In-depth Interactive Visual Exploration for Bridging Unstructured and
Structured Document Content
Axel J. Soto∗

Ryan Kiros†

Abstract
Semi-structured data refers to the combination of unstructured and structured data. Unstructured data is free text in
natural language, while structured data is typically stored
in tables and following a data schema. Recent statistics
shows that 80% of the data generated in the last two years is
unstructured. However, one interesting observation is that
free text usually comes along with some structured data, or
meta-data describing or adding more information about the
text. In this paper we present ViTA-SSD, a Visual Text Analytics Tool for Semi-Structured Data. This tool aims at extracting interesting patterns in semi-structured data through
the joint consideration of the free text and the meta-data.
This represents a challenging task because an eﬀective approach needs the combined eﬀort of text mining algorithms
and human experts who can drive the exploration process
in a meaningful way. A related challenge is the appropriate
visualization and understanding of the patterns found. In
order to address these challenges, our visual analytics tool
takes advantage of a novel dimensionality reduction and a
fast user-supervised clustering method. We showcase our
tool here as well as we reﬂect on some lessons learned from
the development and evaluation of our tool.
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work has been done on analyzing information from semistructured data. Kandel et al. [2] report interviews with
35 data analysts, where they indicate the processing
of semi-structured data as one of the major analysts’
challenges.
For instance, an analyst aided by a text mining
tool may ﬁnd several clusters of documents describing
problems that are similar or related. However, the analyst would also like to relate this information to the
meta-data present in the documents. In the context of
aviation incident reports1 , some possible questions an
analyst may ask include: are certain incident descriptions more likely to be produced in certain locations
than others? To answer this type of questions, or to
even discover unexpected relationships in our data, we
need computational support to bridge the analysis of the
structured and unstructured components of the data.
In this work, we present a Visual Text Analytics
Tool for Semi-Structured Documents (ViTA-SSD). The
system has two main user-oriented goals. First, to
enable a user to discover patterns hidden in the text
and meta-data by means of a visual and interactive
exploration of the data. This is done by combining
the results of a user-driven document clustering with
the associated document meta-data. Second, to make
the discovered patterns understandable and veriﬁable
by the users. To address these goals we have developed
a novel dimensionality reduction method, which is one
of the core elements of the system to represent the
unstructured data internally. We have also redesigned
a clustering approach for large document corpora that
allows user supervision. We will give a brief overview of
the main components of this system here, and we will
demo the system during the workshop. We conclude this
paper formulating general design principles that aim
at being applicable to any other visual text analytics
systems.

1 Introduction
Even though research in machine learning and text
mining has contributed to the development of methods
for automatic document analysis, ﬁnding actionable
insight in text data usually requires a human user that
queries and interacts with the data in order to ﬁnd
answers to her questions. Yet the ﬁeld has so far not
fully developed human-in-the-loop approaches to enable
the user to perform visual data exploration and visual
analytics, so that the user may arrive at meaningful and
relevant results [3].
We will use the term semi-structured data to refer
to the data that have an unstructured component (free
text) and a set of structured ﬁelds associated with each
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document (meta-data). Despite the fact that semistructured data can be found in many scenarios, little 2.1 Dimensionality reduction methods on text
generate a new (and typically smaller) set of latent
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features that can capture richer semantic relationships.
This compact representation serves two other purposes.
First, it provides a two-dimensional representation of
the corpus that users can interact with. Second, since
the reduced space is a good approximation of the raw
representation of the corpus, this compact representation allows measuring similarity among documents considerably faster, and hence clustering algorithms can be
faster too.
Numerous approaches have used variants of Principal Component Analysis (PCA), Latent Semantic Indexing, or Multi-Dimensional Scaling as dimensionality reduction methods for text. The main problem
with PCA-like approaches and classical scaling methods is that they focus mainly on retaining large pairwise distances, which is undesirable for document corpora because distances between similar documents is
not well preserved. The machine learning community
has been active in the area of dimensionality reduction and feature learning, and many algorithms based
on deep learning have been proposed [1]. Deep learning typically involves a greedy layer-by-layer training
of bipartite Markov random ﬁelds known as Restricted
Boltzmann Machines. This type of training could be
used to learn feature hierarchies from data as a preprocessing step to learning tasks or for initialization
of the weights of a deep neural network. These methods have been shown to lead to better embeddings than
most popular non-linear dimensionality reduction methods [1]. While these methods have an expensive training
phase, they can handle new incoming data eﬃciently.
ViTA-SSD incorporates a novel unsupervised dimensionality reduction method which we shall denote
as deep t-distributed correlative subspace mapping (dtCSM). Our algorithm uses a deep pre-trained network
to learn a mapping by maximizing: r(P, Q), where r is
the Pearson correlation, and P and Q denote document
pairwise similarities in the original and latent space, respectively. This objective function is inspired by [6].
In this way we can extend a linear dimensionality reduction method to learn a highly non-linear parametric
mapping.
2.2 Fast user-supervised clustering. One important design choice in exploratory data analysis systems
is given by the tradeoﬀ between accuracy and speed
of the text mining methods. Clustering is one crucial
component of ViTA-SSD as it is used to support corpus exploration and sense-making [4]. Therefore, we
have incorporated the clustering method proposed in
[5], which was shown to have a signiﬁcant speed-up with
a marginal drop of the clustering accuracy compared to
the traditional k-means.

Yet another important feature of visual analytics
systems is to provide some sort of supervision to better
reﬂect users’ intentions. Similar to [7] and others
therein, our approach makes use of feature supervision
for inﬂuencing cluster formation. In these approaches,
relevant terms are provided to the algorithm, so that
they can have an impact when calculating distances
among documents. Our approach diﬀers from previous
works, in the sense that the feature supervision strategy
can be applied on a diﬀerent feature space, e.g. after a
non-linear dimensionality reduction step. In this way,
we have adapted the fast clustering algorithm presented
in [5] to modify distances to centroids based on the
occurrence of the suggested terms without the need to
compute distances in the original feature space.
3 ViTA-SSD Interface
ViTA-SSD aims at supporting the exploration of semistructured data and helping to identify relevant patterns
in the data. There are many diﬀerent ways the data can
be explored, such as searching, ﬁltering or clustering.
Clustering provides a way of aggregating related documents and get a sense about what they have in common
by interacting with their main keywords and representative documents. Clusters are also a critical component
for the correlation of related free-text descriptions with
particular meta-data values. The interface of ViTA-SSD
is divided in six coordinated panels. Due to space limitations we will just describe the two most important
visualizations: the document exploration and the metadata analysis panel.
Let us illustrate the clustering and its usersupervision process on the document exploration. The
collection of documents at an initial stage is shown in
Fig. 1(a). Let us assume that the analyst would like to
have a cluster only devoted to bird strike incidents while
keeping all other documents selected. We can see that
cluster 4 (dark green) has the words engine, emergency
and landing among the most representative ones. Note
that bird is also listed, but with a smaller font. The
result of searching for “bird” is shown in Fig. 1(b). We
can see that most documents are a subset of the original
cluster 4 with some others being close but in neighboring clusters. This illustrates the capacity of dt-CSM
to locate related documents close to each other. The
state of the system after “bird” is suggested as a relevant keyword (with inﬂuence factor at 10%) is shown
in Fig. 1(c). We can note how cluster 4 has shrunk
around the documents about bird strike incidents, and
“bird” became the second largest word. The inﬂuence
factor of the suggestion allows the user to control the extent that distances are adapted to cluster together documents containing the suggested term. Finally, Fig. 1(d)

shows the clustering assignment after supervision with
the inﬂuence factor at 80%. We can now see that the
cluster keywords better reﬂect bird strike incidents. The
cluster has become much more exclusive and distances
in that neighborhood are distorted to beneﬁt documents
that contain “bird”. Pushing this inﬂuence factor even
further (90%-100%) makes all documents that contain
the word “bird” (Fig. 1(b)) members of the same cluster.
The meta-data analysis panel is responsible for
bridging and visualizing patterns between the unstructured and structured content (Fig. 2). This visualization is organized as a matrix layout, where rows represent clusters and columns represent meta-data values for
a given meta-data ﬁeld. Each cell is colored orange and
red according to the existence of strong or very strong
evidence of an unlikely correlation, deﬁned as p < 0.05
or p < 0.01, where p quantiﬁes the probability of expecting this correlation from the data distribution. The
intuition behind a colored cell is described in Fig. 2(b).
There are some other information and interactions available in this visualizations, which we do not comment on
due to space reasons.

(a)

(b)

Figure 2: Meta-data analysis panel for “Flight conditions” after ﬁltering incident reports about turbulence
encounters. (a)Very strong correlations can be identiﬁed e.g. between “Cluster 6” and “IMC” (Instrument
Meteorological Conditions). (b) When the meta-data
value “IMC” is hovered over, we can see how incidents
that happen under this ﬂight category are assigned to
the diﬀerent clusters. The large increase in documents
assigned to “Cluster 6” (from 18% to 50%) suggests that
an interesting correlation happens between documents
assigned to “Cluster 6” and the “IMC” category.
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Discussion

The development of our visual analytics tool allowed
us to learn some lessons and to propose guidelines that
are applicable to the design of any visual text analytics
method:
Fast processing after interactions. Unfortunately
many text mining and machine learning algorithms are
compute intensive and the time needed to run may get
prohibitive for large document collections or for realtime usage. In order to keep users engaged exploring
in the document collection and interacting with the
interface, it is important that the latency time between
the interaction submission and its outcome can be as
short as possible. This leads to a careful selection of
algorithms that may be pre-computed oﬀ-line, and those
that may be executable in real time. For the ones that
need to run on-line, there is usually a clear trade-oﬀ
between result precision and computation speed. In
many scenarios a faster outcome with a slightly larger
error may be more desirable than the slower but more
accurate decision. One way to deal with this issue is
to place this responsibility on the user by providing a
way of manually controlling the computation time in
tradeoﬀ to its accuracy.
Simple method parameterization. Text mining
methods usually require some sort of parameterization
that makes the method more adaptable to diﬀerent scenarios. However, we believe that domain experts tend
to be reluctant to learn complex computing concepts if
these are not strictly related to their work. The challenge here is to select methods that enable an intuitive
parameterization for a lay person or design the interface
in such a way that parameters are replaced by more
user-oriented meta-parameters. Also, we found useful
from our user study to provide a two-level option interface, where more advanced features are not visible but
can be accessed on demand for increased ﬂexibility.
Influencing similarity. Measuring similarity is key
in text mining. An old and recurring question in
text mining is what criteria should be followed to
consider two documents to be similar to each other.
There is no simple answer to this question as diﬀerent
users may regard diﬀerent features to be relevant for
similarity. Visual analytics can provide a way to deal
with this issue as opposed to deﬁning a ﬁxed criterion
or distance measure in advance. In this regard, we
consider important to provide diﬀerent channels for
corpus exploration as well as diﬀerent ways to inﬂuence
the text mining algorithms.
One of the main characteristics of the modern
phenomenon called Big Data is that documents are not
only a large static repository, but also arrive as a neverending stream of data. This imposes some limitations

(a) Initial stage

(b) Search for “bird”

(c) bird suggested at 10%

(b) bird suggested at 80%

Figure 1: Use case of the fast user-supervised clustering algorithm where the user is interested in obtaining one
cluster about bird strike incidents.
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