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Figure 1: VoD is a web application that provides summaries of datasets with multiple tabs to show different aspects of the data.
The Compact page shows different visualizations that in combination help to get a compact overview of the dataset (on the data
value level) and possible quality problems. The scroll-able page represents each data attribute in a separate row (here cropped
for readability). Row (a) represents the data attribute ’Höhe m’ which gives the height of air quality measurement stations. A line
chart shows the individual sorted data values in this column. The bar chart showing the quantity of distinct values reveals that there
are exactly 21 different heights in this data set corresponding to the 21 measurement stations. The box plot shows that most data
elements are measured at stations on lower heights with some exceptions. These data values look plausible. In (b) we see an outlier
(far right dot in the box plot) in the amount of precipitation (the data attribute represented in this table row). When selecting this
outlier, a row appears below showing the corresponding data entry. As almost all measurements of precipitation were 0 l/m2 (as can
be seen in the bar chart), 0.5 l/m2 still seems legit and we reason that this is a correct measurement. Hovering the outlier in (c)
highlights the corresponding bar in the bar chart in red. This shows that many data entries of ’0’ correspond to this outlying position.
The line chart as well as the bar chart show that there is a noticeable difference between these 0 values and the remaining data.
These may be missing values and demand for further investigation.

ABSTRACT

In the age of data science analysts need to handle new data sets on a
daily basis. In a first step they need to understand structure, content,
and if the dataset is fit-for-use for further processing. However,
getting familiar with a dataset by simply scrolling through the data
in tabular form is just not feasible for these usually very large sets
of data. Thus, we have designed and evaluated a Visual Analytics
prototype that provides interactive visual summaries of a dataset on
three different levels: the dataset level, the data attribute level, and
the data value level. Our results demonstrate the usefulness of our
approach and point to further research challenges.
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1 INTRODUCTION

Making sense of huge amounts of data is one of the most important
tasks of our time. However, before any meaningful data analysis can
be conducted, it is necessary to understand the dataset at hand. At
the beginning of any data processing pipeline, the analyst needs to
get familiar with the dataset and understand its structure, content,
possible anomalies, and quality problems. In a second step it is
usually necessary to perform data pre-processing which involves
data cleansing, data augmentation, and transformation steps. The
amount of data that needs to be handled in this context demands for
the computation of effective key figures and summary visualizations.
Moreover, the tasks involved are often of interactive nature (e.g., the
investigation of data anomalies), which makes interactive visualiza-
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Figure 2: VoD provides summary visualizations on different granularity
levels of the dataset, which supports a step wise familiarization –
from getting a coarse grained overview to fine grained data value
inspection. In a first step we provide summary information about the
overall dataset, such as table structure, text delimiters, and amount of
missing values. In a second step we provide summary visualizations
to dig deeper into the data by investigating the data attributes. This
includes value ranges, patterns, and missing values per data attribute,
but also the investigation of correlations between these attributes. In
a last step we provide visualizations to investigate the data value level
and reason about the plausibility of value distributions and outliers.

tions and Visual Analytics (VA) effective means to unburden the
user in these tasks.

While there is a number of existing VA approaches tackling differ-
ent aspects of data quality management, the very first step of getting
familiar with an unknown dataset is hardly supported. Thus, we
propose a VA prototype to provide visual summaries of a dataset
with a focus on understanding content, structure, value distributions,
relations, patterns, and possible data quality problems.

2 RELATED WORK

There are a number of VA approaches tackling the problem of data
profiling (i.e., the identification of data structures and quality prob-
lems). Talend Open Studio [17] is an open-source data profiling tool,
which provides mainly statistical information (minimum, maximum,
and missing values). Also DataManager [3] provides profiling statis-
tics. Profiler [11] computes suitable representations for different data
types. This results in one visualization for each data attribute to give
an overview of the data and some automatically identified quality
problems. Visplause [1] is a VA system for profiling time series data
with a special focus on the investigation of data quality problems
and plausibility of the data. KYE [6], on the other hand, provides
a number of automatic quality checks in combination with visual
exploration to detect additional, hidden quality problems. Other ap-
proaches, again, are specialized on specific aspects of data profiling,
such as the detection of duplicate data records (e.g., DataMatch [8]).
Such data profiling approaches are usually based on taxonomies
of different data quality problems, which provide a good overview
which tasks and problems should be supported by a data profiling
solution (e.g., [7, 12, 13, 15]).

Moreover, there are VA tools that support other data quality man-
agement tasks such as data transformations (e.g, Wrangler [10],
OpenRefine [18]), or data cleansing (e.g., Potter’s Wheel [16], Time-
Cleanser [5]). More general studies about outlier detection [9], VA
methods for Big Data [19], or tabular visualizations [4, 14] cannot
be discussed here in detail due to space constraints.

The approaches described above, however, do not focus on pro-
viding summary visualizations to get a very first idea of an unknown
dataset, but rather tackle subsequent data quality management tasks.
Thus, we propose a VA prototype to support this very first step that
is necessary before any data-processing can be applied. We guide
the user with a step-wise approach in order to ease this task: starting
with a very coarse-grained overview and gradually refining it.

3 OUR APPROACH

We designed and implemented a research prototype as web applica-
tion called Visualizer of Datasets (VoD), with the goal of providing

a generic visual summary that allows the user to get a first idea
about the structure and quality of different kinds of tabular datasets.
Besides structural information, the prototype provides different key
figures and visualizations aimed at pointing to potential data quality
problems. The web application comprises multiple tabs that com-
municate different aspects of the data and serve as a step wise guide
into the dataset, similar to the idea of a semantic zoom (see Fig-
ure 2). In the following we are using an open dataset about weather
measurements at Oct. 4, 2015 of different measurement stations in
Austria 1 to demonstrate the visual summary pages of VoD.

The File structure page provides a summary on the general dataset
level, giving textual and visual information about the delimiter sym-
bols of text, number of rows and columns, as well as information
about the presents of column headers. It also provides informa-
tion about detected data quality problems of the dataset, such as
duplicated rows, incomplete rows, missing values, and data type
mismatches.

The Schema page provides a summary on the data attribute level,
and thus, it provides initial information about the content of the
dataset. We provide a table view (see Figure 3), giving key informa-
tions about data attributes and means to change the automatically de-
tected data type for each attribute. This table view contains sparkline
visualizations that efficiently communicate the amount of empty
cells for each attribute as well as line charts showing the values of
numerical attributes. Inspecting these line charts in Figure 3 we can
see that attributes 5 and 6, 9 and 11, and 13 and 14 seem to correlate
and there seems to be a negative correlation between attribute 2
and attribute 14. Of course, reasoning about the validity of the data
can only be supported by the provided visualizations and must be
decided by a domain expert. We went for a tabular view augmented
with sparkline visualizations as this combination is suited to convey
compact information about different characteristics (columns) for
each data attribute (rows), and thus, it provides a comprehensive, yet
manageable overview to get familiar with the data.

The Paar. Coord. page allows further investigation of possible
correlations between data attributes. Investigating the parallel coor-
dinates plot in Figure 4 affirms the presents of positive and negative
correlations between different data attributes. Knowing about the
meaning of the data attributes, these correlations are no suprise (e.g.,
a strong negative correlation between ’station height’ (Höhe m) and
’atmospheric pressure data at station level’). However, if a user is
not familiar with a dataset, understanding these kinds of correlations
between different data attributes is decisive to get a better feeling for
the data at hand. We also considered scatterplot matrices to convey
correlations, however, they make it hard to identify groups of data
items with similar characteristics throughout the dataset, which is
needed to reason about the validity of individual data values.

The Compact page (see Figure 1) provides a summary on the
data value level by means of multiple connected views. These
views communicate value distribution and quantities of distinct
values per data attribute. We provide three different visualizations
that in combination are effective to reason about the plausibility of
data values: (1) a line chart of sorted data values, (2) a bar chart
showing the quantity of distinct data values, and (3) a box plot
visualization showing the data distribution and outliers. Figure 1(a)
shows the data attribute ’Höhe m’ (the height in meters of different
weather measurement stations). The bar chart reveals that there are
exactly 21 different height values for this data attribute. These height
values exist in equal numbers in the dataset. This seems plausible
as there are exactly 21 different measurement stations. The fact
that the height values exist in equal numbers shows that the same
amount of measurements were taken at each station, which again
indicates that there are no missing measurements. The box plot
visualization shows that the majority of measurement stations are
located at lower heights (with some outliers), and also the line chart

1http://at-wetter.tk/index.php?men=raw (accessed: July 12, 2018)



Figure 3: The Schema page provides a summary on the data attribute level by means of a table with initial information to get an idea about these
attributes. It shows the number and names of attributes and highlights the presence of empty values for each attribute. It displays which data type
was automatically detected for which data attribute, and sparklines give a first impression of the behavior of different attributes. Withouth knowing
anything about this dataset it can be seen that attributes 5 and 6, 9 and 11, and 13 and 14 seem to correlate and there seems to be a negative
correlation between attribute 2 and 14.

of sorted data values does not reveal any suspicious patterns. A
more suspicious pattern can be seen in Figure 1(b) where the box
plot reveals extreme outliers for the attribute amount of precipitation.
Selecting such an outlier in the box plot makes a row appear that
shows the corresponding data row from the dataset, giving the raw
values and highlighting the selected data value. This reveals that
the selected outlier in the box plot is 0.5 l/m2 of precipitation, while
the majority of precipitation values are 0 l/m2 (as can be seen in
the bar chart). This seems to be a plausible value. When hovering
the outlier in Figure 1(c), the corresponding bar in the bar chart is
highlighted in red. We can see that there is an unusual high amount
of 0 values here (also visible in the line chart) which might indicate
a data quality problem that demands for further investigation.

3.1 Evaluation
We conducted a qualitative evaluation of our approach with four
participants. All participants are technicians and perform tasks with
data and information handling within their assignments on a regular
basis, but are no visualization experts. They are familiar with general
tools such as MS Excel 2.

In individual evaluation sessions we first gave an introduction to
the prototype with an explanation of functions and features. Then,
we asked each participant to choose one or more of the provided
datasets and also to import one of their own files. We further asked
them to assume that they have to use the chosen datasets in fur-
ther analysis steps, so they should use VoD to understand structure,
content, and possible quality problems of the dataset. They were au-
tonomously using VoD to explore the data and could ask an instructor
in case they encountered any problems during the session. These
sessions lasted for about an hour. Subsequently, we asked them to

2https://en.wikipedia.org/wiki/Microsoft Excel (accessed: Aug 17, 2018)

answer a questionnaire about their assessment of the prototype and
possible shortcomings.

The study participants graded the overall experience and usage
of the prototype as ”good” (second best rating on a 5 point scale).
Also the means for data quality assessment and the visualization
capabilities were rated to be ”good”. The uniform opinion of all
users was that even non technical users would be able to use VoD.

They mentioned criticism about the file import functionality,
which is implemented rather rudimentary as this type of usabil-
ity features was not focus of our work (although the overall rating
of the usability was positive). In the following section we will dis-
cuss interesting findings of the evaluation results and outline further
research challenges.

4 DISCUSSION

When asking the participant what features they would expect from a
data summary, all of them reported they expected statistical informa-
tion about the data, as well as information about missing values. It
needs to be considered, however, that all of our study participants
have a technical background, so these findings might not be gen-
eralizeable to a general public. One participant mentioned that he
expected to see correlations between data attributes. We reason that
these types of information are important for summarizing a dataset,
as they allow users to get an idea of decisive aspects: (1) data struc-
ture and attributes, (2) value distributions (preferably in an easy to
understand way that does not require statistical knowledge), (3) qual-
ity problems such as missing or invalid values, and (4) correlations
between data attributes. This list may not be complete but can be
used as a starting point for further investigation.

Providing such a summary visualization, however, requires the
derivation of a number of data characteristics. The data types of



Figure 4: A parallel coordinates view is provided to investigate correlations between data attributes and identify interesting patterns. It is linked
to the table below by brushing and linking. In (a) we see that the two temperature measures ’dew point’ (TPC) and ’temperature’ (TC) are not
strictly correlated. (b) reveals a strong negative correlation between ’temperature’ (TC) and ’height’ (Höhe m) and also (c) shows a strong negative
correlation between ’station height’ (Höhe m) and ’atmospheric pressure data at station level’ (LDstat hPa). Another negative correlation can be
observed in (d) between ’atmospheric pressure data’ (LDred hPa) and ’peek wind speed’ (WSG km/h). (e) on the other hand, shows a positive
correlation between ’peek wind speed’ (WSG km/h) and ’wind speed’ (WG km/h) which seems very plausible. Besides investigating correlations,
this view also allows for identifying groups of measurements with similar attributes.

different attributes need to be identified to be able to compute, for
instance, the number of invalid values. Sometimes this cannot be
solved without user intervention. Our study participants reported that
they were missing support for specific data types such as currencies,
IP addresses, E-Mail addresses, or geographic coordinates. While
the number of data types supported by VoD can easily be extended,
it might not be feasible to consider all data types possible. To tackle
this problem, our participants suggested to include means that allow
for an easy and straight-forward way to define new data types.

On a similar note, they wished for a possibility to include expert
knowledge to define domain or business specific validation rules
(e.g., valid value ranges). However, one of our participants stated
that he is not familiar with regular expressions even though he has a
technical background. Thus, regular expressions might not be a good
choice for a general public either. A combination of a learning-by-
example system and sophisticated guidance techniques that help the
user to correctly formulate such rule sets might be more promising
in this respect.

Our study participants especially praised the usefulness of the
provided sparklines, parallel coordinates, bar charts, and box plots.
They appreciated sparklines for being compact and informative, and
they thought that the parallel coordinates plot, bar charts, and box
plots were especially useful for getting a good overview of the data.
The line charts of sorted values were neither mentioned positively
nor negatively. While this combination of multiple visualizations
works for our step wise approach, it would not be compact enough
for tasks like comparing multiple datasets or visualizing the prove-
nance of datasets that change over time [2]. These tasks would
require very compact summary visualizations that can be used, for
instance, as small multiples. Given the wealth of information neces-
sary to get familiar with the structure and content of a dataset, this is
a very challenging task which should be tackled in future research.

Another problem that comes with the design of approaches that
are not tailored to a specific domain, but instead aim for providing a
generic solution which can be applied to a variety of datasets, is that
there is usually more work left to the user. In our case, this would
be the definition of domain-specific rule sets and data types.

In a final remark we want to point out that most visualizations
provided by VoD at its current state support sense making of numeric
data attributes. String values and other more complex data types
are supported only by the bar chart of distinct values and partly by
the parallel coordinates plot. In future work we plan to investigate
how these data types can also be visually summarized in an effective
way.

5 CONCLUSION

In this paper we presented the design and evaluation of VoD, a VA
research prototype with a special focus on supporting the user in the
very first steps of getting familiar with an unknown dataset. To this
end, we follow a step-wise procedure giving visual summaries of
different granularity leves of the data set: (1) on a overall dataset
level for understanding structure and overall amount of detected
quality problems, (2) on the data attributes level for understanding
data types, value ranges, general patterns, and correlations between
data attributes, and (3) on the data value level for reasoning about
data value distributions and the plausibility of abnormal values. We
qualitatively evaluated VoD with four participants, which demon-
strated the usefulness of our approach. From our evaluation results
we derived interesting findings that point out open challenges and
possible ways of how to proceed with this research. In conclusion,
providing expressive summary visualizations of a dataset is an im-
portant topic not only for getting familiar with an unknown dataset
but also for comparing different datasets or different versions of
a dataset. While we support the user with the first task, it is still
an unresolved research problems how to provide expressive sum-
mary visualizations that are compact enough for the comparison of
multiple datasets.
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