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ABSTRACT

Researchers using social media data want to understand the discus-

sions occurring in and about their respective fields. These domain

experts often turn to topic models to help them see the entire land-

scape of the conversation, but unsupervised topic models often

produce topic sets that miss topics experts expect or want to see. To

solve this problem, we propose Guided Topic-Noise Model (GTM),

a semi-supervised topic model designed with large domain-specific

social media data sets in mind. The input to GTM is a set of topics

that are of interest to the user and a small number of words or

phrases that belong to those topics. These seed topics are used to

guide the topic generation process, and can be augmented inter-

actively, expanding the seed word list as the model provides new

relevant words for different topics. GTM uses a novel initialization

and a new sampling algorithm called Generalized Polya Urn (GPU)

seed word sampling to produce a topic set that includes expanded

seed topics, as well as new unsupervised topics. We demonstrate

the robustness of GTM on open-ended responses from a public

opinion survey and four domain-specific Twitter data sets .
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1 INTRODUCTION

Researchers across disciplines use publicly available social media

data to try to understand conversations taking place about the

most important topics of the day. These researchers are usually

experts in their field, and fall into one of two groups: 1) they have
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no knowledge of the types of conversations taking place, or 2) they

have a sense of the topics relevant to their research that are most

likely to appear in public conversations or that are most important

to investigate based on theories developed within their disciplines.

Unfortunately, no one topic model is well-designed for both of

these tasks. For the first task, it is typical to use an unsupervised

topic model. For the second task, unsupervised models may not be

as fruitful since they do not produce a set of topics that includes

the topics researchers expect, or want to see. This typically occurs

when a topic is of interest to a researcher, but it is less prevalent or

less cohesive than other topics in the data set. In the case of the 2020

United States Presidential Election, topics specific to presidential

policies such as immigration, gun control, and the economy were

outshone by other salient topics such as Covid-19, racial tensions,

and foreign interference in the democratic process. Domain experts

know that topics such as economic issues exist, but unsupervised

topic models are incapable of discovering them due to noise and

low topic frequency relative to more prominent topics. In these

scenarios, researchers may consider creating completely manual

topics or supervised topic models. While both of these options

can produce more targeted topics, one of our goals is to reduce

the amount of work a research team must do in order to produce

coherent, research-driven topics. Therefore, for this scenario, we

consider semi-supervised topic modeling.

Some semi-supervised topic models that allow users to provide

‘seed words’ as guidance for topic models have been proposed [1,

14, 17, 23]. However, they have not been designed for social media,

where noise, including domain-specific flood words, are prevalent

and short documents increase the sparsity of the data.

To help researchers (or other users) attain high quality topics

from social media data (or short posts/open-ended responses in

general) for specific research domains, we propose Guided Topic-

Noise Model (GTM). The input to GTM is a set of topics that are of

interest to the researcher and a small number of words or phrases

that belong to those topics. These seed topics are used to guide the

topic generation process, and can be used interactively, expanding

the seed word list as the model provides new relevant words for

different topics (see Figure 1). This model is intended for the ex-

pansion and interactive verification of known or suspected topics.

If the seed topics do not exist at all in the data set, it is likely that

they will (and should) disappear from the final topic set. However,

if they do exist, we want to include them and to augment them with

other relevant topic words. To achieve this, we use a combination

of informed model initialization, selective oversampling, and noise

filtering. Finally, our approach generates additional topics that were

not seeded, perhaps missed by researchers. Researchers can then

evaluate the full list of topics, and iteratively adjust them as needed.
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Instead of an embedding space containing related words, we

are given as guidance something much more valuable. Seed topics,

assembled by someone with prior knowledge of the domain, are

direct confirmation of word relatedness, as opposed to the implicit

relatedness given by embedding spaces. We do not need to use

embedding spaces here to improve topic coherence because we

already have highly related sets of seed words. Also, embedding

spaces are made to be more generic, providing word relations that

are most common for the word as opposed to relationships that are

domain specific. For example, a general embedding space would

not put the words email and scandal close to each other. However,

a researcher studying the 2016 US Presidential election would. We

call our sampling algorithm GPU seed word sampling. In GPU seed

word sampling, when a non-seed word is observed, Gibbs sampling

is performed, replacing it with a single copy of itself. However,

when a seed word is observed, its whole seed topic is sampled and

placed in the correct topic. Each seed word is oversampled by the

product of a global factor γ and an individual factor δi , the inverse

document frequency for wordwi . Figure 3 shows GPU seed word

sampling on the right, where the seed word is sampled alongside

multiple copies of its fellow words from the same seed topic.

By performing GPU seed word sampling on the seed topic words,

we are able to maximize the probability of each seed topic regardless

of the frequency of the topic in the data. This allows us to gener-

ate more complete topics for all seed topics. We are also pushing

documents containing a seed word toward the seed topic. While

the document will still have a probability of being composed of

every topic, we are guaranteeing that it always has a significant

probability for the topic of the seed word it contains.

3.2.2 The Noise Filtering Phase. GTM is designed with social media

in mind. A common source of frustration for those using topic mod-

els on social media is noise. To filter noise from GTM, we propose

using it in an ensemble with the Topic Noise Discriminator (TND),

as detailed by Churchill and Singh [9]. TND works by modeling

two distributions, a topic-word and noise distribution, simultane-

ously. When generating a document, a word can be drawn either

from the topic distribution of the document, or from noise. This

approach more accurately captures the random nature of noise in

social media data, and produces a robust noise distribution that

is implicitly conditioned on the topic-word distribution. To incor-

porate our generative model with TND, we follow the framework

of NLDA [9]. We combine our topic-word distribution θ with the

noise distribution Ω of an instance of TND modeled on our data

set.2 For each topic, we decide whether each word should be in

the topic or in noise for that specific topic by drawing from a Beta

distribution conditioned on the word’s probability of being in the

topic and the noise distribution. Equation 1 shows how the Beta

distribution is calculated for word i on topic t , with respect to Ω.

ϕ is a variable that can be used to tune the weight of the noise

distribution, and the skew variable is used to tune the weight of

the topic-word distribution.

Beta

(

√

θ i
t
+ skew,

√

Ωi (ϕ/k)

)

(1)

2In Section 2 we noted that DF-LDA was extended to allow for certain words to be
excluded from topics altogether [18]. The advantage of using TND is that noise removal
is determined probabilistically, with no user input required.

Data Set # Docs Vocab

Survey School 2,697 2,781

Gun Violence 145,602 86,913

Covid-19 620,297 432,555

Election 2020 1,226,369 345,603

BLM 1,300,340 397,728

Table 1: Data Set Sizes

3.2.3 The Human Phases: Topic Evaluation and Seed Topic Curation.

While not strictly necessary (a user could provide no feedback

and output the first round of topics generated and filtered), we

encourage users to evaluate and adjust the approximated topics.

Topic Evaluation. Since we assume that the users of GTM will

have some knowledge of the domain, users should find it easy to

evaluate the quality of topics. Evaluation of topics should include

identifying seed words in each topic, identifying potential new

topic words, and identifying noise words. The goal of iterative topic

evaluation is to see more new topic words and less noise.

Seed Topic Curation. If users decide that they want to further

hone the semi-supervised topics, they can alter their seed words for

the next iteration of topic generation. New seed topics can be added

to the list if users see potential new topics of interest in the k − |S |

unsupervised topics. For existing seed topics, users can add new

seed words, likely that have appeared in the topic set. In this phase,

it is a good idea to remove words that seem too general. Often, these

general words are relatively harmless to topic coherence. However,

removing them can sometimes reveal a part of a seed topic that

was hidden by the inclusion of such a general word.

At the end of this process, we should be left with topics that

greatly improve when compared to the seed topics.

4 EMPIRICAL EVALUATION

In this section, we present our empirical evaluation of Guided Topic-

Noise Model (GTM).We begin by describing our experimental setup.

We then present our quantitative and qualitative evaluations.

4.1 Experiment Setup

BaselineModels. We compare ourmodel to GLDA [17], CorEx [14],

and CatE [23] since they are semi-supervised at the word-level, and

begin with seed words, similar to GTM.3 We also compare to un-

supervised models to understand the ability of GTM to capture

topics that might otherwise be overlooked or incoherent. With

this in mind, we compare GTM to Latent Dirichlet Allocation

(LDA) [3]4, Generalized Polya Urn Dirichlet Multinomial Mixture

(GPUDMM) [20], andNoiseless Latent Dirichlet Allocation (NLDA) [9].

We include LDA because of its ubiquity and consistent performance

across many types of data, GPUDMM because of its theoretical con-

tributions to GTM and its uses in social media data, and NLDA

because it filters noise and is the state of the art for social media.

Data Sets. We evaluate model performance on four unique

Twitter data sets in English collected using the Twitter API, and

an open-ended response survey data set. For each data set, domain

experts were asked to identify seed topics and a full set of topics.

3We do not compare to DF-LDA [18], because it does not scale to larger data sets.
4Specifically the MALLET implementation of LDA [22]
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