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Abstract. Text categorization involves training models and making predictions over
high-dimensional feature space. With the exponential growth on the amount of text resources on
the Internet, the demand and difficulty of classifying digital text documents increases over the
past decades. k nearest neighbors (KkNN) has been proved to possess satisfying predictive power
on text classification problems. However, KNN is sensitive to local data structures and its time
cost is proportional to the product of the training set size and the feature space dimensionality.
This paper proposes a novel text classification method called PCA pre-processed local
correlation vector KNN (PCA-Local-CorVec-kNN) that applies PCA and kNN consecutively to
the text datasets and introduces local correlation vectors to the sets of nearest neighbors
produced by kNN. The proposed method has lower time cost than conventional KNN because of
using PCA and is robust to local data structures since correlation vectors are introduced.
Problems such as imbalanced datasets, choosing different k values for different samples,
weighted voting are also tackled by the proposed method.

Keywords: K nearest neighbors, local data structures, principal component analysis, text
categorization.

1. Introduction

With the development of Internet technologies, publication and access to digital text documents have
been made easy. Over the past two decades, the amount of digital text documents grows exponentially
[1]. Therefore, efficiently retrieving useful information from large digital text datasets has become a
hotspot for research. The mainstream opinion on resolving the issue lies on mimicking real libraries.
That is, classifying digital text documents to enable easy future retrieval. As a result, a new field called
text categorization emerged. Text categorization is the study of classifying text documents by assigning
them to one of the pre-defined classes. Many researchers have put efforts on text categorization and their
results have been used in various domains such as webpage classification [2-4], sentiment identification
[5,6], spam filtering [7-9], and search result disambiguation [10,11].

A typical text classification process usually involves four steps - feature extraction, feature selection,
feature transformation, and classification [12]. Text extraction step is responsible for extracting useful
information from the text corpus and converting them into appropriate feature representation and format
that can be fed into subsequent steps to conduct text classification. Feature selection step selects relevant
features and drops irrelevant features from the feature set constructed by the feature extraction steps in
the text extraction step according to some feature selection metric. Feature transformation takes on the

© 2025 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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responsibility of making further processing on the features chosen by the feature selection step to make
them be ready to be fed into the classification step. The processing made in the feature transformation
step includes feature space transformation, dimension reduction, centering, standardizing, etc. Finally,
the classification step performs text classification using the data produced at the end of the feature
transformation step. It should be noted that the second and third steps are not mandatory for a text
classification model since the minimal tools needed to perform text classification is a feature extractor
that extracts information from the corpus and a classifier that utilizes the extracted information to
perform text classification.

kNN is a well-known machine learning classifier that is a considered better for text categorization
than other famous classifiers such as Naive Bayes and Term Graph [13]. It predicts the label of a given
sample according to the result of the majority voting of the labels among its k nearest neighbors in the
feature space. However, there are several issues plagued kNN, and the one that is considered of much
importance is KNN's inability to detect local data structures. Conventional KNN finds a given test
sample's k nearest neighbors by computing the Euclidean distances between the test sample and every
training example, and then selecting the top k training examples with the closest distances. This
approach could run into trouble when the given test sample is near class boundaries, the sample space is
sparse, or some other complex and subtle situations occur. Figures 1-1, 1-2 and 1-3 demonstrate three
situations in which local data structures cannot be detected by conventional KNN. In Figure 1-1, the
given test sample is near the class boundary of a binary classification problem. By looking at the graph,
a natural observation that the test sample belongs to circular class could be made. However, if KNN is
used to make prediction, different results will be obtained. If k is set to 5, KNN would predict circular
class for the test sample, but if k is set to 7, kNN would predict triangular class. In Figure 1-2, the feature
space is sparse. It would be intuitive to predict the test sample belonging to circular class by looking at
the graph. However, KNN would predict triangular class for both k = 3 and k = 5. In Figure 1-3, KNN is
used to perform binary classification on imbalanced dataset. Although it can be observed directly from
the graph that the given test sample is very likely to belong to circular class, the majority rule used by
kNN will always result in the prediction of triangular class for any k > 7. Therefore, as illustrated by
Figures 1-1 to 1-3, kNN is unable to detect local data structures.
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Figure 1-1. Binary classification using kNN at class boundaries
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Figure 1-2. Binary classification using KNN in sparse feature space
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Figure 1-3. Binary classification using kNN in imbalanced dataset
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Field researchers have been putting their efforts on solving this deficiency of kNN, and correlation
matrix KNN (CM-kNN) was proposed [14]. CM-KNN constructs a correlation matrix between the entire
training set and test set. The correlation matrix is used as a weight matrix used by the training set to
approximate the test set. By investigating entry values of the correlation matrix, the weight of every
training sample in approximating each test sample are known. Therefore, local data structures are
detected by CM-kNN since the level of similarity between each pair of training and test samples can be
obtained from the correlation matrix. However, since CM-kNN uses least squares loss function to
compute the correlation matrix, and the correlation matrix is computed based on the entire training set, it
suffers from global outliers that have relatively strong positive correlations with the test sample under
consideration the training samples that are collinear to the test sample under consideration. Figures 2-1
and 2-2 demonstrate how those global outliers and collinear training samples affect CM-kNN and lead
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to misleading results. In Figure 2-1, the global outlier has extremely large feature values for those
features that the test sample has positive values. As a result, the fitted weight of the global outlier in
approximating the test sample is 0.8, which represents a relatively strong positive correlation. In Figure
2-2, a collinear training example whose feature values are roughly two times as large as those of the
given test sample is given. Thus, as indicated by the graph, the fitted weight of the training sample is 2,
which indicates a string positive correlation. However, due to the doubled feature values, the collinear
training example is unlikely to be a member of the k nearest neighbors of the test sample.
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Figure 2-1. A global outlier with relatively large positive correlation with the given test sample
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Figure 2-2. A training sample that is highly collinear to the given test sample
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To resolve CM-kNN's sensitivity to global outliers and collinear training examples, this paper proposes
local correlation vector KNN (Local-CorVec-kNN), which computes a local correlation vector between
each test sample and its k nearest neighbors. Since Local-CorVec-kNN considers only the k nearest
neighbors of a given test sample when computing the correlation vector, most outliers and collinear
training samples have been filtered out and will not correspond to any entry in the correlation vector. As
a result, Local-CorVec-kNN not only detects local data structures, but also is robust to global outliers
and collinear samples. Furthermore, as individual correlation vector is computed for each test sample by
Local-CorVec-kNN, the complex and time-consuming L :-norm regularization and LPP regularization
used in CM-kNN become unnecessary and can be dropped. Therefore, time costs are saved.

As mentioned before, high dimensionality is the major problem for text classification. There are
many existing approaches to reduce feature space dimensionality, and PCA is one of the most widely
applied and effective one. Therefore, the novel method proposed by this paper combines PCA and
Local-CorVec-kNN to conduct text classification. Besides local data structures, collinearity, global
outliers, and high dimensionality, the novel method also tackles other problems, including choosing
different k values for different test samples, weighted voting, and imbalanced datasets.

The rest of the paper is organized as follows. Related works are reviewed in section II.
Local-CorVec-kNN is introduced in Section Ill, and subsections are used to explain and analyze the
detailed implementation of each part of the proposed method. Finally, we draw our conclusions and
remarks in Section 1V.

2. Related works

A text classification method consists of four consecutive parts. These are feature extraction, feature
selection, feature transformation, and classification. Text extraction extracts information from raw text
documents and converts it to features that can be used by a classifier. The extraction process is based on
vector space model, that is, it views a text document as a dot in the N-dimensional feature space [15].
The mainstream approach for constructing the N-dimensional feature space is bag of words (BoW). In
BoW, a term-document matrix is constructed to store useful information in different dimensions about a
text document. The number of rows, D, of a term-document matrix represents the number of text
documents in the corpus, and the number of columns, N, represents the number of unique words (terms)
in the corpus. The entry value at the i-th row and j-th column of a term-document matrix represents the
weight of term j in document i. Unlike the widely agreed opinion on using BoW to use the form of a
term-document matrix to store useful information of a text document, various weight determination
schemes have been proposed for computing the importance of a specific term to a specific document,
and until now there is no clear winner. One of the simplest weight determination schemes uses term
frequency (tf) to quantify the importance of a term to a particular document. In tf, the weight of term j in
document i is the number of occurrences of the term in that document. However, due to the variable
document length, terms that occur often in long documents may dominate the terms that only occur in
short documents in the term-document matrix [16]. One solution to this problem is to normalize tf by
document length to make every term weight in the matrix is on the same scale. Another solution is to use
document frequency (df). Df only considers whether a term is present in a document or not. Thus, the df
of a term is equal to the number of documents in the corpus that the term occurs. However, several facts
worth noting before using df. Firstly, terms that occur frequently in all classes are considered less
important, because it is hard to use them to discriminate documents from different classes. Secondly,
terms that occur frequently in some classes are considered more important, because their weights are
positively correlated with specific classes, and this information could be used to identify documents
from those classes [17]. In addition, most corpora are highly skewed [18], so terms that occur frequently
in larger classes usually dominate terms occur frequently in smaller classes. As a result, inverse
document frequency (idf) was proposed to balance the weight differences cased by the differences of
class sizes. Finally, as suggested by effect models, it looks reasonable to consider both the document
level importance with the class level importance of a term. Therefore, term frequency-inverse document
frequency (tf-idf) was proposed [19]. Besides tf-idf, many other terms weight determination schemes
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were also proposed by field workers. Examples of them include Bi-Normal Separation (BNS) [20] and
information gain (I1G) [21].

Feature selection increases classification accuracy and efficiency [22] by finding the minimal subset
of features that produces classification performance that is as good as that of using all features [23].
Feature selection methods can be split into three categories - filter, wrapper, and embedded methods.
Filter-based feature selection methods assign ranks to features according to some ranking criterion.
Features with higher ranks will be selected over features with lower ranks. Representative filters include
information gain (IG), odds ratio (OR), and Chi-square (CHI2). Wrappers, compared with filters, uses a
learning algorithm to iteratively evaluate the performance of candidate feature subsets the until the
(sub)optimal is found [24]. Wrappers could be further divided into three subcategories - exponential
complexity methods, population-based approaches, and genetic algorithms (GAs). Embedded methods,
on the other hand, are classifier specific because they do not separate feature selection and the
classification, but combinedly conduct the two steps instead [25]. An embedded method iteratively
feeds candidate feature subsets to the classifier to train different models. And those subsets correspond
to models with better performance get favored. In general, filter is computationally less expensive than
the other two categories of feature selection metrics because of its simple implementation and no
incurring of other algorithms. Therefore, filter is the most popular category among the three [26].

In the field of text categorization, despite that feature selection removes many noisy and irrelevant
features, feature space dimensionality is still overwhelming after feature selection, especially for large
datasets. This is due to the nature of sparsity of feature space of text datasets [27]. Thus, it has become a
necessity to transform the feature space of text documents into a computationally more feasible format
before performing classification. Various feature transformation methods have been proposed, and most
of them accomplish the goal of generating better feature format via dimension reduction. Dimension
reduction is usually achieved by projecting the original feature space onto a lower dimensional
subspace. Typical dimension reduction techniques for text categorization include latent semantic
indexing (LSI) and PCA. Both LSI and PCA are linear in that all the direction vectors of the bases of the
new subspaces produced by LSI and PCA are linearly spanned by vectors of the original feature spaces
[28]. In other words, if LSI or PCA are used, there exists a covariance matrix such that the matrix
multiplication of the covariance matrix and the new feature set representation is equal to the original
feature set representation. Specifically, LSI takes on the assumption that terms which are close in
meaning will appear in similar text documents [29]. Therefore, by treating rows of term-document
matrix as terms and columns as documents, LSI performs singular value decomposition (SVD) to
generate a new matrix that has fewer number of rows and keeping the relative relationships among the
columns of the term-document matrix. The cosine value of the angle between two column vectors of the
new matrix is to measure the corresponding text documents’ similarity. Specifically, two documents are
very similar if the cosine value is close to 1 and are quite different if the cosine value is close to 0.
Compared with LSI, PCA does not take on any assumption and focuses on the geometrical distribution
of the feature set of text documents. By setting the value of a hyper-parameter p, PCA compresses the
original feature space to a p-dimensional subspace. The first direction of the subspace is the direction in
the original space that possesses the largest variation of data. The second direction of the subspace is the
direction in the original space that has the second largest variation of data, while it is orthogonal to the
first direction. The remaining p - 2 directions of the subspace are determined in a similar manner.

Several well-known machine learning classifiers such as support vector machines (SVMs), kNN,
Naive Bayes, and decision trees has been applied to text categorization and proved to have good
performance. SVM and kNN are considered the better ones among them [30]. In a binary classification
setting, a SVM explores the training data to find the decision surface that maximizes the gap between
two classes. Gap is defined as the sum of distances from the two closest data points of different classes to
the decision surface. Thus, class labels of unseen data are determined by SVM according to the decision
surface obtained in the training phase. In multi-class classification, SVM also works by adopting the
one-against-all setting [31]. In an one-against-all setting, SVM treats the class of consideration as the
positive class and all the remaining classes combinedly as the negative class. Then, a binary SVM could
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be trained to find the decision surface for the positive class. This process could be repeatedly performed
to train multiple binary SVMs to find out the decision surface for every class. KNN, on the hand, does
not have a training phase. KNN determines the class label of a test sample by conducting a majority
voting of the class labels among the k nearest neighbors of the sample. For a given test sample, a
neighbor is a training sample that is near to it in the feature space. A common measure of nearness used
by kNN is Euclidean distance. To make interpretations straightforward and computations simple,
Euclidean distance is adopted as the distance measure metric used in this paper.

3. PCA-Local-CorVec-kNN

As mentioned before, a text classification method can be divided into four steps - feature extraction,
feature classification, feature transformation, and classification. Each part has its own tasks on
classifying text documents. In this paper, the proposed method used tf-idf and stopword removal in the
feature extraction step, CHI2 feature selection metric in the feature selection step, PCA in the feature
transformation step, and Local-CorVec-kNN in the classification step. Figure 4 illustrates the overview
of the implementation of PCA-Local-CorVec-kNN. Mathematical notations and detailed
implementation of each part of the proposed method are explained in the following subsections.

3.1. Notations

In this study, we use boldface uppercase characters to denote matrix; boldface lowercase characters to
denote vectors; plain italic lowercase characters to denote scalers. For a matrix X = [x], X' is used to
denote its i row and x; is used to denote its j"" column. X is used to denote the mathematical mean of
vector X. We denote the term-document matrix obtained in the feature extraction step by X, with the row
vectors X', i = 1, 2, ..., d, representing the documents in the training set, and column vectors x;, j = 1,
2, ..., n, representing features extracted by tf-idf. It follows at the end of the feature extraction step, the
number of rows of the term-document matrix is d, and the number of columns is n. Let X denote the test

set, and let t denote the number of documents in the test set.

. Feature [
Text Datasets Feature Extraction [ Feature Selection [ . +#{  Classification
Transformation

Figure 2. Overview of the implementation of PCA-Local-CorVec-kNN

3.2. Feature extraction

In the feature extraction step, tf-idf is used to extract features from the corpus. Common English
stopword list is applied to remove terms that occur too frequently in all classes. Examples of the terms
from the stopword list are the, of, and for, which are ubiquitous in all text documents and so they have no
or little semantic contributions to text document discrimination. At the end of the feature extraction step,

X11 X1z Xan
- . x x X2 ; ,
the training set is represented by X =|"2" . "?* . TI| where x;;, 1<i<d, 1<j<n,
Xd1 Xd2 ' Xgn

represents the tf-idf value of term j in document i.

3.3. Feature selection

CHI2 feature selection metric is used in the feature selection step to remove noisy and irrelevant
features. CHI2 conducts a Chi-square test on each feature for each class [32]. A large x? value in the
Chi-square test imples a strong correlation between the feature and the class, and therefore, the feature is
more likely to be selected as a feature for that class. Let n' denote the number of terms after feature
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selection and let X' denote the tf-idf representation of the training set after feature selection. Then we

Y11 X1z X
X21 X22 Xan'

have X' = . . . |, where n’ < n.
Xd1 X4z e Xan

3.4. Feature transformation

In the feature transformation step, PCA is performed. PCA is a widely applied dimension reduction
method. By setting the value of the hyper-parameter p, PCA reduces the dimensionality of the feature
space obtained at the end of the feature selection step to p. Specifically, the original feature space is
projected onto a p-dimensional feature space. The p direction vectors of the basis of the new feature
space exactly match the p directions of the original feature space with the largest variations, and they are
pairwise orthogonal to ensure that the new feature space is exactly p dimensional. Therefore, while PCA
effectively reduces feature space dimensionality, it also keeps as much of the variation information of
the dataset as possible.

Note that PCA uses training set’s sample variances to produce the new feature space, and sample
variances are computed using sample means. Thus, we can simplify notations of subsequent steps if we
center every column of X using the corresponding column mean. To be specific, centering is done by
subtracting the corresponding column mean from each column of X. Let C denote the resultant matrix
after centering. Then we have

C=X—-[x1x, . x Xy =[x1—X1 x3—X5 o Xpoq—Xp_q X'n—X]
Then let Z denote the orthonormalized basis of the new feature space obtained by PCA and W denote
the new representation of the training data using the new basis Z. It follows that Z is of size p times n,
and W is of size d times p. Since PCA is a linear feature transformation method, we have

c=wz (1)
Since Z is an orthonormal basis, its column vectors are pairwise orthogonal. That is,
Z7" =1, 2)
By multiplying Z” on both sides of equation (1), we get
cz" =wzz’ (3)
Then by inserting equation (2) into equation (3), we can get expression of W
CZT=WI,=>W=CZ" (4)

There is one thing left to be done before conducting PCA — determination of the value of the
hyper-parameter p. Recall that PCA tries to keep as much of the variance information of the dataset as
possible. Thus, it is natural to use the percentage of original data variation being kept by the new data
representation produced by PCA as a measure of goodness of different p values. For example, if we
want PCA to produce a new data representation that preserves 90% of the variation within the original
representation of a dataset and want to keep the new feature space as small as possible, we will choose
the smallest p value such that the ratio of the summation of column variances of the two data
representations is at least as large as 90%. That is,

J=P gi=D 2 =2l 12 ,

p= min{p:% > 90%} = min{p:% = 90%} = min{p: ”VCV"Z > 90%)} Subject to
Yo Zisrc X el el

p€[lLn —1] (5)

After p is determined, the orthonormal basis Z can be formed. Then back to the problem of text
classification, according to equation (4), after the original training set representation C is obtained in
the feature selection step, we could compute the new training set representation W.
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3.5. Classification

In the classification step, Local-CorVec-kNN is applied. Since a bunch of pre-processing technigques
were applied to the training data, the same set of techniques should be applied to the test data before
running KNN. Specifically, the test set should adopt the same set of features as that of the training set at
the end of the feature selection step. Then, centering should be applied to the test set using the column
means of the training set. Next, PCA is applied to the test set to get the test set's new representation using
the orthonormal basis Z, which was obtained from the training set.

As discussed before, one major problem faced by conventional kNN is its inability to detect local
data structures. One solution to this is to use CM-kNN, which computes a correlation matrix to and uses
it to reconstruct the entire test set using the entire training set. Each column of the correlation matrix
stores the contributions of every training sample to reconstructing a given test sample. Therefore, for a
given test sample, local data structures could be detected by investigating the corresponding column
vector in the correlation matrix [14]. Since CM-kNN is robust to local data structures, it is robust to
sparse feature space. Note that one nature of text datasets is the sparsity of its feature space [27].
Therefore, CM-kNN fits text datasets better than conventional KNN. However, CM-KNN is sensitive to
the training samples that are collinear to the test sample under consideration and global outliers that have
relatively strong positive correlations with the test sample under consideration. To deal with this
dilemma of CM-kNN, this paper proposes Local-CorVec-KNN. Compared with CM-kNN, instead of
constructing a large correlation matrix for the entire training set and test set, Local-CorVec-kNN
constructs a small correlation vector of size 1 times k for each test sample and its k nearest neighbors.
Thus, for a given test sample, the corresponding correlation vector is bound to k training samples, and
this significantly reduces the number of training samples being considered. Consequently, the
possibility of encountering collinear training samples and global outliers gets largely reduced.

It should be noted that Local-CorVec-kNN uses a least squares loss that is smooth and convex, a
[, —norm regularizer that generates unique solution, and a l; — norm regularizer that generates
sparsity within the correlation vector.

Let X denote a test sample after pre-processing and b denote the test sample’s k nearest neighbors.
Then we have

b’ b1y b1
b? :

B = = [b1 b, by_1 bp] =1 :
bk bkl bkp

where the row vectors b' = (b;; b;, - bl-p)T, i=12,..,k, represents the i-th nearest neighbor of X,
and the column vectors b; = (byj byj - b3j)T, j=12,..,p, represents the j-th feature of the k
nearest neighbors of X.

Then a correlation vector m could be constructed between the given test sample ¥ and its k nearest
neighbors B to build a numeric view of local data structures. That is, we use the matrix-vector product
BTm to approximate ¥, with each of m 's entries representing each of ¥'s k nearest neighbors’
contribution to approximating x. Thus, we can build a least squares objective in search for the optimal
m that achieves the best approximation performance:

minimize f(m) = |BTm — ¥||2, m =€ R* (6)
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my

m
where m = | .|, with my, i = 1,2,..., k, represents the weight of the i-th nearest neighbor of X in

my
approximating X using B.
Note that f(m) is of quadratic form, so it is a smooth and convex function. Thus, it is minimized by
letting its gradient equal to O:

Vf(w) =2B(BTm—%) =0 =>BB"m=B"% => m = (BB")"'B™% (7)

However, the BBT in equation (7) is not guaranteed to be invertible. A common solution to this issue is
adding a I, — norm regularizer to objective function (6):

minimize f(m) = ||[BTm — ¥||> + A|lm||?>, m € RX, A € R* (8)

where A representing the amount of the penalty put on the entry values of m, with big A representing
large penalty and small A representing small penalty.

The linear system is still smooth and convex after adding the [, — norm regularizer. However, if we
let its gradient equal to 0, it will always generate a unique solution with the [, — norm regularizer
added

Vfw) =2B(BTm —%) +2Am =0

=>(BB" + \l)m = BT =>m = (BBT + AI)"1BT% 9)

where BBT + Al is guaranteed to be invertible due to the adding of the term Al

However, the added penalty term A||m||? in objective (8) only decreases the weights of less relevant
or irrelevant neighbors, but not selecting neighbors. To enable neighbor selection, a [, — norm
regularizer is added to the objective to set the weights of those neighbors to be dropped to zero

minimize f(m) = ||BTm — ¥||> + 1,||m||?> + 1,||m||, m € R¥, 1,1, € R* (10)

By adding the [, — norm regularizer and the [; — norm regularizer, not only a unique correlation
vector could be obtained for each test sample, but also the most relevant neighbors among the k nearest
neighbors of a test sample will be selected. In the field of statistical learning, objective function (10) is
called an elastic net regression.

Since least square loss function is convex, l; — norm regularizer and [, — norm regularizer are
convex, and the summation of convex functions are convex, objective function (10) is convex.
However, it is not smooth at m = 0 because of the [; — norm regularizer. Therefore, we can solve it
by using partial derivatives rather than gradient. So, by expanding objective function (10), we have
minimize f(m) = [|B"m — %||* + 4, |Iml3 + 2;[lm/l,

12
= Z?=1[2¥=1(Bijmi - xi)] + 1 X mE + A, X ml, 4,2, €RY (11)
or, equivalently,
minimize f(m;) = [Z;-‘zl(Bijmi - ij)]z + A4m? + A, lmil, A, A, € RY,i=1,2,...k  (12)

where +4, is used when the value of m; is positive, and —A4, is used when the value of m; is
negative.
Then we can take partial derivatives on objective function (12) to get

(,f—n’; = 2m; XX, Bij(Bij — %) + 2Aymi £ 5, Ay, 2, €ERY,i=12,.., K (13)
where +4, is used when the value of m; is positive, and —A, is used when the value of m; is
negative.

By letting partial derivative (13) equal to 0, we get
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of

ami

=0 => Zmi Z?=1Bij(Bi]' - fj) + Z}llmi i /12 =0

— . =T Az +
=> m; +22;‘(=1(Bi2j_3ijfj)+2/11’}11’}{2 €ER (14)

where a positive sign on the right hand side of equation (14) is resulted from a negative m;, and a

negative sign is resulted from a positive m;, and if neither of m; = —(——2— and
23k, (B3 -Byj%))+21

makes partial derivative (13) equal to 0, then it means that objective (12) is

p— Az

zzj?ﬂ(Bizj—Biﬁj)nAl
dominated by the l; — norm regularizer and is minimized at the indifferentiable angular turning point,
which is at m; = 0. Therefore, the solution of equation (14) is m; = 0 if neither of the expression on
the right-hand side of equation (14) make objective (13) equal to 0.

m;=

3.6. Quantitative analysis of time cost complexity

If PCA is not performed and conventional KNN is used to classify text documents, the matrix for the
training set would be of size d*n'. Then the cost of computing the KNN nearest neighbors of a single test
sample would be O(n'd) since kNN computes the sum of the Euclidean distances of every feature
between a training sample and the given test sample, and this process should be done for every test
sample. Therefore, the overall time cost of running KNN for a test set of size t would be O(n'dt).

If PCA is used, we first need to determine the value of the hyper-parameter p. Suppose the
percentage of variation of the original data representation that we want to preserve in the new feature
space is known, then we need to run PCA for O(logz(h)) times to ensure the optimal p value is found,
where t is the number of digits after the decimal point that we want the proportion to be. This is done by
performing a binary search on the interval (0,1). For each value of p, we tried, O (1) time is needed to
form the orthonormal p*p basis Z. Then the new representation of the training set, W, could be
computed in O(n'dp) time according to equation (4). Accordingly, the time cost of performing PCA for
the test set would be O(tdp). Then the time cost of running KNN on the new data representation would be
O(n'pt).

If Local-CorVec-kNN is used, the cost of computing an entry of a correlation vector is O(p)
according to equation (14). Thus, the cost of constructing correlation vectors for the entire test set would
be O(tkp). Note that since the correlation vector is local, the value combination of A4, and A, is local as
well. Therefore, we empirically set 1, =1, 1, = 1.

Therefore, the total time cost complexity of the proposed method would be O((n'+t)dp + n'pt + tkp).
This is of lower magnitude than O(n'dt) when the value of t is very large. Note that in real applications,
we are usually given limited amount of data to train a model that makes predictions on very large
datasets. This is especially true for text categorization due to the exponential growth of the amount of
online digital text document resources. Hence, the proposed method not only deals with the issue of high
feature space dimensionality and local data structures but can also be scaled to conduct text
categorization for big data.

3.7. Discussion: Other Issues Tackled by PCA-Local-CorVec-kNN

Besides detecting local data structures and decreasing feature space dimensionality, other problems are
also tackled by the proposed method. It has become an agreed opinion that different k values should be
used for different test samples [33]. PCA-Local-CorVec-KNN can choose different k values for
different test samples by dropping those neighbors corresponding to zero entry values in the correlation
vector. In addition, correlation vector entries could be used to conduct weighted voting, since their
values describe the extent of similarity of different neighbors to a given test sample. Finally, since the
proposed method assigns different weights to different neighbors, neighbors from different classes are
more likely to have small weights and thus, are more likely to be dropped. Therefore, even when there
are many neighbors from the negative class lying around a given test sample, most of them will be
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detected and dropped in the end by PCA-Local-CorVec-kNN. Therefore, the proposed method is more
robust to imbalanced dataset than conventional KNN.

4. Conclusion

The main contribution of this paper is the novel method for text classification -
PCA-Local-CorVec-kKNN. This method utilizes PCA to deal with the issue of high feature space
dimensionality of text documents. The method also utilizes Local-CorVec-kNN to cope with local data
structures. By using PCA in the feature transformation step, the feature space dimensionality of text
documents gets effectively reduced, which in turn reduces the computing resources and running time
complexity in the classification step. Local-CorVec-kKNN could detect local data structures and is more
robust to collinear training data samples and global outliers than CM-KNN. Furthermore,
Local-CorVec-kNN also deals with other machine learning problems, including choosing different k for
different samples, weighted voting, and imbalanced dataset.

Since we empirically choose the values of A, and A, for each test sample, it is necessary to find
better methods for optimizing the two parameters in the future. In addition, we empirically choose CHI2
feature selection metric in the feature selection step. However, there might be some other feature
selection metric that fits better with PCA-Local-CorVec-kNN instead of the CHI2 in this paper. Thus,
theoretical analysis as well as comparative experiments need to be conducted to figure this out.
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