten most probable words shown for four different topics predicted by W2V-GMM.

Topic 1
ecuador
toll
earthquake
death
650
rise
top
654
ecuador’s
people

BTM
Topic 2
Topic 3
leicester
stephen
title
hawk
win
black
league
hole
ranieri
could
city
via
premier
universe
tottenham
portals
say
history
tell
another

Topic 4
kanye
west
birthday
celebrate
girl
others
miami
kourtney
kim
photo

Table 3: Ten most probable words shown for four different topics predicted by BTM.
3.3.1

Intra-Cluster and Inter-Cluster Distance

As described in Section 3, the tweet data was collected based on a set of input keywords. Comparing
the generated topic clusters to the pre-defined search query clusters can give insight into how well
a topic model is grouping documents. This is similar to what is discussed in [3], except the authors
made use of hashtag data (rather than search query data). The intuition behind this performance
measure is that a ”good” topic model should cluster documents that are from similar ”search query”
groups into topic clusters that are tightly packed and spread out from each other. As defined in [3],
we can represent a document as a vector of topic probabilities, given the document. In other words,
for a set of k topics {z1 , . . . , zk }, we can define a tweet di as a vector in the form seen in Equation
6. Using these vectors, we can then measure the ”distance” between two tweets in this space using
the ”Jensen-Shannon” divergence measure, as defined in Equations 7 and 8 (where DKL is the KL
divergence measure) [3].
di = [p(z1 |di ), . . . , p(zk |di )]

dis(di , dj ) =

1
1
DKL (di ||m) + DKL (dj ||m)
2
2
m=

1
(di + dj )
2

(6)

(7)

(8)

The authors of [3] then go on to introduce two ”distance scores” based on dis(di , dj ), which represent the average (intra) distance between tweets inside the pre-defined ”search query” groups, and
the average (inter) distance between the tweets in different pre-defined groups. They define the
6

Model
W2V-GMM
LDA
LDA-U
BTM

H-Score
0.9524
0.60597
0.54834
0.41111

Table 4: H-score for all four models.

”intra-cluster” and ”inter-cluster” distance measure as seen in Equations 9, 10. In these equations,
C refers to any pre-defined ”search query” tweet group taken from the data set.
K
1 X
IntraDis(C) =
K

"
X
di ,dj ∈Ck

k=1

2dis(di , dj )
|Ck | |Ck − 1|

#
(9)

i6=j

1
IntraDis(C) =
K(K − 1)

"
X
Ck ,Ck0 ∈C
k6=k0

X

X dis(di , dj )
|Ck | |Ck0 |

#
(10)

di ∈Ck dj ∈Ck0

The authors then use these two ”inter-cluster” and ”intra-cluster” measure to compute a final ”H”
score, as seen in Equation 11.

H=

IntraDis(C)
InterDis(C)

(11)

The H score defined in Equation 11 was calculated using the LDA, LDA-U, BTM, and W2V-GMM
topic models, and their values can be seen in Table 4. As can be seen from the table, the BTM
model has the lowest H-score and, therefore, we can conclude that the BTM model generates topics
that correspond closely to the predefined search queries used to retrieve each tweet from the corpus.
However, the W2V-GMM model has significantly higher H score –this may imply that the topics
generated by the W2V-GMM mixes words from different Twitter search queries. This can be seen
in topic 3 in table 2, where this topic is mixed with words related to Stephen Hawking and the U.S.
election.
3.4

Coherence Scores

Evaluating topic models is often viewed as a difficult task. Sometimes, a measure such as the H
score is used, or the perplexity of held-out data is evaluated against generated models and used to
analyze the relative performance of competing topic models. However, studies have been performed
on the correlation between traditional topic model evaluation metrics and the ”coherence” of generated topics, and it was found that typical performance measures may not accurately evaluate the
understandability of the top words within a topic [18]. Many coherence scores have been proposed
– these values aim to emulate the relative score that a human is likely to assign to a topic when considering how much the topic words ”make sense”. These scores infer the cohesiveness of topics by
analyzing the semantic differences/similarities between ”top” words within a generated topic. The
authors of [19] defined a unifying framework for constructing coherence scores and examined many
popular coherence scores, including the coherence score proposed by Mimno et al [20]. The score
z
uses: a topic z; it’s top N most likely words, W z = {w1z , . . . , wN
}; the document frequency of
word w, D(w); and D(w1 , w2 ), the number of documents in which both w1 and w2 occurred. It calculates the coherence score as seen in Equation 12 – a higher score indicates a topic that correlates
well with what humans determine to be a ”coherent” topic. The intuition around this performance
7

Figure 3: The coherence score of every topic model, plotted as a function of the top N words.

measure is that if the top topic words occur together frequently relative to the number of times that
the words appeared separate, then the words are more likely to form a ”cohesive” topic.

C(z; W z ) =

j−1
N X
X
n=2 j=1

log

D(wnz , wjz ) + 1
D(wjz )

(12)

This score is used to evaluate models in both the BTM [3] and W2V-GMM [4] papers. In this
paper, we also examine the models with this commonly used coherence score in an effort to gauge
how ”coherent” the topics generated by each model are. One important difference, however, is the
authors of [3, 4] calculated counts for D(w) and D(w1 , w2 ) from the corpus used to train their
models. The authors of [19] completed experiments which relied upon the (English) Wikipedia
corpus to calculate their document counts, and realized the resulting scores correlated more closely
with human topic ratings. Therefore, when calculating the coherence score of models, we made use
of counts from Wikipedia. A database of these counts is provided by the authors of [19], and were
freely available to access online at the time that this paper was written 2 .
The coherence score for each model was calculated based on the top 10 words taken from all of its
topics. The coherence score was then calculated using values of N =[2..10]. For each value of N , a
model’s coherence score was averaged. These coherence values were then plotted as a function of
N , and can be seen in 3.

4

Discussion

In Section 3.3, observations were gathered on both topic model clustering quality and topic coherence. This provides insight into how general topic models (such as LDA), and more specialized
topic models (such as BTM and W2V-GMM) perform when dealing with short documents, such as
tweets.
After examining the H score results gathered in Section 3.3.1, the BTM model seems to predict
topics with the minimum intra distance and maximum inter distance. The H score for the W2VGMM is significantly higher than for the other three models. But that may imply that the topics
in the W2V-GMM are mixed with words from tweets gathered with different search queries. Even
though lower H score indicates better topic model, that does not have to be true because lot of the
search queries are correlated and, therefore, hard to conclude anything only from looking at the H
score.
The results of Section 3.4 appeared to indicate that, on average, BTM produced the most coherent
topics; however, the generated LDA, LDA-U and BTM models appear to have comparable coherence
scores across multiple values for N, so the difference is quite slight.
2

https://github.com/AKSW/Palmetto
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Examining the difference in coherence score between LDA and LDA-U is somewhat difficult, as
the difference appears to be quite minimal. According to Figure 3, it seems like LDA may provide
more coherent topics when examining a smaller subset of the top topic words, and LDA-U may be
slightly better when examining a larger number of the top topic words, but more data would have to
be gathered in order to reinforce such a statement. In the future, more rigorous investigation into the
relation between the coherence scores of LDA and LDA-U could be completed for larger ranges of
N to explore this potential trend.
It is also interesting to note that, according to Figure 3, LDA, a more traditional approaches to topic
modelling, produced more coherent topics in comparison to the W2V-GMM model, which was
designed with short documents in mind. Furthermore, it even appears as though the W2V-GMM
becomes progressively less coherent as more topic words are considered in the calculation of the
coherence score. This is contrary to what was discussed in the original paper [4], which claimed that
the model could outperform both [1] and [3] when working with short documents. This apparent
poor performance of the W2V-GMM model could potentially be due to the assumptions that the
authors make when describing the model. Specifically, the author of [4] describes an implementation
that assumes components within the GMM have diagonal covariance matrices. This assumption is
quite limiting, as it assumes that each D-dimensional Gaussian distribution within the GMM can
be decomposed into D independent univariate Gaussian distributions, which ignores a significant
amount of potential dependence within the data that is being modelled.

5

Conclusion

After implementing models that were specifically designed to work well with short text (BTM [3]
and W2V-GMM [4]), and modifying LDA to work with short text (through the creation of the LDAU), some overall observations were made.
After examining both the H and coherence scores, it appeared as though BTM was superior to all
other models when working with short documents. Although LDA has been proved to be effective in
modelling topics within documents, BTM seems to be an improvement over LDA when modelling
the topics of tweets. This implies that the design of the BTM helps it to generate topics which are
both coherent, and consistent with the expected pre-defined groups that were defined in the tweet
data.
As was mentioned in 4, it seemed as though LDA-U performed similarly to LDA and BTM, and even
appeared to outperform the W2V-GMM. This implies that aggregating data may not have any effect
on the effectiveness of the topic model when working with short text. Furthermore, the metadata
required to complete such aggregation of data may not always be available, potentially making
models such as LDA-U impractical[4].
Experiments showed that W2V-GMM did not perform well in comparison to the other models discussed in this paper. However, the original implementation described by the author makes assumption the GMM components within the model have diagonal covariance matrices [4]. A model that
makes use of full covariance matrices may perform significantly better.

6

Future Work

Future work could involve analyzing research that has been completed to improve upon topic models that were discussed in this paper. For example, ”Twitter-BTM” [21] is a model that attempts
to address some of the downfalls of the standard BTM [3] model; specifically the discarding of
potentially useful user information and the assumption that two words which co-occur together are
drawn from the same topic. Furthermore, as mentioned in Section2.3, the W2V-GMM model implemented assumes that the mixture component covariances are diagonal [4]. An implementation
using fully computed covariance matrices should be experimented with to examine the full potential
of the model.
Unfortunately, due to time and financial constraints, it wasn’t possible to gain data from humans
on the coherence of the topics generated by the topic models discussed in this paper. Therefore,
if possible, it would be beneficial to complete a crowdsourced analysis of the relation between
human feedback and the coherence of the topics generated by the models that were generated for
9

this paper. This would help to further the understanding of the effects that short documents have on
the coherence of generated topics.
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