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Abstract. Consumption of Linked Data (LD) is a far less explored problem than its production. LinkedPipes Applications (LP-APPs) is a platform enabling data analysts and data journalists to easily create LD
based applications such as, but not limited to, visualizations. It builds
on our previous research regarding the automatic discovery of possible
visualizations of LD. The approach was based on the matching of classes
and predicates used in the data, e.g. in a form of a data sample, to what
an application or visualization expects, e.g. in a form of a SPARQL query,
solving potential mismatches in data by dynamically applying data transformers. In this demo, we present a platform that allows a data analyst to
automatically discover possible visualizations of a given LD data source
using this method and the applications contained in the platform. Next,
the data analyst is able to configure the discovered visualization application and publish it or embed it in an arbitrary web page. Thanks to
the configuration being stored in their Solid POD, multiple analysts are
able to collaborate on a single application in a decentralized fashion. The
resulting visualization application can be kept up to date via scheduling
an ETL pipeline, regularly refreshing the underlying data.
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Introduction

Nowadays, there are many linked data (LD) sources available, either within
enterprise knowledge graphs, or as linked open data (LOD) publicly available
on the Web. There has been a lot of research done on how to create LD. It is
created either by transforming legacy data, e.g. by defining ETL processes [9] or
by building declarative mappings [3], or by producing LD natively, e.g. from IoT
sensors in a form of RDF streams [1], etc. Note that an ETL (extract-transformload) process is a data transformation paradigm, where data is first extracted
?
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from its original location, transformed by the data processing system and loaded
to the target database. Once a LD dataset is created and accessible, either as
an RDF dump, in a SPARQL endpoint, through IRI dereference or as a Linked
Data Fragments server [13], there is an issue regarding its discoverability, i.e.
how do the users find it. Partially, the issue of discoverability is tackled by, e.g.
the Linked Open Data Cloud1 , or by a recently initialized list of known SPARQL
endpoints2 . This is, however, still far from ideal, as we show in [10]. Let us now
assume that the potential consumer of the published dataset manages to find it.
Once an LD dataset is found by the consumer, they need to figure out how
to work with it. This may include studying the dataset documentation, if available, or browsing through the dataset using one of the publisher provided data
browsers such as the OpenLink Virtuoso Faceted Browser3 or the more sophisticated Linked Data Reactor [8], if deployed. Typically, the process of getting to
know a new dataset comes down to querying the data using dataset-independent
exploratory SPARQL queries, such as:
1. Discover classes used in the data
2. Pick a few instances of the interesting classes
3. Discover predicates used by the picked instances
Only after the user gets to know the data, they are able to use it, e.g. in
their own applications or visualizations. This is a critical part of the dataset
consumption process when the user needs to extract the data relevant for the
desired application and match the format to their tool of choice. However, there
is information present in an LD dataset, such as the used classes and predicates,
which could be exploited by an LD-enabled tool to match the data to its possible
visualizations or other usages automatically.
In this demonstration, we present LinkedPipes Applications (LP-APPs) - a
platform offering an alternative approach to the discovery of visualization applications applicable to a given LD data source, exploiting semantic information
present in LD datasets and descriptions of expected input by applications in the
platform. The discovered applications can be configured for better presentation
to end users and published or embedded in a web page. The visualization configuration itself is stored in Solid PODs, which we exploit to provide collaboration
capabilities. In case the source data changes over time, it might be necessary
to periodically re-create the visualizations to keep them up to date, which is
also supported by the platform. A Solid POD [11] is a personal online datastore,
based on standard web technologies and separated from any applications, which
can access and modify the stored data based on the users’ permissions.
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LinkedPipes Applications (LP-APPs)

The LP-APPs platform has a goal of easing creation and configuration of LD
based visualizations in form of interactive applications. It supports two principal
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user roles. The first user role is the analyst, or journalist, who wants to prepare an
LD based interactive application, which can be published or embedded in a news
article. The second user role is the end user who can view the application and play
with its interactive controls, such as filters. While the applications are created
to be used by the end users, the platform focuses mainly on the analysts, to
whom it offers features easing the creation of such interactive applications based
on LD. LP-APPs builds on our previous research regarding automatic discovery
of ways to visualize a given LD datasource [6,12], and focuses on the application
configuration and publishing part of the process. The LP-APPs platform is opensource, hosted on GitHub4 and can be run simply via Docker compose. From
the point of view of the analyst, this is the typical workflow using the platform:
1. WebID login Since all the visualization configurations are stored in the analysts’ Solid PODs, the user needs to do login using their WebID first.
2. Choice of LD data source From the dashboard, the user starts with selecting
a LD data source. This can be either a SPARQL endpoint or an RDF dump either via a direct file upload, or via a URL. There is also a set of showcase data
sources for various application types.
3. Automatic discovery of supported visualization techniques In this step, the
platform uses the automated discovery process described in [12]. This is why, in
addition to the data source, a small, but structurally representative data sample
is required. For small datasets, the sample can be the same as the dataset, which
is enough for the purpose of this demonstration. For larger datasets, the data
sample can be created manually e.g. by separating one representative entity instance from the dataset. It could also be obtained automatically using techniques
for dataset profiling [4], but this is not implemented yet. This step could also be
substituted for a step generating an artificial data sample based on pre-existing
metadata describing the dataset, e.g. using the VoID Vocabulary [5]. However,
these descriptions, when present, are often inaccurate and outdated.
4. Choice of desired technique in case of multiple options When multiple applications can be applied to the selected data source, the analyst chooses the
desired one. This step is skipped, if there is only one application supported.
5. Actual data transformation using LinkedPipes ETL Now that it is known
which application is to be applied to the input data, a set of LinkedPipes ETL [9]
data transformation pipelines is constructed automatically. Each pipeline takes
the input data, and applies a set of data transformations, which lead to data
compatible with the chosen application. If there is more than one possibility of
how to transform the input data for the selected application, the user chooses
one. This step is skipped, if there is only one transformation available.
4
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6. Initial visualization in selected application Once the input data is transformed
to a form consumable by the chosen application, the application is opened and
the analyst can see the data in it.
7. Configuration of application In this phase, the analyst can specify, which interactive controls such as filters and their values will be available to the end users.
This is because a generic visualization might need to be, for instance, limited,
to show only what is relevant to the end users. The application configuration is
stored in the analyst’s Solid POD [11], which also facilitates collaboration with
other analysts and propagation of updates of the application configuration to
the end users.
8. Application publication or embedding Once the analyst is happy with the
application configuration, they can publish it, i.e. get its public URL, or generate
an embedding snippet using HTML’s iframe.
9. Data refresh scheduling If the source data is regularly updated, and the analyst
wishes to update the resulting application accordingly, they can schedule regular
updates of the underlying data via scheduling of the LinkedPipes ETL pipeline.
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Demonstration

The demonstration will be performed on our live demo instance running on
https://applications.linkedpipes.com/. The source code is hosted on GitHub
https://github.com/linkedpipes/applications.

Fig. 1. Chord visualization application in LinkedPipes Applications

We will go through the basic workflow described in section 2, resulting in
applications in a form of chord visualization (see Figure 1), Treemap visualization
and a Timeline visualization.

In addition, we will demonstrate the benefits of the application configuration
being stored in a Solid POD. Besides the usual benefits of the decentralized
storage approach, we will show how the analysts can collaborate on configuration
of a single visualization application thanks to the configurations being stored in
Solid PODs.
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Conclusions and Future Work

This demonstration shows how LP-APPs can be used to provide configurable
visualization applications based on data in a linked data source. However, the
platform is not limited to visualization applications. Using the same mechanism,
any application such as a contact list manager or statistical data cube tool can
be matched to a given data source. This is, as in the demonstration, provided
that the data source contains data, which can either directly, or through a data
transformation pipeline work with the application. A similar approach could also
be adapted to match applications to data in Solid PODs.
On the other hand, the approach has some drawbacks. Mainly, even if LPAPPs finds a match of an application to a data source based on its data sample,
it does not always mean that the actual data contains what is necessary for the
application to work. Also, given that the approach is based on ETL, it does
not work well for larger datasets. An alternative approach could be based on
rewriting of SPARQL queries. A query used by the application to query data
could be gradually rewritten in the opposite direction of the ETL pipeline, to
match the data in the original data source. This could allow us to process even
larger datasets. Finally, the Solid specification and implementation is quite live
at the moment, changing frequently, breaking existing implementations. This is,
however, to be expected at this stage of development.
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