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Abstract. The field of text mining has increasingly relied onNon-negativematrix
factorization (NMF) for its ability to perform high-dimensional data reduction and
visualization. This paper aims to employ NMF in analyzing a dataset of 1,500
documents and 12,419 words in bags-of-words format, obtained from the UCI
Machine Learning Repository. Our analysis demonstrates the utility of NMF in
effectively classifying ambiguous and sparse textual data into distinct topics and
extracting meaningful contents through the identification of relevant keywords.
Further, we demonstrate the robustness of NMF in topic clustering by exploring
the semantic relationship between extracted keywords and the topics to which they
belonged.Ourfindings offered valuable insights into the application ofNMF in text
mining and suggested that universities in Vietnam could leverage this technique
to analyze feedback and suggestions from students.
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1 Introduction

The growth of high-dimensional data has led to an increased need for advanced tech-
niques to extract and derive valuable information from large volumes of data [1]. In
data mining, the main objectives of such techniques are generally focused on reducing
high-dimensionality while preserving the majority of original information and cluster-
ing and interpreting underlying features from the original data, which can enable the
exploitation of valuable knowledge and information thereafter [2]. Accordingly, vari-
ous techniques based on data decomposition, such as Principal Component Analysis
(PCA), Independent Component Analysis (ICA), Support Vector Machine (SVM), and
Non-negative Matrix Factorization (NMF), have been utilized in data mining to extract
pertinent information. Of these techniques, NMF has demonstrated robustness for non-
negative data,which are naturally present in real-life datasets such as the number of pixels
in an image, the number of occurrences of each word, and stock prices. The constraint
of non-negative data in decomposed matrices leads to the part-based representation of
NMF and improvement of interpretability [3, 4]. Therefore, NMF may be better suited
for non-negative data and part-based representation compared to other techniques.
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NMF gained popularity after a seminal paper by Lee and Seung [5], which pro-
posed an algorithm and highlighted the advantages of NMF, such as straightforward
interpretability and potential ability of part-based representation. Indeed,NMFcan effec-
tively reduce the dimensionality of data withminimal information loss by approximately
extracting high-dimensional data into low-rank matrices. Additionally, NMF automati-
cally clusters the original data by sparse andmeaningful features, which enables intuitive
visualization of hidden correlations.As a result, NMF is a prominent tool to represent and
factorize non-negative datasets in various fields, including signal processing, biomedical
engineering, text mining, image processing, and more [6].

Due to the non-negative characteristic of word-document frequency of occurrence
and NMF’s automatic clustering abilities, NMF has proven effective and well-suited to
analyze semantic and topic modeling in text mining [7]. Text mining can apply various
applications, such as analyzing customer behaviors, conducting market research, and
filtering malicious or spam content to enhance business performance [8]. Categorizing,
interpreting, and discovering underlying features, word connections, and knowledge
from a vast volume of text collections from document corpuses are considered as essen-
tial tasks in text mining. Topic clustering based on semantic might be themost prominent
approach to text mining. To process data, text collections must undergo pre-processing,
including tokenization and stop-word elimination under bags-of-words format. Then,
NMF can automatically cluster meaningful topics by combining attributes in the two
extractedmatrices, resulting in low-dimensional data presentation.Given that the amount
of textual data collections is growing larger and larger, such as on social network plat-
forms (e.g., Facebook, Twitter, and Instagram) and email systems (Gmail and Yahoo),
NMF applications in text mining are promising to uncover latent components and hidden
topics of textual data by part-based representation.

In the context of university management, understanding students’ viewpoints, reac-
tions, and sentiments plays a vital role in enhancing educational quality and school
facilities. The vast amount of feedback and comments sent from social media (e.g.,
Facebook and Twitter) and emails over the years should be made more compact, under-
standable, and intuitive to visualize, instead of becoming a burden for managers and
staff. Accordingly, NMF can give the benefits of extracting the most concerned issues of
students by topic clustering. In Vietnam, there are few studies in text mining that utilize
NMF in textmining for educationmanagement in universities. Therefore, this paper aims
to demonstrate the robustness of NMF in text mining by conducting an experiment from
a data corpus. From the ambiguous and unstructured textual data, NMF might effec-
tively cluster meaningful topics as well as gain insights into the underlying connections
in terms of semantic between keywords within the clustered topics.

This studywas structured into fourmain sections: Introduction,Methodology, Exper-
iment, and Conclusions. The Introduction section presented an overview of the robust-
ness of Non-negative Matrix Factorization (NMF) and its applications in text mining.
In the Methodology section, a text mining process was proposed, which detailed the
application of the NMF algorithm for topic clustering. The Experiment section pro-
vided a description of the dataset used, the experimental procedures employed for pre-
processing the raw data, and the experimental results obtained. Finally, the Conclusions
section outlined the significance of the study.



An Application of Non Negative Matrix Factorization in Text Mining 289

2 Methodology

2.1 Text Mining Process

In this study, a text mining process was proposed, which involved the application of the
NMF algorithm (see Fig. 1). The process began with the pre-processing of raw data,
which involved tokenization and stopword removal, and was referred to as the “Data
Pre-processing” step in Fig. 1. The pre-processed data was then transformed into a bags-
of-words format and transferred to a 2-dimensional matrix (n documents x m words),
which served as the observed data, referred to as the “Text Transformation” step. The
NMF algorithmwas then applied to decompose the observed data into matrices, referred
to as the “Applying NMF” step. Finally, the extracted topics accompanied by keywords
within each topic were presented in the form of decomposed matrices, which constituted
the “Text Mining” step.

Fig. 1. Proposed text mining process.

2.2 Non-negative Matrix Factorization Algorithm

From the algebraic perspective,NMF is relevant tomatrix decomposition.Given a dataset
consisting of non-negative elements, the NMF algorithm aims to approximate it as the
product of two low-rank matrices, as shown in the following equation:

A ∼= W × H (1)

where A is the observed data (n x m), which n dimensions and m data points of each
dimension, W is the basic matrix (n x k), and H is the coefficient matrix (k x m). Each
data point in the A matrix can be approximated by a linear combination of the rows
of W and the columns of H. The columns of W can be interpreted as basis vectors or
“building blocks,” while the rows of H present the coordinates of data points of W, used
to approximately reconstruct the observed data.

ThematricesWandHare initially randomized, and then determined through iterative
updates based on the convergence of local optimal matrix factorization. The value of k
ranges from 1 to the minimum of n and m. In other words, the original n dimensions are
reduced to k.

Since NMF approximates the A matrix, we could evaluate the fit-goodness between
the reconstructed and observed data. The reconstructed matrix R = W x H is calculated
as follows:

R =

⎡
⎢⎢⎢⎣

w11 w12 . . . w1k

w21 w22 . . . w2k
...

...
. . .

...

wn1 wn2 . . . wnk

⎤
⎥⎥⎥⎦ ×

⎡
⎢⎢⎢⎣

h11 h12 . . . h1m
h21 h22 . . . h2m
...

...
. . .

...

hk1 hk2 . . . hkm

⎤
⎥⎥⎥⎦ = W × H (2)
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Values in W and H are updated and terminated based on the minimum least-squares
error (E) optimization between the original (A) and reconstructed (R) matrices.

E = min‖D − R‖2F (3)

3 Experiment

3.1 Data Set

For the experiment, we utilized a textual dataset obtained from the Neural Information
Processing Systems (NIPS), a highly regardedmachine learning conference. The dataset
was obtained from the UCI Machine Learning Repository [9]. After initial processing
steps such as tokenization and removal of stopwords, the dataset was transformed into
bags-of-words format, and consisted of 12,419 words (n) in a vocabulary list and 1,500
documents (m), with approximately 2 million words in the colletion in total. Due to
copyright restrictions, the name of each document was not provided, resulting in an
untagged and ambiguous dataset, which was suitable for the purpose of topic clustering.

Fig. 2. The data obtained from NIPS and stored in Matlab. The left table presents the frequency
of occurrence of each word in a single document. The right table presents the vocabulary list of
12,419 words.

3.2 Experimental Procedures

The raw data consisted of the vocabulary list of 12,419 words and the frequency of
occurrence of each word in a single document. The latter was presented in the form
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of [docID wordID count], as illustrated in Fig. 2. For instance, the first line [1 2 1]
indicates that the second word (wordID = 2, “aaa” – obtained to the vocabulary list)
occurs once in the first document (docID= 1). From the raw data, we constructed aword-
document matrix A of dimensions 12,419 x 1,500 to store and process information using
the TF-IDF (Term Frequency-Inverse Document Frequency) normalization method. For
example, A[1, 2] = 1 means that the second word ID (wordID = 2) appears once in the
first document (docID = 1).

Following the application of Non-negativeMatrix Factorization (NMF), we obtained
two decomposed matrices, W and H. W is the basic matrix (12,419 words x k topics),
while H is the coefficient matrix (k topics x 1,500 documents). We normalized matrix
W by the maximum value in each column, and matrix H by the maximum value in each
row. W and H provided insights into the initial word-document matrix, which lacked
any class labels and was seemingly chaotic.

Each column of matrix W represented a basic vector, where higher values (from 0 to
1) indicated greater significance of a word (or term) in a topic, as well as a high degree
of semantic association with other words in the same topic. We selected the top 20 most
important words, which were corresponding to the 20 largest values in each column of
W as representatives, to investigate the content of each topic. Meanwhile, values in each
row of matrix H (i x j) indicated the extent to which document j belonged to topic i. A
high value (from 0 to 1) indicated that document j was strongly associated with topic i.

The number of topics (k) was determined based on the semantic relationships
and combined attributes between words in matrix W. After matrix decomposition, we
obtained the following information: (1) the number of clustered topics, (2) the most
significant words in each topic (from matrix W), and (3) the topic to which a document
belonged (from matrix H).

To evaluate the performance of NMF, we analyzed the relationship between the
semantic of 30 words that appeared most frequently in a document and the semantic
of the top 20 most important words in the topic to which the document belonged. We
selected five documents that belonged to the five extracted topics as representatives to
confirm the robustness of NMF in terms of semantic similarity between keywords in the
documents and topics. A clear explanation of the relationship between the most frequent
words in a document and the keywords in the topic to which the document belonged
confirmed the efficacy of NMF.

We used Matlab (Mathworks Inc.) to perform all kinds of data processing.

3.3 Experimental Results

Due to the relatively large and extremely sparse nature of the data in bags-of-words
format, the coefficient of determination between the original and reconstructed data was
found to be low. For instance, whenwe chose the number of topics was 100 topics, which
was too large and unrealistic, the r2 value was still relatively low, i.e. 0.41. As such, the
selection of the appropriate value of the number of topics (k) was based on semantic
similarity, rather than r2. Specifically, the value of k was reduced until the topics were
distinguishable, while maintaining semantic coherence. Ultimately, a value of k = 5 was
chosen, resulting in a mean coefficient of determination (r2) of 0.27.
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Upon completion of the matrix decomposition, the basic matrix W was obtained
with dimensions of 12,419 words by 5 topics. From this matrix, the 20 most important
words were selected to represent each of the topics. The resulting five topics (A to E) are
presented in Fig. 3, along with their respective most important words. Topic A seemed
to focus on neural network architectures, such as inputs, outputs, training set, and the
number of hidden layers to enhance performance.Meanwhile, TopicBwas highly related
to functions and algorithms, which focused on parameters such as the number of classes,
weights, and training data sets. Topic C was relevant to models using control systems
for speech or image recognition, such as the Hidden Markov model (with the keyword
“hmm”), which can be controlled or modified by parameters and methods related to
Gaussian probability distribution. Topic D appeared to describe the processing to neural
information of the biological brain, such as synaptic responses, spike signals, firing,
circuits, or stimulus. Finally, Topic E appears to be related to reinforcement learning
with specific keywords related to learning algorithm as policiy, rule, states, and action,
which enables to obtain an optimal controller applied for robot.

Fig. 3. The data of 5 extracted topics (5 columns) and the most 20 important words (20 rows) in
each topic.

The coefficient matrix H, consisting of 5 topics and 1500 documents, facilitated
the determination of a document’s topic by identifying the highest value within a given
column. Figure 4 presents three subsets of 15 representative documents each, specifically



An Application of Non Negative Matrix Factorization in Text Mining 293

docID = 1 to 5, docID = 501 to 505, and docID = 1000 to 1005, which were used to
represent the entire set of 1500 documents.

Fig. 4. The coefficient matrix H of 15 documents (docID from 1 to 5, 501 to 505, and 1000 to
1005) as representatives. The highest value of a bar means that document belonged to the topic.

As can be seen in Fig. 4, we could determine a document belonged to a certain topic
based on the highest value of a column in the coefficient matrix H. For example, the first
column of matrix H (docID = 1, see Fig. 4), the highest value was the first bar, which
implied the first document (docID = 1) belonged to topic A.

Fig. 5. Five selected documents which were apparently belonged to 5 topics.

To assess the efficacy of Non-negative Matrix Factorization (NMF) in topic cluster-
ing, we chose five documents that clearly pertained to the five topics (i.e., those with
a high value in matrix H, approaching unity) as representatives. As depicted in Fig. 5,
the documents with docIDs of 774, 839, 440, 45, and 738 belonged to topics A, B, C,
D, and E, respectively. Subsequently, we examined the semantic association between
the 30 most frequent words in a given document and the top 20 important words in the
corresponding topic to which the document belonged, as can be seen in Fig. 3 and Fig. 6.

Firstly, with regards to the document with a docID of 774, which belonged to topic A
(Fig. 5), it was apparent that the top 30most frequentwords and the top 20most important
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Fig. 6. Thirty words which has the most frequent in the 5 documents as representatives. Bold and
red words indicate that these words also appeared in the topic that a document belonged to. (Color
figure online)

words in topic A shared a significant degree of semantic similarity. Specifically, both the
document and topic A contained keywords that pertain to neural network architectures,
including terms such as “input”, “output”, “training”, “set”, “weight”, “number”, and
“layer”.

Secondly, the document with a docID of 839, which was associated with topic B in
Fig. 5, might be related to the generalization bound for neural networks. As such, this
document shared certain keywords with topic B, such as “function”, “training data”,
“parameter”, and “bound”.

Thirdly, the keywords of both the document with a docID of 440 and topic C were
related to the Hidden Markov model (“HMM”), with various features such as “data”,
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“parameter”, “distribution”, “probability”, and “likelihood”, leading to the document
being grouped into topic C.

Moreover, both the document with a docID of 738 and topic D shared numerous
keywords, including “cell”, “firing”, “neuron”, “model”, “stimulus”, and “response”.
Therefore, it was suggested that the document may describe the nervous system in
biology, and belonged to topic D.

Lastly, the document with a docID of 45 belonged to topic E (Fig. 5), and it was
notable that the keywords in this document and topic E were related to reinforcement
learning. Namely, certain terms such as “algorithm”, “learning”, “policiy”, “function”,
“action”, and “states” were employed to perform “task”.

From the above-mentioned analyses of the five selected documents, it is apparent
that the NMF technique is capable of reasonably handling topic clustering based on the
semantic similarity of shared keywords.

4 Conclusions

This study seeks to examine the robustness of Non-negativeMatrix Factorization (NMF)
in topic clustering using a data corpus consisting of 1500 documents and 12419 words
in the bags-of-words format. The study found that NMF was able to effectively cluster
the relatively large and unstructured textual data into 5 meaningful topics and visually
represent the topic context through keywords. Additionally, an investigation into the
semantic relationship between the keywords of the documents and the corresponding
extracted topics showed that NMF was an effective method for topic clustering. Thus,
the study recommends the use of NMF as an efficient tool for education management in
Vietnam.
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