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Abstract. This work proposes a novel approach to visually interact with
semantic networks constructed via natural language processing tech-
niques. The proposed web interface, WINS, allows the user to select a
textual document to be analyzed, choose the algorithm to construct the
semantic network, and visualize the network with its metrics. Unlike pre-
vious works, which are typically based on co-occurrence matrix for con-
structing the text network, the proposed interface embeds an additional
approach based on the combination of network science with distributed
representations of words and phrases.
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1 Introduction

The large-scale amount of digital information produced nowadays, especially tex-
tual information, can be an important resource for studying how words, idioms
and their semantic meanings vary depending on different variables. These vari-
ables may be time, domain knowledge, socio-cultural bias, political bias, the
author of the text, the audience, just to name few examples. Therefore, mean-
ing is a relative concept that may assume a different connotation in different
contexts.

Books, newspapers articles, scientific articles, patents, unstructured text from
social media, web search engines, medical reports, contracts, government forms,
all are examples of textual information that is available in digital format or can
be converted into digital format. Having such resource potentially available nat-
urally fosters research on methodological, computational, and visual ways to find
relationships among meaning and concepts in these documents. Detecting these
relationships would enable an analytic approach that could (i) reduce the effort
that results from a manual analysis, (ii) will provide a scalable, computational
way to compare different documents that could make latent knowledge emerge.
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An application of this type can not substitute humans in related task but can
augment their capability of analysis and decision making.

To address such challenge, this paper presents a work-in-progress Web Inter-
face for Network Science (WINS) via Natural Language Processing techniques.
The proposed approach is inspired by previous works (i.e. Wordij [3]) for creat-
ing semantic networks starting from text documents of any typology. Unlike
traditional approaches based on word-pair occurrences [15], this work intro-
duces a layer of novelty by applying computational distributed representations of
words generated with the artificial-neural-network model proposed by Mikolov
et al. [16]; these representations are based on the distributional hypothesis [8],
which states that words occurring in similar contexts have linked meanings.
This feature embedded in WINS enables the detection of latent semantic prox-
imity between textual units leveraging spatial distance among vectors, and use
it to construct the semantic network. The identified textual units can be words,
n-grams, idioms, sentences, or paragraphs depending on how the user performs
the text pre-processing phase. Each unitary element will form a node in the
network generated by WINS, while the edges of the network are created using
proximity measures among respective distributed representations of words.

The proposed interface is currently at an early development stage. The
present paper aims at showing the conceptual idea behind WINS and a pre-
liminary view of the functionalities of the interface.

The paper is structured as follows: the section “Related Works” examines
previous works and related approaches. Then, the “Methods” section introduces
the reader to the proposed interface giving an overview of the approach and
features embedded in the user interface at the current stage. The “Results”
section shows examples of outputs generated by WINS. Finally, “Conclusion and
Future Works” will provide the reader with information on possible applications,
limitations, and future work.

2 Related Works

The increasing amount of digital textual information potentially available is
making research interests grow with respect to methods and tools to analyze
such large-scale data. Potential applications of such methods could benefit many
research fields due to the fact that natural language is the main vehicle for
communicating domain-specific concepts and expressions [6].

To analyze such expressions, semantic network analysis1 and Natural Lan-
guage Processing (NLP) are both techniques that are typically used to visualize
and quantify semantic links among different concepts expressed in a textual
corpus [7]. Previous works [3–5] propose user interfaces capable of analyzing
textual documents via semantic networks analysis; more recently, they integrate
semantic networks and NLP techniques such as topic modeling [17]. Most of
1 Also called Network-Text Analysis (NTA) [19] when referred to networks created

with measures of proximity between concept, or Socio-Semantic Networks when
referred to social media text data [11].
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the previous approaches construct the semantic network using the co-occurrence
matrix. This matrix can capture links between concepts when they appear close
to each other or within a user-defined window size of surrounding words.

However, the co-occurrence matrix fails in capturing semantic links that may
exist among concepts that do not appear close or inside a window size. For
instance, considering the document “Rome is the capital of Italy ... Paris is
the capital of France,” one might assume that there is a semantic link between
“Rome” and “Paris” because both are capital cities, even if they do not appear
close to each other but both appear close to the word “capital”. One practical
way to address this challenge without any pre-defined taxonomy is to represent
words of a document using numerical distributed representation obtained with
artificial neural networks models, so-called, word embeddings [16]. Leveraging
these techniques, WINS aims at combining the traditional co-occurrence app-
roach with the word embeddings approach to generate semantic networks repre-
sentative of an input textual corpus for exploring and interacting with semantic
information.

3 Methods

Semantic networks can be constructed with different numerical approaches. A
typical approach is the one that uses the co-occurrence of words in a document
to create links between nodes, where nodes are elementary textual units such
as words or any idiomatic expression2. More formally, a semantic network is a
graph G(N,E) composed by a set of nodes N and a set of edges E. The generic
set of edges E can be generated according to different estimates of semantic
proximity. The traditional approach uses co-occurrence matrix as the adjacency
matrix of an undirected graph G(N,E). With this approach, a link is added
among two different words wi and wj , if these words appear together or within
a user-defined window (Fig. 1).
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Fig. 1. On the left: the co-occurrence matrix where a generic element cwiwj is equal
to the number of times wi and wj appear close to each other or within a user-defined
window size. On the right: the resulting semantic network of co-occurrences.

2 Chunking, n-gramming are text pre-processing phases to segment raw text into these
units [2].
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Fig. 2. On the left: vector representations of words in IR2. On the right: semantic
network generated with vector proximity measures as weights for the edges.

On the other hand, the second approach that is proposed to generate a seman-
tic network is based on the following steps: 1) the textual units in the documents
are vectorized and distributed in a euclidean space IRn via the artificial neural
network method by Mikolov et al. [16]; then, 2) a measure of proximity among
vectors of IRn such as ones’ complement of a spatial distance measure is calcu-
lated and used as a weight for each of the edges3. Eventually, the user can vary
a threshold to add a cut-off on the number of edges (Fig. 2).

WINS includes both the described approaches in its architecture. When the
semantic network is created, the user can extract additional metric based on the-
ory. Leveraging both Network Science and NLP, the design of WINS intends to
enable the user to an interactive exploration of concepts’ relationships contained
in text data in order to support analysis for research and academic purposes.

3.1 Interface Design

The user selects the textual document to be analyzed using a dedicated card4.
This card contains three different options to select a text document: 1) upload
of a file, which can be a text file or a PDF file; 2) application of a filter on
a database of patents, papers, and news via keywords’ queries; 3) selection a
Wikipedia page article via an embedded search bar. Then, two options for the
construction of the semantic network are provided.

One approach consists in using the word-pair co-occurrence [3]. The other
approach uses a distributed vectorization technique, i.e. Word2Vec [16], to trans-
form words into vectors and construct the semantic network with vectors’ spatial
proximity. Afterward, the interface processes the previous inputs and returns a
visual representation of the semantic network, and three different files avail-
able for download: (ii) a spreadsheet with network analysis metrics (e.g. central-
ity measures), (iii) a Graph Modeling Language file that can be opened with
external network software, (iv) an interactive HTML file for visually exploring
the network within the web browser.

3 Proximity can be quantified with any spatial proximity measurement; for example,
using euclidean distance, or cosine distance.

4 The term “card” refers to the HTML division class used for the aesthetic layout
design.
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4 Results

The proposed interface embeds two main tabs. Figure 3 shows the first tab with
its respective features for gathering/uploading text documents, constructing the
network, visualizing the network, and saving results to the local environment of
the user. The second tab, on the other hand, is populated when the network is
constructed using a vectorization algorithm (Word2Vec [16]). This tab allows the
user to interact visually with the vectors and apply additional transformation
and measures (see Fig. 4) such as measuring the spatial proximity.

Fig. 3. Semantic network generation

4.1 Network Construction and Visualization

The upper-left card of Fig. 4 shows two options to select the approach for creating
a semantic network. As introduced in the Methods section, these approaches
are word2vec and co-occurrence. Then, inside the upper-left card of Fig. 3, the
parameters that the user can enter for customizing the algorithm can be inserted:
embedding size is the number of components of each generated vector, window
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size is the number of contextual words to consider as surrounding words to a
given word, vocab size is a filter on the maximum number of nodes in the network,
min number of edges is a filter on the number of arcs desired by the user. The
upper-right card, select a corpus, takes the user input for the selection of a text
document. Finally, in the lower-left card, a visualization of the semantic network
is shown and, in the lower-right card, hyperlinks for downloading output files
are provided. In the example in Fig. 3, a Wikipedia page query for “science” and
the default parameters for word2vec have been used. Colors of nodes represent
clusters detected using community detection algorithms [1,9].

Fig. 4. Vectors visual exploration

4.2 Semantic Space Exploration

The tab shown in Fig. 4 enables the exploration of vectors generated with
word2vec. The example shows the output of a word embedding model where
the user added a temporal tag to each word in a pre-processing phase. When
applying word2vec to this document, the algorithm generates vectors for words
tagged with a temporal dimension. This allows the exploration of these vectors
using a time filter. On the upper left, the Embedding Matrix card summarizes
the vectors in a table that can be filtered by the user. On the upper right side of
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the interface, a 2-D5 plot is displayed for the time-interval: [t0, t1] = [2015; 2016]
is reported. The time interval [t0, t1] can be selected by the user through the
slider placed under the chart. In the lower side of this tab, the user can interact
with additional tabs to perform a fitting of the vectors, and to observe which
are the most similar vectors to those predicted by the fitting model.

5 Conclusions and Future Works

Previous works have documented the effectiveness of using semantic networks
and NLP to analyze large textual document to extract insights about the struc-
ture of the content and its meaning [17]. These techniques have been used in
a variety of research fields ranging from technological forecasts [12], national
security [13], social media analysis [10,18].

In this paper, a web-interface that integrates Network Science with Natural
Language Processing has been introduced. This interface allows users to an aug-
mented interaction with text files enabling the possibility to explore semantic
relationships. With the proposed interface, the user can construct semantic net-
works and word embeddings starting from digital documents. Semantic network
analysis is adopted to capture semantic relationships between the unitary com-
ponents of a text, which can be words, idioms, or even symbols. Additional func-
tionalities of word embeddings allow the user to combine the semantic network
analysis with a semantic spatial analysis. It is worth noting that the approach
introduced has to be tested within different domain-specific text documents, and
compared with traditional approaches in order to gain a deeper understanding of
the outputs that it generates. Moreover, the introduction of a feature for taking
into account the dynamical nature of concepts, and the diachronic variations of
language, using both networks and word embeddings, is a future challenge to
address. The interface is a work-in-progress idea with the goal of developing a
first prototype to grant web access to the interface for research and academic
purposes.
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