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Abstract
The tagging aims to address a challenge to search relevant text-documents given a set of tags. In addition, the tag-based 
approaches received a wide attention as a possible solution to the big-content. Probabilistic topic model methods, such 
as Dirichlet distribution and non-negative matrix factorization are used for tagging process. Both have many challenges. 
The iterations in addition the semantic coherence are considered as challenges in semantic tagging applications. In light 
of this, we propose a novel learning tagging model called semantic non-negative matrix factorization, which introduces 
the utilization of the semantic text representation via knowledge-based approach to extract the term-topic matrix and 
the topic-document matrix by semantically approach. The proposed words are based on a novel initialization method 
for non-negative matrix factorization technique. In the experimental evaluations, we use five datasets demonstrate the 
effectiveness of our model. The results are compared with the state-of-the-art model. The results show the proposed 
model has an ability to generate more precise topics with semantically related and having the high sense to the disam-
biguation of meaning, provides up to more dimensionality reduction and the topic coherence based semantic.

Keywords Semantic tagging · Topic model · Semantically dimensionality reduction · Semantic topic model · Non-
negative matrix factorization

1 Introduction

With increasing the amount of the data and the emer-
gence of the big data, the processing and the analyzing 
requires the different technology from the earlier. The con-
tent management system, such as Wikipedia stores and 
links the huge number of documents and files. There is a 
lack of semantic linking and analysis. To reduce the num-
ber of references for a selected content, there is a need for 
semantic matching [1]. Tags (categories, or topic) are set 
of terms serving as a bridge of communication between 
the user and the documents. Generally speaking, there 
are two groups of topic models, i.e., generative proba-
bilistic models, such as latent semantic analysis (LSA), 

probabilistic LSA, and latent Dirichlet allocation (LDA), and 
non-negative matrix factorization (NMF) to generate the 
topic model for tag-based [2]. The word sense disambigua-
tion (WSD) consists of assigning the proper meaning to 
a word in a certain context. Many pieces of research use 
the WSD with the topic model instead of word for seman-
tic relation to improve the information extraction [3, 4]. 
Traditionally, LDA received much attention in the field of 
tag-based because of its extensible nature of the model 
design as a generative process [5]. The Dirichlet appropria-
tion has no persuading semantic inspirations and clashes 
with two common suppositions of sparsity: (1) the major-
ity of the subjects have zero likelihood in a report, and (2) 
the majority of the words have zero likelihood in a point. 
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At long last, The Bayesian deduction confuses the blend 
of numerous necessities into a solitary multi-target theme 
model [6]. In the more, the probabilistic topic model tends 
to have stochastic elements in their initialization, which 
can lead to their output being unstable. In light that, the 
others propose a new ensemble topic modeling method 
based on non-negative matrix factorization (NMF), which 
combines a collection of unstable topic models to pro-
duce a definitive output [7]. The standard formulations of 
NMF algorithms include stochastic elements in their ini-
tialization phase, this random component can affect the 
final composition of the topics found, and the rankings 
of the terms that describe those topics, this called insta-
bility problem. NMF based the singular value decomposi-
tion (SVD) approximation of the document-term matrix 
can also provide a clear improvement over standard NMF 
methods [8]. In light of the semantic tagging, the tagging 
modelling (topic modelling) needs reduction technique 
based semantic [9]. Dimensionality Reduction (DR) can 
be done in 2 ways: the feature reduction and the feature 
selection [10]. In addition, the above methods may gener-
ate the topics incoherent semantically. because they lack 
the semantic text representation.

To tackle these problems, we propose a topic model-
ling via a lexical semantic approach in addition a novel 
non-negative matrix factorization method (SNNMF), which 
is outlined in Fig. 1. In this figure, the documents, synset 
and topic are denoted as Di, wi, Ti, respectively. The pro-
posed SNNMF model can capture the semantics from the 
text corpus based on WSD in addition the lexical semantic 
similarity. In other words, our objective function combines 

the advantages of both the novel NMF model for topic 
modeling and the lexical semantic similarity for generat-
ing topics semantic coherent . In the Fig. 1, V, H, and W 
are the vector representations of documents, term-topic, 
and topic-document in the latent space. Each column of 
H is a topic. To achieve better interpretability, we use a 
multi-level of a dimensional reduction algorithm to solve 
the semantic coherence optimization. The proposed mod-
els are compared with the other state-of-the art method 
on five real-world text datasets. The quantitative experi-
ments show the superiority of our models over other 
existing method in terms of topic coherence. The stability 
of SNNMF are cleared in a novel initialization method for 
NMF. Finally, we design an experiment to investigate the 
interpretability of the SNNMF model. By visualizing the top 
five terms of top one topics and analyzing their networks, 
we demonstrate that the topics discovered by SNNMF 
are meaningful and their representative terms are more 
semantically correlated. Hence, the proposed SNNMF is 
an effective topic model for texts.

The contributions of this paper are fourfold as the 
following:

1. Motivated by confectioning the semantic coherence of 
the generated topics, we propose an answer by add-
ing the semantic learning to the representation of the 
generated topics (“Algorithm 1”).

2. Propose a novel learning mechanism to perform a 
dimensionality reduction for the selected features of 
the generated topics based on the semantic learning 
(Algorithms 2, 3 and 4).
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Fig. 1  The overview of the proposed SNNMF model for learning topics from the text corpus, which is represented by lexical semantic cor-
relations
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3. Presenting a novel initialization method for NMF to 
reduce the iteration process, improve clusters (tags) 
by decreasing terms overlap between clusters and 
overcoming the insatiability result (Algorithm 5).

4. Reduce the multi-label classification problem (Algo-
rithms 4 and 5).

The elaboration of this paper is organized as follows. 
In Sect. 2: some recent related work is briefly reviewed, 
Sect. 3: proposed solution (Methodology), Sect. 4: result, 
Sect. 5: conclusion and future work, at last in reference 
section.

2  Related work

In recent years, to satisfy the topic detection model results, 
some scholars have made attempts merge between the 
semantics approach (semantic text representation) with 
the core techniques of topic detection (tagging). This 
section briefly discusses on the related works from latent 
topic decomposition in addition to the semantic text 
representation.

2.1  Semantic text representation

For textual documents, the most traditional data repre-
sentation strategy is based on the simple term occurrence 
information encoded by TF-IDF score. The question is how 
to interpret text documents instead of word occurrence 
in the document through explicit or implicit semantics. 
While this approach is by far the most used, useful infor-
mation such as context is missing [11]. One simple strat-
egy to overcome that is semantic text representation. 
The semantic text representation aims to represent the 
text documents by explicit readable keywords or terms, 
which can semantically describe the main topic of the 
given text documents. Out of several approaches in this 
direction, the WordNet has been utilized for semantically 
enhance the text representation for various applications 
[12]. Another approach in [13, 14] called distributional 
semantics (semantic space). In other words, semantics 
word embeddings. Word2vec and Glove are the two 
most popular semantic embeddings having the capabil-
ity to capture the semantics of the language. In [15, 16] 
the authors proved that the performance of Word2Vec to 
detect semantic words relations decreases when the cor-
pus size is reduced, this because the word2vec is built on 
the basis of the co-occurrence frequency of lexical units 
in a collection of documents. Semantic networks (e.g., 
WordNet) and semantic spaces have been two prominent 
approaches to represent lexical semantics. In contrast, 
WordNet is constructed on the basis of systematic lexical 

intuitions handled by human experts; the information 
encoded in small world of words is evoked from layper-
sons. WSD is a bottleneck in a semantic text representa-
tion. WSD is conventionally regarded as the task of iden-
tifying which of a word’s meanings (senses) is intended, 
given an observed use of the word and an enumerated 
list of its possible senses. In other words, WSD is the task 
to determine the word sense according to its context [17]. 
Solutions to WSD are mostly categorized into supervised 
and knowledge-based approaches. Many existing WSD 
studies have been using an external knowledge-based 
unsupervised approach because it has fewer word set 
constraints than supervised approaches requiring training 
data [18]. WSD: Knowledge-based methods rely on lexical 
databases such as WordNet as primary resources and use 
algorithms such as lexical similarity measures (Lesk) [19]. 
That’s what we used for our text representation in SNNMF.

In addition, we now turn our attention in semantic simi-
larity and relatedness measurements, similarity is a spe-
cial case of relatedness. Semantic relatedness is calculated 
with usage of vector space model, and some sort of simi-
larity metric which is tending to be used with that, such 
as cosine similarity, or similar. It is measuring tendency of 
usage words together in sentences (or paragraphs, docu-
ments). In contrast, semantic similarity (sometimes called 
topological similarity), where similarity is measured by 
distance between terms by using ontologies. Ontology is 
directed acyclic graph containing definition of relation-
ships between terms. One example of such an ontology 
is WordNet dictionary. Similarity measure with usage of 
ontology is length of shortest path between two terms. 
In addition to the path and depth-based measures, the 
information content (IC)-based measures in which the 
hyponymy subgraph in the taxonomy is used to determine 
how much information is carried by the concept such as 
Resnik [20]. In summary, the semantic text representa-
tion plays the main role to extract the latent topics having 
semantic coherence in addition to the semantic similarity 
between terms that is used in the topics modelling. The 
semantic text representation based WSD by LESK in addi-
tion to Resnik semantic similarity is considered in our topic 
modelling.

2.2  Latent topic decomposition

We now turn our attention to algorithms that aim at 
uncovering abstract topics from data. We start with the 
probabilistic models. In [21] the authors conducted a 
comprehensive review of various short text topic mod-
eling techniques. This survey is based three categories of 
methods, first is based on Dirichlet multinomial mixture, 
second is based on global word co-occurrences, and the 
last is based on self-aggregation. Finally, they evaluate 
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these state-of-the-art methods on many real-world data-
sets and compare their performance against one another 
and versus long text topic modeling algorithm. This work 
did not point out to any semantic representation for 
datasets. In [22] the authors presented a probability topic 
model called (TKM) based on automatically identifying 
characteristic keywords for topics for working on regular 
text. TKM hypothesis, a keyword score depends on how 
common the word is within the topic and how common 
it is within other topics. This model assumes that topics 
of a word in a sequence of words are heavily influenced 
by words in the same sequence. Therefore, words near a 
word with high keyword score might be assigned to the 
topic of that word, even if they on their own are unlikely 
for the topic. In [23] the authors presented a probabilistic 
topic model called MetaLDA for working on both regular 
and short texts, which is able to leverage the document, or 
word meta-information, or both of them jointly, in the gen-
erative process. The authors hypothesized, incorporating 
such meta-information directly into the generative process 
of topic models can improve modelling accuracy and topic 
quality, especially in the case where the word-occurrence 
information in the training data is insufficient. In [24] the 
authors developed a correlated tag learning (CTL) model 
for the semi-structured corpora based on the topic model 
to enable the construction of the correlation graph among 
tags via a logistic normal participation process. In [25] the 
authors proposed a probabilistic topic model that incor-
porates DBpedia knowledge into the topic model for tag-
ging web pages and online documents with topics dis-
covered. The model learns the probability distribution of 
each category over the words using the statistical topic 
models considering the prior knowledge from Wikipe-
dia about the words, and their associated probabilities in 
various categories [25]. In [26] the authors proposed Wiki-
pedia-category-concept mention latent Dirichlet alloca-
tion (WCM-LDA), which not only models the relationship 
between words and topics, but also utilizes the concept 
and category knowledge of entities to model the semantic 
relation of entities and topics. In [27] the authors deal with 
a probabilistic topic model through a technique called tag-
weighted topic model (TWTM). TWTM was a framework 
that leverages the tags in each document to infer the topic 
components for the documents. In [28] the authors intro-
duced Topic Grouper as a complementary approach in the 
field of probabilistic topic modeling. The algorithm starts 
with one-word topics and joins two topics at every step. It 
therefore generates a solution for every desired number of 
topics ranging between the size of the training vocabulary 
and one. The process represents an agglomerative cluster-
ing that corresponds to a binary tree of topics.

We now consider the non-probabilistic topic model-
ling, comprising strategies such as matrix factorization 

since it produces top-notch state-of-the-art performance 
without the limitations of probabilistic approaches, such 
as lack of observations when applied to short texts. In this 
case, a dataset with n documents and m different terms 
is encoded as a design matrix A ∈ Rn×m and the goal are 
to decompose A into sub-matrices that preserve some 
desired property or constraint. Our proposed framework is 
specifically tailored [29]. For non-probabilistic strategies. A 
well-known matrix factorization applicable to topic mod-
elling is the non-negative matrix factorization (NMF) [30]. 
Under this strategy, the design matrix V is decomposed 
into two sub-matrices H ∈ Rn×k and W ∈ Rk×m, such that 
V ≈ Wx  HT . In this notation, k denotes the number of latent 
factors (i.e., topics), W is a relationship between documents 
and topics, and H encodes the relationship between terms 
and topics. The restriction enforced by NMF is that all three 
matrices do not have any negative element. When dealing 
with properly represented textual data, the design matrix 
usually contains non-negative term scores, such as TF-IDF, 
with well-defined semantics (e.g., term frequency and 
rarity). It is natural to expect the extracted factors to be 
non-negative so that such semantics can be somehow pre-
served. We thus consider NMF as our matrix factorization 
strategy of choice. As a final note, as with the probabilistic 
strategies, the non-probabilistic ones can also generate 
incoherent topics, which is not desirable. We shall revisit 
this matter in next section. Recent works have been pro-
posed to improve the construction of topics by means of 
using semantic approach such as word embedding as aux-
iliary information for probabilistic topic modelling. In [31] 
the authors proposed a semantics-assisted non-negative 
matrix factorization (SeaNMF) model to explore short text 
topics. The method incorporates semantic correlations of 
the word-context into the model. The semantic correla-
tions between the words and their contexts are learned 
from the corpus ‘ skip-gram view, which has been shown 
to be effective in revealing semantic relations between 
words. We consider SeaNMF as a baseline. there is no work 
that combines the lexical semantic word and non-proba-
bilistic models. The main reason for the absence of works 
like ours is that the introduction of the richer information 
provided by the lexical semantics representation hampers 
the topics representation due to the lack of direct corre-
spondence between topics and smaller semantic units 
(e.g., words) in these richer representations. Moreover, 
the lack of words in lexical may yield to loss more impor-
tant information which makes the topic model is use-
less. As we shall see, we propose a new topic extraction 
strategy to mitigate these problems. In [32] the authors 
proposed a novel model called ‘‘knowledge-guided non-
negative matrix factorization for better short text topic 
mining’’ (abbreviated as KGNMF), KGNMF integrated the 
word–word semantic graph regularization which can be 
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learned from external knowledge base e.g., Wikipedia into 
the basic NMF for improvement in short text topic learn-
ing. In [33] the authors developed a general non-proba-
bilistic topic modeling framework. The model included: 
(1) the introduction of new semantically-enhanced data 
representations for topic modeling based on pooling, 
and (2) the proposal of a novel topic extraction strategy-
ASToC—that solves the difficulty in representing topics in 
its semantically-enhanced information space. ASToC used 
bag of word (BOW), information gain (IG), non-negative 
matrix factorization (NMF), Fesher vector (FV) To summa-
rize, the authors instantiated five viable combinations: (1) 
BoW + NMF; (2) BoW + NMF + IG; (3) BoW + NMF + ASToC; 
(4) FV + NMF + IG; and (5) FV + NMF + ASToC . In [34] the 
authors proposed a semantic tag recommendation tech-
nique exploiting associated words that are semantically 
similar or related to each other using the inter-wiki links 
of Wikipedia. The candidate words were then rearranged 
according to importance by applying a link-based rank-
ing algorithm and then the top-k words were defined as 
the associated words for the article. In [35] the authors 
introduced strategy called CluWords for topic modeling. 
CluWord included (1) the data representation for topic 
modeling based on syntactic and semantic relationships 
derived from distances calculated within a pre-trained 
word embedding space and (2) the proposal of a new TF-
IDF-based strategy.

2.3  Summary

Table 1 represents the outline of the work done by various 
authors. We looked at among authors in two highlights. 
We saw these highlights ought to be incorporated into 
semantic topic model. Afterward, our model will incorpo-
rate these two highlights.

3  Proposed model (SNNMF)

In this section, we will first provide some preliminaries 
NMF for topic modeling. Then, we will propose our SNNMF 
model including the semantic algorithms to estimate 
latent representations of terms and documents.

3.1  Notations

The frequently used notations in this section are summa-
rized in Table 2.

3.2  Preliminaries

3.2.1  Topic detection via NMF

The NMF method has been successfully applied to topic 
modeling, due to its superior performance in clustering 
high-dimensional data. In vector space model, a corpus is 
represented by an m × n matrix V, where n is the vocabu-
lary size, and m is the number of documents. A common 
assumption of topic modeling is that a latent topic can be 
represented as a distribution over the term. Then, a topic 
is a vector h in  Rn, and an n × k term-topic matrix H can 
be obtained by vertically combining k topics. With W, a 
document can be seen as a distribution over the k topics, 
which can be represented as a k × m vector w. It is com-
mon to use  WHT to approximate the document matrix. W 
is the document topic matrix, where each column has the 
topic distribution of a document. Good H and W could 
ensure that the difference between  WHT and the original 
document matrix V is small. SNNMF replace ≈ with = in 
Eq. (1). Suppose the current m × n document matrix is V, 
then NMF methods detect topics as follows: Given a topic 
number k, it tries to find an n × k term-topic matrix H and 
a k × m topic-document matrix W, which satisfy the fol-
lowing. Table 2 gives a summary of math notations and 
explanations.

Equation (1) is designed for the non-negative matrix 
factorization (NMF). Where V is the document-term 
matrix. It considers the term frequency inverse document 
frequency (tf-idf ) matrix, W is the topic-document matrix 
and H is the term-topic matrix.

3.2.2  Problem statement

Due to the semantic text representation approach spe-
cially WSD in addition the semantic similarity, the con-
ventional topic models are not effectively to capture 
semantic topics, which leads to the poor performance in 

(1)V ≈ WHT

Table 1  Summary of work done by different authors for semantic 
of topic models

Reference Semantic text representation NMF

Shi et al. [31] √ (word-context) √
Felipe et al. [33] X √
Schneider et al. [22] X X
Zhao et al. [23] √ X
Chen et al. [32] X √
Hong et al. [34] X X
Peng et al. [47] X X
Xu et al. [26] X X
Li et al. [24] √ X
Allahyari et al. [25] √ X
Izquierdo et al. [48] √ X
Viegas et al. [35] √ (word embedding) √
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semantic topic learning. To tackle this problem, we intro-
duce semantic topic modelling SNNMF.

3.3  SNNMF overview

In this segment, we propose a novel semantic topic detec-
tion model (SNNMF). SNNMF is performed by a novel 
methodology for playing with a non-negative matrix 
factorization (NMF) with a semantic text representation 
approach. The strategy is intended for transforming the 
traditional BOW representation of documents to include 
semantic information related to the terms present in the 
documents. The semantic context is obtained by lexi-
cal semantic (WordNet). Our approach consists in trans-
forming each document in a new representation where 
original words are replaced by a cluster of synset terms 
that we refer to as synsets. The transformation process is 
composed of two phases. In the first one, we compute, 
the WSD by algorithm (LESK) for each word of the dataset 
to obtain the sense term (synset). In the second phase, 
we compute a traditional version of the TF-IDF weight-
ing scheme for the new features (synset), so that we can 
exploit these new terms as a richer representation of docu-
ments of the collection. These phases of our approach are 
described in preprocessing Sect. 3.4.1. Then, performing 
SNNMF algorithms from 1 to 5 that express that a novel 
initialization of NMF to obtain the term-topic matrix H and 
topic-document matrix W.

The advantages of detecting topics by SNNMF model 
come from four-fold. First, it is adding the semantic text 
representation to the representation of topics (such as 
semantic similarity based information content and WSD 
“Algorithm 1”). Second, it can reduce the overlaps between 
different topics based semantics (dimensionality reduc-
tion) and lead to more separable topics (Algorithms 2, 3 
and 4). Third, it can reduce the iteration to achieve the sta-
bility to generate the term-topic and the topic-document 
matrix (Algorithms 4 and 5). fourth, based the second, it 
can reduce multi-label classification problem (Algorithms 
4 and 5).

3.4  SNNMF details

This section discusses the details of SNNMF. SNNMF has 
three matrices (1) document-term, (2) term-topic, and (3) 
topic-document. SNNMF performs the document-term 
matrix (V ∈ Rm×n) by extracting synset terms using Eq. (3) 
from given text dataset . the document-term matrix(V) is 
considered in preprocessing step for term-topic matrix. 
SNNMF performs the term-topic matrix (H ∈ Rn×k) by two 
steps, first, the preprocessing and second, the dimension-
ality reduction. SNNMF performs the topic-document 
matrix (W ∈ Rk×n) after getting the V and the H. later, we 
will see in SNNMF W = V(Ht)−1. SNNMF pipeline (Fig. 2) 
shows the flow of the proposed model (SNNMF) compo-
nent sequentially.

Table 2  Math notations used in this paper

Notations Explanations

n Size of vocabulary
m Size of documents
K Size of topics
V ∈ Rm×n Document-term matrix collected from the current corpus
H ∈ Rn×k General term-topic matrix
H−1 Inverse term-topic matrix
HT Transpose term-topic matrix
(HT)−1 Transpose and Inverse term-topic matrix
H(1) ∈ Rn×k Term-topic matrix; the output of Algorithm (1): correlation-coefficient matrix (IC similarity (RES)
H(2) ∈ Rn×k Term-topic matrix; the output of Algorithm (2): low-pass filter (blurring)
H(3) ∈ Rn×k Term-topic matrix; the output of Algorithm (3): tag edge detection
H(3) ∈ Rn(0:j)×k(0:j) Subset  H(3) term-topic matrix; the output of Algorithm (3): tag edge detection for topic index j
H(4) ∈ Rn×k Term-topic matrix; the output of Algorithm (4): tag edge detection with blurring (low-pass filter)
H(4) ∈ Rn(0:j)×K(0:j) Subset  H(4) term-topic matrix; the output of Algorithm (4): tag edge detection with blurring 

(low-pass filter) for topic index j
hk The k-th topic represented in the term space

h
(x)

k
The k-th topic represented in the term space for h number x; x may be 1,2,3,4, such as gener-

ated H by algorithms
i.e., h(1)

k

hnk Weight of the n-th term in the k-th topic (topic2vec), or term-topic vector
W ∈ Rk×n Topic-document matrix
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3.4.1  Prepossessing

In this section, the purpose of this step is obtaining a first 
term-topic matrix  (H(1) ∈ Rn×k). The H matrix can be roughly 
generated as follows. In the training of a local model, we 
use the ordered steps in the first stage (preprocessing) to 
get the BOS (bag of synset instead of bag of words) for the 
given dataset. The ordered steps are document-collection, 
splitting documents into paragraphs, splitting paragraphs 
to sentence, sentence word tokenize by WSD using LESK 
for each word is not a stop-word in each sentence, extract-
ing tf-idf from BOS (V matrix), getting the vocab terms by 
removing the redundancy from the bag of synset. At the 
end, by the unigram BOS, SNNMF constructs the unigram 
correlation coefficient matrix. The values in the first cor-
relation coefficient matrix  (H(1)) are calculated by Eq. (3). 
The following proposed Algorithm (1) to get the first cor-
relation coefficient matrix  (H(1)).

Fig. 2  SNNMF pipeline

Term topic (H)

SNNMF Topic model (V=WHT)

Document topic 

(V)

Preprocessing Dimentionalty reduction Topic document (W)

Algorithm1: Correlation-Coefficient Matrix

Input: Synset vector S;

Number of topics K=100;

Output: H (1) Semantic correlation coefficient matrix;

1: Initialize: H (1)=Ø // The synset matrix is a square matrix of synset;

2: repeat
3:       for k=1, K do
4:             Compute H (1)

(:,k) by Eq. (3);

5:       end
6: until Converge;

We first build the term-document matrix V using the 
unigram BOS representation. Then, we calculate the 
semantic correlation coefficient matrix  H(1) by algorithm 
using Eq. (3). In details, within each iteration, its coordi-
nates will be updated column-wise. After each update, 
 H(:,k) will be assigned. We will repeat this iteration until the 
algorithm converges. By this algorithm, the latent factor 
matrices  H(1) is initialized.

(2)0 ≤ H
(1)

(∶,k)
∈ Rn∗k < ∞

Equation (2) illustrates the semantic similarity values 
range in H(1)

(∶,k)
 vector (per topic). Zero means no semantic 

similarity between these two terms.

Equation (3) illustrates the Resnik (res) measure, where 
Sim-res is the Resnik measure, many different pairs of con-
cepts c1, c2 (i.e., senses, or synsets in WordNet) may share 
the same LCS (least common subsume). However, it is less 
likely to suffer from zero counts (and resulting undefined 
values) since in general the LCS of two concepts will not be 
an extremely specific concept (i.e., a leaf node in WordNet), 
but will instead be a somewhat more general concept that 
is more likely to have observed counts associated with it. 
The Resnik (res) measure simply uses the IC (Information 
Content) of the LCS as the similarity value.

(3)Sim − res (c1, c2) = IC (LCS (c1, c2)) [10]

3.4.2  Dimensionality reduction

The purpose of this step is obtaining a final correlation 
coefficient matrix (H) for the proposed SNNMF. The pro-
posed dimensionality reduction technique has three algo-
rithms, Algorithm (2) semantic low-pass filter (blurring), 
Algorithm (3) tag edge detection and Algorithm (4) tag 
edge detection via semantic low-pass filter.
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Algorithm 2: Semantic Low-Pass Filter

Input: H (1) Semantic correlation coefficient matrix;

Number of topics K=100;

Output: H (2) Semantic correlation coefficient matrix;

1: Initialize: H (2)=Ø // The synset matrix is a square matrix of synset;

2: repeat
3:       for k=1, K do
4:             Compute H (2)

(:,k) by Eq. (4);

5:       end
6: until Converge;

In the image processing, the low-pass filtering smooths 
out the noise. This algorithm simulates this idea via 
smoothing out the noise values from  (H(1)) to obtain  H(2). 
The noise values are between zero and one.

We first build the  H(1) using Algorithm 1. Then, we cal-
culate the semantic correlation coefficient matrix  H(2) by 
Algorithm 2 using Eq. (4). In details, within each iteration, 
its coordinates will be updated column-wise. After each 
update,  H(:,k) will be assigned. We will repeat this iteration 
until the algorithm converges. By this algorithm, the latent 
factor matrices  H(2) is initialized.

Equation (5) illustrates the semantic similarity values 
range in H(2)

(∶,k)
 vector (per topic). We note, the minimum 

limits is 1.

(4)H
(2)

(∶,k)
=

{

0, h(1) < 1

h
(1)

(n,k)
, else

(5)0 ≤ H
(2)

(∶,k)
∈ Rn∗k < ∞

Algorithm 3: Tag Edge Detection

Input: H (2) Semantic correlation coefficient matrix;

Topic number j;

Output: H (3) 
(j)Sub Semantic correlation coefficient matrix;

1: Initialize: index =sort(j[t]≠0), H (3)=Ø // H(3)synset matrix is a square matrix of synset, index is the terms of J topic;

2: repeat
3:       for k=1, index  do
4:             Compute H (3)

(:,index[k]) by Eq. (6);

5:       end
6: until Converge;

In the image processing, the edge detection aims at 
identifying points in a digital image at which the image 
brightness changes sharply or, more formally. This algo-
rithm simulates this idea via identifying the terms t of topic 
j, which is (j[t] ≠ 0), then the correlation columns with same 
name these terms of the topic (j) in  (H(2)). These columns 
are considered as edges of the specified topic (j).

We first build the  H(2) using Algorithm 2. Then, we cal-
culate the sub semantic correlation coefficient matrix H(3)

(j)
 

for topic J Algorithm 3 using by Eq. (6). In details, within 
each iteration, its coordinates will be updated column-
wise. After each update, H(2)

(∶,k)
 will be assigned. We will 

repeat this iteration until the algorithm converges. By this 
algorithm, the latent factor matrices H(3)

(j)
 is initialized.

Equation (6) illustrates the subset matrix for each topic 
i.e., Topic index j.

(6)H
(3)

(∶,k)
= H

(2)

(∶,[index[k]])
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Equation (7) illustrates the semantic similarity values 
range in total subset H(3)

j
 matrix of topic j.

(7)0 ≤ H
(3)

j
∈ Rn*k < ∞

Algorithm 4: Tag Edge Detection Via Semantic Low-Pass Filter

Input: H (3)
(j)Semantic correlation coefficient matrix;

Topic number j;

Output: H (4)
(j)// synset matrix is a square matrix of synset;

1: Initialize: H (4)
(j)=Ø ;

2:  repeat
3:       for k=1, K do
4: Compute H (4)

(:,k) by Eq. (8);

5:      end
6: until Converge;

The main goal of this algorithm is extracting the final 
H matrix  (H(4)) for the proposed SNNMF by co-clustering, 
the features reduction with taking into consideration the 
multi-label information, the label dependency and reduce 
the classes overlap (Class aggregate based semantics). It 
is focusing on the semantic similarity values among each 
term in the topic (tag edge detection) using low-pass filter. 
This leads to reduce the terms related to the main column 
(topic); but remaining terms have the semantic similarity 
relation between each other’s (tag edge detection).

We first build the sub semantic correlation coefficient 
matrix H(3)

(j)
 for each topic j using Algorithm 3. Then, we 

compute the sub semantic correlation coefficient matrix 
H
(4)

(j)
 for topic j by Algorithm 4 using Eq. (8). In details, within 

each iteration, its coordinates will be updated column-
wise. After each update, H(4)

(∶,k)
 will be assigned. We will 

repeat this iteration until the algorithm converges. By this 
algorithm, the latent factor matrices H(3)

(j)
 is initialized.

Equation (9) illustrates the semantic similarity values 
range in total subset H(4)

j
 matrix of topic j with comparing 

all subset H(4)

j[0∶100]
 we obtain full H(4).

3.4.3  Topic document

(8)H
(4)

(∶,k)
=

{

h
(3)

(∶,0)
, h

(3)

(∶,k)
= 0, h

(3)

(∶,0)
> h

(3)

(∶,k)

h
(3)

(∶,0)
= 0, h

(3)

(∶,k)
, else

(9)0 ≤ H
(4)

j
∈ Rn*k < ∞

 

Algorithm 5: Topic-Document (W)

Input: H (4) Semantic correlation coefficient matrix;

V document-term matrix;

Output: W // topic-document matrix;

1: Initialize: W=Ø;

2: Initialize:    d_H (4) =determinant (H(4));

3: Initialize:   (H(4)T)-1=Ø;

4: If d_H (4)==0 then
5:        Compute Eq.10;

6:        Compute (H (4)T)-1 by Eq.11;

7:        Compute W by Eq.12;

8:     else
9:         Compute W by Eq.12;

10: end if;
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Overall, the main goal of this algorithm is obtaining the 
W (topic-document) for SNNMF using the previous two 
matrix V and H. Equation (13) is the general equation to 
compute W. Equation (12) is the special equation to com-
pute W for  H(4).

Equation 10 to compute the singular value decompo-
sition (SVD) for the input  HT, where  H(4)T is the transpose 
matrix of  H(4).

The output is three matrices, S is the diagonal, U, V are the 
orthogonal, the inverse of a diagonal matrix is just the inverse 
of numbers on the main diagonal(S), which are used an input 
in Eq. (11). Equation (11) to compute the inverse of  H(4)T.

We first build the full correlation coefficient matrix  H(4) 
using Algorithm 4 in addition the document-term matrix 
V . Then, we calculate the topic-document matrix W by 
Eq. (10:12). In details, we initialize the determinant  d_H(4)of 
the input matrix  H(4), then if the determinant is zero we 
will compute the steps 5 and 6 to compute the W value 
by Eq. (12) else we will compute the W value by Eq. (12) 
directly. By this algorithm, the latent document factor 
matrices W is initialized.

3.5  Summary

See Table 3. 

4  Experimental evaluation

In this section, we will demonstrate the promising per-
formance of the proposed model (SNNMF) by conducting 
extensive experiments on different real-world datasets. We 
will introduce the experimental setup includes the data-
sets, evaluation metrics and baseline methods, and then 
explain different sets of results.

Our experiments are designed to answer the following 
question.

What is the extent of impact semantic relations and 
WSD terms on the topic-detection?

What is the impact of using the dimensionality reduc-
tion with the lexical semantic relations on the coherence 
topic?

(11)
(

H(4)T
)−1

=
(

ATS−1U−1
)

(12)W = V ∗
(

H(4)T
)−1

(13)W = V(HT)−1

4.1  Experimental setup

4.1.1  Datasets used

The primary goal of SNNMF is to effectively performs a 
semantic topic modeling, so that, more semantic coher-
ent topics can be generated. To evaluate the topic model 
coherence, we consider 5 real world datasets as a refer-
ence. For all, in a preprocessing step, we excluded all the 
non-content LESK term whose part of speech tags are 
not noun, such as [36]. We remove the stop words hence 
focusing on relevant content words. For all datasets, the 
tf-idf is the document-term matrix representation. The col-
umns are the generated terms (synset) by LESK algorithm 
for WSD. In the other words, more specifically, for all used 
datasets are usually firstly encoded in a document-term 
matrix with tf-idf weights. Table 4 provides a brief sum-
mary of the reference datasets. 

Some basic statistics of these datasets are shown in 
Table 4. In this table, ‘#docs’ represents the number of 
documents in each dataset that used to compute the full 
TF-IDF matrix. ‘#S_Doc’ is the number of selected docu-
ments in each dataset. #S_Feat is the number of selected 
feature (synset) in each dataset.

Table 3  Summary SNNMF against work done by different authors

The proposed model The others
SNNMF SeaNMF [31]

Non-probability model Yes Yes
Dataset Sub-set of long short
Semantic text representa-

tion
Knowledge-base 

(lexical semantic)
Semantic space 

(word embed-
ding)

Table 4  Dataset statistics

n Noun terms
a http://qwone .com/˜jason /20New sgrou ps/
b http://disi.unitn .it/mosch itti/corpo ra/Reute rs215 78-Apte-115Ca 
t.tar.gz/
c https ://www.kaggl e.com/nltkd ata/brown -corpu s#brown .zip
d http://mlg.ucd.ie/datas ets/bbc.html
e http://disi.unitn .it/mosch itti/corpo ra/ohsum ed-all-docs.tar.gz

Dataset #Doc #S_Docs #S_Feat

20-Newsgroupsa 11,314 100 100 n
Reuters (R20)b 10,788 100 100 n
Brownc 500 100 100 n
BBCd 2225 100 100 n
Ohsumede 20,000 100 100 n

U ∗ S ∗ A’ = SVD
(

H(4)T
) (10)

http://qwone.com/%cb%9cjason/20Newsgroups/
http://disi.unitn.it/moschitti/corpora/Reuters21578-Apte-115Cat.tar.gz/
http://disi.unitn.it/moschitti/corpora/Reuters21578-Apte-115Cat.tar.gz/
https://www.kaggle.com/nltkdata/brown-corpus#brown.zip
http://mlg.ucd.ie/datasets/bbc.html
http://disi.unitn.it/moschitti/corpora/ohsumed-all-docs.tar.gz
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Sub‑set dataset For lack of resources, we inspired sub-
set of dataset from [37, 38]. Subset of dataset to train our 
model and compared models on 5 Datasets by going to 
use the large term frequency — inverse document fre-
quency (tf-idf ) (for all documents in used dataset) to find 
the most important 100 documents with the most impor-
tant 100 features (synset term).

External knowledge We extract synset term correlation 
knowledge from WordNet based Treebank corpus informa-
tion content for Resnik semantic similarity.

4.1.2  Evaluation metrics

In this paper, we are inspired the evaluation methods by 
literature [31, 33, 39–42]. we use two ways to evaluate the 
performance of our proposed model, one is quantitative 
evaluation and the other is qualitative evaluation.

(a) Quantitative evaluation In quantitative evaluation, 
we use the topic coherence.

 Topic coherence metrics we describe the topic coher-
ence metrics that we use to evaluate the topics gener-
ated by topic modelling approaches. There are two types 
of coherence metrics: (1) metrics based on semantic 
similarity (semantic coherence for topics) which use an 
all five background datasets metrics based on semantic 
similarity and (2) metrics based on statistical analysis.

(i) Metrics based on semantic similarity (SS) 
Overall, the basic assumption in this metric is 
that a good metric should be well localized in 
the semantic space: specifically, top terms in a 
topic should be close to each other in the seman-
tic space. This is referred by the semantic coher-
ence of topics. In details, a topic is represented 
by the top 5 terms ({w1, w2, …, w5}). A term pair 
of a topic is composed by any two terms from 
the topic’s top 5 terms. The coherence of a topic 
is measured by averaging the semantic similari-
ties of all terms pairs [42–44] shown in Eq. (14) 
below. In this paper, the Semantic Similarity SS 
of a term pair is computed by using two exter-
nal resources: WordNet, and all five background 
datasets.

  In details, we would calculate example N = 5, 
Coherence (SS) = (1/10 *(SS(wi = 1, wj = 2) + SS(wi = 1, 
wj = 3) + SS(wi = 1, wj = 4) + SS(wi = 1, wj = 5) + SS(wi = 2, 

(14)Coherance(SS) =
2

N(N − 1)

N
∑

i=1

N−1
∑

j=1

ss(wi ,wj)

wj = 3) + SS(wi = 2, wj = 4) + SS(wi = 2, wj = 5) + SS(wi = 3, 
wj = 4) + SS(wi = 3, wj = 5) + SS(wi = 4, wj = 5)).

  WordNet. There are a number of semantic similar-
ity and relatedness methods in the existing literature 
[43]. Among them, the method designed by Resnik 
(denoted as RES) are especially useful for discover-
ing lexical similarity of word pairs. Resnik presented 
a method for weighting edges in WordNet (avoiding 
the assumption that all edges between nodes have 
equal importance), by weighting edges between 
nodes by their frequency of use in textual corpora.

  Resnik found that the most effective measure of 
comparison using this methodology was to measure 
the Information Content (IC(c) = − log p(c)) of the sub-
sume with the greatest Information Content. There-
fore, we select these res WordNet based methods to 
calculate the semantic similarities of the topic’s word 
pairs, and produce a topic coherence score.

 (ii) Metrics based on statistical analysis we are 
inspired the evaluation methods by literature 
[33, 39–41]. The topic coherence evaluation 
measures to what extent the high-probability 
terms in each topic are semantically coherent. 
For quantitative analysis of topic coherence, 
we compare the topic modeling strategies 
using representative topic quality metrics in 
the literature [39, 45]. In general, there are a 
class of topic quality metrics based on mutual 
information.

  We use the class of topic quality metrics is 
based on the notion of pair wise point-wise 
mutual information (PMI) between the top 5 
terms in a topic. It captures how much one 
“gains” in information given the occurrence 
of the other terms, taking dependencies 
between terms into consideration. Following 
a recent work [40], we compute a normalized 
version of PMI (NPMI), in which, for a given 
ordered set of top terms Wt = (w1, …,  wn) in a 
topic, NPMI is computed as Eq. (15). This equa-
tion from [39].

We considered all synsets collection is one 
detest and use it by project of.1

(15)NPMIt =
∑

i<j

log
p(wi ,wj)

p(wi)p(wj)

−log p
(

wi ,wj

)

1 https ://githu b.com/jhlau /topic _inter preta bilit y.

https://github.com/jhlau/topic_interpretability


Vol:.(1234567890)

Research Article SN Applied Sciences (2020) 2:54 | https://doi.org/10.1007/s42452-019-1836-y

(b) Qualitative analysis In addition to measuring quan-
titative analysis of topic coherence, we also meas-
ure qualitative analysis of the topic for the baseline 
(SeaNMF) inspired by [46]. Here we use Jaccard simi-
larity Eq. (16) between the highest 5 topics was cal-
culated.

The Jaccard index can be used to find similar topics by 
simply calculating the similarity coefficient between 
the top N terms in two given topics. A high value from 
the result of the Jaccard index indicates that there is 
indeed some similarity between the topics.

 The base definition of Jaccard  (Ti, or  Tj are topics in 
different models i, and j. The Jaccard analysis use 
Reuters dataset because the others have zero in 
Jaccard.

4.1.3  Comparison methods (baselines)

We compare the performance of our models with the fol-
lowing state-of-the-art method.

Short‑text topic modeling via  non‑negative matrix 
factorization enriched with local word‑context correla‑
tions (SeaNMF) SeaNMF [31] is a model to discover topics 
for the short texts. It effectively incorporates the word-
context semantic correlations into the model, where the 
semantic relationships between the words and their con-
texts are learned from the skip-gram view of the corpus.

In our experiments, we trained this model using our 
sub-set dataset that discussed before instead of the word-
context semantic correlations into the model, the default 
number of topics is set to K = 100, α = 0.1 for all datasets. 
To calculate S, we set κ = 1.0 and γ = 1.0. In SeaNMF, we 
set β = 0.1. We also set the seed for the random number 
generator to 0 for SeaNMF to make sure the results are 
consistent and independent of random initial states.

(16)J(i, j) =
Ti ∩ Tj

Ti ∪ Tj

4.2  Experimental results

We compare our model with the baseline method both 
qualitatively and quantitatively.

4.2.1  Quantitative evaluation

Topic coherence results We first present the topic coher-
ence results of our models and other comparison meth-
ods in Tables 5. We use the bold font with 3 stars to show 
the best performance values, the bold font with 2 stars to 
highlight the second best values.

In this section, we summarize our findings regarding the 
behavior of all analyzed strategies in Table 5. To further 
compare the coherence metrics. We apply the methodol-
ogy introduced in Sect. 3 (Algorithms from 1 to 4) to obtain 
the results shown in Table 5 for SNNMF. In details, SNNMF-
H1 is the result for SNNMF Algorithm 1, SNNMF-H2 is the 
result for SNNMF Algorithm 2 and SNNMF-H4 is the result 
for SNNMF Algorithm 4.

1. Metrics based on semantic similarity (SS) From 
Table 5, As we can see, our strategy achieves the sin-
gle best results in 5 out of 5 results, considering the 
semantic coherence topic metric SS score. Again, 
the other baseline’ results are far below. In more, we 
observe, the different algorithms of SNNMF topic 
modelling approach perform differently over the five 
datasets.

  To better understand the poor performance of 
SeaNMF in all datasets for semantic coherence of top-
ics compared with SNNMF. Firstly, we visualize the top 
five terms in the first top topic. e.g.in BBC the top 5 
terms for top one topic are (‘year.n.03’, ‘master_of_
arts.n.01’, ‘home_plate.n.01’, ‘hope.n.01’, ‘increase.n.03’). 
These terms have not semantic correlation among 
each other by Resnik (res), e.g., zero values shown 
below in Fig. 3 and the others weak values (less than 
1). Secondly, we listed the top five terms in the top 

Table 5  Comparing the results 
achieved by each strategy 
considering top 5 terms for 
NPMI and Semantic topic 
coherence (SS)

Method Strategies BBC Brown 20Nwesgroups Ohsumed Reuters

NPMI SeaNMF 0.017 0.002 0.027*** 0.075*** 0.025
SNNMF-H(1) 0.038*** 0.025*** 0.026** 0.073** 0.034
SNNMF-H(2) 0.034 0.019 0.020 0.064 0.037
SNNMF-H(4) 0.028 0.022 0.019 0.072 0.038***

Coherence (SS) SeaNMF 0.26 0.37 0.59 0.81 1
SNNMF-H(1) 3.86 4.50*** 3.98*** 3.78*** 4.45***
SNNMF-H(2) 3.88*** 4.45 3.96 3.78*** 4.45***
SNNMF-H(4) 3.88*** 4.45 3.96 3.78*** 4.45***
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topic per dataset below in Table 6 to represents the 
semantic correlation among each other by Resnik (res). 

  In contrast, to better understand the different per-
formance of the SNNMF algorithms, we now turning to 
the dimensionality reduction approach. The main pur-
pose of the dimensionality reduction methodologies is 
discussed in Sect. 3 is achieving the optimum solution 
to the semantic coherence topics over all datasets.

  SNNMF represents two semantic coherence types, 
local and global. The local semantic coherence is the 
semantic coherence (relation) between the topic (main 
term) and the other terms belonged to the same topic 
(in the same column). The global coherence is the 
semantic coherence (relation) among the terms in the 
same topic. The global semantic coherence in addition 
to the local semantic coherence effect on the overlaps 
between topic, which is in turn affects the accuracy 
of the recall of information. In addition, the global 
semantic coherence in addition to the local seman-
tic coherence highlights the semantic contrast level 

in dataset. In short, Algorithm 2 works via the local 
semantic coherence. In contrast, Algorithm 4 works via 
the global semantic coherence.

  As we have seen, the experiments obtained in 
Table 5 face three cases for SNNMF algorithms.

• Case 1, significant such as BBC (H4 = H2 > H1).
• Case 2: not significant such as Ohsumed and Reu-

ters (H4 = H2 = H1).
• Case 3: decline such as 20 Newsgroups and Brown 

(H4 = H2 < H1).

  Case 1 (significant) In BBC H4 = H2 > H1, our pro-
posed method is capable of generating more cohesive 
topics (significant) via Algorithm 2 but not improved 
by Algorithm 4 (useless). In other words, we can say 
SNNMF highlights a weak semantic contrast in BBC via 
the local semantic coherence.

  Case 2 (not significant) In Ohsumed and Reuters 
H4 = H2 = H1, our proposed method is capable of gen-
erating more cohesive topics (significant) via Algo-

Fig. 3  Semantic network visualizations of the top term-topic 
obtained by SeaNMF model on all datasets, the line is colored in 
red if its degree is 0, green if its degree greater than 1 and other-

wise black. The numbers in the line represent the Resnik semantic 
similarity of the term in the corpus
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Table 6  Discovered topics by 
the proposed method H4 and 
SeaNMF

BBC Brown 20Newsgroups Ohsumed Reuters
SeaN
MF 

year.n.03, 
master_of_arts.n.01: 
(0.62) 
year.n.03, 
home_plate.n.01 : (0.0) 
year.n.03 , hope.n.01 
:(0.62) 
year.n.03 , increase.n.03 
: (0.0) 
master_of_arts.n.01 , 
home_plate.n.01: (0.0) 
master_of_arts.n.01 , 
hope.n.01 : (0.62) 
master_of_arts.n.01 , 
increase.n.03 : (0.0) 
home_plate.n.01 , 
hope.n.01 : (0.0) 
home_plate.n.01 , 
increase.n.03 : (0.77) 
hope.n.01 , 
increase.n.03 : (0.0)

trouble.n.01 
, 
vitamin_d.n.
01 : (0.0) 
trouble.n.01 
, 
master_of_a
rts.n.01 : 
(0.62) 
trouble.n.01 
, 
second_gear
.n.01 : (0.0) 
trouble.n.01 
, 
subject.n.06 
: (0.0) 
vitamin_d.n.
01 , 
master_of_a
rts.n.01 : 
(0.0) 
vitamin_d.n.
01 , 
second_gear
.n.01 :(0.77) 
vitamin_d.n.
01 , 
subject.n.06 
: (0.77) 
master_of_a
rts.n.01 , 
second_gear
.n.01 : (0.0) 
master_of_a
rts.n.01 , 
subject.n.06 
: (0.0) 
second_gear
.n.01 , 
subject.n.06 
: (1.55)

computer.n.01 , 
great.n.01 : (1.55) 
computer.n.01 , 
person.n.01 : (1.55) 
computer.n.01 , 
word.n.07 : (0.0) 
computer.n.01 , 
lupus_erythematosus.n.
01 : (0.0) 
great.n.01 , person.n.01 
: (2.22) 
great.n.01 , word.n.07 : 
(0.0) 
great.n.01 , 
lupus_erythematosus.n.
01 : (0.0) 
person.n.01 , word.n.07 
: (0.0) 
person.n.01 , 
lupus_erythematosus.n.
01 : (0.0) 
word.n.07 , 
lupus_erythematosus.n.
01 : (0.62) 

oregon.n.01 , 
deoxyadenosine_monop
hosphate.n.01 : (0.77) 
oregon.n.01 , 
indium.n.01 : (0.77) 
oregon.n.01 , 
lawsuit.n.01 : (0.0) 
oregon.n.01 , gene.n.01 
: (0.0) 
deoxyadenosine_monop
hosphate.n.01 , 
indium.n.01 : (3.51) 
deoxyadenosine_monop
hosphate.n.01 , 
lawsuit.n.01 : (0.62) 
deoxyadenosine_monop
hosphate.n.01 , 
gene.n.01 :( 0.62) 
indium.n.01 , 
lawsuit.n.01 : (0.62) 
indium.n.01 , gene.n.01 
: (0.62) 
lawsuit.n.01 , gene.n.01 
: (0.62) 

year.n.03 , 
metric_ton.n.01 : 
(2.36) 
year.n.03 , 
international.n.01 
: (0.62) 
year.n.03 , 
investment.n.06 : 
(0.62) 
year.n.03 , 
iraqi_national_co
ngress.n.01 : 
(0.62) 
metric_ton.n.01 , 
international.n.01 
: (0.62) 
metric_ton.n.01 , 
investment.n.06 : 
(0.62) 
metric_ton.n.01 , 
iraqi_national_co
ngress.n.01 
:(0.62) 
international.n.01 
, investment.n.06 
: (0.62) 
international.n.01 
, 
iraqi_national_co
ngress.n.01 : 
(2.73) 
investment.n.06 , 
iraqi_national_co
ngress.n.01 : 
(0.62) 

SNN
MF-
H4 

deoxyadenosine_monop
hosphate.n.01 , 
trey.n.02 : (4.25) 
deoxyadenosine_monop
hosphate.n.01 , 
uranium.n.01 : (3.51) 

astatine.n.01 
, 
mendeleviu
m.n.01 : 
(4.43) 
astatine.n.01 

deoxyadenosine_monop
hosphate.n.01 , 
thymine.n.01 : (5.24) 
deoxyadenosine_monop
hosphate.n.01 , 
rhenium.n.01 : (3.51) 

indium.n.01 , 
astatine.n.01 : (4.43) 
indium.n.01 , 
nobelium.n.01 : (4.43) 
indium.n.01 , 
deoxyadenosine_monop

indium.n.01 , 
uranium.n.01 : 
(4.66) 
indium.n.01 , 
helium.n.01 : 
(4.43) 

deoxyadenosine_monop
hosphate.n.01 , 
indium.n.01 : (3.51) 
deoxyadenosine_monop
hosphate.n.01 , 
nobelium.n.01 : (3.51) 
trey.n.02 , uranium.n.01 
: (3.51) 
trey.n.02 , indium.n.01 : 
(3.51) 
trey.n.02 , 
nobelium.n.01 : (3.51) 
uranium.n.01 , 
indium.n.01 : (4.66) 
uranium.n.01 , 
nobelium.n.01 :(4.43) 
indium.n.01 , 
nobelium.n.01 : (4.43)

, 
uranium.n.0
1 :(4.43) 
astatine.n.01 
, 
helium.n.01 
: (4.43) 
astatine.n.01 
, 
indium.n.01 
: (4.43) 
mendeleviu
m.n.01 , 
uranium.n.0
1 :(4.43) 
mendeleviu
m.n.01 , 
helium.n.01 
: (4.43) 
mendeleviu
m.n.01 , 
indium.n.01 
: (4.43) 
uranium.n.0
1 , 
helium.n.01 
: (4.43) 
uranium.n.0
1 , 
indium.n.01 
: (4.66) 
helium.n.01 
, 
indium.n.01 
: (4.43)

deoxyadenosine_monop
hosphate.n.01 , 
helium.n.01 : (3.51) 
deoxyadenosine_monop
hosphate.n.01 , 
astatine.n.01 : (3.51) 
thymine.n.01 , 
rhenium.n.01 :(3.51) 
thymine.n.01 , 
helium.n.01 : (3.51) 
thymine.n.01 , 
astatine.n.01 : (3.51) 
rhenium.n.01 , 
helium.n.01 : (4.43) 
rhenium.n.01 , 
astatine.n.01 : (4.43) 
helium.n.01 , 
astatine.n.01 :(4.43)

hosphate.n.01 : (3.51)
indium.n.01 , 
serum.n.01 : (3.51) 
astatine.n.01 , 
nobelium.n.01 : (4.43) 
astatine.n.01 , 
deoxyadenosine_monop
hosphate.n.01 : (3.51) 
astatine.n.01 , 
serum.n.01 : (3.51) 
nobelium.n.01 , 
deoxyadenosine_monop
hosphate.n.01 : (3.51) 
nobelium.n.01 , 
serum.n.01 :(3.51) 
deoxyadenosine_monop
hosphate.n.01 , 
serum.n.01 : (3.51)

indium.n.01 , 
nobelium.n.01 : 
(4.43) 
indium.n.01 , 
astatine.n.01 : 
(4.43) 
uranium.n.01 , 
helium.n.01 : 
(4.43) 
uranium.n.01 , 
nobelium.n.01 : 
(4.43) 
uranium.n.01 , 
astatine.n.01 : 
(4.43) 
helium.n.01 , 
nobelium.n.01 : 
(4.43) 
helium.n.01 , 
astatine.n.01 : 
(4.43) 
nobelium.n.01 , 
astatine.n.01 : 
(4.43)

The word is colored in red if its degree is 0, green if its degree greater than 1 and otherwise black. The 
numbers in the parentheses represent the Resnik semantic similarity of the term in the corpus
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Fig. 4  Semantic network visualizations of the top term-topic 
obtained by SNNMF model on all datasets, the line is colored in red 
if its degree is 0, green if its degree greater than 1 and otherwise 

black. The numbers in the line represent the Resnik semantic simi-
larity of the term in the corpus

Table 7  Topics by SNNMF and 
SeaNMF for Reuters dataset 
for k = 5, the word is colored 
in green if it shared between 
the two models, the row is 
highlighted colored in gray if 
its result is zero

SNNMF SeaNMF Jaccard
1 'year.n.03', 'lawsuit.n.01', 

'first_gear.n.01', 'gene.n.01', 
'hospital.n.02' 

'washington.n.02', 'patient.n.01', 
'indium.n.01', 
'deoxyadenosine_monophosphate.n.01', 
'year.n.03' 

0.11

2 'solution.n.02', 
'washington.n.02', 
'indium.n.01', 
'rich_person.n.01' 

'oregon.n.01', 'patient.n.01', 
'indium.n.01', 'diagnosis.n.01', 
'information_technology.n.01' 

0.11

3 'disease.n.01', 
'infection.n.07', 
'patient.n.01', 'indium.n.01', 
'hospital.n.02' 

'treatment.n.03', 'infection.n.07', 
'indium.n.01', 'efficacy.n.01', 
'gene.n.01' 

0.11

4 'survey.n.01', 
'washington.n.02', 
'indium.n.01', 'sepsis.n.01', 
'role.n.04' 

'diagnosis.n.01', 'rake.n.01', 
'lupus_erythematosus.n.01', 
'old_age.n.01', 'primary_coil.n.01' 

0

5 'lupus_erythematosus.n.01', 
'washington.n.02', 
'rich_person.n.01', 
'prevalence.n.02', 
'presence.n.06' 

'bacteria.n.01', 'agent.n.05', 
'indium.n.01', 'washington.n.02', 
'rake.n.01' 

0.11
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rithm 1 but not improved by Algorithms 2 and 4 (use-
less or not significant). In other words, we can say the 
dimensionality reduction that is used in SNNMF (Algo-
rithms 2 and 4) is not a significant for the dataset that 
is built based on the semantic linguistics approach (no 
semantic contrast).

  Case 3 (decline) In 20 Newsgroups and Brown 
H4 = H2 < H1, our proposed method is capable of 
generating more cohesive topics (significant) via Algo-
rithm 1 but decline by Algorithms 2 and 4. This means 
the topics in 20 Newsgroups and Brown contains many 
terms with a weak semantic relation. In other words, 
we can say SNNMF highlights a strong semantic con-
trast in 20 Newsgroups and Brown.

  In the more, Fig. 4 visualizes the top five terms in the 
top topic performed by SNNMF-H4 for all datasets. In 
addition, the lists of the top five terms in the top topic 
per dataset below in Table 6 to represents the seman-
tic correlation among each other by Resnik (res).

  Notes: Overall, all results via Algorithm 4 (H4) are the 
same by the Algorithm 2 (H2). In other words, Algo-
rithm 4 seems to be not significant for the semantic 
coherence topic. In facts, the generated topic vectors 
by the Algorithms 4 and 2 are not the same. later on, 
metrics based on statistical analysis will prove that.

2. Metrics based on statistical analysis In Table 5, we 
contrast the results of SNNMF strategies and the refer-
ence strategies, considering the NPMI metric. As we 
can see, our strategy achieves the single best results 
in 3 out of 5 results, tying with SeaNMF in the other 
2 as the best method in terms of the quality of the 
discovered topics. To understand the different perfor-
mance of SNNMF algorithms compared to SeaNMF 
in terms NPMI. Firstly, we should remember that the 
idea behind topic coherence is that a coherent topic 
will display terms that tend to occur in the same 
documents. In other words, the most likely words in 
a coherent topic should have high mutual informa-
tion. The topic models with higher topic coherence 
are more interpretable topic models. NPMI measures 
this coherence.

  Reuters is the only datasets in which the test showed 
improvement NPMI via Algorithm 4 between the strat-
egies. However, in this dataset, SNNMF outperforms 
SeaNMF considering all strategies. In other words, 
NPMI is improved by SNNMF-H4 in Reuters compared 
to SeaNMF and SNNMF Algorithms 2 and 1. We dis-
cussed before in semantic topic coherence that Reu-
ters is the dataset that is built based on the semantic 
linguistics approach (no semantic contrast). We com-
bine semantic coherence with a second metric NPMI. 
We can prove that Reuters is the dataset that is built 
based on the semantic linguistics approach (no seman-

tic contrast). In addition, term NPMI highlights value 
by SNNMF-H4 more than SNNMF-H2 and SNNMF-H1. 
In addition, in terms NPMI highlights the max value by 
SNNMF-H4 in Reuters. This is point out the differentiate 
between term-topic vectors are generated by Algo-
rithm 2 compared to Algorithm 4 in other words, H4 is 
not the same H2. This is highlighting the importance of 
the Algorithm 4. In contrast, Brown, and BBC only the 
only datasets in which the test showed improvement 
NPMI via Algorithm 1 between the strategies. How-
ever, in these datasets, SNNMF outperforms SeaNMF 
considering all strategies. Overall, Algorithm 1 gener-
ates a term-topic vectors with high range compared 
to Algorithms 2 and 4 sequentially, In addition to the 
semantic contrast dataset like BBC and Brown. With 
combining these factors leads to outperform NPMI of 
SNNMF-H1 compered to SNNMF-H2 and 4.

4.2.2  Qualitative evaluation

See Table 7.
Jaccard index is a name often used, for comparing simi-

larity, dissimilarity, and distance of the data set. Measuring 
the Jaccard similarity coefficient between two data sets is 
the result of the division between the number of features 
that are common to all divided by the number of proper-
ties. For Jaccard similarity value in Table 7, the higher simi-
larity values show increased topic dependency between 
two models. We observed, all topic dependency between 
the two models are weak.

4.3  Summary

With these experiments we can answer these questions. 
The first, what is the extent of impact semantic relations, 
and WSD terms on the topic-detection? By using the lin-
guistics features (semantic relations, and WSD), SNNMF 
can discover the dataset which is its topic built based on 
the semantic linguistics approach (Table 5). The second, 
what is the impact of using the dimensionality reduction 
with the lexical semantic relations on the coherence topic? 
The dimensionality reduction by the lexical semantic rela-
tions improve the coherence topic (SS & NPMI) over the 
dataset which is non-semantic contrast such as Reuters.

5  Conclusion and future work

In this paper, we introduced a semantics non-negative 
matrix factorization (SNNMF) model to discover the top-
ics for the texts. The proposed model utilized the lexical 
semantic correlations in addition the WSD in the training, 
the semantic correlations between the terms learned from 
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the lexical semantic by Resnik, which was demonstrated 
to be effective for revealing word semantic relationships. 
We used semantic dimensionality reduction algorithms 
to solve our SNNMF model. In addition, it conjugates into 
a representation semantic information. We compared 
the performance of our model with other state-of-the-
art method on five real-world datasets. The quantitative 
evaluations demonstrated that our model outperformed 
the other method with respect to widely used metrics such 
as the semantic topic coherence and NPMI. The qualitative 
results shown that the topics discovered by SNNMF are 
meaningful and their top terms are more semantically cor-
related. Hence, we concluded that the proposed SNNMF is 
an effective topic model for texts.

In the future work, we plan to use the dynamic word 
embedding (word embeddings techniques that take into 
consideration the context of the word) such as BERT for 
semantic text representation, we will develop this model 
for topic tracking.
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