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Abstract
With the exponential growth of Internet information, technologies such as infor-
mation retrieval and topic detection have received widespread attention in recent
years to improve the efficiency of information mining. This paper first reviews
the developmental history of topic detection and tracking technologies; build-
ing upon the introduction of traditional topic detection methods, it conducts
an in-depth exploration from two aspects: burst detection and social network-
based topic detection and tracking methods; analyzes evaluation methodologies
for topic detection and tracking; and finally, discusses the future development
trends of topic detection and tracking methods.
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Abstract
With the exponential growth of Internet information, technologies such as in-
formation retrieval and topic detection have garnered widespread attention in
recent years to improve the efficiency of information mining. This paper first re-
views the history of topic detection and tracking technology development. Build-
ing upon an introduction to traditional topic detection methods, we delve into
two key aspects: burst detection and social network-based topic detection and
tracking methods. We analyze evaluation methodologies for topic detection and
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tracking, and conclude with a prospect for future development trends in this
field.

Keywords: Topic detection and tracking, burst detection, social networks

1 Introduction
With the vigorous development and widespread adoption of Internet technol-
ogy, the volume of online information has grown exponentially, creating an
increasingly prominent contradiction between information overload and knowl-
edge scarcity. The vast ocean of web data far exceeds human capacity to man-
age. Consequently, how to effectively organize and present web data to improve
knowledge acquisition efficiency has long been a hot research topic. Topic de-
tection and tracking technologies can help organize information by subject, in-
telligently push the most active topics to users within specific time periods, and
track the dynamic evolution of topics according to user needs, thereby greatly
facilitating users’ability to grasp social trends and major events. Applications
focused on hot topics and sudden topics have received particularly extensive
attention.

Meanwhile, with the application and development of Web 2.0, social networks
have become increasingly pervasive. Unlike traditional news media, social net-
works emphasize user participation. If we can effectively detect and track top-
ics automatically on social networks, it would undoubtedly help users find and
comprehensively understand events or topics of interest. However, since social
network data is primarily generated by ordinary users, the quality of this data—
whether in terms of word choice, format, or specific content—is uneven, posing
significant challenges for topic retrieval. Notably, widespread user participation
also provides new data information that can be leveraged for topic detection
and tracking. Topic detection on social networks is no longer limited to textual
information; non-textual information can also be utilized. These new character-
istics have made research on social network-oriented topic detection and tracking
methods a key focus in recent years.

In this paper, we first review the history of topic detection and tracking. Build-
ing upon an introduction to traditional topic detection methods and combining
our research findings, we explore in depth two aspects: burst detection and
social network-based topic detection and tracking methods. We analyze cur-
rent evaluation methods for topic detection and tracking, and conclude with a
prospect for future development trends.

2 Research Status
Topic detection and tracking research has been conducted for over a decade. In
existing studies, a topic is defined as an event or activity and all related events
or activities, while an event is defined as something unique that occurs at a
specific time or place [?]. In previous research, the distinction between events
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and topics was minimal and they were often interchangeable. Topic detection
can be divided into two relatively independent subtasks: retrospective topic
detection and online topic detection. Retrospective topic detection refers to
detecting all implicit topics within a dataset after all detection data is known.
Online topic detection refers to situations where detection data is only partially
known and new data continuously arrives in an online fashion, requiring the
system to immediately judge whether newly arrived documents represent new
topics or belong to existing historical topics. The topic tracking task involves,
for a pre-specified topic (presented in some form), determining in an online data
output mode whether current documents belong to that specified topic before
new data arrives.

In Topic Detection and Tracking (TDT) evaluations, the corpus used for topic de-
tection and tracking consists of news data, including news texts and transcribed
materials, typically arranged chronologically with target events manually anno-
tated. In these evaluations, topic detection and tracking research [?, ?, ?, ?, ?]
is further divided into three subtasks: story segmentation, event detection, and
event tracking. Story segmentation is defined as partitioning continuous text
streams based on report content to correctly identify boundaries between adja-
cent reports. Event detection can be further divided into Retrospective Event
Detection (RED) and Online New Event Detection (NED) [?]. RED aims to
find all implicit events within a given collection of reports, essentially clustering
the target dataset where each resulting cluster represents an event. NED aims
to identify new events in a stream of reports in an online fashion. When a new
report arrives, NED methods must analyze it and determine before the next
report arrives whether it discusses a new event. Event tracking involves finding
all reports related to a known event among newly arrived reports.

Since our research focuses primarily on topic detection and tracking, we will
mainly analyze existing event detection and tracking methods while ignoring
story segmentation research. Topic detection and tracking research can be
methodologically divided into two categories. The first seeks new clustering
algorithms suitable for topic detection and tracking or modifies existing cluster-
ing algorithms. The second focuses on mining new topic features to improve
detection and tracking effectiveness. Notably, in some studies, such as [?], this
distinction is not always clear. For simplicity, we will not provide strict catego-
rization for each method.

3 Main Methods
The primary task of topic detection and tracking systems is to accurately detect
topics and track their dynamic evolution, with the most critical issue being how
to perform topic detection. James Allan et al. [?] divided topic detection into
two branches: retrospective topic detection, which reorganizes documents in a
corpus by topic and is essentially an unsupervised classification problem that
groups documents discussing the same topic together; and online new event
detection, which processes incremental online document streams sequentially
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to determine whether each document belongs to an already labeled topic or
discusses a new topic. The main difference between online and retrospective
topic mining is that online topic mining faces incremental document streams,
while retrospective topic mining deals with the entire document corpus.

3.1 Topic Representation and Similarity Measurement

“Representation”refers to abstracting documents and topics into models that
computers can compute and compare. Similarity measurement includes calculat-
ing similarity between documents, between documents and topics, and between
topics. These two issues are highly related, as each representation model corre-
sponds to one or more similarity calculation methods.

Commonly used topic representation models are primarily the Vector Space
Model, Probability Retrieval Model, and Language Model.

Vector Space Model (VSM): This model represents both documents and
topics as vectors, where each dimension represents a word. The entire dictionary
constitutes all dimensions of the space, and each document and topic becomes
a vector (point) in this space.

A natural similarity measure corresponding to VSM is cosine similarity: (𝑐𝑖𝑑 ∶
71)(𝑐𝑖𝑑 ∶ 71)(𝑐𝑖𝑑 ∶ 71)(𝑐𝑖𝑑 ∶ 71)
Probability Retrieval Model: This model also represents documents and
topics as word sets, treating similarity as a probability value—the probability
that a document is relevant to a given query. A commonly used similarity
measure corresponding to this model is the BM25 formula: 𝑘𝐷, 𝑞𝑓𝑎𝑣𝑔𝑑𝑙 where
1𝑘 and 𝑏 are free parameters, 𝑖𝑞 is a word in query 𝑄, (𝐷, 𝑞𝑓 represents the
term frequency of word 𝑖𝑞 in document 𝐷, 𝐷 represents the length of document
𝐷, and 𝑎𝑣𝑔𝑑𝑙 represents the average document length in the corpus.

Language Model: Statistical language models consider language as a proba-
bility distribution over an alphabet, specifically forming a distribution of words
in a document 𝐷, called a language model. In language models, each docu-
ment is treated as a language model, and the entire corpus is also a language
model. In language models, calculating ⋅⋅⋅ = 1 The relevance between query and
document is defined as the probability of generating one language model from
another. The Kullback-Leibler distance is used, calculated as: (𝐷, 𝑄𝑃𝐾𝐿𝑄, 𝐷
𝑃𝑤𝑙𝑜𝑔 Due to the sparsity of language models, zero-probability words may oc-
cur, so the problem of smoothing zero-probability words must be addressed.

3.2 Topic Detection Methods

Research on topic detection and tracking can be divided into two categories:
the first aims to find new clustering algorithms suitable for topic detection and
tracking or modify existing clustering algorithms; the second focuses on mining
new topic features to improve detection and tracking effectiveness. This section
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briefly describes existing topic detection and tracking methods from these two
categories.

3.2.1 Improved Clustering Algorithms From the definition of topic detec-
tion, it bears considerable similarity to clustering algorithm research. Therefore,
researchers have sought clustering algorithms more suitable for topic detection
and tracking.

In 1998, Yiming Yang et al. proposed a retrospective event detection method
based on Group Average Clustering (GAC) [?]. GAC is an agglomerative cluster-
ing algorithm that aims to maximize the average similarity of text pairs within
resulting clusters. Building on GAC, Yang et al. proposed a split-and-recluster
method. This method makes full use of event clustering characteristics by split-
ting data—reports on the same event tend to cluster in a relatively small time
region—and minimizes the impact of initial partition boundaries on clustering
results during reclustering.

James Allan et al. proposed a multiple K-Means method for retrospective event
detection based on the K-Means clustering algorithm [?]. The basic idea of
multiple K-Means is: at each given time point, with 𝑘 known clusters, for each
report, find its nearest cluster. If the distance is below a certain threshold, assign
the report to that cluster; if the distance exceeds the threshold, create a new
cluster from that document, then perform conventional K-Means clustering.

Additionally, Li Zhiwei et al. proposed a probabilistic model-based method for
retrospective news event detection in 2005 [?]. This method uses a probabilistic
generative model combining content and temporal information for retrospective
event detection. Each known event is represented by a probabilistic generative
model. For each document, the event represented by the generative model
with the highest probability of generating that document is identified, and the
document is assigned to that event. This method also considers that reports
on the same event often appear across multiple news sources, so it incorporates
reports from different data sources at similar times to help with event detection.

Reference [?] proposed a multi-strategy optimized divide-and-conquer clustering
algorithm. This algorithm first divides all data into groups with certain simi-
larities, then clusters each group separately to obtain “micro-clusters”within
each group. On this basis, it clusters all micro-clusters to obtain final topic
results. During clustering, the method employs multiple optimization strategies
to improve clustering effectiveness.

It should be noted that although the methods introduced above were initially
proposed for either retrospective event detection or online topic detection, retro-
spective event detection can be decomposed into online topic detection to some
extent. Therefore, most online topic detection methods can be applied to retro-
spective event detection tasks. In the next section, we will no longer distinguish
which specific detection task each method targets.
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3.2.2 Mining Topic Features Another research approach is to mine inher-
ent topic features to improve topic detection and tracking effectiveness. Topic
features include temporal clustering characteristics, topic-specific words, topic
life evolution features, and topic named entities.

A widely adopted approach uses various topic features to find appropriate ways
to control topic thresholds during detection and tracking, aiming to develop
threshold-setting methods with relatively broad applicability. Research in this
area includes the time penalty strategy proposed by Allan et al. in [?], the in-
cremental Probabilistic Latent Semantic Indexing (PLSI) online event detection
algorithm proposed by Tzu-Chuan Chou et al. in [?], and the event life feature
identification method based on Hidden Markov Models proposed by Chien Chin
Chen et al. in [?].

Allan et al. primarily used the Single Pass clustering algorithm with a new
threshold control model for online new event detection. The basic idea of this
threshold control strategy is: two reports far apart in time must have greater
similarity to be classified as the same event, while documents close in time re-
quire less similarity to be grouped into the same event. The incremental PLSI
model implemented by Chou et al. aims to expand the effective range of detec-
tion threshold settings. Compared to vector space model-based text and topic
representation, probabilistic latent semantic indexing can represent topics more
effectively and thus accommodate a wider threshold range. Chen et al.’s life
feature identification method posits that event development follows specific pat-
terns—emergence, development, growth, and decline—so HMMs can be trained
on known event evolution patterns, then used to predict behavior patterns for
new events. By assigning different detection thresholds to different event evolu-
tion stages, dynamic topic threshold strategies can improve detection effective-
ness of existing methods. Reference [?] in 2004 proposed a method for classifying
feature words in text into categories such as location, name, time, and general
feature words, then comparing text content within each category. Reference
[?] in 2004 proposed improving new event detection effectiveness through text
classification and named entities. This paper classifies texts, assigns different
similarity thresholds to different categories, and uses multiple text representa-
tion methods—representing a text as three parts: representation by all feature
words, representation by named entities, and representation by non-named en-
tities—to improve text content similarity calculation.

In Chinese research, reference [?] first classifies text features, dividing all word
features into person names, place names, and topic information, assigning differ-
ent similarity comparison coefficients to each category. On this basis, the weight
of each feature word is defined as the product of its term frequency and its cat-
egory’s similarity comparison coefficient. By assigning different weight calcula-
tion coefficients to different categories of feature words, this method strengthens
the weight of specific categories in text similarity calculation, thereby improv-
ing topic detection accuracy. Additionally, reference [?] proposed a method for
calculating named entity similarity by constructing a geographic tree. Since
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different place names in geographic expressions may share some degree of simi-
larity, introducing a predefined geographic tree can effectively solve the problem
of shared similarity between different place names. However, this method is lim-
ited to place name comparison and has limited applicability for other parts of
speech.

3.3 Sudden Event Detection

In recent years, research on sudden events has attracted increasing attention.
Burst features refer to certain features closely related to an event—such as doc-
uments or words—that exhibit abnormal explosive growth accompanying the
event’s occurrence. Sudden events are events with burst features. Current re-
search on sudden events mainly focuses on finding all burst words related to an
event from datasets, then combining these burst words to form features describ-
ing the sudden event. The goal of such research differs somewhat from event
detection in traditional topic detection and tracking. Sudden event research
aims to identify a sudden event through a set of burst words, whereas in topic
detection and tracking, events are represented by document sets. Sudden event
research is no longer limited to news data but also includes query logs, emails,
blogs, and other corpora. Similarly, sudden event detection is also divided into
two categories: retrospective sudden event detection and online sudden event
detection.

In 2002, reference [?] proposed a simple yet powerful automaton model for burst
detection in text streams. This automaton model simulates the states of fea-
ture words and transitions between states through an automaton. Different
states represent different occurrence frequencies of words, while transitions be-
tween states represent the emergence or disappearance of bursts. By assigning
penalties to state transitions, the automaton model can effectively prevent false
detection of excessive non-burst word frequency changes. The authors applied
the automaton model to email collections and news collections, demonstrating
its effectiveness for burst detection.

Reference [?] proposed a parameter-free sudden event detection method. Unlike
the automaton model, this method can automatically detect sudden events in
text streams without requiring users to specify any parameters. Similarly, this
method also aims to find burst word sets, with each burst word set representing
a sudden event. Specifically, a binomial distribution is used to represent the
likelihood of a word appearing in text. Through this distribution, a sudden
increase in frequency of a word with very low probability is considered a burst
of that word. Experimental analysis on news data demonstrated the method’s
effectiveness.

Reference [?] proposed a method that uses Discrete Fourier Transform to de-
compose time-series signals into a series of sine and cosine signals, analyzing
the behavior of signals with maximum energy values (Fourier coefficients) to
identify non-periodic and periodic burst words. This method can also distin-
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guish between weak burst words and strong burst words. It handles periodic
sudden event identification well and can effectively identify weak sudden events.

Reference [?] transformed the automaton model to obtain an online sudden event
detection method. This method can effectively detect sudden events online in
query logs. Since dynamic programming is used to solve for the current optimal
state, only a small cost is required at each moment in memory to maintain the
state values from the previous time point.

Reference [?] further applied sudden event detection ideas to identifying burst
user groups in blogs.

In summary, sudden event detection research contains two basic steps: burst
word identification and burst word merging. Burst word identification aims
to detect all feature words with burst characteristics in datasets. Burst word
merging uses these burst feature words to construct final sudden event features.
The process of sudden event detection is shown in Figure 1 [Figure 1: see original
paper].

3.4 Topic Detection and Tracking Based on Social Networks

Unlike traditional news media, social networks emphasize user participation.
Moreover, since social networks provide users with convenient information ex-
change platforms, various specific forms of online media have developed sig-
nificantly, such as blogs, online forums, social networking sites, video sharing
websites, and the recently emerged microblogs. If we can effectively detect and
track topics automatically on social networks, it would undoubtedly help users
find and comprehensively understand events or topics of interest.

Previous topic research, particularly topic detection and tracking, focused on
news data. News data is formally rigorous, uses precise wording, and has con-
crete content—all of which differ greatly from social network data characteristics.
Since social network data is primarily generated by ordinary users, the quality
of this data—whether in word choice, format, or specific content—is not guaran-
teed. Additionally, widespread user participation provides new data information
that can be leveraged for topic detection and tracking. In other words, topic
detection on social networks is not limited to textual information; non-textual
information can also be utilized. These two characteristics necessitate finding
new methods more suitable for social network topic detection and tracking.

Although research on social network topic detection and tracking is valuable,
obtaining effective algorithms is not easy due to uneven data quality. Moreover,
different social network forms significantly impact topic detection and tracking
methods. Related research covers almost all forms of social network data, includ-
ing query logs, blogs, online forums, and video sharing platforms. As various
new social network application platforms emerge, topic detection and tracking
methods require continuous improvement.

In 2008, MingLiang Zhu et al. provided a method for detecting and tracking top-
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ics in Threaded Discussion Communities [?]. This research focused on designing
effective methods to eliminate potential noise effects and improving thread sim-
ilarity calculation by introducing user similarity.

Lu Liu et al. studied video topic detection methods [?], forming a bipartite
graph through videos and annotation words, then performing topic detection
and tracking on this bipartite graph using a Co-clustering algorithm [?]. Ex-
perimental analysis on YouTube showed that this method can effectively detect
and track topics on video web pages. In 2007, Nilesh Bansal et al. detected
events on text data streams through user query analysis. The basic idea is:
first, identify bursty query words from query logs; then, construct events using
the query results of these burst words. Reference [?] detected events on User
Generated Content (UGC) streams through user query analysis. The basic idea
is: first, identify bursty query words from query logs; then, construct events
using the query results of these burst words. This paper conducted experiments
using query logs and blog data and achieved good event detection results.

Candidate Event Generation
Burst Word Set
Local Event Set
Local Event Set
d3 d4 NL_SW

Figure 2 [Figure 2: see original paper]. Sudden Event Detection Framework
with Noise Filtering

Recently, we have conducted in-depth research on topic detection in forums.
Reference [?] proposed a method for detecting bursty topics in forums, first using
burst characteristics to filter bursty feature words and users, then constructing
bursty topics through burst word combinations, and further verifying detected
bursty topics through bursty user groups. Additionally, we noted that post
quality in forums is difficult to guarantee: on one hand, the quality of user-
generated text content itself is uneven; on the other hand, forums contain large
amounts of non-event text. In actual topic detection, this noise significantly
impacts results. To filter such forum noise, we combined text content similarity
and event burstiness for topic detection in forums [?], and proposed a sudden
event detection framework based on noisy data, as shown in Figure 2 [Figure 2:
see original paper].

We manually annotated collected Tencent forum data and used this dataset
to evaluate our method. Experiments showed that our proposed sudden event
detection method with noise filtering can effectively improve detection perfor-
mance of existing methods on noisy data.

3.5 Evaluation Metrics for Topic Detection and Tracking

Topic detection and tracking evaluations generally employ multiple assessment
criteria, including: Precision (𝑝), Recall (𝑟), 𝐹1 value, False Alarm Rate (𝐹𝑎𝑙𝑠𝑒),
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Miss Rate (𝑀𝑖𝑠𝑠), Normalized Detection Cost (𝑑𝑒𝑡𝐶), and corresponding macro-
averages and micro-averages [?, ?].

According to existing topic detection and tracking evaluation methods, the eval-
uation of topic detection algorithms works as follows: for any number of result
topics detected by an algorithm, evaluation focuses only on several topics pre-
selected and manually annotated. For annotated topics, we find the result topic
with the largest common document set with the standard topic as the corre-
sponding detection result for that annotated topic [?]. The common document
set refers to the shared document set between an evaluation topic and a result
topic. This evaluation method is suitable for retrospective topic detection perfor-
mance evaluation and can also be applied to online topic detection performance
evaluation.

Specific evaluation metrics are obtained based on a contingency matrix, where
each entry represents the number of documents satisfying that requirement, as
shown in Table 1 .

Table 1 . Contingency Matrix for Topic Detection Results

In Result Topic Not in Result Topic
In Annotated Topic
Not in Standard Topic

Based on this contingency matrix, Precision, Recall, 𝐹1 value, False Alarm Rate,
and Miss Rate are defined as: (𝑐𝑖𝑑 ∶ 122)(𝑐𝑖𝑑 ∶ 122)(𝑐𝑖𝑑 ∶ 122)(𝑐𝑖𝑑 ∶ 122)(𝑐𝑖𝑑 ∶
122). Precision is the proportion of documents in detected result events that
truly belong to that event. Recall is the ratio of documents in detected events to
documents in standard events. Since Precision and Recall often have an inverse
relationship—high Precision usually sacrifices Recall, and high Recall usually
sacrifices Precision—using only one metric may lead to incorrect evaluation con-
clusions. A better approach is to consider both metrics together, commonly
using the 𝐹1 value.

The False Alarm Rate is the proportion of documents in detected result events
that do not belong to annotated topics among all documents not belonging to
annotated topics. The Miss Rate is the proportion of documents in annotated
topics that fail to be detected. Similar to the relationship between Precision and
Recall, False Alarm Rate and Miss Rate also have an inverse relationship. There-
fore, a better metric that combines these two evaluation indicators is needed:
detection cost.

Detection cost combines False Alarm Rate and Miss Rate, defined as: 𝑓𝑎𝑙𝑠𝑒𝑓𝑎𝑙𝑠𝑒
where 𝑚𝑖𝑠𝑠𝑃 and 𝑓𝑎𝑙𝑠𝑒𝑃 represent conditional probabilities of miss and false
alarm respectively, and is a prior probability. Smaller 𝑑𝑒𝑡𝐶 indicates better
algorithm detection performance. However, since 𝑑𝑒𝑡𝐶 definition depends on
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prior probability, to better represent detection algorithm performance, the nor-
malized value of 𝑑𝑒𝑡𝐶 is more commonly used in topic detection, defined as
[?]: 𝑑𝑒𝑡𝐶)𝑓𝑎𝑙𝑠𝑒𝑑𝑒𝑡𝐶) value does not exceed 1. Similarly, is set to 0.02. In our
experiments, smaller 𝑑𝑒𝑡𝐶) indicates better detection algorithm performance.

Since topic detection evaluation generally uses more than one evaluation event,
to describe the comprehensive detection effect of a detection algorithm on each
evaluation event, we need to use macro-average and micro-average. Macro-
average refers to weighted averaging of evaluation metrics directly across evalu-
ation events, while micro-average refers to first summing the contingency matri-
ces of evaluation events, then calculating overall evaluation metrics on the total
contingency matrix [?].

4 Conclusion
Although topic detection and tracking research has been conducted for many
years, current research primarily focuses on news data due to difficulties arising
from diverse Internet data sources and uncertain feature extraction. Research on
social network topic detection remains relatively limited. With the rise of social
networks, especially the widespread application of forums and microblogs, topic
detection for specific needs such as sudden events and emerging applications
oriented toward social network data has become increasingly important. We
believe that with the integrated application of feature selection methods for
social network data and methods mining correlations between user behavior and
text content, research and application of topic detection and tracking technology
will see further development.
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