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Abstract
In traditional text classification, the text vector space matrix suffers from issues
such as the “curse of dimensionality”and extreme sparsity, while extracting
keywords most relevant to the categories as features for text classification helps
address these two problems. Building upon these conclusions, this study pro-
poses a short text classification framework based on keyword similarity. The
framework first trains a word2vec word embedding model using a large-scale
corpus; then obtains keywords for each category of text via TextRank, and per-
forms deduplication on the keyword set to serve as the feature set. For any
given feature, the word embedding model is employed to compute the similarity
between each word in the short text and this feature, selecting the maximum
similarity as the weight for that feature. Finally, K-Nearest Neighbors (KNN)
and Support Vector Machine (SVM) are selected as the classifier training algo-
rithms. Experiments are conducted on a Chinese news headline dataset, and
compared with traditional short text classification methods, the classification
performance improves by approximately 6% on average, thereby validating the
effectiveness of the proposed framework.
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Abstract: Traditional text classification suffers from the “curse of dimension-
ality”and extreme sparsity in text vector space matrices. Extracting keywords
most relevant to categories as features helps address these issues. Building on
this conclusion, this paper proposes a short text classification framework based
on keyword similarity. The framework first trains a word2vec model on a large
corpus, then obtains keywords for each category using TextRank and dedupli-
cates them to form a feature set. For each feature, the similarity between every
word in the short text and the feature is computed via the word vector model,
with the maximum similarity assigned as the feature weight. Finally, K-Nearest
Neighbors (KNN) and Support Vector Machine (SVM) are selected as classifier
training algorithms. Experiments on a Chinese news headline dataset demon-
strate that classification performance improves by approximately 6% on average
compared to traditional short text classification methods, validating the effec-
tiveness of the framework.

Keywords: word embedding; feature selection; short text classification; feature
weighting

0 Introduction
With the rapid development of the Internet in recent years, people increas-
ingly rely on obtaining information from online sources. How to quickly and
accurately acquire desired information has become a key research topic. The
explosive growth of text data, distributed chaotically across the web, has greatly
impacted the efficiency and quality of information retrieval. This includes large
volumes of short texts such as microblogs, news headlines, and product reviews,
making short text classification an increasingly attractive research area.

Traditional text classification typically employs the vector space model approach
[1]. However, this method exhibits characteristics of feature sparsity and indis-
tinct semantic features when applied to short texts. Current solutions primarily
follow two approaches: (a) expanding short texts into longer documents us-
ing search engines [2] before classification, and (b) leveraging large knowledge
bases or corpora as background knowledge [3] to discover semantic relation-
ships between words. While both methods can improve short text classification
performance, they suffer from computational overhead and inability to handle
neologisms.

To address feature sparsity and weak semantic features, reference [4] utilized
LDA topic-word distribution matrices to reduce feature dimensions for short
text classification. Reference [5] fused lexical category features with semantics
for short text classification, achieving improvements over traditional methods,
but both relied on the LDA topic model—an unsupervised learning approach
that is computationally slow and dependent on optimal topic number selection.
Reference [6] proposed extracting document keywords as text features, yielding
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good results. However, document keywords increase with document quantity,
leading to high-dimensional vector spaces and computational costs. Combining
the strengths of different methods, this paper employs TextRank to extract
category keywords as new short text features, transforming the feature set from
a vocabulary of thousands into a compact, limited keyword collection. Word2vec
then computes semantic similarity between words as feature weights, preserving
semantic information in short texts for classifier training.

The main contributions are: a) A text feature selection method based on cate-
gory keywords, where the number of category keywords is far smaller than total
document words, effectively addressing high dimensionality. b) Using word sim-
ilarity as feature weights in representation, compensating for the“bag-of-words”
model’s semantic limitations. c) A novel short text classification framework
demonstrating improved effectiveness over traditional methods through experi-
ments on real datasets.

1 Related Work and Process
Let the short text collection be 𝐷 = {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑛}, short text category
labels 𝑌 = {𝑦1, 𝑦2, 𝑦3 … 𝑦𝑛}, and feature set 𝑊 = {𝑤1, 𝑤2, 𝑤3, … , 𝑤𝑚}.
The primary objective is to transform 𝐷 into a vector space matrix
𝑋 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛}𝑇 using 𝑊 based on keyword similarity, where
each 𝑥𝑖(1 ≤ 𝑖 ≤ 𝑛) is an 𝑚-dimensional vector, then train a classifier to
correctly categorize elements in 𝐷. The process is illustrated in [Figure 1: see
original paper].

Traditional short text feature selection computes statistical measures for each
feature in a text collection and applies a threshold. Features below the threshold
are filtered; others are considered effective. Typical methods include document
frequency, information gain, and mutual information. However, these cannot
handle new texts—if a text contains no features from the effective feature set, it
cannot be properly represented.

This paper proposes extracting category keywords as text features. Current
mainstream keyword extraction methods are unsupervised, including statistical,
graph model, and semantic approaches. Many effective algorithms derive from
term frequency-inverse document frequency (TF-IDF) [7], but TF-IDF only con-
siders word frequency, ignoring semantics and word relationships, and cannot
extract keywords from single documents—making it unsuitable for category key-
word extraction.

The TextRank algorithm [8] extracts document keywords based on word co-
occurrence chains using a graph model, performing well and enabling single-
document keyword extraction. In TextRank, a candidate keyword graph 𝐺 =
(𝑉 , 𝐸, 𝑊) is first constructed, where node set 𝑉 = {𝑣1, 𝑣2, 𝑣3, … , 𝑣𝑛} consists
of candidate keywords (typically non-stop words with noun, adjective, or verb
parts of speech). 𝑊 = {𝑤𝑖𝑗|1 ≤ 𝑖 ≤ 𝑛 ∧ 1 ≤ 𝑗 ≤ 𝑛} is the weight set, and
𝐸 = {(𝑣𝑖, 𝑣𝑗)|𝑣𝑖 ∈ 𝑉 ∧ 𝑣𝑗 ∈ 𝑉 ∧ 𝑤𝑖𝑗 ∈ 𝑊 ∧ 𝑤𝑖𝑗 ≠ 0} is the non-empty finite
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set of edges between nodes. An edge exists between two nodes only when their
corresponding words co-occur within a window of length 𝐾, where 𝐾 represents
the window size (maximum 𝐾 words co-occurring). From 𝐺, the corresponding
similarity matrix 𝑆𝑛×𝑛 is obtained, as shown in equation (1):

𝑆𝑛×𝑛 =
⎛⎜⎜⎜
⎝

𝑤11 𝑤12 ⋯ 𝑤1𝑛
𝑤21 𝑤22 ⋯ 𝑤2𝑛

⋮ ⋮ ⋱ ⋮
𝑤𝑛1 𝑤𝑛2 ⋯ 𝑤𝑛𝑛

⎞⎟⎟⎟
⎠

From 𝐺 and 𝑆𝑛×𝑛, the weight of each node is iteratively computed using equa-
tion (2):

𝑊𝑆(𝑣𝑖) = (1 − 𝑑) + 𝑑 × ∑
𝑣𝑗∈𝐼𝑛(𝑣𝑖)

𝑤𝑗𝑖
∑𝑣𝑘∈𝑂𝑢𝑡(𝑣𝑗) 𝑤𝑗𝑘

𝑊𝑆(𝑣𝑗)

where 𝑊𝑆(𝑣𝑖) is the weight of node 𝑣𝑖; 𝑑 is the damping coefficient (typically
0.85), representing the probability of jumping from any node to any other node;
𝐼𝑛(𝑣𝑖) denotes the set of all nodes pointing to 𝑣𝑖; and 𝑂𝑢𝑡(𝑣𝑖) denotes the set
of all nodes 𝑣𝑖 points to. Generally, after 20-30 iterations with a threshold
of 0.0001, nodes are ranked in descending order by weight. Based on this,
category keywords are extracted from background knowledge corpora for each
text category—for example, sports category keywords: {“game”,“team”,“player”
, ⋯} and finance category keywords: {“China”, “company”, “market”, ⋯}.

2 Feature Selection and Feature Representation
This chapter introduces TextRank-based short text feature selection and
word2vec-based feature representation.

2.1 TextRank-Based Short Text Feature Selection

The fundamental idea of traditional short text feature selection is to compute
statistical measures for each feature in a text collection and set a threshold.
Features below the threshold are filtered; otherwise, they are considered effective.
However, such methods cannot handle new texts—if all features in a text are
absent from the effective feature set, the text cannot be effectively represented.

To address this, we propose extracting category keywords as text features. Cur-
rent mainstream keyword extraction methods are primarily unsupervised, in-
cluding statistical, graph model, and semantic approaches. While TF-IDF [7]
has spawned many effective keyword extraction algorithms, it only considers
word frequency, ignoring semantics and word relationships, and cannot extract
keywords from single documents—making it unsuitable for category keyword
extraction.
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TextRank [8] extracts document keywords using a graph model based on word co-
occurrence chains, achieving good results and enabling single-document keyword
extraction. By combining different method characteristics, we use TextRank to
extract category keywords as new short text features, transforming the feature
set from a vocabulary of thousands into a compact, limited keyword collection.
Word2vec then computes semantic similarity between words as feature weights,
preserving semantic information for short text classification.

2.2 Word2vec-Based Feature Weighting

After determining text features, each sample’s features must be assigned weights,
which significantly impacts classification performance. Traditional weighting
methods include binary weighting (1 if present, 0 otherwise), term frequency
(tf), inverse document frequency (idf), and TF-IDF. Reference [9] computed
feature weights for present words using absent words, showing improvement over
TF-IDF and information entropy under equivalent conditions. Reference [10]
improved classification by computing feature-weighted frequencies from training
data for naive Bayes classifiers. However, most feature weighting research still
considers only feature frequency at the “bag-of-words”level, ignoring semantic
relationships between features and texts.

Therefore, this paper uses word similarity as feature weights, preserving se-
mantic content during text-to-vector conversion. To accurately compute word
similarity, we select the word2vec model [11]. Since its proposal, word2vec has
been widely applied—reference [12] used it for opinion classification with better
results than bag-of-words models, and reference [13] leveraged its semantic infor-
mation for Chinese comment sentiment analysis, achieving good performance.
Word2vec is essentially a neural network with hidden layers, with input and
output layers as vocabularies. By learning word-context relationships, the vec-
tor from input to hidden layer represents each word’s vector after convergence.
Word2vec includes two training models: CBOW (continuous bag-of-words) and
Skip-Gram. CBOW is more suitable for larger corpora, so we adopt the CBOW
model to represent words in short texts.

In the CBOW training model, a word’s context serves as input while the word
itself is output, as shown in [Figure 2: see original paper]. The input layer
consists of the 𝑚 words before and after the 𝑖-th word, with the output layer
being the 𝑖-th word 𝑤𝑖. Both input and output vectors use one-hot encoding
with dimensions equal to vocabulary size. The core idea predicts the current
word based on its context. After training, all word vectors are obtained. Let
the word vector for word 𝑖 be 𝑠𝑖 and for word 𝑗 be 𝑠𝑗; their similarity can be
computed using cosine similarity as shown in equation (3):

𝑠𝑖𝑚(𝑠𝑖, 𝑠𝑗) = 𝑠𝑖 ⋅ 𝑠𝑗
‖𝑠𝑖‖‖𝑠𝑗‖
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3 Short Text Classification Method Based on Keyword Sim-
ilarity
This chapter details the framework and specifics of the short text classification
method based on keyword similarity. Symbol definitions are provided in .

TABLE:1 Definition of symbols in short text classification

Symbol Definition
𝑃 = {𝑝1, 𝑝2, … , 𝑝𝑘} Background knowledge corpora for different

categories
𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛} Short text collection
𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑛} Short text category labels
𝐾 = {𝑘1, 𝑘2, … , 𝑘𝑘} Keyword sets for all categories
𝑘𝑖 Keyword set for category 𝑖
𝑊 = {𝑤1, 𝑤2, … , 𝑤𝑚} Text feature set
𝑑𝑖 = {𝑞1, 𝑞2, … , 𝑞𝑚} Word set for text 𝑖
𝑉𝑖 = {𝑤1, 𝑤2, … , 𝑤𝑞} Feature vector representation of text 𝑖
𝑀𝑜𝑑𝑒𝑙 Word vector model
𝑠𝑖𝑚(𝑎, 𝑏) Similarity between vectors 𝑎 and 𝑏

3.1 Short Text Feature Selection

Based on TextRank, category keywords are obtained using Algorithm 1 to form
the short text feature set.

Algorithm 1: Short Text Feature Selection Based on Keywords

Input: Text corpora for different categories 𝑃 , number of keywords 𝑛
Output: Category keyword set 𝐷𝑖𝑐

1. For each 𝑝𝑖 in 𝑃 :

2. $p_i$ = Text pre-process($p_i$) // Preprocess background knowledge corpus

3. $k_i$ = TextRank($p_i$, topk=n) // TextRank ranks keywords; select top n for category i

4. End for

5. For each 𝑘𝑖 in 𝐾:

6. For each word in $k_i$:

7. If word appears only once:

8. $Dic$.append(word) // Deduplicate category keyword sets, keeping words appearing in only one category

9. End if

10. End for

11. End for
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3.2 Short Text Feature Vector Representation

Before classification, texts must be converted to feature vectors for classifier
training. Our feature vector representation method is described in Algorithm
2.

Algorithm 2: Feature Vector Representation for Short Text Collec-
tion

Input: Text feature set 𝐷𝑖𝑐, word vector model 𝑀𝑜𝑑𝑒𝑙, short text collection 𝐷
Output: Feature vector set 𝑉 for short texts

1. For each 𝑑𝑖 in 𝐷:

2. For each $w$ in $Dic$: // Number of elements in $Dic$ equals feature count

3. $max\_sim = -1$

4. For each $q_j$ in $d_i$:

5. $s = sim(Model(q_j), Model(w))$ // Convert words to vectors via word2vec for similarity computation

6. If $(s > max\_sim)$: $max\_sim = s$

7. End for

8. $w_j = max\_sim$ // Feature weight for text i's j-th feature

9. End for

10. End for

3.3 Short Text Classification

Through the above method, the short text collection’s feature vector matrix
𝑋 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛}𝑇 is obtained, where 𝑛 is the dataset size and each 𝑥𝑖(1 ≤
𝑖 ≤ 𝑛) is an 𝑚-dimensional vector with 𝑚 as the feature set size. Combined
with label set 𝑌 , classification algorithms such as KNN and SVM can be applied
to validate the feature selection and weighting approach.

4 Experiments and Results
To validate the effectiveness of the proposed method, experiments were
conducted using recent Sina hot news data. This section introduces the
dataset, comparison algorithms, and validates the method through 10-fold
cross-validation.

4.1 Dataset and Experimental Settings

The experiments used hot news from the past two years, collecting news head-
lines and full texts across seven categories: technology, sports, society, enter-
tainment, military, international, and finance. Headlines were used for short
text classification, while full texts served as background knowledge for keyword
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extraction. For uniform distribution, each category contained 2,000 news head-
lines, as shown in . The word2vec model was trained on additional corpora
(Baidu Baike 20G, news corpus 12G, novels 90G). For classification algorithms,
SVM used the radial basis function (RBF) kernel, which outperforms linear
kernels for non-linear cases while being less computationally expensive than
polynomial kernels. Through experimental comparison, KNN with 𝑁 = 15
neighbors proved most suitable.

TABLE:2 News headline dataset

Category TechnologySports Society EntertainmentMilitary InternationalFinance
Number
of
news
head-
lines

2000 2000 2000 2000 2000 2000 2000

4.2 Experimental Design

To validate our method’s effectiveness, we first examined the impact of differ-
ent keyword quantities on classification performance under the same algorithms,
then selected an optimal keyword count for comparison with two baseline meth-
ods:

a) TF-IDF: After standard preprocessing (punctuation removal, stopword
removal, etc.), compute TF-IDF feature vectors for short texts, then train
and validate using KNN and SVM.

b) Sum-CBOW: Since short texts contain few words, resulting TF-IDF
vectors are high-dimensional and extremely sparse. As word vectors them-
selves possess good semantic features, reference [14] proposed summing all
word vectors in a short text as its feature vector (with dimension equal
to word vector dimension rather than category keyword count). This
approach yields low-dimensional vector spaces, fast classification, and rel-
atively good performance, referred to herein as Sum-CBOW.

To verify semantic contribution to classification improvement, a third experi-
ment Key-Frequency was designed. With the same feature set, feature weights
were replaced by term frequency instead of similarity, using KNN as the classi-
fier. This validates whether semantic similarity enhances classification.

4.3 Experimental Evaluation

Four evaluation metrics were used:

a) Precision: For category 𝑐𝑖, precision 𝑝𝑖 is calculated as:

𝑝𝑖 = Number of correctly classified samples
Number of all classified samples
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b) Recall: For category 𝑐𝑖, recall 𝑟𝑖 is calculated as:

𝑟𝑖 = Number of correctly classified samples
Actual number of samples in the category

c) F1-score: For category 𝑐𝑖, F1-score 𝑓1𝑖 is calculated as:

𝑓1𝑖 = 2 × 𝑝𝑖 × 𝑟𝑖
𝑝𝑖 + 𝑟𝑖

d) Macro-averaged F1-score: The arithmetic mean of F1-scores across all
categories:

𝐹1𝑚𝑎𝑐𝑟𝑜 = 1
𝑘

𝑘
∑
𝑖=1

𝑓1𝑖

4.4 Experimental Results and Analysis

[Figure 3: see original paper] validates the impact of category keyword quantity
on short text classification performance using the 𝐹1𝑚𝑎𝑐𝑟𝑜 metric with key-
word counts 𝑁 = {20, 40, 60, 80, 100, 120, 140, 160}. Overall, SVM outperforms
KNN because features are category keywords with good inter-category separa-
bility, while KNN relies more on sample similarity than feature discriminability.
Performance is suboptimal with few keywords but improves as the feature set
expands, stabilizing after reaching a certain threshold where 𝐹1𝑚𝑎𝑐𝑟𝑜 no longer
increases. To avoid overfitting and underfitting, subsequent experiments use
100 keywords.

Comparison results are shown in . Sum-CBOW performs relatively poorly—
directly summing short text word vectors as features, while preserving some
semantic information, weakens category feature discriminability. Traditional
TF-IDF achieves good results but suffers from slightly imbalanced precision and
recall, high dimensionality, sparsity, and computational overhead. Our method
selects category keywords as features and uses maximum similarity between
short texts and features as weights, effectively mining core semantic associa-
tions between short texts and different categories while preserving semantics in
the vector conversion process. For the test dataset, although some metrics don’t
reach maximum values, our method balances precision and recall while improv-
ing both average precision and average recall by approximately 6%. [Figure 4:
see original paper] provides a visual comparison of F1 values across categories
for the three methods, confirming that our keyword similarity-based approach
effectively enhances classification performance.

TABLE:3 Comparison of classification effects across different algorithms
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Category TF-IDF Sum-CBOW Key-CBOW
Technology 0.843 0.801 0.891
Sports 0.912 0.874 0.945
Society 0.796 0.753 0.834
Entertainment 0.823 0.792 0.856
Military 0.879 0.834 0.912
International 0.851 0.813 0.887
Finance 0.834 0.801 0.879
Average 0.848 0.810 0.886

To validate the impact of semantic relationships, the Key-Frequency experi-
ment was conducted where feature weights were term frequencies rather than
similarities, using KNN classification. F1 results in show TF-IDF significantly
outperforms this variant, demonstrating that with limited features and without
semantic similarity, frequency-based weighting cannot handle words outside the
feature set, confirming that our semantic similarity-based weighting effectively
improves classification.

TABLE:4 Influence of semantic similarity on F1 value

Category Key-Frequency TF-IDF
Technology 0.723 0.843
Sports 0.801 0.912
Society 0.698 0.796
Entertainment 0.734 0.823
Military 0.789 0.879
International 0.756 0.851
Finance 0.742 0.834

5 Conclusion
To address high sparsity and lack of semantic features in short text classification,
this paper proposes a framework based on keyword similarity. By selecting a
limited set of category keywords as features and using word-feature similarity
as weights, the framework resolves high dimensionality while preserving seman-
tics and improving text discriminability. Comparative experiments using term
frequency versus semantic similarity validate the framework’s effectiveness.

Future work will analyze performance variations across different categories and
consider optimization methods. For feature weighting via semantic similarity,
different similarity computation methods will be compared to further validate
the approach.
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