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Abstract—Big data analysis now drives nearly every aspect of
modern society, from manufacturing and retail, through mobile
and financial services, through the life sciences and physical
sciences. The ability to continue to use big data to make new
connections and discoveries will help to drive the breakthroughs
of tomorrow. One of the most valuable means through which to
make sense of big data, and thus make it more approachable to
most people, is data visualization. Data visualization can guide
decision-making and become a tool to convey information critical
in all data analysis. However, to be actually actionable, data
visualizations should contain the right amount of interactivity.
They have to be well designed, easy to use, understandable,
meaningful, and approachable. In this article we present a
new approach to visualize huge amount of data, based on a
Bayesian suggestion algorithm and the widely used enterprise
search platform Solr. We demonstrate how the proposed Bayesian
suggestion algorithm became a key ingredient in a big data
scenario, where generally a query can generate so many results
that the user can be confused. Thus, the selection of the best
results, together with the result path chosen by the user by means
of multi-faceted querying and faceted navigation, can be very
useful.
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I. INTRODUCTION

With the modern information technologies, data availability
is increasing at formidable speed giving raise to the Big Data
challenge [1]. As a matter of fact, Big Data analysis now drives
every aspect of modern society, such as: manufacturing, retail,
financial services, etc., [2]. In this scenario, we need to rethink
advanced and efficient human-computer-interaction to be able
to handling huge amount of data. In fact, one of the most
valuable means to make sense of Big Data, to most people, is
data visualization. As a matter of fact, data visualization may
guide decision-making and become a powerful tool to convey
information in all data analysis tasks. However, to be actually
actionable, data visualization tools should allow the right
amount of interactivity and to be easy to use, understandable,
meaningful, and approachable.

In this article, we present a new approach to visualize and
explore a huge amount of data. In particular, the novelty of
our approach is to enhance the faceted browsing search in
Apache Solra (a widely used enterprise search platform)
by exploiting Bayesian networks, supporting the user in the
exploration of the data. We show how the proposed Bayesian

ahttp://lucene.apache.org/solr/resources.html

suggestion algorithm [6] be a key ingredient in a Big Data
scenario, where a query can generate too many results that the
user cannot handle. Our proposed solution aim to select best
results, which together with the result-path, chosen by the user
by means of multi-faceted querying and faceted navigation,
can be a valuable support for both Big Data exploration and
visualization.

The rest of the paper is organized as follows: section II
introduces the faceted browsing technique; then section III
describes how it is enhanced exploiting Bayesian networks in
our approach; section IV shows some preliminary tests; finally,
conclusion and future work in section V.

II. FACETED BROWSING AND BIG DATA

The faceted browsing (or faceted navigation) is a technique
offered by many search engines for accessing information. It
allows to explore data applying dynamic filters in multiple
steps: each time a filter is applied, the results are shown to
the user, which can apply additional filters or modify existing
ones.

An example of a faceted panel is shown Figure 4. For each
facet there are one or more values, called the facet values,
used as filter for refining search query, interactively. Moreover,
a facet counter may be associated to each value representing
the number of records matching with this value.

A facet count may be associated to each value representing
the number of record match with facet value. For instance,
consider Figure 2, where facets are present in different forms.
In this example there are multiple “OR” choice (as Feature
Keyword, Storage Type), single value choice (CPU Type),
ranged value (Avg Customer Review, Price) and custom range
input.

Typically, a parametric query for a faceted content collection
is Boolean query that chains with the AND operator a series
of OR constrains: values selected within a single facet are
combined using a logical OR, whereas constraints associated
with different facets are combined using a logical AND. The
result is set of objects in the collection that satisfy it.

In contrast, the faceted navigation allows the user to elabo-
rate a query progressively, seeing the effect of each choice
inside one facet on the available choices in other facets.
From the user’s perspective, faceted navigation eliminates
the “dead ends” that may result from selecting unsatisfiable
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Figure 1. Amazon.

combinations of constraints among the facets. In fact, most
combinations of facet values are unsatisfiable, because, the set
of satisfiable combinations is typically a sparse subset of the
set of all possible combinations. Furthermore, a search engine
should not present to the user all facets and all facet values
if the cardinality of the facet categories and their values is
huge (condition often satisfied in the Big Data scenario) in
fact, it would be a useless flood of information that cannot be
reasonably handled by the user. Hence, the need of pruning
techniques arise.

Our case study includes textual/semi-structured documents,
where the number of facets reflects the number of ways a
document can potentially be classified. In theory, there is
no limit to the number of facets: there are infinitely many
potential taxonomies to classify a document collection. In
practice, of course, the number of facets is finite, but it may
be quite large. There is also the issue of dependence among
facets. For instance, if documents containing information about
cities, states, and countries, we may devise either as three
distinct facets or as a single hierarchical facet. On other
hand, languages and nationalities are highly correlated and yet
clearly distinct facets. At best, designing a faceted classifica-
tion scheme with independent facets requires an extraordinary
effort on the side of information architects; at worst, it is an
impossible task as such a set of independent facets would not
match the way users conceive the information space. Either
way, we cannot require that facets be independent of one
another.

Our work attempts to address these issues, by exploiting
a probabilistic graphical model (i.e. Bayesian network)
to capture facets dependencies and to determine the most
valuable facets to be presented to users.

Figure 2. Bayesian network of disease and test.

III. IMPROVING FACETED NAVIGATION WITH BAYESIAN
NETWORKS

Briefly, a Bayesian network [7] is a compact representation
of a probability distribution associated to a set of related
variables. The network has two components: a probabilistic
Directed Acyclic Graph (DAG called a structure), and a set of
Conditional Probability Tables (CPTs). The DAG represents
graphically the conditional dependencies between variables.
The nodes of a structure correspond to the variables of
interest, and its edges have a formal interpretation in terms
of probabilistic independence. A CPT is a table associated to
a node (each node has its own CPT) where is defined the
conditional probability of the single variable (represented by
the node) with respect to the others (represented by other nodes
connected to that node).

In a Bayesian network, a finding is an assignment of a
value to a variable as a consequence of an observation. A set
of finding is called an evidence case. Whenever an evidence
related to a set of nodes occurs, the conditional probabilities of
the neighbour nodes changes, and propagate changes thought
all the network. An example is shown in Figure 2, where we
consider the relation between a disease and a test to diagnosis
it. On the left side of the figure, the Test node is almost
negative; then, after a finding is set (i.e. the Test is observed
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positive), the probabilities changes as shown in the right side
of the figure. The node Test is coloured in grey to denote the
existence of a finding, while the probabilities P of the node
Disease have changed.

In our model, the variable modelled inside a Bayesian
network are the attributes of a dataset, i.e. the facets. Thus,
Bayesian Networks can be exploited to infer the relationship
among these facets. We develop our tool on top of Apache
Solr, enhancing its faceted browsing interface, integrating
facilities offered by OpenMarkovb to automatically learn a
Bayesian network starting from data (e.g. from a cvs file).
Thus, the tool shows how the search fields are dependent on
each other in the form of graphs. The tool interface allows to
give suggestion on the facets that she/he consider relevant on
the graph, trying to find out other relevant features by using
relationships among the attributes on the Bayesian Networks.
In order to limit the number of items in each facet, the
system calculates two groups of similar and dissimilar items,
ranks them and returns a selection of the top n items to the
user: The similar items help the user to define precise search,
while the dissimilar ones stretch the range of search. Another
key feature of our tool is the query recommendation, which
can guide the user in formulating queries. In fact, when the
user hovers over a facet in the Solr selection panel, the
interface communicates to the tool the current query and
the facet that the user intends to select. Then, it returns
suggestions on the basis of how that choice would change
probabilities of other facets, accordingly to the Bayesian
network. So, the user is facilitated in his request as she/he will
have a real-time feedback on the effects of his/her search task.

IV. TEST

We modified the Solr front-end equipping it with a new
faceted search interface and integrating it with a customized
OpenMarkov API.

We tested our tool with a mushrooms datasetc, consisting of
thousands of instances, each having 22 categorical attributes
(e.g.: cap shape, cap surface, cap color, etc.). We employed the
Hill Climbing algorithm to automatically learn the Bayesian
network. This algorithm performs a search by departing from a
network without links and adding at each step the link leading
to the highest score, provided that the score was positive. The
advantage of this algorithm is that it performs a heuristic to
automatically search through the space of possible structures,
using a metric that measures how well each structure can
represent the probability distribution of the variables of the
dataset [6]. The result of the learning is indicated in Figure 3
(Mushroom network).

To conclude we present an example of the faceted browsing
in our tool in Figure 4. In the figure we show how the
interface appears to a user hovering the mouse over brown

bhttp://www.openmarkov.org/users.html
chttp://archive.ics.uci.edu/ml/datasets/Mushroom

of the CapColor facet. The pop-up shows which and how
facets are affected, and what facets may be proposed to the
user on the basis of the learned Bayesian network. In detail:
the unaltered column contains the facet values present in the
current selection and that would remain unaffected (i.e. they
remains in the facet tab) after the application of the brown
filter; the added column contains the facet values not present
in the current selection and that would be added in the facet
tab after the application of the brown filter; the deleted column
contains the facet values present in the current selection would
be deleted to the facet tab after the application of the brown
filter.

V. CONCLUSION

In the era of Big Data, the risk for the users of search
engines is to be overwhelmed from data. Thus, an visualization
tool enabling an intelligent exploration of the data is of
paramount importance for the usability of such systems. In
this paper we present the preliminary results of our approach
to the Big Data visualization challenge. Our proposal is a
dynamic and visual tool for big data based on an extension
of the popular open source enterprise search engine Apache
Solr. In particular, we propose the novel idea of enhancing the
faced navigation feature by exploiting a probabilistic graphical
model Baynesian Network.
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Figure 3. Mushroom network obtained from OpenMarkov

Figure 4. Faceted browsing and query advisor on Solr.
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