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Abstract

To address the text filtering problem in Uyghur web forums, we propose a text
filtering method based on term selection and Rocchio classifier. First, forum
texts are preprocessed to remove stop words, and stem (term) extraction is
performed based on an N-gram statistical model. Then, a Balanced Mutual
Information Term Selection method (BMITS) that balances relevance and re-
dundancy is proposed to reduce the dimensionality of the initial term set and
obtain a refined term set. Finally, text feature terms are used as input and clas-
sified through a Rocchio classifier, thereby filtering out undesirable texts from
the forum. Experimental results on relevant datasets show that the proposed
method can accurately identify undesirable text types and is effective.
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Abstract: To address the problem of text filtering in Uyghur web forums, this
paper proposes a text filtering method based on term selection and Rocchio
classifier. First, forum texts are preprocessed to remove useless words, and
stemming (term extraction) is performed based on an N-gram statistical model.
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Then, a Balanced Mutual Information Term Selection method (BMITS) is pro-
posed, which considers both relevance and redundancy in a balanced manner
to reduce the dimensionality of the initial term set and obtain a refined term
set. Finally, the text feature terms are used as input to the Rocchio classifier
for classification, thereby filtering out undesirable texts from the forum. Exper-
imental results on relevant datasets demonstrate that the proposed method can
accurately identify undesirable texts and is effective.

Keywords: Uyghur forum; text filtering; N-gram statistical model; term selec-
tion; Rocchio classifier

0 Introduction

With the rapid development of the Internet, web forums have proliferated dra-
matically. While forums facilitate information exchange among netizens and
improve work and learning efficiency, their open nature also introduces negative
effects, such as the dissemination of illegal information involving superstition,
reactionary content, and violent pornography, which is detrimental to social sta-
bility and people’ s physical and mental health [1,2]. Therefore, filtering illegal
texts in web forums is of great importance.

In recent years, with the state’ s strong support for the development of Xinjiang,
network infrastructure has advanced rapidly, giving rise to numerous Web fo-
rums written in Uyghur. Some separatist elements have used these Uyghur
forums to spread various types of undesirable information. Consequently, filter-
ing undesirable texts in Uyghur web forums contributes to long-term stability in
Xinjiang [3]. To achieve text filtering in Uyghur web forums, the primary task is
to effectively classify these texts and then delete those classified as undesirable
[4].

Regarding research on Uyghur text classification, scholars have proposed sev-
eral methods in recent years. For instance, literature [5] proposed a Uyghur
text classification method based on combined statistics (Dme), which includes
mutual information, t-test, and entropy values for stemming extraction and di-
mensionality reduction, using the k-nearest neighbor (k-NN) algorithm as the
text classifier. Literature [6] proposed a Uyghur sentiment analysis method
based on term frequency-inverse document frequency (TF-IDF) and support
vector machine (SVM), using TF-IDF to obtain discriminative keywords. Liter-
ature [7] presented a Uyghur text classification technique based on the N-gram
model and Manhattan distance, employing 4-gram models and incorporating
dice measurement into Manhattan distance. However, these methods cannot ef-
fectively reduce feature dimensions, resulting in low text classification accuracy
and high computational cost.

Therefore, this paper proposes a text filtering method based on term selection
and Rocchio classifier for Uyghur web forums, and demonstrates its effectiveness
through comparative experiments. The main contributions of the proposed
method are as follows:
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a) Stemming (term extraction) is performed through an N-gram statistical
model, with experiments confirming that N=4 is most suitable for Uyghur
text characteristics.

b) To address the limitations of traditional Mutual Information Term Selec-
tion (MITS), a Balanced MITS (BMITS) is proposed that considers both
relevance and redundancy in a balanced manner to select a highly discrim-
inative term subset from the initial term set.

¢) The Rocchio classifier is selected for text classification and filtering of un-
desirable texts due to its superior efficiency and generalization capability.

1 Uyghur Text Classification Description
1.1 Uyghur Language Structure

Uyghur is a highly agglutinative language whose words consist of 32 letters, each
with four different forms, resulting in richer tense and morphological variations
than English. In Uyghur, grammatical functions are achieved by adding different
affixes to the end of words—many words evolve from the same root with similar
meanings. These characteristics lead to problems such as high original feature
dimensionality and sparse text representation in Uyghur texts [9], making it
quite different from traditional Chinese or English text classification methods.

Uyghur verbs and some nouns are formed from word roots. Words have fixed
patterns, and their number, gender, and tense can be expressed by adding pre-
fixes and suffixes. Table 1 shows different affixes that can be added to the word
“ 7 (poet) and their meanings, where the underlined letters represent affixes.

1.2 Uyghur Text Classification Process

Numerous researchers have studied Chinese and English text classification, but
few have focused on Uyghur text classification. This section describes the three
main steps of Uyghur text classification: stemming extraction, feature dimen-
sionality reduction, and text classification.

Stemming extraction is the process of removing all affixes from a word to obtain
the root, thereby improving performance in text information retrieval tasks, par-
ticularly for highly agglutinative languages like Uyghur. In Chinese and English
text classification research, stemming typically involves removing suffixes and
stop words. Root-based stemming techniques use morphological analysis to ex-
tract roots from given Uyghur words. For example, literature [10] attempted to
find word roots by matching words against all possible patterns and affixes, but
this algorithm cannot remove any prefixes or suffixes. Literature [11] used differ-
ent algorithms in a morphological analysis system to find roots and patterns by
first removing the longest prefix and then extracting the root by examining the
first five letters of the word. However, this algorithm is based on the assumption
that the root must appear in the first five letters of the word.
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In statistical extraction methods, the N-gram model [12] is commonly used,
which groups related words based on string similarity metrics. The N-gram
model extracts a set of N consecutive characters from a word, where similar
words will have a high N-gram ratio.

Feature dimensionality reduction is used to reduce the dimensionality of the
extracted root set and obtain a refined feature set. After removing stop words
and extracting stems, each text is represented by a vector with N weighted
terms, known as the bag-of-words method for text representation. This process
ignores text structure and word order, with the feature vector representing words
observed in the text. The super-vector in the training set consists of all sample
stems (also called terms) from the training set. Typically, there are a large
number of terms in text classification, necessitating dimensionality reduction of
the term space. In English text classification, term evaluation functions such as
document frequency, mutual information gain, 2 statistics, NGL coefficient, and
GSS coefficient are commonly used to reduce the term set and select important
terms [13].

Text classification categorizes texts based on their input features. Currently, the
common approach involves inductive learning from manually classified texts to
train classifiers. There are two different methods for building classifiers: para-
metric and non-parametric methods. In parametric methods, training data is
used to estimate parameters of probability distributions, such as the probabilis-
tic Naive Bayes classifier. Non-parametric methods can be further divided into
two categories: sample-based non-parametric methods that classify texts by
comparing them with training set texts and assigning them to the class with
the highest similarity (e.g., k-nearest neighbor classifier), and description-based
non-parametric methods that first represent classification descriptions (or linear
classifiers) as a vector of term weights obtained from pre-classified training set
texts, and then use these descriptions as training data for comparison with texts
to be classified (e.g., Rocchio classifier).

2 Proposed Uyghur Text Classification Model

This paper aims to apply machine learning methods to classify and filter texts
in Uyghur web forums. The proposed model mainly consists of three stages:
text preprocessing (stemming extraction), term selection, and text classification.
Figure 1 [Figure 1: see original paper| illustrates the proposed Uyghur text
classification model.

The text preprocessing stage involves stemming extraction, including removal
of stop words and words with common roots. Subsequently, a super-vector is
constructed, and feature selection techniques are applied to reduce the dimen-
sionality of the super-vector, representing texts as term weight vectors. Finally,
a classifier is built and its performance is evaluated.
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2.1 Stemming Extraction Based on N-gram Statistical Model

For stemming extraction, there are typically root-based methods and statisti-
cal methods. Compared to root-based methods, statistical methods are more
suitable for Uyghur text classification tasks. This paper adopts the N-gram
statistical model to extract Uyghur stems, using letter-level N-grams where all
continuous sequences of N letters are treated as a unit called a gram.

In the N-gram model, the probability of a letter unit appearing in text is assumed
to depend only on the previous N-1 letters. Therefore, the probability of a letter
sequence is expressed as:

N
P(ll7 seey ZN) = H P(li|li7N+17 ceey lifl)
i—1

(2

In Uyghur, due to the high probability of letters combining with each other,
short N values cannot well represent word properties, while longer values such
as N=3,4 exhibit stronger discriminative capability.

The following example describes the similarity calculation between two words

(politics) and (political) based on the N-gram model (N=2):
1. =, ., (first decompose the word into two-letter combinations)
2. =, (decompose the second word into two-letter combi-
nations)

3. Similarity is calculated as:

2C
S_A+B

where A and B represent the number of distinct two-letter combinations in the
first and second words respectively, and C represents the number of common
two-letter combinations between the two words. Words with similarity greater
than threshold T are clustered and represented by a single term.

In the stemming extraction method based on the N-gram statistical model pro-
posed in this paper, we first remove the most common prefixes and suffixes in
words, as well as foreign words, numbers, and stop words. Then, the similarity
between two words is calculated using the N-gram model to extract stems. The
stemming extraction algorithm based on the N-gram statistical model is shown
in Algorithm 1.

Algorithm 1: Stemming Extraction Based on N-gram Statistical
Model

For each word in the text: - If it is a non-Uyghur word, mark it as useless; - If
it contains digits, mark it as useless; - If word length < 3, mark it as useless; -
Remove attached symbols and normalize the word; - If it is a stop word, mark
it as useless; - Remove prefixes and suffixes; - If it is a stop word, mark it as
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useless; - Use N-gram statistical model to calculate similarity between words to
obtain stems; End For

The algorithm first ensures that a word is a Uyghur word and considers words
with fewer than three letters as unimportant in the document. It then removes
various attached symbols that appear above or below letters for orthographic
purposes as morphological markers. Afterward, word standardization is applied
to unify different forms of some letters (extended areas) into the same form,
such as unifying , , , into, and unifying , into .

After word form standardization, the algorithm checks whether the word is in
a stop word list consisting of 165 words. After eliminating stop words, the
algorithm removes a set of prefixes , ), , , , etc.). After removal,
the algorithm checks if the word length is less than 3 letters; if so, the removed
prefix is restored to the word as it constitutes a major part of the word. Then
suffixes, ), , , , , , , , , , , , , etc) arerecursively removed
from the end of the word, starting with the longest suffix and then removing
shorter ones.

After removing both prefixes and suffixes, the algorithm checks again whether
the word belongs to the stop word list, as some stop words may also have prefixes
and suffixes attached. Finally, the similarity between words is calculated using
the N-gram statistical model to obtain the final stem.

2.2 Term Selection Based on BMITS

2.2.1 Traditional Term Selection Methods To improve classifier perfor-
mance, dimensionality reduction of the term set from input texts is necessary.
Term selection techniques are used to select the term subset that best expresses
the meaning of the text from the initial term set. Typically, a term evaluation
function is used to score each term in the initial set, and terms with higher
scores are selected.

In existing research, common feature dimensionality reduction techniques in-
clude mutual information, ?2 statistics, NGL coefficient, and GSS coefficient
methods, with expressions as follows:

¢ Mutual Information Gain:

MI(t,e)= > Y P<tkvci)10g}m

ity t} ci€{ci,ci}

e 2 Statistics:

2(t,, ;) = [P(ty,c;)P(ty,¢;) — P(ty, ¢;) Pty c;))?
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« NGL Coefficient:

\/N[P(tk’ci)P(Ekvc_i) _P(tkvc_i)P(Ekvci)]

NGL(ty,c;) = \/p(tk)P({k)P(Ci)P(Ei)

o GSS Coefficient:

GSS(ty,¢;) = P(ty,c;)P(ty, ¢;) — P(ty, &) P(ty, ¢;)

where P(t,,c;) represents the probability that term ¢, appears in text = and
text = belongs to class c;.

2.2.2 Mutual Information Term Selection Method (MITS) Mutual
Information (MI) represents the degree to which one random variable contains
information about another variable and is a measure of statistical correlation.
Its output is a non-negative value, where zero indicates that two variables are
statistically independent.

The method of selecting text terms based on mutual information theory is called
Mutual Information Term Selection (MITS) [14]. In MITS, terms are selected
by calculating I(c;;1;|S), which represents the mutual information between the
new term set formed by adding term ¢, to the selected term set S and the text
class c;, reflecting the contribution of term ¢, to text classification.

I(c;;t,]S) is obtained by calculating the mutual information between term ¢,
and class ¢;, then calculating the sum of mutual information between term ¢,
and previously selected terms t,, and multiplying it by a scaling coefficient £:

I(esi | S) = I(c5ty,) — B Z I(tg;ty)

t,es

The first term on the right side represents the mutual information between
the candidate term and the text class, indicating relevance; the second term
represents the sum of mutual information between the candidate term and se-
lected terms, indicating redundancy. The 3 value represents the weight given
to considering redundancy among terms during term selection, determining the
importance of two aspects (MI between term and text class, and MI between
terms). If § is too small, the algorithm emphasizes MI between candidate terms
and text classes, selecting terms sequentially based on individual MI; if § is
too large, the algorithm emphasizes MI between candidate terms. Therefore,
selecting an appropriate [ is difficult, and there is currently no suitable method
for choosing this parameter.

To address this issue, this paper proposes a Balanced MITS algorithm (BMITS)
that considers relevance and redundancy in a balanced manner. BMITS in-
troduces mutual information between candidate terms and text classes in the
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second term and eliminates the need for manually setting an additional param-
eter to replace 5. BMITS selects terms that maximize relevance and minimize
redundancy from an initial term set, expressed as:

t,eS

where |S] is the number of selected terms. The relative minimum redundancy
of term t;, for term ¢, is defined as:

I(tg;t
MR(tyt,) = 74
%)

When M R(t),t,) = 0, term ¢, can be discarded. If ¢, and ¢, are highly corre-
lated for text class ¢;, then ¢, will also be redundant. Therefore, a threshold
needs to be set to compare with M R(t,,t,). If MR(¢;,t,) > 60, the current term
t;, is unimportant for text class c;, as it will reduce the MI between the selected
term set S and text class ¢;, and 1t should be removed from F; if M R(¢;,t,) =0,
term ¢, is treated as a candldate term. The term selection process of BMITS is
shown in Algorithm 2.

Algorithm 2: BMITS Term Selection

Input: Initial term set T' = {ty,ty, ..., 1, }
Output: Selected term set S
1. Initialize S =0, F =T, t, =
2. While F # ) do:
o Select term ¢;, from F' according to:

teS )

t,, = argmax
k gtkeF ( 2 |S

o Calculate MIG = I(¢;;t4]S)
If MIG <0 then:
— F+ F\{t,}
o Else:
- S+« SuU{t.}
— F«+ F\{t,}
e End if
e t,=1t,—1
3. End while
4. Sort and weight each term in S according to its MIG value
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2.3 Text Classification Based on Rocchio Classifier

The Rocchio classifier is a typical classifier applied in the field of text information
filtering [15]. It builds a prototype vector for each class ¢;, and classifies text
vectors by calculating their distance to each prototype vector. The prototype
vector for class c¢; is obtained through weighted averaging of all text vectors
belonging to class ¢;. This means that compared with the k-NN classifier, the
Rocchio classifier has faster learning speed.

For class c;, its prototype vector can be calculated as:

- p - v .

t|POS;| fjerZ;si T INBEG| fje%;EGi !
where wj;, is the weight of term ¢, in text z;; POS, is the set of texts belonging
to class ¢; (positive samples); NEG, is the set of texts not belonging to class
¢; (negative samples); S and - are control parameters that set the relative
importance of positive and negative samples. If 3 is set to 1 and « to 0, class ¢; is
described as the centroid of its positive training samples. The Rocchio classifier
performs classification based on the aggregation degree of positive samples and
the separation degree of negative samples. The role of negative samples is
typically inverse enhancement, which is achieved by setting a larger v value and
a smaller 8 value. According to relevant research, we can set § = 1.6,y = 0.4

[16].

For an input sample of unknown category, the Rocchio classifier classifies the
sample by comparing its minimum distance to each class prototype vector w,.
This distance d(Z, ;) is typically Euclidean distance. The decision rule of the
Rocchio classifier is:

¢* = arg min d(Z, w;)
c;,€C

The Rocchio algorithm addresses the problems of the k-NN algorithm by in-
troducing some generalized instances. That is, it replaces the entire training
sample set with a generalized instance obtained by summarizing the distribu-
tion of instance samples. When a new instance is added, its classification only
requires calculating the Euclidean distance between the new instance and the
generalized instance. Its time complexity is O(LM ), where L represents the
number of generalized instances and M represents the number of terms in each
text vector. Additionally, the Rocchio algorithm can solve noise problems ac-
cording to the distribution of instances in each class. For example, if a term
frequently appears in samples of a certain class, it will be equally reflected in
the generalized instance of that class, resulting in a higher weight for that term.
Conversely, if a term mainly appears in instances of other classes, its weight
in the generalized instance will tend to 0. Therefore, the Rocchio classifier can
extract certain relevant features to some extent.
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3 Experiments
3.1 Uyghur Forum Text Collection

To construct an experimental Uyghur forum text collection, this paper collected
approximately 2,400 forum texts from the Uyghur version of People’ s Daily On-
line, Tianshan Net Forum, ulinix Forum, and Xinjiang Public Security Database.
These texts are divided into five categories: normal, violent terrorism, reac-
tionary, pornographic, and superstitious, with no fewer than 200 texts for each
type. Balancing the proportion of samples across categories, 60% of the text
collection is used as the training set and 40% as the test set.

3.2 Performance Metrics

Classifier performance is typically described using precision and recall. Precision
represents the probability that a random text x is correctly classified into class
¢ when it is assigned to class i. Recall represents the probability that a random
text x that should belong to class ¢ is correctly assigned to that class. The
expressions for precision and recall are:

Precision. — —LTi
recisio i~ TP+ FP
TP,
Recall; = ———1
4 = TP 1 FN,

where T'P; represents the number of texts correctly classified as class i, F'P,
represents the number of texts incorrectly classified as class i, and F'N; repre-
sents the number of texts that belong to class ¢ but are incorrectly classified

into other classes.

Considering both precision and recall provides a better characterization of clas-
sifier performance. The F1 measure is typically used to combine these two
parameters:

Pl = 2 x Precision; x Recall;

7

Precision; + Recall,

3.3 Stemming Extraction Performance Analysis

For the N-gram statistical model stemming method, two parameters need to be
set: the N value and the similarity threshold 7. A larger N value provides more
semantic information and helps improve classifier accuracy, but significantly
increases the number of feature terms and computational complexity. If the N
value is too small, the resulting feature terms contain less semantic information
and are less discriminative.
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To determine the optimal parameters, we set N=2, 3, 4, and 5, and the similarity
threshold T to 0.6, 0.7, 0.8, and 0.9, constructing 16 parameter combinations
for stemming extraction and classification experiments. For fair comparison,
subsequent feature selection methods all use BMITS, and the classifier uses
the Rocchio classifier. The final classification F1 measure values for various
parameters are shown in Figure 2 [Figure 2: see original paper].

The results in Figure 2 show that as the N value increases, classifier performance
improves, but so does computational cost. The performance using five-letter
combinations (N=5) is similar to that using four-letter combinations (N=4),
with only a slight improvement. Considering computational cost, N=4 is ulti-
mately selected. Additionally, when the similarity threshold 7' = 0.8, the best
classification effect is achieved; when T = 0.9, the results of various letter combi-
nation stemming methods deteriorate. This is because when the threshold is too
high, some words sharing the same root but with insufficient similarity will be
separated rather than merged, reducing stemming effectiveness. Finally, N=4
and T = 0.8 are selected as parameters for the stemming extraction method.

Table 2 shows a set of stems extracted by the N-gram statistical model when
T =0.8 and N=4.

3.4 Term Selection Performance Analysis

After stemming extraction from input texts, a large term set is formed, making
it necessary to find the most valuable term subset through term selection. This
section compares the proposed BMITS selection method with traditional MITS,
2 gtatistics, NGL coefficient, and GSS coefficient methods. The size of the
final selected feature set (term set) is varied from 1,000 to 5,000. For fair
comparison, the same stemming extraction parameters and Rocchio classifier
are used. The impact of term selection methods on classification performance
is shown in Figure 3 [Figure 3: see original paper].

The experimental results in Figure 3 indicate that as the size of the feature set
after term selection increases, the classification performance of all methods im-
proves. However, when the feature set size exceeds 3,500, performance stabilizes,
demonstrating that an appropriate feature set size affects classifier performance.
If the feature set is too small, it cannot contain all effective terms; if too large,
the number of redundant terms increases and adds to the classifier’ s computa-
tional load. Therefore, in the term selection step of this paper, the feature set
size is set to 3,500.

Through comparison of various methods, 2 statistics and traditional MITS show
weaker performance, while NGL and GSS coefficients perform relatively well.
However, the BMITS method proposed in this paper achieves the best perfor-
mance because it introduces mutual information between candidate terms and
classes, balancing relevance and redundancy, thus enabling selection of the op-
timal term set.
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3.5 Overall Performance Comparison

To evaluate the overall performance of the proposed method, it is compared
with several existing methods: the Uyghur classification method based on com-
bined statistics (Dme) and k-NN classifier (Dme+k-NN) proposed in literature
[5], the method based on TF-IDF and SVM (TF-IDF+SVM) proposed in lit-
erature [6], and the method based on N-gram model and Manhattan distance
(N-gram+Manhattan) proposed in literature [7]. The classification performance
comparison results are shown in Table 3 , along with the time required to classify
all test samples.

Table 3 shows that the method in literature [5] requires the longest time because
it uses three combined metrics for stemming extraction and term selection, re-
quiring extensive computation. The method in literature [7] requires less time
because it does not use supervised learning-based classifiers such as k-NN, but
only classifies through a distance metric, which is computationally simpler. How-
ever, the method proposed in this paper consumes the least time because the
Rocchio classifier uses class generalized vectors to replace all training text vec-
tors in the corpus, which is significantly more efficient than k-NN and SVM
classifiers in terms of time consumption. Additionally, the BMITS term selec-
tion process produces a refined and effective term subset, effectively improving
classification performance.

Table 3: Classification Performance of Various Methods

Method Precision (%) Recall (%) F1 Measure Time (minutes)
Literature [5]  81.2 79.8 0.805 45
Literature [6]  83.5 82.1 0.828 38
Literature [7]  80.4 78.9 0.796 22
Our Method 85.3 84.7 0.850 18

4 Conclusion

This paper proposes an undesirable text classification method for application
in Uyghur web forum text filtering. The method removes stop words through
preprocessing, performs stemming extraction based on the N-gram model, re-
duces term dimensionality through BMITS, and finally uses the Rocchio clas-
sifier for text classification and filtering. To obtain the optimal parameters
for the method, extensive experiments are conducted for optimization and selec-
tion. The final text filtering experimental results demonstrate that the proposed
method can be effectively used for information filtering in Uyghur forums.

In future research, we hope to improve classification effectiveness through ad-
ditional preprocessing work, such as selecting terms from local term libraries
for each category rather than from a global term library of the entire corpus.
Additionally, other classifiers such as Naive Bayes and neural network classifiers
can be investigated to select a more suitable classifier.
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