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Abstract
[Purpose] Utilizing Chinese information processing and topic identification and
tracking methods to extract valuable information from a large volume of mobile
complaint texts.

[Method] Beginning with an analysis of the characteristics of complaint texts,
k-means is first employed to cluster the texts. LDA is utilized to model each
cluster, extract topics, and calculate word weights within each topic from three
dimensions: word frequency, word span, and word length. The word with the
highest weight is assigned as the label for that topic, and the mean document
distribution probability is computed for each topic. For topics sharing iden-
tical labels, duplicate label topics are first removed based on the principle of
maximum mean, then the document support rate is calculated for all remaining
topics, and this document support rate is employed as the topic’s popularity
metric to differentiate hot topics from general topics based on this popularity.

[Results] Temporal modeling is performed on the complaint texts. Through
comparison between general topics and hot topics, it is found that the document
support rate for hot topics is at least three times that of general topics, and the
changing trend of the document support rate is also higher than that of general
topics, demonstrating the effectiveness of the proposed algorithm.

[Limitations] The semantic relationships between topics are not considered.

[Conclusion] The preliminary approach of employing the LDA model for mobile
complaint topic detection is relatively reasonable and effective, and offers certain
reference value for future research in this domain.
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Abstract
[Objective] This study aims to extract valuable information from large vol-
umes of mobile complaint texts using Chinese information processing and topic
identification techniques. [Methods] We begin by analyzing the characteristics
of complaint texts and clustering them using the k-means algorithm. For each
cluster, we apply LDA modeling to extract topics, calculating word weights from
three dimensions: term frequency, term span, and word length. The highest-
weighted word in each topic is selected as its label, and the mean document
distribution probability is computed. For topics sharing the same label, we first
eliminate duplicates by retaining only the topic with the highest mean proba-
bility, then calculate document support rates for all remaining topics. These
support rates serve as indicators of topic popularity, enabling differentiation
between hot topics and ordinary ones. [Results] Temporal modeling of com-
plaint texts reveals that hot topics exhibit support document rates at least three
times higher than ordinary topics, with more pronounced trends in support rate
changes, demonstrating the effectiveness of our approach. [Limitations] The
study does not consider semantic relationships between topics. [Conclusions]
The proposed LDA-based method for mobile complaint topic detection proves
reasonable and effective, offering valuable insights for future research in this
domain.
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1. Introduction
With the growing popularity of the internet and continuous advancement of
communication technologies, the number of online users—particularly mobile
users—has increased dramatically. More people now use their phones for gaming,
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microblogging, forum browsing, and news reading. Recognizing this opportunity,
major telecom operators have introduced various promotional policies to attract
customers and expand market share. However, as user bases grow, complaint
volumes have surged, making efficient complaint text processing a focal concern
across the industry.

Amidst numerous complaints, many reflect hot topics of public interest, such
as “broadband,”“data usage,”and “billing charges.”Identifying and track-
ing these topics can help operators understand business acceptance conditions,
grasp user concerns, and implement targeted improvements—ultimately enhanc-
ing complaint handling efficiency. Therefore, topic mining from complaint texts
is critically important.

Compared with news reports, mobile complaint texts are structurally more com-
plex and significantly shorter, which increases the difficulty of topic extraction.
This paper addresses mobile complaint texts specifically, applying topic identi-
fication techniques to recognize hot topics within them.

In topic detection and tracking research, the LDA (Latent Dirichlet Allocation)
model has emerged as a popular direction in text mining, offering excellent di-
mensionality reduction capabilities, robust modeling for complex systems, and
strong scalability. Topics discovered through LDA can help people understand
the hidden semantics behind massive text collections and serve as input for
other text analysis methods, enabling various mining tasks including text clas-
sification, topic detection, and automatic relevance judgment.

The LDA topic model’s superior dimensionality reduction and solid probabilistic
theoretical foundation make it particularly promising for short text mining. In
recent years, numerous improvements to LDA have been proposed to enhance
efficiency and accuracy, which can be categorized into vertical process exten-
sions and horizontal model extensions. To address the brevity of microblog
texts, process extension methods aggregate short texts into more suitable long
documents for mining. Weng et al. aggregated all microblogs from the same
user into a single long document for LDA modeling, while Hong et al. proposed
user pattern modeling and term pattern modeling approaches based on training
data. To adapt LDA for short text mining and mitigate data noise, various
extended models have been developed, including ATM, Twitter-LDA, Labeled-
LDA, MB-LDA, HLDA, and MA-LDA. Zhao et al. introduced Twitter-LDA to
mine representative topics from Twitter data, while Ramage et al. proposed
Labeled-LDA for incorporating label information. Zhang et al. developed MB-
LDA, which considers both text and contact relationships to aid topic mining.
Comprehensive comparisons of these vertical and horizontal extensions are sum-
marized in Table 1 .

Given LDA’s inherent advantages and its effectiveness for short text topic iden-
tification, and considering that complaint texts differ from microblogs—where
microblogs typically center on a single topic with comments and retweets, while
complaint texts lack a clear topic and represent simple customer feedback with
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brief yet complex content—this paper proposes an LDA-based approach for iden-
tifying hot topics in mobile complaint texts. We first cluster complaint texts,
then apply Gibbs sampling to extract topics from each cluster, process these
topics systematically, and finally identify hot topics by calculating document
support rates. Experimental validation demonstrates the method’s effective-
ness.

3. Methodology
3.1 Text Clustering

Unlike news reports, complaint texts are brief and contain limited information
per individual text. To improve topic extraction, we first cluster the texts. This
ensures that complaint texts within each cluster share commonalities while pro-
viding more substantial content, enabling LDA to extract topics more effectively
and with greater specificity.

We employ the classic k-means clustering algorithm, which is simple and fast.
Before clustering documents, we must determine the number of clusters k. The
algorithm randomly selects k texts as initial cluster centers from a collection of
n documents, calculates distances between each remaining text and all centers,
assigns documents to their nearest cluster, and iteratively repeats this process
until the criterion function is satisfied or cluster centers stabilize. This iterative
process increases intra-cluster compactness while reducing inter-cluster similar-
ity. Figure 1 [Figure 1: see original paper] illustrates the clustering workflow.
After clustering with k-means, complaint texts from each category are stored in
separate text files.

3.2 LDA Model Topic Extraction

In the LDA model, a topic is defined as a set of semantically related words and
their probability distribution within that topic. Since direct solution of LDA’
s unknown parameters is infeasible, we use Gibbs Sampling for approximate
inference. Gibbs Sampling achieves convergence to true results through iterative
sampling, with the key challenge being the calculation of sampling probability
for the current word, as shown in Equation (1) [1].

In the equation, w represents vocabulary size; K denotes the number of topics;
C_{ij} is the entry in count matrix V×K representing occurrences of word
i in topic j; and C_{dj} is the entry in count matrix D×K representing the
number of words from topic j in document d. Through Gibbs Sampling, we
obtain posterior estimates for � and 𝜙, as shown in Equations (2) [1] and (3) [1].

Before parameter inference, we must preset the number of topics K. Larger
K values produce more topics with finer granularity, while smaller K yields
fewer, coarser topics. K significantly impacts LDA’s extraction and fitting
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performance, with optimal values determinable through either word selection
probability p(w|T) or perplexity. We use perplexity, where lower values indicate
better topic fit, calculated as shown in Equation (4) [17].

Here, M represents the number of documents, N_i is the length of document
d_i (word count), and p(d_i) is the probability of document d_i under the
LDA model.

3.3 Hot Topic Identification

Gibbs Sampling yields two probability distributions: “topic-word”and
“document-topic.”For the “topic-word”distribution, each topic z contains
words w with their probability p(w|z). For the “document-topic”distribution,
each document d contains k topic probability distributions p(z|d). Gibbs
Sampling typically produces numerous topics, some semantically similar and
others failing to represent document content meaningfully, necessitating topic
selection.

Topic Tag Word Selection. After clustering texts into H categories, Gibbs
Sampling extracts several latent topics from each category. Each topic contains
n topic-related words. We calculate each word’s weight within its topic based
on term frequency (count), term span (cover), and word length (length) within
the cluster’s texts, using Equation (5).

To prevent disproportionate influence from any single factor, we normalize these
values as shown in Equations (6)-(8).

Here, count(i) is the word’s occurrence frequency; length(i) is the word length;
max(length(i)) is the maximum word length in the document; last(i) and first(i)
are the word’s final and initial positions; and c_{total} is the last word position
in the document. After calculating word weights, we select the highest-weighted
word as the topic’s tag word and store it in a database with fields for tag word,
topic, and category (H).

Document Probability Distribution Mean Calculation. Gibbs Sampling
produces a “document-topic”probability distribution matrix for each category,
expressed as Equation (9).

The matrix contains n topics, where topic_i_{tag} is the tag word for topic_i,
and avg(topic_i) is the mean document probability distribution for topic_j,
with H_I, H_J, and H_K belonging to the text category set H. Since identical
tag words may occur, we first group topics by tag word, considering topics
within the same group as semantically similar. For groups with multiple topics,
we retain only the topic with the highest distribution probability mean. We
then sort topics by their means and remove those with extremely small values,
as they poorly represent document content. The remaining topics constitute
the global topics.

Hot Topic Identification. According to LDA’s principle, each document is
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generated from several topics in certain proportions. We assume that if a pre-
processed complaint text contains no fewer than a certain percentage of words
from topic z, it qualifies as a supporting document for that topic. Following Xu
et al.’s method [18], we calculate the document topic support rate as shown
in Equation (12) [18]. If a topic’s number of supporting documents or docu-
ment support rate exceeds a predetermined threshold within a time period, it
is identified as a hot topic.

Here, z represents the topic, t denotes the time period, |D_i| is the number of
supporting documents for topic z in period t, and |D_t| is the total number of
documents in period t.

The matrix contains k topics and m documents, with each row showing k topics’
distribution probabilities in one document and each column showing one topic’
s distribution across m documents. From this matrix, we calculate each topic’
s distribution probability mean using Equation (10).

We determine thresholds for supporting document counts or support rates
through boxplot analysis [21], as illustrated in Figure 2 [Figure 2: see original
paper].

Boxplots analyze data distribution and identify outliers. As shown in Figure
2, values beyond the upper and lower edges are considered outliers and disre-
garded. We set the upper quartile as the threshold for supporting document
counts—topics exceeding this value are deemed hot topics. Boxplots rely on
actual data without assuming specific distributions, authentically representing
data characteristics. Based on quartiles and interquartile range, this method is
robust: up to 25% of data can become arbitrarily distant without significantly
affecting quartiles, making outlier identification objective and reliable.

4. Experiments
4.1 Data Source

Our data was provided by a telecom company’s complaint department. The
experiments use complaint texts from March-April 2015, comprising over 20,000
entries for March and 50,000 for April. The March data serves for training and
topic extraction, while April data validates hot topic identification effectiveness.
We use Jieba for word segmentation [20] and the Harbin Institute of Technology
stopword dictionary [21].

4.2 Corpus Preprocessing

(1) Custom Dictionary Construction. Existing dictionaries cannot fully
recognize professional terminology and business terms in complaint data. To
improve segmentation quality, we manually constructed a custom dictionary
with assistance from telecom business staff. The dictionary contains 1,600 key
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business terms, each represented as a triple (word, frequency, part-of-speech)
using the Chinese Academy of Sciences part-of-speech tagset. Triples are space-
separated, with each on a separate line in a text file. Table 2 shows dictionary
examples.

(2) Noise Removal. Since complaint texts are entered by service personnel
using template-based software, they contain many repetitive phrases that fail to
reflect semantic information, such as“appeal,”“user called to report,”“customer
asset number,”“please process,”“thank you,”etc. The preprocessing workflow
is shown in Figure 3 .

(3) Segmentation and Filtering. We apply regular expressions to remove
complaint-specific phrases like phone numbers and ticket numbers composed of
letters and digits. Using Jieba with the custom dictionary, we segment texts
and retain only nouns and verbs while removing stopwords.

(4) High-Frequency Noise Removal. Additional irrelevant high-frequency
terms are eliminated. Table 3 demonstrates preprocessing results.

4.3 Experimental Setup

Using fuzzy k-means clustering with k=200, we analyzed the distribution of
text counts across clusters, which ranged from 45 to 362 entries per cluster, as
detailed in Table 4 .

We performed parameter inference via Gibbs Sampling using the Java-based
JGibbLDA tool (v.1.0) [22], with default parameters 𝛼=50/k and 𝛽=0.1, and
10 words per topic. For topic count k, we used Equation (4) with manual
evaluation. Based on cluster sizes, we set k=5 for clusters with 0-50 texts, k=10
for 51-100 texts, k=20 for 101-200 texts, k=30 for 201-300 texts, and k=40 for
clusters exceeding 300 texts.

After parameter configuration, we extracted topics from each cluster, obtaining
“topic-word”and“document-topic”distributions exemplified in Table 5 and Figure
4 [Figure 4: see original paper].

4.4 Topic Selection Results

Through topic selection, we extracted 5,130 topics initially. After tag word
extraction, document probability mean calculation, removal of low-mean topics,
and retention of maximum-mean topics with identical tags, 299 global topics
remained. Example results are shown in Figure 5 [Figure 5: see original paper].

4.5 Hot Topic Identification Analysis

Following the methodology in Section 3, we consider a complaint text as sup-
porting document for topic z if it contains at least a certain percentage of words
from that topic. We set this threshold at 30%—given 10 words per topic, this
means at least 3 intersecting words between the preprocessed text and topic
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words. Boxplot analysis of supporting document counts (Figure 6 [Figure 6: see
original paper]) yields the distribution shown in Table 6 .

Based on this analysis, we define hot topics as those with at least 3,000 sup-
porting documents. From the 299 total topics, we selected 10 hot topics and 10
ordinary topics for comparison (Table 7 ). The results show mobile users are par-
ticularly concerned with“internet access,”“data usage,”and“billing statements,”
aligning with real-world user concerns and validating our topic extraction and
hot identification method.

4.6 Topic Testing Experiment Analysis

Using April 2015 data to test our algorithm’s hot topic identification effective-
ness, we selected three hot topics and three ordinary topics from Table 7 based
on supporting document counts (from low to high). We calculated daily sup-
porting document counts across April’s 30 days, with trends shown in Figures
7 [Figure 7: see original paper] and 8 [Figure 8: see original paper].

Comparison reveals that hot topics generally maintain higher daily supporting
document counts than ordinary topics. While ordinary topics show relatively
stable trends with occasional spikes, their supporting counts remain low with
minimal variation amplitude. Hot topics demonstrate more pronounced trend
intensity, with variation amplitudes typically exceeding 100 and featuring promi-
nent peaks, following a clear “emergence-climax-decline”pattern.

These phenomena reflect real-world conditions: hot topics relate closely to users’
daily lives and involve frequently used services, resulting in more obvious inten-
sity variations. Trend analysis of different topics shows patterns consistent with
actual situations, demonstrating our algorithm’s effectiveness in identifying hot
topics from complaint texts.

5. Conclusion
This study achieves promising results in hot topic identification from mobile
complaint texts. During preprocessing, we constructed a domain-specific dictio-
nary valuable for future corpus processing in this field. In the hot topic discovery
phase, clustering technology strengthened intra-cluster text relationships, while
LDA modeling enabled fine-grained, targeted topic expression. Topic selection
considered both topic representativeness and inter-topic similarity.

As an initial exploration of topic identification and tracking in the mobile com-
plaint domain, this work has limitations, notably the lack of semantic relation-
ship consideration between topics, relying solely on statistical methods. Future
improvements will incorporate more semantic information into topic models and
investigate relationships between topics to discover their evolution dynamically.
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