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Abstract. Text classification has received increasing interest over the
past decades for its wide range of applications driven by the ubiquity of
textual information. The high dimensionality of those applications led
to pervasive use of dimensionality reduction methods, often black-box
feature extraction non-linear techniques.

We show how Non-Negative Matrix Factorization (NMF), an algo-
rithm able to learn a parts-based representation of data by imposing
non-negativity constraints, can be used to represent and extract knowl-
edge from a text classification problem. The resulting reduced set of fea-
tures is tested with kernel-based machines on Reuters-21578 benchmark
showing the method’s performance competitiveness.

1 Introduction

The non-negative matrix factorization (NMF) [I] is an algorithm which is able to
learn a parts-based representation of data by imposing non-negativity constraints
that allow only non-subtractive combinations. Similarly to principal component
analysis (PCA) [2] that is based on finding a new representation (eigenspace) of
the original data, NMF is also a projection method since the original data is pro-
jected onto the new space. In contrast to PCA, the projected coefficients that are
obtained using the NMF method are only positive. Furthermore, some of the basis
components for PCA are distorted versions of the original data. The NMF basis is
radically different: it is possible to extract localized features that correspond bet-
ter with intuitive notions of the parts of the original data [I]. This correspondence
is in fact knowledge about the underlying problem, which can be used not only to
guide learning procedures, but also to provide interpretability to users.
Although the concept is not new, since it has been investigated in linear
algebra [3] where it was called positive matrix factorization (PMF), the last ten
years have witnessed a large amount of research on NMF since the seminal work
[1/4] was presented. Several variants of NMF have been proposed by researchers.
Hoyer [B] proposed a method of non-negative sparse coding which minimizes a
new cost function containing a positive regularization parameter. NMF has also
been applied to many areas such as bioinformatics [6I7)8], molecular pattern
discovery [9], chemometrics [10], pattern recognition [I] and risk analysis [1T].
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In text classification, the vectors represent or identify semantic features, i.e.,
a set of words denoting a particular concept or topic. If a document is viewed
as a combination of basis vectors, then it can be categorized as belonging to the
topic represented by its principal vector. Thus, NMF can be used to organize
text collections into partitional structures or clusters directly derived from the
nonnegative factors. Therefore in the text mining and classification area, NMF
has been essentially applied in unsupervised settings.

In [I2] a methodology for automatically identifying and clustering semantic
features or topics in a heterogeneous text collection is presented. A hybrid NMF
algorithm is proposed that can be used to construct a parts-based representa-
tion of the text data, in which the localization of the parts or features can be
regularized to create a balance between computational cost and accuracy. In [13]
a document clustering method is proposed based on the non-negative factoriza-
tion of the term-document matrix of the given document corpus. The authors
have demonstrated that NMF outperforms methods such as singular value de-
composition and is comparable to graph partitioning methods that are widely
used in clustering text documents. In [14] a version of NMF with an extended
cost function and with smoothness constraints is proposed and applied to email
surveillance again in an unsupervised setting.

In our work, we propose to use NMF in a supervised setting. We use NMF
as preprocessing dimensionality reduction step, obtaining a set of interpretable
extracted semantic features that can next be used by a standard learning algo-
rithm, namely support vector machines. This strategy intends to retrieve the best
of both approaches, namely provide the user with an interpretation of semantic
features and maintain a competitive edge on classification performance.

This paper is organized as follows. In Section [2a brief review of non-negative
matrix factorization is presented. The proposed approach for knowledge extrac-
tion for text classification is discussed in Section Bl Experimental setup is intro-
duced in Section M and results are presented and discussed in Section [l Finally
in Section [0l we conclude the paper along with further lines of future research.

2 Background on Non-negative Matrix Factorization

Non-negative matrix factorization (NMF) is an algorithm to obtain a linear
representation of data under non-negativity constraints. These constraints lead
to a parts-based representation because they allow additive, not subtractive,
combinations of the original data [I]. The basic idea is below.

First, represent a corpus as an n X m matrix V, where each column corre-
sponding to an initial document, includes n non-negative elements characterizing
the term values and m is the number of training documents. Then, we can find
two new non-negative matrices (W and H) to approximate the original matrix:

-
Vij o (WH)i; = > WiaHa, W € RV, H € R, (1)

a=1
where matrix W consists of r non-negative basis vectors and the rank r is usually
chosen to be as small as possible for dimensionality reduction, while column
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vectors of H represent the weights in the approximation of the corresponding
columns in V' using the bases from W. From the original definition, we know,
in contrast to the PCA approach, no subtractions can occur in the above NMF
procedure, so the non-negativity constraints are compatible with the intuitive
idea of combining parts to form a whole document.

The constrained minimization problem can be put as minimizing the difference
between V' and W H by [15]:

min f(W, H) = ZZ i — (WH);)? )

subject to Wm >0,Hy; >0V, 5

The most popular approach [I] to solve this problem seeks to iteratively update
the factorization based on a given objective function. This approach is similar
to that used in Expectation-Maximization (EM) algorithms and is known as the
multiplicative algorithm given below:

Algorithm 1. NMF algorithm [1]

Input: V € R™™™ and r = rank

Step 1. Randomize W and H with positive numbers in [0, 1].
Select a cost function to be minimized.

Step 2. With W fixed, update H, then update W for the updated H.
Iterate until the process converges.

Return: W € R™"*” and H € R™*™.

In the above algorithm, the cost function is either C1(V,WH) =|| V-WH ||%
(where || . ||F is the Frobenius norm) or the generalized Kullback-Leibler di-
vergence 02(‘/, WH) = Zi’j(VijlogVij/(WH)ij — Vi]‘ + (WH)U) When cost
function C is used, the formulee for updating H and W are:

(VHT),;,

Wia = Wia ’
(WHHT);,

3)

(4)
whereas if cost function Cj is used, the updating formulae for H and W are:

Vij
ia = ia H j 5
Wia =W, z]: W), T (5)

Wia
Zj VVJ’a7

Vij
(WH);;”

Wia = (6)

Hb] = Hb] Z Wm



Knowledge Extraction with Non-Negative Matrix Factorization 303

The above equations are obtained by minimization using non-linear program-
ming methods such as the gradient descent [I5]. Several bound-constrained op-
timization techniques have been used [BII8] to solve the problem. Since factors
W and H are nonconvex only local minimum is guaranteed to be obtained [4]. An
implementation in MatLab is provided in [I5] where a systematical experimen-
tation of CPU run time is exploited in an image benchmark data. However, the
NMF algorithms based on gradient descent method exhibit slow convergence.

A simpler yet efficient way is to use multiplicative update algorithms. A
convergence proof of Lee-Seungs multiplicative update algorithm for nonneg-
ative matrix factorization is given in [I7]. Alternating Least Square (ALS) is
considered an alternative to the traditional multiplicative update algorithms
and gradient descent (additive) algorithms. In this algorithm, a least square
step is followed by another least square step in an alternating manner. The
NMF/ALS algorithm [14] sets the negative components in the unconstrained
least squares solution to zeros. According to the authors while the optimiza-
tion problem is not convex in both W and H, it is convex in either W or H.
Hence, given one matrix it is possible to find the other using the least squares
computation. A simple implementation of the algorithm is proposed in [I4]. Al-
though this method may solve the subproblems faster, its convergence behavior is
problematic.

There are other known decomposition techniques but only NMF implies that
the nonnegative constraints are obeyed which, with texts, is specially important
since any term that composes a text has a non-negative value. The fact that
numerical methods used for NMF are able to extract underlying patterns or
features as basis vectors can be used for identification and classification [19].

3 Knowledge Extraction for Text Classification

Text classification can be defined as the automatic assignment of semantic cat-
egories to natural language texts or documents. Documents are represented by
vectors of numeric values, with one value for each word that appears in any
training document, making it a very high dimensional representation. Moreover,
the number of available text documents is increasing exponentially [20], lending
a tremendous importance to the dimensionality of the problem.

Common feature selection and dimension reduction methods used in this work
to reduce the number of features (words or terms) are stopword removal, Porter
stemming and removing less frequent words.

Beyond these general dimension reduction methods, we propose to apply non-
negative matrix factorization (NMF) as knowledge extraction method, giving
text classification users a reliable insight into the dimensionality reduction step.

3.1 Semantic Features

NMF, as described in the last section, can be applied to supervised learning
settings as a pre-processing feature extraction technique. In this case, the new
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set of extracted semantic features consists of the matrix H, that represents each
of the m training documents with r new features, instead of the initial n terms.

On the other hand, matrix W incorporates the information of how the r new
semantic features are constructed from the initial n terms. Therefore, it can be
used to find an interpretation of the NMF feature extraction. Given that the
number of initial features, as well as the number of training documents, are
usually very high, some form of selection of more relevant term contributions
has to be found. Each semantic feature we extract is represented by the terms
with highest frequency in that feature. This procedure will allow for a perception
of which initial terms were considered in the extraction of the semantic features.

3.2 Learning Approach

Support vector machines (SVM) are state-of-the-art learning algorithms for text
classification [20]. SVM are a learning method introduced by Vapnik [21] based
on Statistical Learning Theory and Structural Minimization Principle. When
using SVM for classification, the basic idea is to find the optimal separating
hyperplane between the positive and negative examples. The optimal hyperplane
is defined as the one giving the maximum margin between the training examples
that are closest to it. Support vectors are the examples that lie closest to the
separating hyperplane. Once this hyperplane is found, new examples can be
classified simply by determining on which side of the hyperplane they fall.

To test the effectiveness of the semantic feature extraction classification per-
formance we used SVM in the learning step and for baseline comparison. Fig. [l
represents the proposed approach. The initial corpus representation is reduced
by extracting features with NMF and the interpretation of the semantic features
is retrieved to the user. The reduced representation is then used to infer a SVM
model and results are also presented to the user.

Initial
Terms
Dimensionality n

l NMF

Get Semantic
Features

Extracted

Features @

Dimensionality r
l VM J
Learned

— | Evaluation
Model

Fig. 1. Proposed approach: NMF-SVM

4 Experimental Setup

4.1 Benchmark: Reuters-21578

Reuters-21578 is a financial corpus with news articles averaging 200 words eachll.
In this corpus there are 21578 classified stories into 118 possible categories.

! Reuters-21578 is publicly available at http://kdd.ics.uci.edu/databases/reu-
ters21578 /reuters21578.html
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Table 1. Contingency table for binary classification

Class Positive Class Negative

Assigned Positive a b
(True Positives) (False Positives)
Assigned Negative c d

(False Negatives) (True Negatives)

However, the corpus comes with a set of predefined training and testing splits.
The commonly used ModApte split [22] filters out duplicate articles and those
without a labeled topic, and then uses earlier articles as the training set (9603
items) and later articles as the testing set (3299 items).

4.2 Classification Metrics

The performance will be evaluated using the testing sets defined for each cate-
gory, with several metrics to determine the learning ability. In order to assess a
binary decision task, we first define a contingency matrix representing the pos-
sible outcomes of the classification, as shown in Table[Il Several measures have
been defined based on this contingency table, such as, Error Rate (, +2‘: n 2
Recall (,%,) and Precision (},). Measures that combine recall and precision

have been defined, such as, the van Rijsbergen’s Fjg measure [23], which com-
2

bines recall and precision in a single score, Fg = (s BJ{]IJ:}_DRX R

best suited measures for text classification [24]. Thus results reported in this

paper are macro-averaged F1 values.

and is one of the

5 Results

This section presents and analyzes both semantic and classification results. In-
terpretability, given by the analysis of extracted feature representation is always
subjective. In fact, each user in each application is in the best place to evaluate
it. In Reuters-21578, categories are highly correlated, as can be inferred just by
their names. Therefore semantic differences will be necessarily scarce.

To capture the semantic information in each extracted feature, we first applied
stopword removal, Porter stemming and removing words that appeared in less
than 190 documents, resulting in an initial dimensionality of n = 497. Then, the
proposed NMF-SVM approach was carried out with a rank r = 200 of embed-
ded semantic features. Thus we obtain the W matrix (n x r) resulting from the
NMF representation step, i.e. 497 initial features x 200 semantic features. As the
semantic features are very high-dimensional vectors, each one is represented by a
list of the words (initial features) with highest frequency in that specific semantic
feature, as shown in Fig. 2l For Reuters-21578 five words were heuristically con-
sidered sufficient to provide some interpretability (other thresholds can be found
for other data sets). We can glean a coherence from these semantic features, de-
spite the inherent difficulty in distinguishing some of the Reuters-21578 classes:
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Table 2. F} performances for Reuters-21578

Category SVM NMF-SVM

Earn 97.06%  97.20% =+ 0.22%
Acq 93.78%  93.65% + 0.49%
Money-fx 64.57%  73.66% + 3.64%
Grain 71.63%  75.40% =+ 1.76%
Crude 74.83%  79.89% =+ 1.01%
Trade 70.53%  73.16% =+ 1.31%
Interest 69.01%  72.55% + 1.91%
Ship 31.37% 62.00% + 10.03%
Wheat 70.27%  68.11% + 6.37%
Corn 52.17%  58.77% =+ 5.25%

Average 69.52%  75.44% + 1.31%

mine corn
gold crop
letter quarter
rate grain
purchase merger
economist shipment
price return
worth value
rate past
monetary statement

Fig. 2. Examples of semantic features derived with NMF from Reuters-21578. Each
feature is represented by the five words with highest frequency.

the top left is related to trade, the top right to wheat/grain/corn, the bottom left
to interest /money-fx and the bottom right to ship.

Table [2] presents the F; performances for the Reuters-21578 categories with
and without NMF feature extraction. The SVM software used was libsvm inter-
face to Matlabd. NMF includes a random initialization of the W matrix, thus the
procedure was carried out in ten runs to achieve statistical significance (mean
and standard deviation values are presented). Concerning SVM settings, both
results from baseline (SVM) and our approach (NMF+SVM) were achieved with
a linear kernel, the C' parameter (balance between error and generalization) set
to 100 and w1l set to two (errors on positive examples, i.e. false negatives, are
twice as important as false positives). The baseline of comparison was inferred
using the initial already reduced representation of the corpus, with 497 terms,
and the NMF+SVM strategy uses only the 200 semantic features extracted with
NMF. Comparing both approaches, we can conclude that the new proposed tech-

2 http://www.csie.ntu.edu.tw/~cjlin/libsvim /#matlab
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nique presents an overall improvement of around 6% within acceptable standard
deviations.

6 Conclusions

In this paper we show how non-negative matrix factorization (NMF) can be
used as a knowledge extraction technique for text classification, improving both
interpretability and performances.

NMEF has the property of intuitive parts-based representation of the original
features. This unique ability can be extremely helpful to aid users gain knowledge
about text classification systems. Usually complex text classification tasks, i.e.
tasks that do not fully rely on words on users’ queries, but rather use more
elaborate learning mechanisms, appear suspicious to users. If researchers can
provide interpretable knowledge, still using cutting-edge learning, more users will
rely on them, expanding even more the field of applications of text classification.

Further work along these lines will include a more elaborate model of inter-
pretability and more effort on the learning of class-specific semantic features.
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