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Abstract. In recent years, kNN algorithm is paid attention by many researchers 
and is proved one of the best text categorization algorithms. Text categorization 
is according to training set which is assigned class label to decide a new docu-
ment which is not assigned class label belongs to some kind of document. Until 
now, kNN algorithm has still some issues to need to study further. Such as: im-
provement of decision rule; selection of k value; selection of dimensions (i.e. 
feature set selection); problems of multiclass text categorization; the algo-
rithm’s executive efficiency (time and space) etc. In this paper, we mainly focus 
on improvement of decision rule and dimension selection. We design an adap-
tive fuzzy kNN text classifier. Here the adaptive indicate the adaptive of dimen-
sion selection. The experiment results show that our algorithm is effective and 
feasible. 

1   Introduction 

With the development of the web, large numbers of documents are available on the 
Internet. Automatic text categorization becomes more and more important for dealing 
with massive data. It becomes a key technology to deal with and organize large num-
bers of documents. More and more methods based on statistical theory and machine 
learning has been applied to text categorization in recent years. For example, k-
nearest neighbor (kNN)[1]-[4], Naive Bayes[5][6], Decision Tree[7][8], Support  
Vector Machines (SVM)[9], Linear least squares fit[10], neural network[11][12], 
SWAP-1, Rocchio and so on. Among these algorithms, kNN algorithm is studied by 
many researchers and is proved one of the best text categorization algorithms.  

In recent years, many researchers study the improvement of kNN when the class dis-
tribution is uneven. They mainly focus on the improvement of decision function to 
resolve the problem of uneven class distribution, such as [13]-[17]. Our algorithm is 
based on the improvement of decision function too, but our improvement is very differ-
ent from theirs. We adopt the theory of fuzzy sets, through analyzing the relationship 
among distance, similarity and membership function, according to the similarity, design 
a new weighted factor, at the same time we study the effect of dimension selection to 
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categorization performance. We design a formula of dimension selection. The experi-
ment shows that our improvement is feasible. 

2   The Classical kNN Algorithm Based on SWF Rule 

At present, there are two main decision rules in kNN algorithm, that is, the discrete 
value rule DVF (Discrete-Valued Function) and the weighted similarity rule SWF 
(Similarity-Weighted Function). The most widely used is the SWF rule. This paper 
mainly focuses on this rule. The kNN algorithm based on SWF rule can be described 
as follows: 

The system searches k documents (called neighbors) that have the maximal simi-
larity (cosine similarity) in training sets. According to what classes these neighbors 
are affiliated with, it grades the test document’s candidate classes. The similarity 
between the neighbor document and the test document is taken as this class weight of 
neighbor documents. The decision function can be defined as follows: 
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),( iXXsim denotes the similarity between training document and test document. 
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i
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3   The Improved kNN Decision Rule 

In classical kNN algorithm, there is an obvious problem: when the density of training 
data is uneven it may decrease the precision of classification if we only consider the 
sequence of first k nearest neighbors but do not consider the differences of distances. 
To solve this problem, we adopt the theory of fuzzy sets, constructing a new member-
ship function based on document similarities as follows: 
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Where j=1, 2, …, c, ),()( iij XXsimXμ is the membership of known sample X to 

class j. If sample X belongs to class j then the value is 1, otherwise 0. From this for-
mula, we can see that in reality the membership is using the different distance of 
every neighbor to the candidate classifying sample to weigh its effect. Parameter b is 
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used to adjust the degree of a distance weight. From paper [6] we can know that the 
best value field of b is between 1.5 and 2.5, always using 2, in this paper we take the 

value 2. Then fuzzy k-nearest neighbors’ decision rule is: If )(max)( XX i
i

j μμ = , 

then jX ω∈ . 

Why we amend formula (1) to formula (2), the reasons mainly are: 

1) Similarity has relation to distance 
A distance function or a similarity function is a general measurement of pattern rec-
ognition. In topology, a distance can be defined as [18]: suppose the space is Ω , x 

and y are arbitrary two points in this space. Mapping +→Ω×Ω Ryxd :),(  is 

called the two points’ distance, if the mapping satisfies three conditions as follows: 

(1) Ω∈∀= xxxd ,0),( ; 

(2) Ω∈∀= yxxydyxd ,),,(),( ; 

(3) Ω∈∀+≤ zyxyzdzxdyxd ,,),,(),(),( . 

If the d(x, y)’s value field is [0, 1], i.e., ]1,0[:),( →Ω×Ωyxd , then d(x, y) is 

called unitary distance between x and y and is expressed by ),(0 yxd . 

We can use a unitary distance ),(0 yxd  to express similarity sim(x, y). Sim(x, y) 

can be defined as follows [19]: ]1,0[),(),(: 0 ∈→ yxsimyxdf , where f must 

satisfy the following conditions: 

If ),(),( 220110 yxdyxd > , then ),(),( 2211 yxsimyxsim ≤ ; 

If ),(),( 220110 yxdyxd < , then ),(),( 2211 yxsimyxsim ≥ ; 

If ),(),( 220110 yxdyxd = , then ),(),( 2211 yxsimyxsim = . 

Through the above definition, we can educe the function relationship between a 
distance and a similarity from the definition of distance, which is given independ-
ently; whereas we can educe another transfer relationship from the definition of dis-
tance, which is given by similarity. This is the internal relationship between a distance 

and a similarity. The relationship between a unitary distance ),(0 yxd  and a similar-

ity sim(x, y) of arbitrary two points in feature space Ω  can be described using com-

plementary function ),(1),( 0 yxdyxsim −= [19]. 

2) The similarity has relation to membership 
The value field of a similarity and a membership is [0, 1]. This is not an occasion but 
a result of consanguineous affiliation between them. Through the concept of existing 
fields, we can relate a similarity with a membership. The existent field can be de-
scribed as follows: around a point x in feature space Ω  forms a field, for an arbitrary 
point y in the space, the value of this field can be measured by the similarity sim(x, y) 
that y towards x. Such a field is called an existing field. This field forms a fuzzy set 



 An Adaptive Fuzzy kNN Text Classifier 219 

around the center point x, can be described as A. Any point in the field belongs to A. 
Its membership can be measured by the similarity between this point and the center 
point x. The nearer the distance is to x, the higher the possibility it belongs to A. Con-
trariwise it is not. The value of membership in the center point x is maximal, i.e., the 
constant value 1. Hence, from the meaning of existing field, around a point x in fea-
ture space Ω , there exists a potential fuzzy set A, the similarity which any point y for 
A in this set can be measured by the similarity between y and x, that is, 

),()( yxsimyA =μ [19]. 

4   The Research of Dimension Selection 

In text categorization, dimension is defined as the number of the feature words in VSM 
(Vector Space Model). For text documents, the dimension is always thousands upon 
thousands. Such high dimension is not permitted by a classifier. This is so called curse 
of dimensionality. Among this feature words, only a lot is useful for text categoriza-
tion, many of them are noise words which hurt the performance of text categorization. 

At present, there are many methods to reduce the dimension space. In text catego-
rization, people always use feature selection method to reduce the dimension, such as 
Information Gain, Cross Entropy, Mutual Information, CHI, Weight Evidence of 
Text, Odds Ratio and so on. These methods can reduce the dimension space greatly. 
But there still over thousands feature words after feature selection. So how many 
dimensions to be selected are proper; how many dimensions to be selected are to 
make the categorization performance best. 

After we study other authors’ experiments in kNN and its variants and the research 
of our own experiment, we find that when the classes and number of documents in 
training set are certain we can approximately make sure the dimensions of selection. 
It follows the formula as follows: 
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Where num(max(class)) is the document numbers of the maximum class in training 
set, num(min(class)) is the document numbers of the minimum class in training set. If 
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 is less than 1, we consider it as 1. 

5   Experiment 

5.1   The Datasets 

In this paper, we use two datasets to validate our algorithm. One dataset comes from 
the International Database Center, Dept. of Computing and Information Technology, 
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Fudan University, China. The other dataset is Reuters-21578. We select 15 classes 
among 90 classes. The distribution of the class is uneven.  

5.2   Experiment Result and Analysis 

In experiment of Fudan’s dataset, the feature dimension is 2000; the step of k is 5. In 
experiment of Reuters-21578, the feature dimension is 1000; the step of k is 5 too. 
The experiment result can be described as Table 1 and Table 2: 

Table 1. The categorization performance in Chinese dataset when k is different 

kNN fkNN 
Value k 

Macro-F1 Micro-F1 Macro-F1 Micro-F1 

10 81.972 79.907 83.802 82.346 

15 81.571 79.326 83.441 81.882 

20 81.077 78.397 82.564 80.720 
25 80.717 77.468 82.547 80.372 
30 80.307 76.887 81.876 79.443 
35 80.061 76.423 81.627 78.978 
40 78.458 74.100 81.016 78.165 
45 77.885 74.100 80.612 77.700 
50 77.657 72.822 80.232 77.120 

Table 2. The categorization performance in Reuters-21578 dataset when k is different 

kNN fkNN 
Value k 

Macro-F1 Micro-F1 Macro-F1 Micro-F1 

10 67.000 86.664 68.529 86.483 

15 66.855 86.628 69.472 86.991 

20 66.715 86.737 69.179 86.919 
25 66.942 85.519 69.560 87.028 
30 66.540 86.337 69.499 86.882 
35 65.738 86.374 68.300 86.810 
40 65.033 86.374 68.050 86.919 
45 64.446 86.337 68.364 87.100 
50 60.739 86.265 67.827 86.919 

From Table 1 and Table 2, we can find that the improved kNN algorithm (fkNN) 
show better categorization performance than kNN no matter what the dataset is Chi-
nese data or Reuters-21578. It has about 3% improvement in average performance. 
This proves that our improvement in decision rule is effective and feasible. This 
method solves the uneven problem of class distribution better. 
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Table 3. The categorization performance in Chinese dataset when dimension is different. Note 
that the highest accuracy is highlighted with bold font 

kNN fkNN dimen-
sion Macro-F1 Micro-F1 Macro-F1 Micro-F1 

1000 80.207 76.655 82.133 79.791 
2000 77.735 73.287 80.612 77.700 

3000 78.219 73.287 81.931 79.210 

4000 76.150 70.151 80.155 76.423 
5000 76.396 70.267 79.306 74.913 
6000 74.671 67.596 77.440 72.358 
7000 69.258 60.163 74.595 67.712 
8000 76.150 70.151 70.527 62.137 

Table 4. The categorization performance in Reuters-21578 dataset when dimension is different. 
Note that the highest accuracy is highlighted with bold font 

kNN fkNN dimen-
sion Macro-F1 Micro-F1 Macro-F1 Micro-F1 

1000 64.446 86.337 68.364 87.100 

2000 64.473 84.375 67.773 84.847 

3000 63.525 84.012 67.675 84.375 

4000 63.977 83.830 65.696 84.230 
5000 63.177 83.539 65.755 84.230 
6000 63.250 83.503 65.728 84.048 
7000 63.412 83.612 65.623 84.121 
8000 64.030 83.576 65.853 83.975 
9000 63.209 83.321 65.751 83.939 
10000 62.829 83.031 65.896 83.830 

Note that in Table 3 and Table 4, k takes 45. From Table 5, we can see that when 
dimension is 1000, the categorization performance of kNN and fkNN reaches the 
best. This result is very accordant with our dimension design formula: 
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=1×1000=1000. From Table 6, we can find that when dimen-

sion is 1000, kNN and fkNN’s categorization performance is the best. This result is 
consistent with our dimension formula design too. We use our dimension formula 
design in other author’s kNN and its variant experiment [13][14][21]. It has the same 
good result of fitting our dimension formula. Even though it can not get the best point, 
it must be the better point. The experiment result shows that this dimension formula 
design is effective and feasible. 
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6   Conclusion 

In this paper, we mainly discuss the improvement of decision rule and design a new 
algorithm of fkNN (fuzz kNN) to improve categorization performance when the class 
distribution is uneven. Based on this, we study the selection of dimensions and design 
a dimension selection formula. The experiment proves that our method is effective. 

In the future, we need to study further on how to select the k; the impact of value k 
to dimension selection; how to improve the decision rule further, what their effects to 
be on each other and so on. 
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