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Abstract:    Text categorization is a significant technique to manage the surging text data on the Internet. The k-nearest neighbors 
(kNN) algorithm is an effective, but not efficient, classification model for text categorization. In this paper, we propose an effec-
tive strategy to accelerate the standard kNN, based on a simple principle: usually, near points in space are also near when they are 
projected into a direction, which means that distant points in the projection direction are also distant in the original space. Using the 
proposed strategy, most of the irrelevant points can be removed when searching for the k-nearest neighbors of a query point, which 
greatly decreases the computation cost. Experimental results show that the proposed strategy greatly improves the time per-
formance of the standard kNN, with little degradation in accuracy. Specifically, it is superior in applications that have large and 
high-dimensional datasets. 
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1  Introduction 
 

The number of documents available online has 
been increasing greatly in recent years. Finding 
relevant information in time is important for many 
applications, and text categorization is the key tech-
nique for this task (Shang et al., 2007). Text catego-
rization has been used in many applications such as 
spam email filtering (Zhou et al., 2010), Web page 
classification (Qi and Davison, 2009), customer rela-
tionship management (Coussement and van den Poel, 
2008), and text sentinel classification (Wang et al., 
2011).  

In recent years, many text categorization meth-
ods have been developed to allocate text documents to 
their annotated categories, such as k-nearest neighbors 
(kNN) (He et al., 2003), Bayesian (Lee et al., 2012), 
support vector machine, artificial neural networks (de 

Souza et al., 2009), Rocchio (Miao and Kamel, 2011), 
latent Dirichlet allocation (Wang et al., 2012), and 
many other machine learning and statistical ap-
proaches (Chen et al., 2011). The kNN algorithm, 
which has a simple structure, has shown great poten-
tial in text categorization. 

When using the standard kNN, similarities have 
to be computed between the unknown sample and all 
training samples in order to find the exact k-nearest 
neighbors of the query sample. Hence, standard kNN 
has a fatal defect in that the process of similarity 
computing is very time-consuming, especially when 
the dimension of the feature space is high and the 
training set is very large. Text categorization, as is 
well known, typically has a high dimension and very 
large training set, which makes kNN less applicable.  

To improve the time performance of standard 
kNN, an accelerating strategy is proposed in this work. 
The strategy is based on a simple principle: usually, 
near points in space are also near when they are pro-
jected into a direction, which means that distant 
points in the projection direction are also distant in the 
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original space. Hence, distant points to the query 
point in the projection direction are removed when 
searching for the k-nearest neighbors of the query 
point, which may greatly reduce sample similarity 
computing. However, the choice of direction is im-
portant to the effect of projection. In addition, due to 
the nature of the N-dimensional to one-dimensional 
mapping, some nearest neighbors may be positioned 
far apart along the projection direction. To decrease 
the possibility that these points are overlooked during 
a search, several appropriate directions are found and 
considered comprehensively in this strategy. Ex-
perimental results show that the proposed strategy 
greatly improves the time performance of the stan-
dard kNN with little degradation in accuracy, and that 
it is superior in the applications that have large and 
high-dimensional datasets.   

 
 

2  Related works 
 

The kNN classification approach has been 
widely used in various types of classification tasks. 
This classification approach has gained popularity 
based on low implementation cost and high degree of 
classification effectiveness. However, its sample 
similarity computing is very large, which limits its 
applications in some cases that have high dimensional 
spaces or very large training sets. Many researchers 
have sought ways to reduce the complexity of kNN, 
which can be classified into three approaches  
generally:  

1. Dimensionality reduction approaches. Feature 
extraction and feature selection are widely used to 
reduce the dimension of the feature space, such as 
principal component analysis (PCA), latent semantic 
indexing, information gain, and χ2 statistic. However, 
when the dimension of the text vector is reduced, the 
remaining dimension is still high to avoid loss of 
important information.  

2. Training samples reduction approaches. A 
smaller training set means less similarity computation 
time. These methods usually apply clustering tech-
niques to the training set and then reduce the training 
set. Jiang SY et al. (2012) divided training samples 
into clusters and then regarded the center of each 
cluster as the training sample. Jiang JY et al. (2012) 
grouped the training patterns into clusters and then 

considered only the training documents in those 
clusters whose fuzzy similarities to the document 
exceed a pre-designated threshold in searching for the 
k-nearest neighbors for the document. A solution 
called semantic-center kNN was proposed by Zhang 
et al. (2009) whereby the training set is processed 
prior to run time to build a so-called semantic space. 
Essentially, clusters of closely-spaced documents are 
collapsed into a single point represented by the cen-
troid of the documents.  

3. Space/data partitioning approaches. These 
methods focus on expediting the process of searching 
for the exact k-nearest neighbors. In Wang and Wang 
(2007), the training set was pre-processed by creating 
a tree, which allows for the search of the k-nearest 
neighbors of any given test document. This method 
has no degradation in kNN performance, but it pro-
vides a fixed (and thus non-configurable) increase in 
speed. Jagadish et al. (2005) proposed an ‘iDistance’ 
method, based on B+-tree. iDistance partitions the 
data based on a space- or data-partitioning strategy, 
and selects a reference point for each partition. The 
data points in each partition are transformed to a sin-
gle dimensional value based on their similarity with 
respect to the reference point. This allows the points 
to be indexed using a B+-tree structure and kNN 
search to be performed using 1D range search. Dif-
ferent from that, Aghbari (2005) linearized the data 
partitions produced by a data partitioning method, 
rather than the points themselves, into a 1D array- 
index, based on which the exact k-nearest neighbors 
can be found quickly. 

The proposed strategy aims to speed up the 
process of searching for k-nearest neighbors while 
keeping the advantages of kNN, which is a simple and 
facile method. By this strategy the approximate, in-
stead of the exact, k-nearest neighbors to a query point 
are retrieved, which may greatly reduce the similarity 
computation time. This strategy trades accuracy for 
speed, since the retrieved neighbors are only ap-
proximate. However, it can achieve a very significant 
reduction in runtime with no more than a one percent 
degradation in precision. Such a loss in precision is 
negligible in many applications. Furthermore, in this 
strategy the degree of acceleration is a configurable 
parameter; it can be adjusted according to different 
applications. 
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3  Accelerating strategy to kNN 

3.1  Traditional kNN for text categorization 

The process of the kNN algorithm is as follows: 
given a test sample x, the algorithm finds the k-nearest 
neighbors among all the training samples, and scores 
the category candidates based the category of the k 
neighbors. Formally, the decision rule of kNN can be 
written as 

 

1,2,...,| |

kNN

( ) arg max Score( , )

sim( , )δ( , ),
i

j
j c

i i j

g c

c







 
d

x x

x d d
             (1) 

sim( , ) ,i
i

i





x d

x d
x d

                          (2) 

1   ,
( , )

0,   ,
i j

i j
i j

c
c

c

   

d
d

d

,
                      (3) 

 
where sim(x, di) is the similarity between x and the 
training sample di, and cosine similarity is used as the 
similarity measure in our work. δ(di, cj) is the classi-
fication for sample di with respect to class cj. Score(x, 
cj) is the score of candidate category cj with respect to 
x. g(x) is the predicted label of test sample x.  

3.2  Methodology  

As described before, the traditional kNN ap-
proach is effective and easy to implement. However, 
kNN is a sample-based learning method. It uses all the 
training samples to predict the labels of the test sam-
ples and requires huge text similarity computation. As 
a result, it cannot be widely used in real-world ap-
plications. To tackle this problem, we propose an 
effective strategy to accelerate the traditional kNN 
algorithm, which can greatly reduce the time con-
sumed in searching for the k-nearest neighbors. 

3.2.1  Vector space model 

kNN is a classification approach based on the 
vector space model (Liu, 2011). In this model, each 
document d is considered to be a vector in the 
term-space, d=(w1, w2, …, wN), and N is the dimen-
sion of the term-space. The weight of each word is 
computed using term frequency (Liu, 2011).  

3.2.2  Key concepts 

Definition 1 (Original space)    The original space is a 
term-space built with the vector space model.  
Definition 2 (Projection direction)    The projection 
direction is a unit vector of the original space to which 
the sample points will project. Let p be a projection 
direction, then ||p||=1. 
Definition 3 (Projection space)    The projection 
space is a space constructed by several projection 
directions. 
Definition 4 (Original samples)    Original samples 
are samples in the original space.  
Definition 5 (Projection samples)    Projection sam-
ples are samples in the projection space. 

Consider one of the simplest cases where the 
dimension of the original space is two (Fig. 1). There 
are three kinds of samples, A, B, and C. p1 and p2 are 
the projection directions. To test sample x, first we 
search for its neighbors in each projection direction. If 
we collect the two nearest neighbors in each projec-
tion direction, then the nearest neighbor set of x in 
direction p1 is S1={c2, a2}, and it is S2={a2, a1} in 
direction p2. Second, combine the neighbor sets into 
S={a1, a2, c2}. Finally, perform the traditional kNN 
algorithm with set S, instead of all the samples in the 
original space.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Definition 6 (Projection value)    Let p=(q1, q2, …, 
qN)T be one of the projection directions. Then the 
projection value of d=(w1, w2, …, wN) to p is 
 

Fig. 1  A two-dimensional projection space 
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Definition 7 (Projection vector)    The projection 
vector is the vector of the projection sample com-
posed by projection values of each projection direc-
tion. Suppose there are m projection directions, P=(p1, 
p2, …, pm). According to Eq. (4), the projection vector 
of d can be defined as 
 

1 2( , , ..., ).mz z zZ                      (5) 

 
3.2.3  Workflow overview  

As shown in Fig. 2, from a high-level perspec-
tive, the text classification workflow consists of two 
phases, training and predicting.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The main steps are described in Algorithm 1. 
 
Algorithm 1    Accelerated kNN 

1. Training phase 
Step 1: Construct projection directions P based 

on PCA, P=(p1, p2, …, pm), where m is the number of 
projection directions. This step will be described in 
detail later.  

Step 2: Compute the projection values of the 
training set in each direction, according to Eqs. (4) 
and (5). 

Step 3: Construct an index table in each direction, 
which is used to search for neighbors in the predicting 
phase. In the index table, projection values in each 

direction are sorted in ascending order. Suppose there 
are n training text samples. The index table of the ith 
direction can then be constructed (Fig. 3). 

 
 
 

 
 
 
 
 
 

2. Predicting phase  
Step 1: For test sample x, compute its projection 

values in each direction by Eqs. (4) and (5). 
Step 2: Search the index tables of each direction. 

We can quickly obtain the L nearest neighbor sets 
with binary search, owing to ordered index tables. Let 
si={ti1, ti2, …, tiL} be the L nearest neighbor set of the 
ith direction, and m the number of projection direc-
tions. All the possible neighbors in the original space 
of x can then be defined as 
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With the effective projection directions and a 
proper parameter L, most of the neighbors will be 
contained in S. In general, S is a very small subset 
compared with the whole training set. This is the core 
of the accelerating strategy. 

Step 3: Perform the traditional kNN algorithm 
with set S.  

3.2.4  Constructing projection directions based on 
PCA 

There are countless unit vectors in the original 
space, but not all of them can be used as the projection 
directions. In fact, most of them are useless in finding a 
probable neighbor in its direction. Hence, choosing the 
projection direction is very important to the per-
formance of this strategy, and we should choose those 
directions that effectively reflect the information of 
the original space, i.e., the projection directions, to 
reserve as much original information as possible.  

PCA is a widely used method for transforming 
points in the original (high-dimensional) space into 
another (usually lower dimensional) space. Using 

Construct projection 
directions based on PCA

Compute projection 
values in each direction

Compute projection 
values in each direction

Training 
samples

A testing 
sample

Projection directions

Projection directions

Perform the traditional kNN algorithm with set S

Neighbor set S

Construct 
index table in 
each direction 

Query index table 
with binary search 

Index table

Training

Predicting

Fig. 2  Workflow of text classification 
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Fig. 3  Index table of each direction 
vi (i=1, 2, …, n) is the projection value of the original sample, 
v1≤v2≤…≤vn, and d(vi) is the vector of the original sample 
corresponding to vi 
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PCA, most of the information in the original space is 
condensed into a few dimensions along which the 
variances in the data distribution are the largest. 

Given a set of centered N-dimensional training 

text samples xi, i=1, 2, …, n, such that 
1

,
n

ii
 x 0  

where n represents the number of training samples, 
PCA diagonalizes the following covariance matrix: 
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where T
i ix x  is a vector product that yields an N×N 

matrix. Then we need to solve the following eigen-
vector problem: 
 

λv=Cv,                               (8) 
 
where λ{λ1, λ2, …, λN} is the eigenvalue of C, and 
v{v1, v2, …, vN} is the corresponding eigenvector. vi 
(i=1, 2, …, N) are the principal component vectors of 
the training set. The corresponding eigenvectors are 
ranked in descending order of eigenvalues. Hence, we 
can choose the first few eigenvectors as the projection 
directions. To use category information of the training 
set, PCA is processed on each class of the training set 
separately in our strategy. An algorithm for choosing 
projection directions is proposed as follows: 
 
Algorithm 2    Choosing projection directions based 
on PCA 

1. Let m be the category number of the training 
set. Compute the corresponding covariance matrix Ci 
(i=1, 2, …, m) of each category by Eq. (7).  

2. Compute eigenvectors Vi of Ci according to 
Eq. (8). Let N be the dimension of the training set. 
Then 1 2( , ,..., )i i i iNV v v v , where i=1, 2, …, m.  

3. Choose the first eigenvector of each Vi as the 
projection direction pi: 

 

11 21 1 1 2( , ,..., ) ( , ,..., ).m m P v v v p p p       (9) 

 
3.2.5  Two grades of accelerating strategies 

Reviewing the last step of the predicting phase in 
Algorithm 1, perform the traditional kNN algorithm 
with set S. As described in Section 3.1, this step 
contains two main sub-steps: (1) Find the k-nearest 

neighbors of a test sample x among S; (2) Predict the 
category of x according to the k-nearest neighbors by 
Eqs. (1)–(3). 

Meanwhile, there are two spaces for each sample, 
the original space and projection space. Hence, the 
first sub-step can be performed in the original space 
or projection space. To distinguish those two different 
branches of the accelerating strategy, call them 
‘kNN_A1’ and ‘kNN_A2’, respectively, and ‘kNN’ 
means the traditional kNN. The main steps of kNN_ 
A1 and kNN_A2 are as follows: 

1. Perform the same as in Algorithm 1 except 
step 3 in the predicting phase. 

2. Find the k-nearest neighbors in the original 
space and projection space in kNN_A1 and kNN_A2, 
respectively. 

3. Predict the category of x according to the 
k-nearest neighbors obtained in step 2 by Eqs. (1)–(3) 
in the original space. 

3.3  Analysis of time complexity 

As described above, kNN is time-consuming, 
since most of the time is spent on sample similarity 
computing, and the complexity of sample similarity 
computing is very large. Hence, we simply regard 
time consumption on similarity computing as the time 
complexity of kNN, kNN_A1, and kNN_A2. Some 
parameters are defined here: n is the size of the 
training set, N is the dimension of the original space, k 
is the k value of kNN, m is the category number of the 
training set (which is the same as the dimension of the 
projection space), and L is the size of the nearest 
neighbor set along each projection direction.   

According to Eq. (2), the time complexity of 
similarity computing depends mainly on the dimen-
sion of samples. Let t(x) be the similarity computation 
time for a pair of x-dimensional samples. Table 1 
shows the time complexities of kNN, kNN_A1, and 
kNN_A2. 

 
 
 
 
 
 
 
 
 

Table 1  Time complexities of kNN, kNN_A1, and 
kNN_A2 

Time consumption 
Algorithm

Projection space Original space 

Time 
complexity 

kNN 0 n·t(N) n·t(N) 

kNN_A1 0 mL·t(N) mL·t(N) 

kNN_A2 mL·t(m) k·t(N) mL·t(m)+k·t(N)
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In general, k, m, and L are much smaller than n 
and N. Thus, kNN_A1 and kNN_A2 have lower time 
complexity than kNN, and kNN_A2 has the lowest 
one. 

 
 

4  Experiments 

4.1  Datasets and evaluation criteria 

4.1.1  Datasets  

The datasets in the experiments come from two 
publicly available text datasets 20-Newsgroups 
(http://qwone.com/~jason/20Newsgroups/) and So-
gouCorpus (http://www.sogou.com/labs/dl/c.html). A 
series of pre-processing work is done on the original 
corpus, including word segmentation, dropping stop 
words, word frequency statistics, and dropping low 
term-frequency words (term-frequency lower than 
20). Table 2 shows the details of the datasets. The 
training set and testing set are chosen randomly. 

 
 
 
 
 
 

 
 
 
 

4.1.2  Evaluation criteria 

The experiments are performed using Matlab 
9.0b on a PC with Pentium Dual-Core E5200 2.5 GHz 
CPU, 4 GB RAM, and 500 GB hard disk. 

We use Macro-F1 and Elapsed-time to measure 
the algorithm performance: 
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Elapsed-time = Time consumption for 
classifying the testing set,   (12) 

 
where ri is recall, pi is precision, Macro-F1 is the 
average of the F1 values of all individual categories, 

and m is the number of categories. We use Macro-F1 
and Elapsed-time to evaluate the classifier perform-
ance for a corpus. 

In addition, Macro-F1-loss and Acceleration- 
ratio are used to compare kNN with the improved 
kNN: 

 
Macro-F1-loss=(Macro-F1 of kNN) 

−(Macro-F1 of improved kNN), 
(13) 

Elapsed-time of kNN
Acceleration-ratio= .

Elapsed-time of improved kNN
 

(14) 
 

Abbreviations are used in the following sections: 
MF1 (%), Macro-F1; ET (s), Elapsed-time; MF1L 
(%), Macro-F1-loss; AR, Acceleration-ratio. 

4.2  Performance comparisons 

The proposed approach is compared with the 
standard kNN and two improved kNN algorithms in 
the literature: AI-kNN (array-index kNN, which is a 
typical method based on space/data partitioning) 
(Aghbari, 2005), and INNTC (improved kNN for text 
categorization, which is a new method based on re-
duction of training samples) (Jiang SY et al., 2012). 
Here, we compare kNN_A2 with the baseline meth-
ods, and the performances of kNN_A1 and kNN_A2 
are analyzed in detail in the following. 

4.2.1  Parameter settings 

The k value of kNN is set as 10, around which 
kNN has better performance in our experiments. 
There are two types of AI-kNN: sphere/rectangle- 
tree (SR-tree) based and self-organizing map (SOM) 
based. In this study, we use the SOM based AI-kNN, 
which has better performance in experiments, for 
comparison. The output layer of SOM is set as 5×8, 
the maxIteration in training SOM is set as 50, refer-
ence node is center R, and k=10. INNTC has two 
primary parameters, ε (number of cluster centers) and 
k, which are set as the empirical values suggested by 
Jiang SY et al. (2012), ε=9 and k=30. Parameters of 
kNN_A2 are set as L=60, k=50.  

4.2.2  Experimental results 

The experimental results are presented in Table 3. 
AI-kNN has no Macro-F1-loss compared with kNN, 

Table 2  Details of the two datasets 

Set size of 
each category Dataset CN 

Training Testing 

Total 
size

Dimen-
sion 

20-Newsgroups 4 2000 2000 16 000 6538

SogouCorpus 6 600 300 5400 6111 

CN: category number. The four categories of 20-Newsgroups are: 
comp, rec, sci, talk; the six categories of SogouCorpus are: finance, 
health, sports, tourism, education, military 
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and both INNTC and kNN_A2 have a little (about 1%) 
loss in precision. This is because AI-kNN aims to find 
the exact k-nearest neighbors while INNTC finds the 
k-nearest neighbors of the cluster center, and kNN_A2 
retrieves the approximate k-nearest neighbors. 

 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
Both AI-kNN and INNTC are efficient in 

speeding up kNN, reducing the classification time by 
a factor of 5, but the training time of AI-kNN is much 
longer. The proposed method, kNN_A2, speeds up 
kNN by a factor of more than 20, significantly out-
performing AI-kNN and INNTC, and its training time 
is acceptable. 

On the whole, kNN_A2 greatly reduces the 
classification time of kNN while having very little 
loss in precision. It will be useful in the fields where 
one would like to obtain great improvement in time 
complexity at the expense of a little degradation in 
precision. 

4.3  Performance of kNN_A1 

For brevity, only the experiment results of So-
gouCorpus are shown here, since the performances of 
kNN_A1 are similar for both datasets. Fig. 4a shows 
the Macro-F1 obtained by kNN_A1 with different L 
and k. A larger L leads to a higher Macro-F1. As L is 
the size of the neighbor set along each projection 
direction, with a larger L more real neighbors of the 
original space can be included by S, according to  
Eq. (6). 

Similar to kNN, with the increase of k Macro-F1 
increases first, and then decreases, but more slowly, 
especially at large L. As the enlarged diagram shows, 
Macro-F1 is close to that of kNN when L≥60. 

Fig. 4b shows the time performance of kNN_A1 
with different L and k. A larger L takes more time, and 
similar to kNN, the Elapsed-time is not affected by k. 
As shown in Table 1, the time complexity of kNN_A1 
is related to L. A larger L leads to a higher time  
complexity.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.4  Performance of kNN_A2 

Likewise, only the experiment results of So-
gouCorpus are given here. Fig. 5a shows the Macro- 
F1 obtained by kNN_A2. It has the same characteris-
tics as kNN_A1. Fig. 5b shows the time performance 
of kNN_A2 with different L and k. The Elapsed-time 
depends mainly on k, and increases rapidly as k in-
creases. As the enlarged diagram shows, Elapsed- 
time is also slightly affected by L; that is, a larger L 
leads to a little more time. As shown in Table 1, the 
time complexity of kNN_A2 is related to both k and L, 
but m=6 is much smaller than N=6111 in our  
experiment. Thus, the Elapsed-time depends mainly 
on k. 

Table 3  Performance comparisons  

Dataset Method 
Training 
time (s) 

MF1 
(%) 

ET  
(s) 

MF1L
(%)

AR

kNN  89.89 686.10 0 1 

AI-kNN 36 461 89.89 134.08 0 5.12

INNTC 70.14 89.08 159.27 0.81 4.31
Sogou- 
Corpus 

kNN_A2 203.64 89.17 29.15 0.72 23.54

kNN  92.35 1578.42 0 1 

AI-kNN 81 024 92.35 304.03 0 5.19

INNTC 147.29 91.14 366.22 1.21 4.31
20-News- 
groups 

kNN_A2 344.58 91.29 57.35 1.06 27.52

MF1: Macro-F1; ET: Elapsed-time; MF1L: Macro-F1-loss; AR: 
Acceleration-ratio 
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4.5  Comparison of kNN_A1 and kNN_A2 

In Table 4, the performances of kNN_A1 and 
kNN_A2 are compared with those of kNN. The 
baseline is the highest Macro-F1 of kNN, with k=10, 
Macro-F1=89.89, Elapsed-time=686 s. Table 4 shows 
the comparison when k=50 in both kNN_A1 and 
kNN_A2. Table 5 shows the comparison when L=60 
in both kNN_A1 and kNN_A2.  

Tables 4 and 5 show that kNN_A1 and kNN_ A2 
are both effective in accelerating kNN, and that the 
Macro-F1-loss is not much.  

kNN_A2 usually has a much higher Accelera-
tion-ratio than kNN_A1 at the same Macro-F1-loss. 
For example, with the Macro-F1-loss of 0.72%, the 
Acceleration-ratio is 5.49 for kNN_A1, and 23.53 for 
kNN_A2 (Table 5).  

As shown in Table 4, for kNN_A1, Macro-F1 
and Elapsed-time both depend mainly on the L value. 
A larger L leads to a higher accuracy, but also a larger 
Elapsed-time.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
As shown in Table 5, for kNN_A2, Macro-F1 

depends mainly on the L value, while the Elapsed- 
time depends mainly on the k value, which is different 
from kNN_A1. For kNN_A2, a larger L and a smaller 
k are the better choice, leading to a higher accuracy 
and lower running time. Hence, kNN_A2 is superior 
to kNN_A1. In addition, L and k are configurable 
parameters, and we can always find a balance be-
tween running time and precision in different  
applications. 

Table 4  Comparisons among kNN, kNN_A1, and 
kNN_A2 with different L (k=50) 

MF1 (%) ET (s) MF1L (%) AR 
L

A1 A2 A1 A2 A1 A2 A1 A2

10 85.17 85.33 23.56 24.11 4.72 4.56 29.11 28.45

15 86.83 87.00 33.26 24.24 3.06 2.89 20.63 28.30

20 87.72 87.72 42.84 24.72 2.17 2.17 16.01 27.75

25 87.78 88.00 52.20 25.12 2.11 1.89 13.14 27.31

30 88.00 88.22 61.69 27.03 1.89 1.67 11.12 25.38

35 88.00 88.06 71.17 28.98 1.89 1.83 9.64 23.67

40 88.06 88.44 80.89 26.72 1.83 1.45 8.48 25.67

45 88.17 88.89 90.57 27.95 1.72 1.00 7.57 24.54

50 88.56 89.17 100.15 29.61 1.33 0.72 6.85 23.17

60 89.17 89.17 124.90 29.16 0.72 0.72 5.49 23.53

70 88.83 89.33 138.94 28.39 1.06 0.56 4.94 24.16

80 89.06 89.00 164.55 29.40 0.83 0.89 4.17 23.33

100 89.44 89.17 195.05 31.73 0.45 0.72 3.52 21.62

A1: kNN_A1; A2: kNN_A2. MF1: Macro-F1; ET: Elapsed-time; 
MF1L: Macro-F1-loss; AR: Acceleration-ratio 

Table 5  Comparisons among kNN, kNN_A1, and 
kNN_A2 with different k (L=60) 

MF1 (%) ET (s) MF1L (%) AR 
k

A1 A2 A1 A2 A1 A2 A1 A2

8 88.17 87.22 118.83 13.85 1.72 2.67 5.77 49.53

10 88.00 87.67 119.02 15.00 1.89 2.22 5.76 45.74

12 88.67 88.06 119.48 15.40 1.22 1.83 5.74 44.53

15 88.61 88.06 122.42 16.53 1.28 1.83 5.60 41.51

20 88.94 88.17 124.59 18.74 0.95 1.72 5.51 36.60

25 89.06 88.17 123.32 19.72 0.83 1.72 5.56 34.78

30 88.89 88.39 125.87 21.43 1.00 1.50 5.45 32.01

40 88.89 89.22 123.76 25.03 1.00 0.67 5.54 27.41

50 89.17 89.17 124.90 29.16 0.72 0.72 5.49 23.53

60 89.06 89.28 125.05 33.47 0.83 0.61 5.49 20.50

80 89.00 89.33 122.20 43.11 0.89 0.56 5.61 15.91

100 88.50 89.06 122.18 46.90 1.39 0.83 5.61 14.63

120 88.61 89.00 121.87 55.81 1.28 0.89 5.63 12.29

A1: kNN_A1; A2: kNN_A2. MF1: Macro-F1; ET: Elapsed-time; 
MF1L: Macro-F1-loss; AR: Acceleration-ratio 
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4.6  Impacts of training set size and original space 
dimension 

As analyzed in Section 3.3, the time complexity 
is also related to the training set size and original 
space dimension. However, how these two parameters 
affect the performance of our accelerating strategy is 
unknown. Therefore, we perform experiments with 
different sizes of training sets and different dimen-
sions of original spaces (Fig. 6). Here, we compare 
kNN with kNN_A2 at certain values of k and L: 

 
kNN: k=10; 

kNN_A2: k=50, L=60. 
 
As shown in Fig. 6, the Acceleration-ratio in-

creases continually as the training data size and 
original space dimension increase, which indicates 
that kNN_A2 is superior in cases of very large vol-
ume data. In other words, when the training dataset is 
small, the performance of our approach degrades to 
the same as that of kNN. 

 
 
 
 

 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 

 
 

Interestingly, for the small-scale data (small 
dataset or low dimension), Macro-F1-loss is negative, 
which indicates that kNN_A2 is still better than kNN 
in terms of both speed and accuracy with respect to 
small-scale data. 

Overall, Macro-F1-loss remains at a relatively 
low level (which fluctuates by 2%) with increase of 
the training set size and original space dimension.  
 
 
5  Discussion and conclusions 
 

This work focuses on improving the time per-
formance of the standard kNN and an effective ac-
celerating strategy is proposed. Experimental results 
show that this strategy greatly reduces the classifica-
tion time of kNN, at the expense of little reduction in 
prediction accuracy. It is superior in the applications 
that have high dimensions and very large datasets. In 
practical applications, we can always find a balance 
between the acceleration level and the degradation in 
accuracy by adjusting parameters in the strategy. 

The proposed strategy can be combined well 
with the dimensionality reduction approaches and 
training samples reduction approaches. The combi-
nation of different kinds of approaches will be our 
future work, to achieve better performance in terms of 
time and accuracy. 
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Abstract: Data sparseness, the evident characteristic of short text, has always been regarded as the main cause of the low accuracy 
in the classification of short texts using statistical methods. Intensive research has been conducted in this area during the past 
decade. However, most researchers failed to notice that ignoring the semantic importance of certain feature terms might also 
contribute to low classification accuracy. In this paper we present a new method to tackle the problem by building a strong feature 
thesaurus (SFT) based on latent Dirichlet allocation (LDA) and information gain (IG) models. By giving larger weights to feature 
terms in SFT, the classification accuracy can be improved. Specifically, our method appeared to be more effective with more 
detailed classification. Experiments in two short text datasets demonstrate that our approach achieved improvement compared with 
the state-of-the-art methods including support vector machine (SVM) and Naïve Bayes Multinomial. 


